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Abstract

Background: Machine learning models are increasingly used for glycemic event prediction and continuous glucose forecast-
ing, but targets, populations, horizons, validation, and uncertainty reporting remain heterogeneous.

Objective: This study aimed to evaluate machine learning models for glycemic prediction in type 1, type 2, and mixed
diabetes populations while distinguishing the full evidence map from the quantitatively analyzable subset.

Methods: We searched 9 English- and Chinese-language databases from inception to April 12, 2026, for studies predicting
future glycemic events or glucose values in people with diabetes. Continuous forecasting and binary event prediction were
analyzed separately. Root-mean-square error (RMSE) was the principal continuous end point; mean absolute error was
supportive. Area under the receiver operating characteristic curve was synthesized using a Bayesian random-effects model
because analyzable 2x2 data were sparse. Two reviewers (HY and DA) independently applied PROBAST (Prediction Model
Risk of Bias Assessment Tool) to 19 quantitative-source reports (28 assessment units).

Results: We identified 787 records, assessed 310 full texts, and included 299 reports representing 270 studies; 19 reports
contributed to quantitative synthesis. The review included 128 type 1, 26 type 2, 78 mixed, and 38 unclear-diabetes-type
studies. Pooled RMSE was 1.18 mmol/L. (95% CI 1.01-1.34; 37 effects), supportive mean absolute error was 0.90 mmol/L
(95% CI 0.78-1.02; 20 effects), and Bayesian pooled area under the receiver operating characteristic curve was 0.926 (95%
credible interval 0.877-0.957). Supportive sensitivity and specificity were 0.77 and 0.80. Of 28 PROBAST units, 24 were
high risk, 2 unclear, and 2 low. Post hoc exploratory within-report analysis estimated an RMSE increase of 0.481 mmol/L
per additional 30 minutes (95% CI 0.213-0.749), but overlap sensitivity reduced certainty. In the 270-study clinical readiness
audit, external validation occurred in 4.0% (10/251), prospective evaluation in 0.7% (2/270), calibration in 4.8% (13/270),
decision-curve or net-benefit analysis in 2.6% (7/270), and implementation or human-factors evaluation in 2.6% (7/270).
Conclusions: Glycemic prediction studies show forecasting and discrimination signals, but heterogeneity, high risk of bias,
incomplete uncertainty reporting, and limited external and prospective validation preclude deployable benchmarks. Pooled
estimates should be viewed as summaries of analyzable literature. Future studies need transparent horizon, threshold, calibra-
tion, validation, uncertainty, and implementation reporting.

Trial Registration: PROSPERO CRD420261366978; https://www .crd.york.ac.uk/PROSPERO/view/CRD420261366978
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Introduction

Clinical and Digital Health Context

Diabetes involves both sustained hyperglycemia and short-
term glucose variability, with glycemic excursions affecting
safety and quality of life. Continuous glucose monitoring
(CGM), connected insulin delivery, meal logs, and wearable
sensors now provide high-frequency data for studying and
predicting glucose dynamics.

Machine learning methods can model nonlinear, multimo-
dal glucose data, but studies differ in diabetes phenotype,
target, inputs, forecast horizon, validation, dataset prove-
nance, and reporting. Binary glycemic event prediction and
continuous glucose forecasting are often discussed together
despite requiring different outcomes, effect measures, and
clinical interpretations.

The central challenge is evidence transparency and
transportability rather than model availability. Many reports
omit uncertainty, reuse datasets, or provide results unsuitable
for synthesis; we therefore distinguish the broad systematic
review evidence map from the smaller quantitative subset.
Clinical use also differs by diabetes type. Type 1 diabetes
studies often address insulin therapy, hypoglycemia preven-
tion, sensors, and decision support [1-5], whereas type 2
diabetes studies include dietary personalization, inpatient
management, medication effects, and broader excursions [6,
7].

Rationale for Separating Prediction Tasks

Binary event prediction asks whether hypoglycemia or
hyperglycemia will occur within a specified horizon, whereas
continuous forecasting estimates a future glucose value or
trajectory. Their effect measures and implications for action
are not interchangeable. Accordingly, the broad review maps
the field, while formal synthesis is limited to reports with
usable uncertainty or uniquely reconstructable threshold
information. We did not present a single pooled benchmark
as directly deployable across populations, treatments, and
horizons.

Root-mean-square error (RMSE) and mean absolute error
(MAE) summarize continuous forecast error, whereas area
under the receiver operating characteristic curve (AUROC),
sensitivity, and specificity describe binary discrimination
or threshold classification. These measures support differ-
ent clinical uses and were analyzed separately [1,5,7.8].
This prediction-family framework links each estimate to
the evidence that can support it and identifies where only
descriptive synthesis is justified.

Objectives

We aimed to (1) systematically review machine learning
studies of glycemic event prediction and continuous glucose
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forecasting in type 1, type 2, or mixed diabetes populations;
(2) synthesize reports with sufficient uncertainty or uniquely
reconstructable threshold data; (3) examine heterogeneity
related to horizon, validation, publication status, and dataset
provenance; and (4) interpret transportability. We also audited
all 270 studies against 8 predefined clinical readiness criteria.

Methods

Design, Registration, and Reporting

We conducted a systematic review and meta-analysis
following PRISMA (Preferred Reporting Items for System-
atic Reviews and Meta-Analyses) 2020 and, for threshold
syntheses, PRISMA-DTA (Preferred Reporting Items for
Systematic Reviews and Meta-analyses of Diagnostic Test
Accuracy Studies) [9,10]. PROBAST (Prediction Model Risk
of Bias Assessment Tool) [11] was applied to the 19 reports
contributing to quantitative synthesis; the broader 270-study
map was characterized by reporting and validation features
without formal PROBAST judgments. TRIPOD (Transparent
Reporting of a Multivariable Prediction Model for Individ-
ual Prognosis or Diagnosis) concepts informed interpretation
[12].

The protocol was finalized in early April 2026, and
PROSPERO registration (CRD420261366978) was comple-
ted on April 12, 2026. The search was frozen that day;
reconciled full-text assessment, extraction, and analysis
followed. Before definitive fitting, Bayesian hierarchical
AUROC was selected as the principal binary synthesis
because analyzable 2x2 data were sparse, and RMSE
was prioritized over MAE because variance-ready RMSE
evidence was stronger. The review is therefore protocol-
informed with documented presynthesis refinements rather
than fully day O preregistered.

Continuous forecasting and binary event prediction
remained separate throughout, as did review-level and
meta-analysis—level evidence. Final updating refreshed
searches, harmonized evidence tables, removed nonextracta-
ble abstract- or proceedings-only records, and added diabetes-
type and horizon analyses. Full peer-reviewed conference
papers were retained only when usable full text met the same
criteria as journal papers.

Information Sources and Search Strategy

We searched PubMed, Web of Science Core Collection,
Embase, Scopus, IEEE Xplore, CNKI, ACM Digital Library,
arXiv, and the Cochrane Library from database inception
to April 12, 2026. Search terms combined diabetes-rela-
ted terms, glycemia or CGM terms, machine learning or
Al terms, and prediction or forecasting terms. The com-
plete source-specific search strategies and search dates are
provided in Table S1 in Multimedia Appendix 1.
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The auditable supplementary package is distributed across
Multimedia Appendix 2 [13-16], Multimedia Appendix 3
[7,13-28], Multimedia Appendix 4 [1,2,7,13-21,23,25,26,28-
47], and Multimedia Appendix 5. Multimedia Appendix 2
contains the search, screening, study characteristics, historical
extraction, derivation, and figure materials; Multimedia
Appendices 3-5 contain the PROBAST audit, source-verified
analysis tables, and complete dual-review clinical readiness
records.

No language restriction was applied at search. The final
evidence base comprised 266 English- and 4 Chinese-lan-
guage studies. Bilingual reviewers extracted Chinese reports;
translated text was used only for verification. No otherwise
eligible report in another language required quantitative
extraction. Preprints and engineering reports had to meet
the same human-diabetes, future-prediction, and extractable
performance criteria as journal papers. Studies published after
April 12, 2026, and records without usable full text were
excluded.

Eligibility Criteria

Eligible reports were original empirical studies of machine
learning or Al for predicting future glycemic events or
glucose values in type 1, type 2, mixed diabetes populations,
or validated diabetes glucose dynamics datasets. We excluded
diagnostic or complication classification, treatment recom-
mendation without a future glycemic end point, healthy or
prediabetes-only populations, nonhuman or in vitro stud-
ies, reviews, patents, theses, abstracts, and nonextractable
proceedings. Full peer-reviewed conference papers were

eligible when their full text supported the same screening and
extraction process.

Quantitative synthesis required additional data readiness.
Continuous outcomes needed MAE or RMSE with usable
or defensibly derivable uncertainty; AUROC needed a SE,
CI, or defensible derivation; and threshold outcomes needed
reported or uniquely reconstructable true positive (TP), false
positive (FP), false negative (FN), and true negative (TN).
Other eligible studies remained in the narrative evidence base.
At full text, we excluded reports without a future glucose
value or event target, a human diabetes population, usable full
text, reconcilable population eligibility, or eligible perform-
ance data. Each excluded report received 1 standardized
primary reason.

Selection Process and Data Extraction

Two reviewers (HY and DA) independently screened records,
assessed full texts, and extracted data; disagreements were
resolved by discussion or senior review (YJ and WG).
Variables included study and population characteristics,
dataset provenance, target, threshold, inputs, horizon, model
family, validation, calibration, and performance metrics.
Diabetes type was coded as type 1, type 2, mixed, or unclear
using the report and dataset description. Public datasets
with a documented diabetes type retained that classification;
inseparable mixed populations were not reassigned.
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Input modality reflected model inputs: CGM-only models
were separated from models incorporating insulin, meals,
activity, demographics, laboratory values, or other context.
Horizons were recorded in minutes, with multiple eligible
horizons retained as separate effects under a shared study-
cluster identifier. Performance data were extracted preferen-
tially from tables and then text, supplements, or clearly scaled
figures. Each derived value, unit conversion, and uncertainty
calculation were logged for audit. Multiple eligible mod-
els, horizons, thresholds, or validation strata were stored as
separate estimates sharing a study-cluster identifier. Original
and converted values, uncertainty source, derivation, diabetes
type, horizon, input modality, and analysis tier were retained.

Source-Fidelity and Dataset-Overlap
Audit

Before conducting the additional revision-stage analyses, we
rechecked all 80 effect rows from the 19 quantitative-source
reports against the full text. For each row, the audit retained
the source-reported metric and unit, analytic population or
denominator, forecast horizon, validation context, full-text
page location, and a supporting excerpt. Corrections were
made only when the article-level evidence showed that a
value, unit, population, or uncertainty field had been carried
forward incorrectly. RMSE values were not treated as SDs,
threshold tables were retained only when the 2x2 cells were
directly reported or uniquely reconstructable, and simula-
tion-only evidence was excluded from the primary clinical
synthesis. The final locked quantitative-source set included
Zhang et al [16] and excluded Mohebbi et al [48].

Dataset and cohort provenance was audited at report
level. Reports were linked when the full text identified the
same named public dataset, participant cohort, institution and
recruitment period, or an otherwise traceable shared data
source. Five reports using the OhioT1DM benchmark family
were flagged as a confirmed overlap family. Dataset-family
identifiers were retained in the analysis files so that overlap
could be addressed by conservative clustering and exclusion
sensitivity analyses rather than by silently treating every
report as independent.

Values read from figures were used only when the axis
scale, plotted point, and uncertainty limits were visually
distinguishable. These values were flagged as figure-derived
and were not prioritized over tabulated or text-reported
values. If the figure did not permit a reliable reading of
either the point estimate or uncertainty interval, the study was
retained in the systematic review evidence table but not used
for inverse-variance pooling.

Outcome Families and Metric Handling

Binary event prediction and continuous forecasting were
analyzed separately. MAE and RMSE were converted using
1 mmol/L=18 mg/dL. RMSE was the principal continu-
ous end point because it had the strongest variance-ready
evidence; MAE was supportive and analyzed separately.
Continuous-outcome uncertainty was standardized as an SE
in mmol/L. From a 95% CI, SE=(upper-lower)/(2x1.96);
from an SD and independent analytic sample size, SE=SD/
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square root(n). Estimates and uncertainty in mg/dL. were
divided by 18. Derivations were used only when the source
metric, denominator, and validation set were clear.

Reported AUROC SEs were used directly. From a
coherent 95% CI within 0-1, uncertainty was derived on the
logit(AUROC) scale as [logit(upper)-logit(lower)]/(2x1.96).
Probability-scale SEs were transformed by the delta method.
AUROC estimates without usable uncertainty were excluded
from the principal model. For threshold prediction, repor-
ted 2x2 tables were preferred. Unique reconstructions used
reported sensitivity and specificity with fixed event and
nonevent denominators; rounded TP, FP, FN, and TN had
to reproduce the reported totals and metrics. We rejected
nonunique reconstructions and never assumed an arbitrary
prevalence or sample split.

Continuous uncertainty came from compatible SEs, Cls,
prediction-error SDs, or other clearly mapped summaries.
We did not impute SDs solely to enlarge the main analysis;
indirect derivations were restricted to expanded or maximal
sensitivity datasets. RMSE and MAE remained separate
because they weight forecast error differently. Accuracy,
F-score, precision, recall, and other classification metrics
were extracted when available for descriptive purposes, but
they were not used as primary pooled outcomes unless
they could be mapped to AUROC or a threshold-based 2x2
structure. This decision avoided mixing metrics that depend
on threshold, prevalence, and class balance in different ways.

Study Clusters, Dataset Reuse, and
Validation

A study cluster was defined as a citation-level or data-
set-level grouping within which multiple models, horizons,
targets, or validation splits could produce several correla-
ted effect estimates. This term was used because a single
paper could contribute more than 1 performance estimate and
because some public datasets were reused across multiple
publications. Cluster identifiers were used to avoid treat-
ing all extracted effects as fully independent. Validation
design was classified as internal random or cross-valida-
tion, held-out same-cohort testing, temporal testing, exter-
nal cohort or external institutional validation, or unclear.
These features informed both study characterization and the
prespecified PROBAST operational rules for participant-level
separation, overlapping windows, future-information leakage,
preprocessing and imputation, tuning, test-set reuse, repeated
measurements, predictor availability, and calibration.

A study cluster could therefore correspond to a single
paper, a repeated public dataset, or a closely related set
of effects from the same cohort. The term does not imply
that each cluster was a multicenter study. It is an analytic
device for handling dependence among multiple extracted
estimates. This definition was used consistently in extraction
tables, sensitivity analyses, and figure legends. Dataset reuse
was especially relevant for public CGM datasets. Multiple
models can be evaluated on the same benchmark, sometimes
with different preprocessing, horizon definitions, or validation
splits. Treating every such estimate as independent would
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overstate precision. The cluster-aware and leave-one-cluster-
out analyses were designed to test whether the main findings
depended on a small number of repeated data sources.

Risk of Bias and Applicability
Assessment

Two reviewers (HY and DA) independently assessed the
19 reports contributing to at least 1 quantitative synthesis
using the standard PROBAST framework. Assessments were
conducted at the prediction model or model group—pre-
diction target—validation population level. Reports contain-
ing development and external validation analyses, distinct
populations, simulated and clinical datasets, or prediction
targets that could yield different domain judgments were
divided into separate assessment units. Models were grouped
only when they shared participants, predictors, outcome
definition, and analytical and validation procedures such that
their PROBAST judgments could not reasonably differ. This
process yielded 28 assessment units from 19 reports; it did not
create 28 independent studies.

Each reviewer independently answered the 20 signal-
ing questions using yes, probably yes, probably no, no,
no information, or not applicable, and then assigned
judgments for the Participants, Predictors, Outcome, and
Analysis domains. Applicability was assessed for Partic-
ipants, Predictors, and Outcome. The operational rules
were prespecified interpretations of standard PROBAST for
machine learning and continuous glucose-monitoring studies
and not a separate scoring system. No numeric quality score
or quality weighting was used.

Disagreements were resolved by consensus after reex-
amination of the cited full-text evidence and the prespeci-
fied rules, with consultation of YJ or WG available when
required. Overall risk of bias was low only when all 4
domains were low, high when at least 1 domain was high,
and unclear otherwise. Agreement was summarized using
observed agreement, unweighted Cohen %, and Gwet ACl1
(agreement coefficient 1). Because questions and assessment
units were nested within source reports, 95% CIs were
obtained with 2000 study-cluster bootstrap resamples at
the report identifier (Study_ID) level. Detailed unit defini-
tions, signaling judgments, consensus rationales, and final
assessments are provided in Multimedia Appendix 3.

Statistical Analysis

Continuous outcomes were synthesized with inverse-variance
random-effects models in R (R Foundation for Statistical
Computing) using established meta-analysis workflows [49-
51]. The principal RMSE analysis used the conservative
main dataset. Expanded and maximal datasets were used as
sensitivity or exploratory analyses when uncertainty had to
be derived more indirectly. Exploratory subgroup analyses
examined diabetes type, forecast horizon, and input modality.
Horizon categories were <15 minutes, 16-30 minutes, 31-45
minutes, 46-60 minutes, and >60 minutes. Because horizons
longer than 60 minutes were sparse and clinically different
from short-term alerting, they were reported separately and
not used to support strong clinical claims.
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Binary AUROC was synthesized using a Bayesian
normal-normal random-effects model on the logit(AUROC)
scale. This was retained as the primary binary synthesis
because directly analyzable 2x2 data were insufficient for a
stable primary threshold-based meta-analysis. A frequentist
restricted maximum likelihood (REML) model on the same
scale was used as a sensitivity analysis. Threshold-based
sensitivity and specificity were summarized as supportive
analyses using logit-transformed random-effects models. Full
analysis scripts, input data, derived uncertainty fields, and
figure-generation outputs are archived with the revision
package.

For clinical translation, we used the supportive pooled
sensitivity and specificity to estimate positive and negative
posttest probabilities at illustrative pretest probabilities of
5%, 15%, and 30%. These pretest probabilities were review-
defined low-, moderate-, and higher-risk scenarios rather
than accepted disease-domain standards. They were chosen
to show how the same model performance may translate
differently across clinical contexts.

Clinical translation calculations used standard likelihood-
ratio formulas. The positive likelihood ratio was sensitiv-
ity/(1-specificity), and the negative likelihood ratio was
(1-sensitivity)/specificity. Pretest probability was converted
to pretest odds as p/(1-p). Posttest odds were calculated
as pretest odds x likelihood ratio, and posttest probability
was then calculated as posttest odds/(1+posttest odds). These
values were used for interpretation only and were not treated
as a decision threshold for clinical deployment.

The Bayesian AUROC model was selected for the
primary binary synthesis for 2 reasons. First, AUROC
was more commonly reported with usable uncertainty than
full threshold tables. Second, the Bayesian normal-normal
structure allowed uncertainty and between-study heterogene-
ity to be expressed directly on the logit(tAUROC) scale while
avoiding unstable pooling of sparse reconstructed 2x2 tables
as the main binary result. Posterior summaries were repor-
ted as medians with 95% credible intervals. The threshold
analyses were still retained because they are more clinically
interpretable.

Subgroup analyses were specified as exploratory because
they were observational comparisons across studies rather
than randomized comparisons within studies. We report the
number of model-horizon effect estimates and source titles
for each subgroup to make the evidence density transparent.
Subgroups with very few titles are described but not used
to support strong inferential claims. Reporting-bias analy-
ses were also exploratory. Funnel plots were generated for
outcomes with enough effects, but asymmetry tests were
not treated as definitive because effects were clustered, SEs
were sometimes derived, and clinical and methodological
heterogeneity were high.

Continuous Prediction-Horizon Meta-
Regression

As a post hoc exploratory analysis, we evaluated prediction
horizon continuously using the 37 source-verified RMSE
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effects. Effects were first collapsed to 23 report-horizon cells
by averaging eligible model estimates within each report and
horizon, preventing reports that evaluated many algorithms
at the same horizon from receiving disproportionate weight.
The primary estimand was the within-report change from
that report’s own 30-minute RMSE. Reports therefore had
to provide a 30-minute value and at least 1 additional fixed
horizon, yielding 12 nonzero horizon contrasts from 8 reports.

The primary model estimated the RMSE change per
additional 30 minutes with the intercept constrained to
zero at the 30-minute anchor. Equal contrast weights were
used because source-reported uncertainty was unavailable for
many eligible cells. Dependence was addressed with report-
clustered CR2 covariance and Satterthwaite small-sample
inference. Sensitivity analyses clustered the confirmed Ohio
TIDM reports as 1 dataset family, excluded that family,
restricted the data to contrasts with source-reported uncer-
tainty, applied inverse approximate contrast-variance weights,
evaluated marginal report-horizon cells, and restored the
simulation-only study. Results are reported in both mg/dL and
mmol/L, using 1 mmol/L=18.0182 mg/dL.

Clinical-Readiness Evidence Audit

Across all 270 included studies, we assessed 8 review-defined
clinical-readiness criteria: use of real patient data, partici-
pant-level or temporal test separation, external validation,
prospective evaluation, calibration assessment, threshold-spe-
cific operating performance, decision-curve or net-benefit
analysis, and implementation or human-factors evaluation.
Automated evidence-location prefill was used only to
organize candidate evidence and support page-level retrieval;
it was not treated as an independent reviewer judgment.

Two reviewers (LF and LL) independently completed
all 2160 study criterion judgments (270 studies x 8 crite-
ria). Each reviewer recorded a categorical judgment with
supporting evidence and source location. The final con-
sensus for all disagreements and other records requiring
explicit resolution was reached jointly by the 2 reviewers or
approved by the research team. Agreement was summarized
as observed agreement and unweighted Cohen . Criterion-
specific proportions used Yes/(Yes+No), excluding Unclear
and Not applicable judgments from the denominator. The
number of criteria met per study was summarized descrip-
tively from final Yes judgments and was not treated as a
validated composite score.

Results

Study Selection

The updated search identified 787 records from databases and
registers (Figure 1). No duplicate records were removed in
the final auditable flow because source files were harmonized
before final screening. We screened 787 records and excluded
402 at title and abstract levels. We sought 385 reports for
retrieval; 75 could not be retrieved. We assessed 310 full-text
reports and excluded 11 reports: 8 because the outcome or
prediction task was not eligible, 1 because the population was
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wrong or did not include an eligible human diabetes cohort,
and 2 because no extractable eligible clinical performance
data were available. The final systematic review set included
299 reports representing 270 studies. Nineteen studies

Yang et al

contributed to at least 1 quantitative synthesis (Table 1); these
main quantitative source studies are cited in aggregate here
[1,2,8,13-16,29-32,34 52-58].

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 flow diagram.

Identification of new studies via databases and registers

Records removed before screening:

Identification

Records identified from:
Databases (n=787)
"Registers (n=0)

Duplicate records (n=0)
Records marked as ineligible by automation
tools (n=0)

L

Records removed for other reasons (n=0)

Records screened
(n=787)

H

Records excluded
(n=402)

'

Reports sought for retrieval
(n=385)

-

Reports not retrieved
(n=75)

Screening

Reports excluded
Nontarget outcome or prediction task (n=8)

Reports assessed for eligibility
(n=310)

Wrong population or no eligible human
diabetes cohort (n=1)

No extractable eligible clinical performance
data (n=2)

(n=270)
Reports of new Included studies
(n=299)

!

Included

Total studies included in
meta-analysis (n=19)
Reports of total included studies
in meta-analysis (n=19)

Table 1. Summary of the revised evidence base.

Characteristic Count Interpretation

Records identified 787 Records from databases and registers searched to April 12,2026
Reports assessed for eligibility 310 Full texts assessed after retrieval

Reports included in systematic review 299 Reports representing the final review-level evidence base

Studies included in systematic review 270 Unique included studies after full-text review

Studies included in meta-analysis 19 Studies contributing to at least 1 quantitative synthesis

Type 1 diabetes studies 128 Full review-level count

Type 2 diabetes studies 26 Full review-level count

Studies including mixed populations of type 1 and 78 Full review-level count

type 2 diabetes

Unclear diabetes type 38 Full-text reports in which diabetes type could not be confidently classified
Publication year range 2001-2026 Median publication year 2023; 128 studies published from 2024 onward
Studies with extractable sample size 136 Median 42 participants; IQR 12-206; range 1-37,740

English-language studies 266 Full-text evidence base

Chinese-language studies 4 Extracted by bilingual reviewers
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The relatively large gap between the 270 included studies and
the 19 studies contributing to meta-analysis reflects report-
ing limitations rather than lack of relevance. Many included
studies reported model rankings, point estimates, or graphi-
cal performance summaries but did not provide uncertainty
intervals, SEs, SDs, or reconstructable threshold data. These
studies informed the narrative synthesis, study-characteris-
tics tables, and methodological interpretation, consistent with
guidance for synthesis without meta-analysis when quantita-
tive pooling is not justified [59].

Characteristics of the Evidence Base

Among the 270 included studies, 128 focused on type 1
diabetes, 26 focused on type 2 diabetes, 78 included mixed
type 1 and type 2 diabetes populations, and 38 did not allow
confident diabetes-type classification after full-text assess-
ment. Clinical setting was inpatient in 182 studies, outpatient
in 44, simulation or simulated-plus-clinical in 7, and unclear
in 37. Age group was adult in 72 studies, pediatric in 17,
mixed age in 32, and unclear in 149. These distributions show
not only that the review-level evidence base is much broader
than the meta-analyzable subset but also that reporting of
clinical descriptors remains incomplete.

The included evidence base was recent but methodolog-
ically heterogeneous. Publication years ranged from 2001
to 2026, with a median publication year of 2023; 128
studies were published from 2024 onward. The full-text
evidence base included 266 English-language studies and 4
Chinese-language studies. Sample size was extractable for
136 studies. Among those reports, the median sample size
was 42 participants (IQR 12-206; range 1-37,740), indicating
that many model development studies were small, while a few
electronic health record or population-scale studies contrib-
uted much larger cohorts.

Study duration, CGM wear duration, recording length,
or follow-up time was not reported in a sufficiently stand-
ardized way to calculate 1 reliable review-wide duration
summary. We therefore extracted duration-related informa-
tion when available but used forecast horizon, validation
design, diabetes type, setting, input modality, and extractable
performance uncertainty as the primary harmonized descrip-
tors. This reporting gap is clinically important because a
model trained on short-structured CGM segments may not
have the same transportability as a model evaluated across
longer free-living or inpatient monitoring periods.

The most common prediction targets were short-term
future glucose values, hypoglycemia alerts, hyperglycemia
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alerts, and broader glycemic-excursion outcomes. Reported
hypoglycemia thresholds most often corresponded to <70
mg/dL (<3.9 mmol/L), with some studies using clinically
important hypoglycemia thresholds such as <54 mg/dL
(<3.0 mmol/L). Hyperglycemia thresholds varied more
widely, commonly including >180 mg/dL (>10.0 mmol/L) or
study-specific higher thresholds. This threshold heterogeneity
was one reason threshold-based binary results were treated as
supportive rather than definitive.

Model families included recurrent neural networks, long
short-term memory networks, gated recurrent units, con-
volutional recurrent networks, transformer-based models,
gradient boosting, random forests, support vector regression
or classification, and hybrid or ensemble approaches [1,2,
4,29.30,33,34]. Some studies compared machine learning
models with naive persistence or conventional forecasting
baselines. Others reported only the best-performing model.
This variation limited direct model-family comparison.

Input data also varied. Some models used only recent
CGM history, whereas others added insulin delivery,
meal information, physical activity, demographic variables,
laboratory data, heart rate, or inpatient electronic health
record variables [2,4,6,7,33]. Studies with richer inputs
were not automatically more clinically deployable because
those inputs may be unavailable, delayed, or inconsistently
recorded in routine care.

Validation reporting was a recurring limitation. A
substantial proportion of studies used internal cross-val-
idation, random splits, or same-cohort held-out testing.
Fewer studies used temporal validation, external institutional
validation, or prospective evaluation. Calibration, decision-
curve analysis, and alert-burden measures were rarely
reported, even when binary event prediction was the clinical
target.

Continuous Glucose Forecasting

The primary continuous synthesis included 37 RMSE
model-horizon effect estimates. The pooled RMSE was 1.18
mmol/L (95% CI 1.01-1.34; Figure 2 [1,2,13-16,29-32,34]
and Table 2). The supportive MAE synthesis included 20
effect estimates and yielded a pooled MAE of 0.90 mmol/L
(95% CI 0.78-1.02). The number of effect estimates can
exceed the number of contributing studies because multiple
models, horizons, or validation strata could be extracted from
the same report. These results summarize the analyzable
subset and should not be interpreted as universal performance
benchmarks across all glucose prediction tasks.
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Figure 2. Main random-effects forest plot for RMSE [1,2,13-16,29-32,34]. RMSE: root-mean-square error.

Study Model Prediction horizon RMSE 95% CI Weight

Zhang et al (2025) ALSTM 30 minutes e 0.23 0.151t0 0.30 3.0%

Zhang et al (2025) ALSTM 60 minutes ] 0.24 0.19100.30 3.0%

Mazgouti et al (2025) LSTM-XGBoost fusion 15 minutes i 0.44 0.19t0 0.69 2.8%

Wang et al (2021) VMD-KELM-AdaBoost 30 minutes - 045 0.33100.56 2.9%

Wang et al (2021) VMD-KELM-AdaBoost 45 minutes HH 0.49 0.36 to 0.62 2.9%

Mazgouti et al (2025) LSTM-XGBoost fusion 30 minutes —— 0.54 0.231t00.84 2.7%

Wang et al (2021) VMD-KELM-AdaBoost 60 minutes HH 0.58 0.431t00.73 2.9%

Mazgouti et al (2025) LSTM-XGBoost fusion 45 minutes —a— 0.60 0.26t0 0.93 2.7%

Mazgouti et al (2025) LSTM-XGBoost fusion 60 minutes —E— 0.61 0.26 to 0.95 2.7%

Butt et al (2023) multi-layer LSTM recurrent network 30 minutes —a— 0.82 -0.11t01.75 1.6%

Zhu et al (2021) Edge-LSTM 30 minutes ] 1.06 1.00t0 1.13 3.0%

Li et al (2020) CRNN 30 minutes [ ] 1.17 1.09t0 1.25 3.0%

Dudukcu et al (2021) LSTM, WaveNet, and GRU fusion 30 minutes —a— 1.22 0.53to 1.91 2.0%

Annuzzi et al (2025) BILSTM 30 minutes ® 1.22 1.15t01.30 3.0%

Chu et al (2025) V2 30 minutes HH 1.25 1.10to 1.40 2.9%

Chu et al (2025) 82 30 minutes HEH 1.25 1.10to 1.40 2.9%

Chu etal (2025) GRU 30 minutes e 1.25 11010 1.40 2.9%

Chu et al (2025) LSTM 30 minutes HH 1.25 1.11t0 1.40 2.9%

Chu et al (2025) MLP 30 minutes HEH 1.27 1.12t0 1.42 2.9%

Chu et al (2025) S1 30 minutes HEH 1.27 1.12t0 1.42 2.9%

Chu et al (2025) Al 30 minutes HH 1.27 1.12t0 1.42 2.9%

Chu et al (2025) SVR 30 minutes v 1.27 1.13101.42 2.9%

Chu et al (2025) LGB 30 minutes HH 1.29 1.13t0 1.44 2.9%

Chu et al (2025) RF 30 minutes HH 1.31 1.16 to 1.46 2.9%

Chu et al (2025) S3 30 minutes HH 1.36 1.1810 1.53 2.9%

Chu et al (2025) DDPG 30 minutes HEH 1.38 1.20t0 1.55 2.9%

Chu et al (2025) V3 30 minutes HH 1.38 1.20t0 1.56 2.9%

Chu et al (2025) TD3 30 minutes HEH 1.41 1.23t0 1.60 2.9%

Butt et al (2023) multi-layer LSTM recurrent network 60 minutes _a 1.42 -0.19 to 3.02 0.8%

Chu et al (2025) SAC 30 minutes HH 1.42 1.24t0 1.59 2.9%

Dudukcu et al (2021) LSTM, WaveNet, and GRU fusion 45 minutes —— 1.62 0.70t0 2.53 1.6%

Shen (2025) GRU 60 minutes ] 1.72 167101.76 3.0%

Zhu et al (2021) Edge-LSTM 60 minutes HE 1.81 1.70t0 1.92 2.9%

Li et al (2020) CRNN 60 minutes HEH 1.85 1.68102.01 2.9%

Rubin-Falcone et al (2024) Not reported Not reported HEH 1.89 1.78 10 2.00 2.9%

Dudukcu et al (2021) LSTM, WaveNet, and GRU fusion 60 minutes —_—a— 1.95 0.85t0 3.05 1.3%

Annuzzi et al (2025) BiLSTM 90 minutes HH 246 2.33t02.58 2.9%

Random-effects model L 4 118 1.01to0 1.34 100.0%

Heterogeneity: I” = 98.9%, t* = 0.250, P < .001 LI B S e

0 05 1 15 2 25 3
RMSE (mmoliL)
Table 2. Main quantitative synthesis results.

Outcome Role Effect estimates Pooled estimate 95% interval® Interpretation
RMSED Primary continuous 37 1.18 mmol/L 1.01-1.34 Main forecasting summary
MAES® Supportive continuous 20 0.90 mmol/L 0.78-1.02 Supportive error metric
AUROCH Primary binary discrimination 13 0.926 0.877-0.957 Bayesian 95% CrI®
Sensitivity Supportive threshold 10 0.77 0.62-0.88 Direct or reconstructed 2x2
Specificity Supportive threshold 10 0.80 0.71-0.86 Direct or reconstructed 2x2

ntervals are 95% Cls, except for the Bayesian AUROC estimate, for which a 95% credible interval is reported.

PRMSE: root-mean-square error.

‘MAE: mean absolute error.

dAUROC: area under the receiver operating characteristic curve.
€95% Crl: 95% credible interval.

Effect estimates are model-horizon or model-threshold
analytic estimates. They can exceed the number of contribu-
ting studies because several models, horizons, or validation
strata may be extracted from 1 source report. The lowest
individual RMSE estimates tended to occur in short-horizon
or narrowly defined settings, including models evaluated at
15-30 minutes or in structured datasets with dense CGM
information [1,30,34]. Higher error estimates were more
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common at longer horizons or in more heterogeneous settings
[4,33]. However, individual ranking should be interpreted
cautiously because study design, population, data preprocess-
ing, and validation strategy differed across reports.

Exploratory diabetes-type subgroup analysis separated
type 1 diabetes, type 2 diabetes, mixed-population, and
unclear-population records (Figure 3A [2,7,13-21,23,25,26,
28-47,60] and Table 3). RMSE estimates were lower in the
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type 2 diabetes subgroup than in the type 1 diabetes and
mixed-population subgroups, but the type 2 diabetes estimate
was based on fewer source titles and had wider uncertainty.
The RMSE subgroup estimates were type 1 diabetes mellitus:
1.18 (95% CI 1.05-1.32; 43 effect estimates, 18 source
titles); type 2 diabetes mellitus: 0.89 (95% CI 0.50-1.28; 15
effect estimates, 6 source titles); mixed_both: 1.48 (95% CI

https://www jmir.org/2026/1/e100653
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1.26-1.69; 13 effect estimates, 9 source titles); and unclear:
0.61 (95% CI 0.40-0.83; 4 effect estimates, 2 source titles).
These findings support separate reporting by diabetes type,
but they do not prove intrinsic superiority of models in 1
diabetes type because population setting, treatment context,
input modality, and validation design were confounded.
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Figure 3. Exploratory RMSE subgroup analyses by diabetes type and prediction horizon. (A) RMSE effects stratified by diabetes type. (B)
RMSE effects stratified by prediction horizon in minutes. RMSE values are presented in mmol/L. Squares represent individual model-level effects,
horizontal lines represent their 95% Cls, and diamonds represent subgroup-specific random-effects pooled estimates. Subgroup results should be
interpreted cautiously because some categories include few source reports or model-level effects. Cls, and diamonds represent subgroup-specific
random-effects pooled estimates. Subgroup results should be interpreted cautiously because some categories include few source reports or model-
level effects [2,7,13-21,23,25,26,28-47,60]. RMSE: root-mean-square error.

A Diabetes type

Type 1 diabetes Type 2 diabetes
Horizon Horizon
Study Model (minutes) RMSE 95% Cl Weight Study Model (minutes) RMSE 95% Cl Weight
D'Antoni et al (2022) NR 15 u 037 03610037 26% Kim et al (2020) NR 60 - 014 00410024 67%
Jaloli et al (2022) NR [ 038 03410042 26% Kim et al (2020) NR 1440 015 01310017 6.7%
Mazgouti et al (2025) LSTM-XGB fusion 15 - 044 01910069 24% Zhang et al (2025) ALSTM 30 [ ] 023 01510030 6.7%
Neumann et al (2025) NR u 046 04310049 26% Xue et al (2025) SA-GRU 30 n 024 02310025 6.7%
Mazgouti et al (2025) LSTM-XGB fusion 30 & 054 02310084 23% Zhang et al (2025) ALSTM 60 ] 024 01910030 6.7%
Mazgouti et al (2025) LSTM-XGB fusion 45 - 060 02610093 22% Anjum et al (2024) XGBoost [] 046 04110051 6.7%
Mazgouti et al (2025) LSTM-XGB fusion 60 & 061 02610095 22% Xue et al (2025) SA-GRU 60 L] 058 05610060 6.7%
Annuzzi et al (2023) NR 30 ] 078 07110084 26% Lin et al (2022) Progressed model = 075 06710084 67%
Butt et al (2023) Multilayer LSTM 30 082 01110175 1.2% Xue et al (2025) SA-GRU 30 = 075 07310078 6.7%
Yang et al (2024) NR n 100 09210109 26% Lin et al (2022) Fine-tuned model - 099 088t01.10 67%
Shen Y and Kleinberg (2025) NR 30 - 101 06710135 2.2% Aliberti et al (2019) Data-driven model ] 099 088t01.10 6.7%
Jeon et al (2020) NR - 102 091t01.14 25% Xue et al (2025) SA-GRU 60 [ ] 132 13010133 67%
Shen Y and Kleinberg (2025) NR 60 = 104 093t01.14 25% Lin et al (2022) Personalized DL - 159 14110177  66%
Daniels et al (2022) NR = 104 1.02t0107 26% Anjum et al (2024) SARIMA - 237 21110264 65%
Zhu etal (2021) Edge-LSTM 30 106 1.00t0113  2.6% Anjum et al (2024) Prophet W 263 23410293 65%
Mosquera-Lopez and Jacobs (2022) NR 60 [ 109 10610112 26%
Li etal (2020) CRNN 30 [ 117 10910125 26% Subgroup pooled 089 050t01.28
D'Antoni et al (2022) NR 30 L 117 11710118 26% Heterogeneity: I = 100.0%, t* = 0.5950 T !
Dudukcu et al (2021) LSTMMWN/GRU fusion 30 — 122 05310191 15% 0
Annuzzi et al (2025) BILSTM n 122 11510130 26% RMSE (mmol/L)
Chu et al (2025) v2 30 - 125 11010140 25%
Chu et al (2025) s2 30 = 125 11010140 25% Mixed type 1 and type 2 diabetes
Chu et al (2025) GRU 30 = 125 11010140 25%
Chu et al (2025) LSTM 30 = 125 11110140 25% Horizon
Chu et al (2025) MLP 30 - 127 14210142 25% Study Model (minutes) RMSE 95% Cl Weight
Chu et al (2025) s1 30 8 127 11210142 25%
Chu et al (2025) V1 30 - 127 11210142 25% Isfahani et al (2020) NR [ ] 060 05310067 7.7%
Chu et al (2025) SVR 30 8 127 11310142 25% Zhu et al (2025) NR 107 09810115 7.7%
Chu et al (2025) LGB 30 = 129 11310144 25% Fang et al (2026) NR 110 1.08t01.12 7.8%
Chu et al (2025) RF 30 = 131 11610146 25% Shuvo et al (2024) NR 30 117 11210122 77%
Chu et al (2025) s3 30 - 136 11810153 25% Moon et al (2025) BIT-MAML (ours) 138 12410153 7.5%
Chu et al (2025) DDPG 30 - 138 12010155 25% Rodriguez-Almeida et al (2025) Naivea 149 14110156 7.7%
Chu et al (2025) v3 30 - 138 12010156 25% Huang et al (2023) NR 30 [] 170 17010171 7.8%
Chu et al (2025) TD3 30 - 141 12310160 2.5% Huang et al (2023) NR 15 ] 171 1.70t01.71 7.8%
Butt et al (2023) Multilayer LSTM 60 142 -01910302 0.6% Huang et al (2023) NR 60 [ 171 1710172 7.8%
Chu et al (2025) SAC 30 - 142 12410159 25% Shuvo et al (2024) NR 60 ] 172 16710176 7.7%
Dudukcu et al (2021) LSTMMWNIGRU fusion 45 ——— 162 07010253 1.2% Zaidi et al (2021) Naive forecasting ] 173 16410182 7.7%
Shen Z (2025) GRU [} 172 16710176 26% Shuvo et al (2024) NR 0 [ ] 183 17710190 7.7%
Zhu et al (2021) Edge-LSTM 60 L 181 17010192 25% Hameed and Kleinberg (2020) NR - 200 18410216 7.5%
Lietal (2020) GRNN 60 - 185 16810201 25%
Rubin-Falcone et al (2024) NR [ ] 189 17810200 25% Subgroup pooled 148 1.26t01.69
Dudukcu et al (2021) LSTM/WN/GRU fusion 60 —-— 195 085t03.05 0.9% Heterogeneity: 1° = 100.0%, t* = 0.1527 T T 1
Annuzzi et al (2025) BILSTM EY - 246 23310258 25% o
RMSE (mmol/L)
Subgroup pooled ) < 118 1.05t01.32
Heterogeneity: I° = 99.9%, t° = 0.1836 . : T 1 Unclear diabetes type
RMSE (mmol/L) Horizon
Study Model (minutes) RMSE 95% CI Weight
Wang et al (2021) VMD-KELM-AdaBoost 30 045 03310056 25.2%
Wang et al (2021) VMD-KELM-AdaBoost 45 049 03610062 24.9%
Wang et al (2021) VMD-KELM-AdaBoost 60 058 04310073 24.1%
Zafar et al (2023) NR 092 082101.02 25.8%
Subgroup pooled 061 04010083
Heterogeneity: I° = 92.2%, ©° = 0.0448
1 2
RMSE (mmol/L)
B Prediction horizon
15 minutes or less 3110 45 minutes
Horizon Horizon
Study Model (minutes) RMSE 95% Cl Weight Study Model (minutes) RMSE 95% Cl Weight
D'Antoni et al (2022) NR 15 u 037 03610037 33.6% Wang et al (2021) VMD-KELM-AdaBoost 45 049 03610062 45.1%
Mazgouti et al (2025) LSTM-XGB fusion 15 - 044 01910069 32.7% Mazgouti et al (2025) LSTM-XGB fusion 45 060 02610093 37.8%
Huang et al (2023) NR 15 [ ] 171 17010171 33.6% Dudukcu et al (2021) LSTMAWN/GRU fusion 45 162 07010253 17.1%
Subgroup pooled 0.84 -0.01t01.70 Subgroup pooled — 072 025t01.20
Heterogeneity: I° = 100.0%, = 0.5676 T T ! Heterogeneity: I = 80.9%, = 0.1263 T T !
0 1 2 3 0o 1
RMSE (mmol/L) RMSE (mmol/L)
16 to 30 minutes 46 to 60 minutes
Horizon Horizon
Study Model (minutes) RMSE 95% Cl Weight Study Model (minutes) RMSE 95% Cl Weight
Zhang et al (2025) ALSTM 30 n 023 01510030 36% Kim et al (2020) NR 60 . 014 00410024 7.2%
Xue et al (2025) SA-GRU 30 n 024 02310025 36% Zhang et al (2025) ALSTM 60 [} 024 01910030 7.2%
Wang et al (2021) VMD-KELM-AdaBoost 30 ] 045 03310056 3.5% Wang et al (2021) VMD-KELM-AdaBoost 60 - 058 04310073 7.2%
Mazgouti et al (2025) LSTM-XGB fusion 30 - 054 02310084 3.0% Xue et al (2025) SA-GRU [ 058 05610060 7.3%
Xue et al (2025) SA-GRU 30 [} 075 07310078 3.6% Mazgouti et al (2025) LSTM-XGB fusion 60 - 061 02610095 67%
Annuzzi et al (2023) NR 30 L] 078 07110084 36% Shen Y and Kleinberg (2025) NR 60 L 104 093t01.14 7.2%
Butt et al (2023) Multilayer LSTM 30 082 01110175 1.3% Mosquera-Lopez and Jacobs (2022) NR 60 [ 109 1.06t01.12 7.3%
Shen Y and Kleinberg (2025) NR 30 .- 101 06710135 2.9% Xue et al (2025) SA-GRU 60 L] 132 13010133 7.3%
Zhu etal (2021) Edge-LSTM 30 [ 106 1.00t0113 3.6% Butt et al (2023) Multilayer LSTM 60 142 01910302 26%
Li etal (2020) CRNN 30 . 117 10910125 3.6% Huang et al (2023) NR 60 [ 171 1710172 7.3%
D'Antoni et al (2022) NR 30 117 14710118 36% Shuvo et al (2024) NR 60 172 16710176 7.3%
Shuvo et al (2024) NR 30 . 117 11210122 36% Shen Z (2025) GRU 60 [ 172 16710176 7.3%
Dudukcu et al (2021) LSTMMWN/GRU fusion 30 o 122 05310191 1.8% Zhu et al (2021) Edge-LSTM 60 [] 181 17010192 7.2%
Annuzzi et al (2025) BILSTM u 122 115100130 3.6% Li etal (2020) GRNN 60 - 185 16810201 7.4%
Chu et al (2025) v2 30 = 125 11010140 35% Dudukcu et al (2021) LSTMAWN/GRU fusion 60 ——®—— 195 08510305 39%
Chu et al (2025) s2 30 125 11010140 3.5%
Chu et al (2025) GRU 30 - 125 11010140 35% Subgroup pooled - 115 0.83to1.48
Chu et al (2025) LSTM 30 = 125 11110140 35% Heterogeneity: I = 99.9%, < = 0.3765
Chu et al (2025) MLP 30 - 127 1.12t0142 3.5% 0 1 2
Chu et al (2025) s1 30 - 127 11210142 35% RMSE (mmol/L)
Chu et al (2025) Vi 30 - 127 11210142 35%
Chu et al (2025) SVR 30 - 127 11310142 35% More than 60 minutes
Chu et al (2025) LGB 30 - 129 1.13t0144 34%
Chu et al (2025) RF 30 - 131 11610146 3.5% Horizon
Chu et al (2025) 83 30 - 136 11810153 3.4% Study Model (minutes) RMSE 95% Cl Weight
Chu et al (2025) DDPG 30 - 138 12010155 3.4%
Chu et al (2025) v3 30 - 138 12010156 34% Kim et al (2020) NR 1440 ] 015 04310017 33.4%
Chu et al (2025) D3 30 - 141 12310160 3.4% Shuvo et al (2024) NR %0 [ 183 17710190 33.4%
Chu et al (2025) SAC 30 - 142 12410159 34% Annuzzi et al (2025) BILSTM £ = 246 23310258 33.3%
Huang et al (2023) NR 30 ] 170 17010171 36%
Subgroup pooled — 148 01310283
Subgroup pooled < 141 0.98to1.24 Heterogeneity: 1% = 99.9%, * = 1.4223 T T 1
Heterogeneity: I° = 99.9%, ° = 0.1267 T T 1 0 1 2
0 1 2 3 RMSE (mmol/L)
RMSE (mmol/L)
NR: not reported; WN: WaveNet; XGB: XGBoost; DL: deep learning.
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Table 3. Exploratory subgroup synthesis results.

Yang et al

Analysis Subgroup Effect estimates Source titles Pooled estimate (95% CI)
RMSE? by diabetes type T1DMP 43 18 1.18 (1.05 to 1.32) mmol/L
RMSE by diabetes type T2DM 15 6 0.89 (0.50 to 1.28) mmol/L
RMSE by diabetes type mixed_both 13 9 1.48 (1.26 to 1.69) mmol/L
RMSE by diabetes type unclear 4 2 0.61 (0.40 to 0.83) mmol/L
RMSE by horizon <15 minutes 3 3 0.84 (-0.01 to 1.70) mmol/L
RMSE by horizon 16-30 minutes 30 15 1.11 (0.98 to 1.24) mmol/L
RMSE by horizon 31-45 minutes 3 3 0.72 (0.25 to 1.20) mmol/L
RMSE by horizon 46-60 minutes 15 14 1.15 (0.83 to 1.48) mmol/L
RMSE by horizon >60 minutes 3 3 1.48 (0.13 to 2.83) mmol/L
MAES by diabetes type T1DM 20 5 0.93 (0.83 to 1.03) mmol/L.
MAE by diabetes type T2DM 16 6 0.93 (0.59 to 1.27) mmol/L
MAE by diabetes type mixed_both 8 6 1.05 (0.80 to 1.29) mmol/L

4RMSE: root-mean-square error.
PTIDM: type 1 diabetes mellitus.
°MAE: mean absolute error.

Forecast horizon was also analyzed separately (Figure 3B
and Table 3). Exploratory pooled RMSE estimates were <15:
0.84 (95% CI -0.01 to 1.70; 3 effect estimates, 3 source
titles); 16-30: 1.11 (95% CI 0.98-1.24; 30 effect estimates,
15 source titles); 31-45: 0.72 (95% CI 0.25-1.20; 3 effect
estimates, 3 source titles); 46-60: 1.15 (95% CI 0.83-1.48,;
15 effect estimates, 14 source titles); and >60: 1.48 (95%
CI 0.13-2.83; 3 effect estimates, 3 source titles). The 16-
30 minutes and 46-60 minutes categories had the clearest
data support; <I15-minute, 31- to 45-minute, and >60-minute
groups were sparse. Longer-horizon estimates were therefore
interpreted cautiously, and long-horizon forecasting was not
pooled with short-term alerting as if the tasks were clinically
equivalent.

Input-modality subgroup analysis suggested that CGM-
only and CGM-plus-multimodal models had broadly
overlapping uncertainty. The exploratory RMSE estimates
were CGM_only: 120 (95% CI 1.05-1.35; 41 effect
estimates, 11 source titles); CGM_multimodal: 1.06 (95%
CI 0.83-1.29; 29 effect estimates, 20 source titles); and
CGM_insulin_meal: 1.19 (95% CI 0.70-1.69; 5 effect
estimates, 4 source titles). Apparent differences should be
interpreted as hypothesis-generating because studies differed
in population, horizon, and validation design.

MAE subgroup analysis by diabetes type was supportive
and less stable than RMSE because fewer main analysis data

https://www jmir.org/2026/1/e100653

were available. Exploratory MAE estimates were similar for
type 1 and type 2 diabetes, with wider uncertainty in type 2
diabetes. This finding is consistent with the RMSE analysis
in showing that type 2 diabetes data exist, but it does not
provide enough precision to support a strong claim about
diabetes-type differences.

Binary Glycemic Event Prediction

The principal binary synthesis used AUROC because directly
analyzable 2x2 data were limited. The Bayesian pooled
AUROC was 0926 (95% credible interval 0.877-0.957,
Figure 4A [8,52-57,60,61]). The posterior distribution of
between-study heterogeneity on the logit(AUROC) scale
is shown in Figure 4B. A frequentist REML sensitivity
model gave a nearly identical point estimate, supporting
numerical stability of the AUROC result under the chosen
scale and dataset. Figure 4C compares the pooled AUROC
estimates from the conservative main-analysis and maximal
datasets. Supportive threshold-based meta-analysis yielded
pooled sensitivity of 0.77 (95% CI 0.62-0.88) and specific-
ity of 0.80 (95% CI 0.71-0.86; Multimedia Appendix 6).
Because these estimates were based on a small number of
threshold outcomes and partly reconstructed 2x2 data, they
were used for clinical translation rather than as the primary
binary benchmark.
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Figure 4. Bayesian AUROC synthesis and AUROC robustness. Panel (A) presents the posterior distribution of pooled AUROC, panel (B) presents
the posterior distribution of between-study heterogeneity on the logittAUROC) scale, and panel (C) compares the conservative main-analysis and
maximal datasets [8,52-57,60,61]. AUROC: area under the receiver operating characteristic curve.
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Dashed line in C: conservative main estimate. Maximal: includes imputed or derived uncertainty.

The AUROC result indicates that, within the analyzable
subset, models could discriminate future event status better
than chance. It does not by itself define an alert thresh-
old or prove clinical usefulness. Threshold choice changes
sensitivity, specificity, false alert rate, and missed event rate.
Therefore, AUROC was paired with supportive sensitivity,
specificity, likelihood ratio, and posttest-probability analyses.
The threshold-based subset included hypoglycemia and
hyperglycemia-related targets with heterogeneous defini-
tions. Some studies used standard biochemical thresholds,
whereas others used study-specific adverse-event or high-
risk excursion definitions. This heterogeneity limited the
feasibility of a single diagnostic-test-style meta-analysis and
justified retaining threshold results as supportive evidence.

Figure 5. Clinical translation of threshold-based prediction.

Clinical Translation

The pooled positive likelihood ratio was 3.86 (95%
CI 2.16-6.50), and the pooled negative likelihood ratio
was 028 (95% CI 0.14-0.54). In review-defined pre-
test probability scenarios of 5%, 15%, and 30%, posi-
tive predictions increased estimated posttest probability to
approximately 17%, 41%, and 62%, respectively, whereas
negative predictions reduced estimated posttest probability
to approximately 2%, 5%, and 11%, respectively (Figure
5 and Table 4). These scenarios are illustrative rather than
prescriptive; actual clinical usefulness depends on event
severity, treatment context, alert burden, calibration, and user
response.
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Table 4. Clinical translation of threshold-based prediction®.

Yang et al

Pretest probability

Posttest probability after positive prediction

Posttest probability after negative prediction

5% 16.9% (10.2-25.5)

15% 40.5% (27.6-53.4)
30% 62.3% (48.0-73.6)

1.5% (0.7-2.7)

4.8% (2.4-8.6)
10.9% (5.7-18.7)

2Values within parentheses are approximate uncertainty intervals derived from the limits of the pooled sensitivity and specificity 95% Cls through

likelihood-ratio calculations.

These calculations help translate statistical performance into a
clinical frame. In a low-risk context, even a positive alert may
leave the absolute event probability modest. In a higher-
risk context, the same positive alert may be more actiona-
ble. Conversely, a negative prediction reduces but does not
eliminate risk. This is important for hypoglycemia, where the
consequences of missed events may be clinically serious.

The clinical translation analysis should not be interpre-
ted as a treatment recommendation. It assumes that pooled
sensitivity and specificity are transportable to the sce-
nario being considered, which may not hold when popula-
tions, thresholds, devices, and workflows differ. Prospective
validation is needed before these posttest probabilities can be
used for clinical decision-making.

Recent Studies Identified During
Evidence Updating

All 6 DOI records in the recent-paper audit were retained
in the full systematic review dataset and mapped to dia-
betes type, setting, and extractable metric availability [3-7,
33]. Some provided data usable for descriptive synthesis or
expanded exploratory extraction but did not meet the stricter
uncertainty or threshold reconstruction requirements for the
principal analyses. This distinction is important: absence from
a forest plot does not mean absence from the review.

These recent studies strengthened the narrative synthesis
by adding examples from type 2 diabetes dietary personal-
ization, hospitalized glucose management, mixed diabetes
populations, uncertainty-aware glucose prediction, federated
learning, and pooled low-glucose prediction [3-7,33]. Their
treatment in the manuscript follows the same rule as all
other studies: inclusion in the review depends on topic and
population eligibility, whereas inclusion in a forest plot
depends on outcome-specific data readiness.

The audit also clarified the difference between search
completeness and data usability. A study can be fully eligible
for the systematic review and yet remain outside an outcome-
specific meta-analysis if it does not report uncertainty-ready
RMSE, MAE, AUROC, or reconstructable threshold data.

Source Fidelity, Dataset Overlap, and
Prediction Horizon

The source-fidelity audit preserved 80 effect rows from
19 quantitative-source reports, with a page reference and
supporting excerpt for every row. It corrected report-level
values where an isolated best-participant result had been
carried forward instead of the intended report-level sum-
mary, removed invalid use of RMSE as an uncertainty
proxy, rejected nonunique exact 2x2 reconstructions, and
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kept simulation-only evidence outside the primary clini-
cal analysis. The report-level provenance audit identified
Dudukcu et al [29], Zhu et al [13], Butt et al [2], Shen
[15], and Annuzzi et al [31] as members of the confirmed
OhioT1DM dataset family. The locked source membership
included Zhang et al [16] (R0490). Seven internally contra-
dictory records from Russon et al [54] and Piersanti et al
[53] were retained in the audit trail; contradictory 2x2 records
were excluded, whereas directly reported AUROC records
remained eligible because the conflicts concerned sample size
or sensitivity rather than AUROC.

In the primary within-report analysis, RMSE increased
by 8.67 mg/dL for each additional 30 minutes of prediction
horizon (95% CI 3.84-13.50; P=.006), equivalent to 0.481
mmol/L (95% CI 0.213-0.749). This estimate was based on
12 nonzero contrasts from 8 reports. The direction was not
robust to the most conservative overlap handling: clustering
by dataset family gave the same point estimate but a 95%
CI of -5.64 to 22.99 mg/dL (P=.12), and excluding the
OhioT1DM family yielded 3.77 mg/dL per 30 minutes (95%
CI -3.83 to 11.37; P=.21). The continuous result therefore
supports a possible horizon-related increase in forecasting
error but remains exploratory and sensitive to shared-dataset
assumptions (Figure S1A and B and Table S18 in Multimedia
Appendix 7 [1,2,7,8,13-16,29-32,34,53-58]).

Clinical Readiness Evidence Across the
Full Review Set

The dual-review audit contained final consensus judgments
for all 2160 study criterion records. The 2 reviewers (LF
and LL) agreed on 2078 records (96.2%; Cohen %=0.903).
There were 82 initial disagreements, and 160 records required
explicit consensus because of disagreement or an Unclear or
Not applicable judgment; all were resolved before analy-
sis. Real patient data were identified in 99.2% (258/260)
of classifiable studies, participant-level or temporal test
separation in 18.7% (44/235), external validation in 4.0%
(10/251), prospective evaluation in 0.7% (2/270), calibration
assessment in 4.8% (13/270), threshold-specific operating
performance in 32.4% (83/256), decision-curve or net-benefit
analysis in 2.6% (7/270), and implementation or human-fac-
tors evaluation in 2.6% (7/270). Twelve studies met none of
the 8 criteria, 138 met 1, 83 met 2, 28 met 3, and 9 met 4;
no study met 5 or more. Thus, use of real patient data was
common, but evidence of external, prospective, calibration,
decision-analytic, and implementation readiness was sparse
(Figure S1C and D and Table S19 in Multimedia Appendix
7).
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Risk of Bias and Applicability

The 19 quantitative-source reports yielded 28 PROBAST
assessment units after separating analyses that differed
by population, validation setting, or model development
scenario. Across 560 signaling-question ratings per reviewer,
observed agreement was 83.8% (Cohen %=0.78, 95% CI
0.68-0.85; Gwet AC1=0.80, 95% CI 0.71-0.86). Agreement
was lowest for the Analysis domain (74.6%; #=0.67, 95% CI
0.49-0.80). The reviewers initially differed on 91 signaling-
question ratings and 9 domain judgments; all were resolved
by consensus after full-text and rule recheck. The domain-
specific agreement estimates and CIs are shown in Figure
S1D in Multimedia Appendix 8.

After consensus, 24 of 28 units were at High overall
risk of bias, 2 were Unclear, and 2 were Low. The distribu-
tion was driven mainly by the Analysis domain, which was
High in 24 units, Unclear in 2, and Low in 2. Recurrent
concerns included inadequate protection against participant-
or window-level leakage, unclear separation of tuning from
final testing, small effective participant or event samples,
incomplete handling of repeated observations or missing data,
and absent or incomplete calibration and validation reporting.
Overall applicability concern was Low in 18 units, Unclear
in 4, and High in 6. Unit-level and summary judgments are
presented in Figure SIA-C in Multimedia Appendix 8 [2,8,
14,15,29-32,52,53,57,58]. A risk-of-bias—restricted sensitivity
analysis was evaluated at the independent-study level rather
than treating the 28 assessment units as independent studies.
Excluding High-risk units left no eligible non-High independ-
ent studies for reliable RMSE or MAE reestimation. Only 2
independent studies remained for AUROC; these results were
examined descriptively and were not pooled in an unstable
random-effects model.

Robustness and Reporting Bias

The data-readiness robustness analysis showed similar pooled
RMSE estimates across the conservative main dataset,
expanded sensitivity dataset, and maximal exploratory
dataset: main 1.18 mmol/L (95% CI 1.01-1.34), expanded
1.12 mmol/L (95% CI 0.99-1.24), and maximal 1.14 mmol/L
(95% CI 1.02-1.27; Figure S1 in Multimedia Appendix 5).
Leave-one-cluster-out analysis did not identify a single study
cluster that fully explained the main RMSE finding (Figure
S1 in Multimedia Appendix 9).

Funnel plots were produced for outcomes with sufficient
effects, but these were interpreted as exploratory because
multiple effects could arise from the same study cluster,
reporting precision was often derived rather than directly
reported, and heterogeneity was high (Multimedia Appendix
10). The funnel plots are therefore used to describe possible
small-study or reporting patterns rather than to make strong
claims about publication bias. The data-readiness analyses
support the general direction of the continuous-outcome
findings, but they do not remove the underlying limitations
of the evidence. Similar pooled estimates across analysis
tiers mean that the main estimate was not driven solely by
1 uncertainty derivation rule; they do not establish low risk
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of bias or external validity. The data-readiness and risk-of-
bias analyses answer different questions and should not be
conflated. The former tested whether effect inclusion and
uncertainty-derivation rules materially changed the pooled
estimate. The latter asked whether a reliable pooled estimate
remained after excluding high-risk evidence; for RMSE and
MAE it did not, and for AUROC only a descriptive 2-study
comparison remained.

Discussion

Principal Findings

This review maps 270 studies represented by 299 reports,
but only 19 reports supported at least 1 quantitative syn-
thesis. This gap reflects incomplete uncertainty reporting,
heterogeneous outcomes and thresholds, dataset reuse, and
sparse external validation, limiting the quantitative reuse of
an otherwise active literature.

The principal continuous estimate suggests an average
RMSE of about 1.18 mmol/L in the analyzable subset. The
supportive MAE estimate was about 0.90 mmol/L. These
values indicate measurable short-term forecasting perform-
ance, but they should not be read as a guaranteed clinical
accuracy level. The estimates combine models, populations,
horizons, and validation designs that are not interchangeable.

The principal binary AUROC synthesis suggested strong
discrimination within the subset that reported usable AUROC
uncertainty. However, threshold-based clinical implementa-
tion depends not only on discrimination but also on sensitiv-
ity, specificity, calibration, event prevalence, alarm burden,
and the consequences of missed or false alerts. The posttest
probability analysis helps show this dependence in practical
terms.

Rather than establishing a universal benchmark, the
results distinguish a large model development literature from
the smaller body of quantitatively reusable evidence. The
PROBAST findings materially qualify these estimates. A
high judgment does not mean that every reported model
result is false; it means that design, analysis, or reporting
features leave an important risk that performance is optimistic
or not transportable. Because 24 of 28 quantitative-source
assessment units were high, the pooled estimates should
be viewed as structured summaries of the available analyza-
ble literature, not as low-bias performance benchmarks for
clinical deployment. Internal performance may not transfer
across CGM devices, treatment patterns, recording behav-
ior, workflows, or populations; transportability, validation
design, and uncertainty therefore matter more than headline
performance alone.

Type 1 and Type 2 Diabetes

Type 1 and type 2 diabetes were not pooled without qual-
ification. Type 2 evidence contributed particularly through
recent dietary and inpatient studies [6,7], but fewer type
2 reports were meta-analyzable; its subgroup signal is
therefore informative but not definitive. Differences in
insulin physiology, treatment, diet, comorbidity, setting, and
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technology are clinically plausible, but aggregate subgroup
comparisons remain observational and confounded. We
therefore do not imply that either diabetes type is intrins-
ically easier to predict. Recent type 2 or mixed-cohort
studies broadened a largely type 1 diabetes-centered field
[4,6,7,33], but many lacked uncertainty-ready RMSE, MAE,
AUROC, or 2x2 data and could not enter formal synthesis.
Primary studies should report diabetes type explicitly and
provide stratified results for mixed populations when feasible;
otherwise, apparently favorable performance remains difficult
to interpret clinically.

Forecast Horizon and Clinical Use

Forecast horizon changes the clinical task: 15- to 30-minute
predictions may support immediate alerts, whereas >60-
minute predictions require different inputs and assumptions.
We therefore reported horizon-specific summaries rather
than treating all horizons as equivalent. Short-horizon or
narrowly defined settings often appeared more accurate, but
this may reflect easier horizons, benchmark reuse, richer
inputs, or internal validation. The review cannot identify
a universally superior model family; external validation
remains more informative for clinical credibility. Long-hori-
zon studies remained in the review but were not used
to justify short-term alerting claims, preserving complete-
ness without clinically inappropriate pooling. Short hori-
zons exploit stronger glucose autocorrelation but allow less
intervention time; longer horizons offer more time but depend
on assumptions about meals, insulin, activity, and physiology.
The preferred horizon therefore depends on intended use.

The continuous horizon analysis complements the
categorical summaries by controlling for each report’s
30-minute baseline. Its primary slope suggests that forecast-
ing error may rise meaningfully as the prediction window
lengthens, but the loss of precision under dataset-family
clustering and after removal of OhioT1DM reports shows
that the apparent association is partly dependent on a small,
overlapping evidence base. The finding should therefore
guide study design and reporting rather than be interpreted
as a universal conversion rule between forecast horizon
and RMSE. The full-review clinical-readiness audit shows
that publication volume and use of real patient data have
not yet translated into evidence suitable for routine deploy-
ment. External validation, prospective evaluation, calibration,
decision-curve analysis, and implementation or human-factors
assessment were each uncommon. These gaps help explain
why favorable discrimination or forecasting error cannot, by
itself, establish clinical usage or transportability.

Clinical Implications

These findings support cautious interest, not benchmark-
driven adoption. Alert usefulness depends on baseline risk
and false alert burden, and a negative prediction does not
eliminate risk or replace symptoms, clinical judgment, or
device safety rules [5,7,8]. We found no randomized trials
showing improved patient-important outcomes. Translation
requires prospective validation, calibration, alert fatigue
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assessment, and evidence that model-guided action improves
outcomes without harm. Error consequences are context-spe-
cific: false negatives may delay intervention, whereas false
positives may cause alarm fatigue, unnecessary carbohy-
drate intake, or distrust. Low average RMSE can also
conceal clinically important errors during rapid changes or
near decision thresholds. Implementation must fit work-
flow. Outpatient users may need simple alerts; inpatient
output interacts with nursing, insulin protocols, nutrition,
and electronic records. Transfer across workflows requires
validation.

Reporting and Methodological
Implications

The main barrier to stronger synthesis was not a lack of
published models but a lack of meta-analysis—ready reporting.
Future studies should report diabetes type, treatment context,
cohort source, sample size, event threshold, forecast horizon,
train-test separation, calibration, uncertainty for all primary
metrics, and enough threshold information to reconstruct
TP, FP, FN, and TN when binary prediction is central.
Dataset reuse should be disclosed explicitly. Public bench-
mark datasets are valuable, but repeated development and
evaluation on overlapping data can inflate apparent certainty
if each effect is treated as independent. The study-cluster
approach used here is a practical response to that problem,
but it cannot fully replace better primary study reporting.
Primary studies should also explain how errors such as RMSE
and MAE were calculated. At minimum, reports should state
the prediction horizon, unit, test set, number of predictions,
whether errors were averaged per prediction or per partici-
pant, and whether uncertainty was estimated across partic-
ipants, folds, bootstraps, or independent datasets. Without
this information, even familiar metrics become difficult to
synthesize.

For binary prediction, authors should report the event
threshold, prediction window, decision threshold, TP, FP,
FN, TN, sensitivity, specificity, AUROC, calibration, and
CIs. Reporting only accuracy or Fi-score is insufficient
for clinical interpretation because these metrics depend
strongly on event prevalence and class balance. The field
needs prospective external validation and shared reporting
templates. Authors should share code and preprocessing
when possible and identify public dataset versions, participant
criteria, train-test splits, and overlap with prior studies.

The major model families have different methodological
strengths and limitations (Table 5). Recurrent architectures
suit temporal glucose data, whereas tree-based and kernel
methods can be practical for structured clinical variables.
Transformer and hybrid models can integrate longer-range
or multimodal information but require more data and may
be harder to interpret. Because populations, targets, horizons,
inputs, and validation designs differed, this comparison is
descriptive rather than a performance ranking [1,2,4,14-16,
29-34,52,53,58].
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Table 5. Comparative methodological characteristics of major machine learning model families used in glycemic prediction. This table provides

a narrative methodological comparison rather than a quantitative ranking. Standardized head-to-head comparisons across model families were not

feasible because studies differed in populations, prediction targets, forecast horizons, input modalities, validation designs, and reporting complete-

ness.

Model family

Main strengths

Main limitations

Interpretability
approaches

Clinical and reporting
considerations

Recurrent neural networks
(RNNs?, LSTMsP, and
GRUs®)

Convolutional and
convolutional-recurrent
networks

Transformer-based models

Tree-based and boosting
models (random forests and
gradient boosting)

Kernel-based models
(SVMf and SVR®)

Hybrid and ensemble
models

Model nonlinear temporal
dependencies in sequential
cGMY data and support
short-term or multihorizon
forecasting.

Capture local temporal
patterns and can combine
automated feature extraction
with sequence modeling.

Represent longer-range
dependencies and
heterogeneous or multimodal
inputs, including interactions
across time.

Handle nonlinear
relationships, mixed clinical
variables, and engineered
features; often practical for
tabular data.

Can perform well in small-
to-moderate datasets with
engineered high-dimensional
features.

Combine complementary
temporal, nonlinear, and
multimodal components and
may improve robustness

Require careful tuning and
sufficient data; hidden states are
difficult to interpret; and results
may depend on window length and
data splitting.

Results depend on convolutional
window and architecture; local
patterns may not capture longer-
range physiology.

Often data- and computation-
intensive, vulnerable to overfitting
in small cohorts, and attention is
not a causal explanation.

Raw CGM sequences usually
require temporal feature
engineering; importance estimates
may be biased by correlated
predictors.

Sensitive to scaling, kernel choice,
and hyperparameter tuning;
probabilities and explanations may
be less intuitive.

Implementation is complex;
component contributions and
failure modes may be difficult to
isolate; and reproducibility can be

Time-step attribution,
saliency, integrated
gradients, or SHAP®-
style feature attribution.

Saliency maps, temporal
activation maps,
integrated gradients, or
feature attribution.

Attention visualization
combined with
attribution or
perturbation analyses.

Global or local feature
importance, permutation
importance, partial
dependence, or SHAP.

Coefficient inspection for
linear kernels, sensitivity
analysis, local surrogates,
or SHAP-style methods.

Component-wise
analysis, ablation studies,
ensemble contribution
analysis, or model-

Report input-window length,
forecast horizon, missing-
data handling, train-test
separation, and external
validation.

Report receptive field,
preprocessing, sampling
frequency, and stability
across horizons and devices.

Report model size,
regularization, calibration,
explanation stability, and
external or temporal
validation.

Report feature engineering,
missing-value treatment,
explanation background data,
and calibration.

Report scaling, kernel,
tuning, class-imbalance
handling, and independent
test-set performance.

Report every component,
fusion rule, ablation results,
computational burden, and
code or preprocessing

across tasks. limited.

appropriate attribution. availability.

4RNNs: recurrent neural networks.
PLSTMs: long short-term memories.
°GRUs: gated recurrent units.

dCGM: continuous glucose monitoring.
®SHAP: Shapley additive explanations.
fSVM: support vector machine.

ESVR: support vector regression.

Interpretability should match the architecture and clinical use.
Feature importance, permutation methods, SHAP, attention,
saliency, and shapelets may identify influential glucose,
insulin, meal, activity, or clinical inputs. These model- and
data-dependent explanations can be unstable under correlated
predictors or distribution shift and are not causal. Studies
should report the method, reference data, local or global
scope, stability, and clinical evaluation [4,31,58].

Strengths and Limitations

Strengths of this review include a substantially updated
search, explicit recent-paper auditing, separation of binary
and continuous prediction tasks, diabetes-type subgroup
reporting, horizon-specific analysis, unit harmonization, and
a transparent distinction between the review-level evidence
base and the quantitative subset. For the quantitative-source
reports, PROBAST was completed independently by 2
reviewers (HY and DA) with a prespecified unit-splitting
rule, an item-level consensus log, and report-clustered
agreement intervals. The supplementary materials provide
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search strategies, screening decisions, extraction rules,
data-readiness classifications, and the complete PROBAST
audit trail.

Limitations remain in this review. Many studies lacked
uncertainty estimates, calibration, or external validation;
some diabetes-type and setting classifications remained
unclear. Some uncertainty values were derived from Cls,
and threshold analyses partly used reconstructed contingency
tables. The search ended April 12, 2026. Subgroups were
exploratory and noncausal. Excluding high-risk units left
insufficient independent evidence for RMSE or MAE pooling
and only 2 independent AUROC studies, so risk-of-bias—
restricted quantitative robustness could not be established.
The full review set describes field breadth, whereas the
19-report subset represents quantitatively reusable evidence.
PROBAST therefore focused on these reports, yielding 28
prespecified assessment units. Their risk-of-bias distribution
should not be generalized to all 270 studies or treated as
representative of the entire evidence map. Some reports
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did not permit confident separation of type 1 from type
2 diabetes. Retaining an unclear category reduced forced
misclassification but left some subgroup analyses underpow-
ered.

Finally, the review did not evaluate the usability,
acceptability, or economic impact of prediction systems.
These dimensions are important for digital health implemen-
tation, but they were rarely reported in the primary studies
and were outside the quantitative scope of this meta-analysis.

The continuous prediction-horizon analysis was post
hoc, included only 8 reports and 12 nonzero within-report
contrasts, and could not recover the covariance between
each 30-minute reference and its longer-horizon estimate.
Equal weighting was necessary in the primary model
because uncertainty was incompletely reported. Although
CR2 inference and multiple overlap sensitivities were used,
the small number of independent reports and dataset-family
clusters limits precision and precludes causal interpretation of
the slope.

The clinical-readiness audit was based on what each report
documented and may therefore underestimate procedures
that were performed but not reported. Unclear and not
applicable judgments were excluded from criterion-specific

Yang et al

denominators, while the criteria-met count used only final
Yes judgments. The 8-item framework was defined for this
review to describe evidence breadth; it is not a validated
scale, and neither the criteria count nor interrater agreement
establishes clinical effectiveness.

Conclusions

Machine learning models for glycemic prediction in diabetes
show encouraging but not yet clinically definitive perform-
ance. The evidence base is broad and now reports type 1
diabetes, type 2 diabetes, horizon, and input-modality patterns
transparently. However, only a small subset of the literature
is currently suitable for formal synthesis. Pooled estimates
should be interpreted as structured summaries of analyza-
ble evidence, not as universal clinical benchmarks. More
complete uncertainty reporting, stronger external validation,
explicit dataset-provenance disclosure, and clearer separation
of prediction tasks are needed before these models can
be confidently translated into routine diabetes care. Techni-
cally promising forecasting and discrimination signals do not
yet establish broad clinical transportability. Future studies
should be transparent, externally validated, diabetes-type- and
horizon-specific, and clinically interpretable.
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Source-specific search strategies and search dates.
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Multimedia Appendix 2

Main random-effects meta-analysis of mean absolute error (MAE). Forest plot of MAE estimates in the main analysis dataset.
MAE values are presented in mmol/L. Squares represent study- or model-level estimates, horizontal lines represent 95% Cls,
and the diamond represents the random-effects pooled estimate.
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Multimedia Appendix 3

Exploratory mean absolute error (MAE) subgroup analysis by diabetes type. Exploratory subgroup forest plot of MAE
stratified by diabetes type. MAE values are presented in mmol/L. Diamonds represent subgroup-specific random-effects
pooled estimates. Subgroup results should be interpreted cautiously because some categories included limited numbers of

studies or model-level effects.
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Multimedia Appendix 4

Exploratory root-mean-square error (RMSE) subgroup analysis by input modality. Exploratory subgroup forest plot of RMSE
stratified by model input modality, including continuous glucose monitoring (CGM)-only, CGM plus multimodal inputs,
and CGM plus insulin and meal information. RMSE values are presented in mmol/L. Diamonds represent subgroup-specific
random-effects pooled estimates.
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Multimedia Appendix 5

Root-mean-square error (RMSE) robustness across analysis tiers. Sensitivity analysis comparing pooled RMSE estimates
across the conservative main dataset, expanded sensitivity dataset, and maximal exploratory dataset. Points represent random-
effects pooled estimates, horizontal lines represent 95% Cls, and the dashed vertical line indicates the main-analysis pooled

estimate.
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Multimedia Appendix 6

Main random-effects meta-analysis of sensitivity and specificity. Forest plots of threshold-based diagnostic performance.
Panel A shows sensitivity, and panel B shows specificity. Squares represent study- or model-level estimates, horizontal lines
represent 95% Cls, and diamonds represent random-effects pooled estimates.
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Multimedia Appendix 7

Additional source-verified analyses. Panel A shows within-report root-mean-square error (RMSE) changes across prediction
horizons; panel B summarizes the primary and sensitivity estimates; panel C reports the proportion of studies meeting each
clinical-readiness criterion; and panel D shows the descriptive distribution of clinical-readiness evidence breadth.

[PNG File (Portable Network Graphics File), 3409 KB-Multimedia Appendix 7]
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Multimedia Appendix 8

PROBAST (Prediction Model Risk of Bias Assessment Tool) assessment of 28 assessment units derived from 19 quantitative-
source reports. Panels A and B present risk-of-bias and applicability judgments, panel C summarizes their distributions, and
panel D reports interrater agreement with study-cluster bootstrap Cls.

[XLSX File (Microsoft Excel File), 1310 KB-Multimedia Appendix 8]

Multimedia Appendix 9
Leave-one-cluster-out sensitivity analysis for root-mean-square error (RMSE). Leave-one-cluster-out analysis evaluating the
influence of individual study or model clusters on the pooled RMSE estimate. Each row shows the pooled RMSE after

omitting 1 cluster. The dashed vertical line indicates the main-analysis pooled estimate.
[PNG File (Portable Network Graphics File), 195 KB-Multimedia Appendix 9]

Multimedia Appendix 10

Exploratory funnel plots for reporting bias assessment. Exploratory funnel plots for root-mean-square error (RMSE), mean
absolute error (MAE), and area under the receiver operating characteristic curve (AUROC) outcomes. Panels A and B show
RMSE in the main and maximal datasets, panels C and D show MAE in the main and maximal datasets, and panel E shows
AUROC on the logit scale. These plots were interpreted cautiously because model-level dependence, heterogeneity, and small
numbers of studies in some outcomes may affect visual assessment.

[PNG File (Portable Network Graphics File), 127 KB-Multimedia Appendix 10]

Checklist 1
This updated PRISMA 2020 checklist maps each applicable reporting item to its location in the revised manuscript or
supplementary materials, reflecting the final study selection process, analyses, risk-of-bias assessment, and data availability

information.
[PNG File (Portable Network Graphics File), 24 KB-Checklist 1]

References

1. Li K, Daniels J, Liu C, Herrero P, Georgiou P. Convolutional recurrent neural networks for glucose prediction. IEEE J
Biomed Health Inform. Feb 2020;24(2):603-613. [doi: 10.1109/JBHI.2019.2908488] [Medline: 30946685]

2. Butt H, Khosa I, Iftikhar MA. Feature transformation for efficient blood glucose prediction in type 1 diabetes mellitus
patients. Diagnostics (Basel). Jan 17, 2023;13(3):340. [doi: 10.3390/diagnostics13030340] [Medline: 36766445]

3.  Darpit D, Vyas K, Jayagopal JK, Garcia A, Erraguntla M, Lawley M. A personalized federated learning-based glucose
prediction algorithm for high-risk glycemic excursion regions in type 1 diabetes. Sci Rep. Nov 3, 2025;15(1):38376.
[doi: 10.1038/s41598-025-22316-4] [Medline: 41184401]

4. Rodriguez-Almeida AJ, Betancort C, Wigner AM, Callico GM, Fabelo H, On Behalf Of The Warifa Consortium.
Incorporating uncertainty estimation and interpretability in personalized glucose prediction using the temporal fusion
transformer. Sensors (Basel). Jul 26, 2025;25(15):4647. [doi: 10.3390/s25154647] [Medline: 40807812]

5.  Glatzer T, Peak A, Leppdaho E, et al. Efficacy of an Al-enabled low glucose prediction: a pooled performance analysis
with capillary blood glucose as ground truth. J Diabetes Sci Technol. Jan 18, 2026:19322968251412451. [doi: 10.1177/
19322968251412451] [Medline: 41548894]

6.  Briigger V, Kowatsch T, Jovanova M. Predicting postprandial glucose excursions to personalize dietary interventions for
type-2 diabetes management. Sci Rep. Jul 17,2025;15(1):25920. [doi: 10.1038/s41598-025-08003-4] [Medline:
40676054]

7. XuelJ,Cao H, Yang L, et al. Intelligent glucose management in hospitalized patients: short-term glucose and adverse
events prediction. PLoS One. 2025;20(12):e0339360. [doi: 10.1371/journal.pone.0339360] [Medline: 41452855]

8.  Seo W, Lee YB, Lee S, Jin SM, Park SM. A machine-learning approach to predict postprandial hypoglycemia. BMC
Med Inform Decis Mak. Nov 6, 2019;19(1):210. [doi: 10.1186/s12911-019-0943-4] [Medline: 31694629]

9.  Page MJ, McKenzie JE, Bossuyt PM, et al. The PRISMA 2020 statement: an updated guideline for reporting systematic
reviews. BMJ. Mar 29,2021;372:n71. [doi: 10.1136/bmj.n71] [Medline: 33782057]

10.  McInnes MDF, Moher D, Thombs BD, et al. Preferred reporting items for a systematic review and meta-analysis of
diagnostic test accuracy studies: the PRISMA-DTA statement. JAMA. Jan 23,2018;319(4):388-396. [doi: 10.1001/jama.
2017.19163] [Medline: 29362800]

11.  Wolff RF, Moons KGM, Riley RD, et al. PROBAST: a tool to assess the risk of bias and applicability of prediction
model studies. Ann Intern Med. Jan 1,2019;170(1):51-58. [doi: 10.7326/M18-1376] [Medline: 30596875]

12.  Collins GS, Reitsma JB, Altman DG, Moons KGM. Transparent reporting of a multivariable prediction model for
individual prognosis or diagnosis (TRIPOD): the TRIPOD statement. Ann Intern Med. Jan 6,2015;162(1):55-63. [doi:
10.7326/M14-0697] [Medline: 25560714]

https://www.jmir.org/2026/1/e100653 J Med Internet Res 2026 | vol. 28 1100653 | p. 19
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app8.xlsx
https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app8.xlsx
https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app9.png
https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app9.png
https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app10.png
https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app10.png
https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app11.png
https://jmir.org/api/download?alt_name=jmir_v28i1e100653_app11.png
https://doi.org/10.1109/JBHI.2019.2908488
http://www.ncbi.nlm.nih.gov/pubmed/30946685
https://doi.org/10.3390/diagnostics13030340
http://www.ncbi.nlm.nih.gov/pubmed/36766445
https://doi.org/10.1038/s41598-025-22316-4
http://www.ncbi.nlm.nih.gov/pubmed/41184401
https://doi.org/10.3390/s25154647
http://www.ncbi.nlm.nih.gov/pubmed/40807812
https://doi.org/10.1177/19322968251412451
https://doi.org/10.1177/19322968251412451
http://www.ncbi.nlm.nih.gov/pubmed/41548894
https://doi.org/10.1038/s41598-025-08003-4
http://www.ncbi.nlm.nih.gov/pubmed/40676054
https://doi.org/10.1371/journal.pone.0339360
http://www.ncbi.nlm.nih.gov/pubmed/41452855
https://doi.org/10.1186/s12911-019-0943-4
http://www.ncbi.nlm.nih.gov/pubmed/31694629
https://doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/pubmed/33782057
https://doi.org/10.1001/jama.2017.19163
https://doi.org/10.1001/jama.2017.19163
http://www.ncbi.nlm.nih.gov/pubmed/29362800
https://doi.org/10.7326/M18-1376
http://www.ncbi.nlm.nih.gov/pubmed/30596875
https://doi.org/10.7326/M14-0697
http://www.ncbi.nlm.nih.gov/pubmed/25560714
https://www.jmir.org/2026/1/e100653

JOURNAL OF MEDICAL INTERNET RESEARCH Yang et al

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Zhu T, Kuang L, Li K, Zeng J, Herrero P, Georgiou P. Blood glucose prediction in type 1 diabetes using deep learning
on the edge. Presented at: 2021 IEEE International Symposium on Circuits and Systems (ISCAS); May 22-28, 2021:1-5;
Daegu, Korea. [doi: 10.1109/ISCAS51556.2021.9401083]

Chu SJ, Amarasiri N, Giri S, Kafle P. Blood glucose level prediction in type 1 diabetes using machine learning. arXiv.
Preprint posted online on Jan 30, 2025. [doi: 10.48550/arXiv.2502.00065]

Shen Z. Benchmarking machine learning and deep learning models for 60-min ahead blood glucose prediction in type 1
diabetes with simulated and clinical data. Presented at: 2025 5th International Symposium on Artificial Intelligence and
Big Data (AIBDF); Dec 26-28, 2025:1-8; Guiyang, China. [doi: 10.1109/AIBDF67964.2025.11440817]

Zhang Q, Chang Z, Ma L. Modelling type 2 diabetic patients’ glucose metabolism for real-time predictive healthcare
service. Int J Ind Ergon. Sep 2025;109:103802. [doi: 10.1016/j.ergon.2025.103802]

Anjum M, Saher R, Saeed MN. Optimizing type 2 diabetes management: Al-enhanced time series analysis of continuous
glucose monitoring data for personalized dietary intervention. Peer] Comput Sci. 2024;10:e1971. [doi: 10.7717/peerj-cs.
1971] [Medline: 38686006]

Fang S, Zhang H, Hu D, et al. Glucose forecasting and hypoglycemia forewarning in type 1 and type 2 diabetes using
deep learning. iScience. Apr 17, 2026;29(4):115294. [doi: 10.1016/.i5¢i.2026.115294] [Medline: 41907406]

Huang Y, Ni Z, Lu Z, et al. Heterogeneous temporal representation for diabetic blood glucose prediction. Front Physiol.
2023;14:1225638. [doi: 10.3389/fphys.2023.1225638] [Medline: 37534367]

Jaloli M, Lipscomb W, Cescon M. Incorporating the effect of behavioral states in multi-step ahead deep learning based
multivariate predictors for blood glucose forecasting in type 1 diabetes. BioMedInformatics. 2022;2(4):715-726. [doi: 10.
3390/biomedinformatics2040048]

Jeon J, Leimbigler PJ, Baruah G, Li MH, Fossat Y, Whitehead AJ. Predicting glycaemia in type 1 diabetes patients:
experiments in feature engineering and data imputation. J Healthc Inform Res. Mar 2020;4(1):71-90. [doi: 10.1007/
s41666-019-00063-2] [Medline: 35415436]

Lu Y, Liu D, Liang Z, et al. A pretrained transformer model for decoding individual glucose dynamics from continuous
glucose monitoring data. Natl Sci Rev. May 2025;12(5):nwaf039. [doi: 10.1093/nsr/nwaf039] [Medline: 40191259]
Moon K, Kim J, Yoo S, Cho J. Personalized blood glucose prediction in type 1 diabetes using meta-learning with
bidirectional long short term memory-transformer hybrid model. Sci Rep. Aug 20, 2025;15(1):30636. [doi: 10.1038/
s41598-025-13491-5] [Medline: 40835650]

Prendin F, Streicher O, Cappon G, et al. Towards a decision support system for post bariatric hypoglycaemia:
development of forecasting algorithms in unrestricted daily-life conditions. BMC Med Inform Decis Mak. Jan 20,
2025;25(1):33. [doi: 10.1186/s12911-025-02856-5] [Medline: 39833876]

Rodriguez-Almeida AJ, Socorro-Marrero GV, Betancort C, et al. An Al-based module for interstitial glucose forecasting
enabling a “Do-It-Yourself” application for people with type 1 diabetes. Front Digit Health. 2025;7:1534830. [doi: 10.
3389/fdgth.2025.1534830] [Medline: 40585404]

Shuvo MMH, Titirsha T, Gonzalez GL, Islam SK. Enhancing personalized blood glucose prediction: deep learning
insights from ablation study on wearable sensor data. IEEE Access. 2024;12:155259-155273. [doi: 10.1109/ACCESS.
2024.3485550]

Tominaga H, Hamaguchi M, Hamaguchi Y, et al. Prediction of postprandial blood glucose variability using machine
learning in frequent insulin injection therapy with a simplified carbohydrate counting model. Nutrients. Dec 7,
2025;17(24):3832. [doi: 10.3390/nu17243832] [Medline: 41470777]

Zaidi SMA, Chandola V, Ibrahim M, Romanski B, Mastrandrea LD, Singh T. Multi-step ahead predictive model for
blood glucose concentrations of type-1 diabetic patients. Sci Rep. Dec 21,2021;11(1):24332. [doi: 10.1038/541598-021-
03341-5] [Medline: 34934084]

Dudukcu HV, Taskiran M, Yildirim T. Blood glucose prediction with deep neural networks using weighted decision
level fusion. Biocybern Biomed Eng. Jul 2021;41(3):1208-1223. [doi: 10.1016/j.bbe.2021.08.007]

Mazgouti L, Laamiri N, Ali JB, et al. Optimization of blood glucose prediction with LSTM-XGBoost fusion and
integration of statistical features for enhanced accuracy. Biomed Signal Process Control. Sep 2025;107:107814. [doi: 10.
1016/j.bspc.2025.107814]

Annuzzi G, Arpaia P, Bozzetto L, Criscuolo S, Maria AD, Pesola M. Multivariate glucose prediction with BiLSTM and
explainable Al in an inter-subject framework. Presented at: 2025 IEEE International Conference on Metrology for
eXtended Reality, Artificial Intelligence and Neural Engineering (MetroXRAINE); Oct 22-24, 2025:388-393; Ancona,
Italy. [doi: 10.1109/MetroXRAINE66377.2025.11340212]

Rubin-Falcone H, Lee JM, Wiens J. Learning control-ready forecasters for blood glucose management. Comput Biol
Med. Sep 2024;180:108995. [doi: 10.1016/j.compbiomed.2024.108995] [Medline: 39126789]

Zhu T, Afentakis I, Li K, et al. Multi-horizon glucose prediction across populations with deep domain generalization.
IEEE J Biomed Health Inform. Aug 2025;29(8):5424-5437. [doi: 10.1109/JBHI.2024.3428921] [Medline: 39012743]

https://www.jmir.org/2026/1/¢100653 J Med Internet Res 2026 | vol. 28 1 100653 | p. 20

(page number not for citation purposes)


https://doi.org/10.1109/ISCAS51556.2021.9401083
https://doi.org/10.48550/arXiv.2502.00065
https://doi.org/10.1109/AIBDF67964.2025.11440817
https://doi.org/10.1016/j.ergon.2025.103802
https://doi.org/10.7717/peerj-cs.1971
https://doi.org/10.7717/peerj-cs.1971
http://www.ncbi.nlm.nih.gov/pubmed/38686006
https://doi.org/10.1016/j.isci.2026.115294
http://www.ncbi.nlm.nih.gov/pubmed/41907406
https://doi.org/10.3389/fphys.2023.1225638
http://www.ncbi.nlm.nih.gov/pubmed/37534367
https://doi.org/10.3390/biomedinformatics2040048
https://doi.org/10.3390/biomedinformatics2040048
https://doi.org/10.1007/s41666-019-00063-2
https://doi.org/10.1007/s41666-019-00063-2
http://www.ncbi.nlm.nih.gov/pubmed/35415436
https://doi.org/10.1093/nsr/nwaf039
http://www.ncbi.nlm.nih.gov/pubmed/40191259
https://doi.org/10.1038/s41598-025-13491-5
https://doi.org/10.1038/s41598-025-13491-5
http://www.ncbi.nlm.nih.gov/pubmed/40835650
https://doi.org/10.1186/s12911-025-02856-5
http://www.ncbi.nlm.nih.gov/pubmed/39833876
https://doi.org/10.3389/fdgth.2025.1534830
https://doi.org/10.3389/fdgth.2025.1534830
http://www.ncbi.nlm.nih.gov/pubmed/40585404
https://doi.org/10.1109/ACCESS.2024.3485550
https://doi.org/10.1109/ACCESS.2024.3485550
https://doi.org/10.3390/nu17243832
http://www.ncbi.nlm.nih.gov/pubmed/41470777
https://doi.org/10.1038/s41598-021-03341-5
https://doi.org/10.1038/s41598-021-03341-5
http://www.ncbi.nlm.nih.gov/pubmed/34934084
https://doi.org/10.1016/j.bbe.2021.08.007
https://doi.org/10.1016/j.bspc.2025.107814
https://doi.org/10.1016/j.bspc.2025.107814
https://doi.org/10.1109/MetroXRAINE66377.2025.11340212
https://doi.org/10.1016/j.compbiomed.2024.108995
http://www.ncbi.nlm.nih.gov/pubmed/39126789
https://doi.org/10.1109/JBHI.2024.3428921
http://www.ncbi.nlm.nih.gov/pubmed/39012743
https://www.jmir.org/2026/1/e100653

JOURNAL OF MEDICAL INTERNET RESEARCH Yang et al

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Wenbo W, Yang S, Guici C. Blood glucose concentration prediction based on VMD-KELM-AdaBoost. Med Biol Eng
Comput. Nov 2021;59(11-12):2219-2235. [doi: 10.1007/s11517-021-02430-x] [Medline: 34510372]

Aliberti A, Pupillo I, Terna S, et al. A multi-patient data-driven approach to blood glucose prediction. IEEE Access.
2019;7:69311-69325. [doi: 10.1109/ACCESS.2019.2919184]

Annuzzi G, Bozzetto L, Cataldo A, Criscuolo S, Pesola M. Predicting and monitoring blood glucose through nutritional
factors in type 1 diabetes by artificial neural networks. Acta IMEKO. 2023;12(2):1-7. [doi: 10.21014/actaimeko.v12i2.
1453]

D’ Antoni F, Petrosino L, Sgarro F, et al. Prediction of glucose concentration in children with type 1 diabetes using
neural networks: an edge computing application. Bioengineering (Basel). Apr 21, 2022;9(5):183. [doi: 10.3390/
bioengineering9050183] [Medline: 35621461]

Daniels J, Herrero P, Georgiou P. A multitask learning approach to personalized blood glucose prediction. IEEE J
Biomed Health Inform. Jan 2022;26(1):436-445. [doi: 10.1109/JBHI.2021.3100558] [Medline: 34314367]

Hameed H, Kleinberg S. Comparing machine learning techniques for blood glucose forecasting using free-living and
patient generated data. Proc Mach Learn Res. Aug 2020;126:871-894. [Medline: 35072085]

Isfahani MK, Zekri M, Marateb HR, Faghihimani E. A hybrid dynamic wavelet-based modeling method for blood
glucose concentration prediction in type 1 diabetes. J Med Signals Sens. 2020;10(3):174-184. [doi: 10.4103/jmss.JMSS
62 19] [Medline: 33062609]

Kim DY, Choi DS, Kim J, et al. Developing an individual glucose prediction model using recurrent neural network.
Sensors (Basel). Nov 12, 2020;20(22):6460. [doi: 10.3390/520226460] [Medline: 33198170]

Lin L, Liu K, Feng H, et al. Glucose trajectory prediction by deep learning for personal home care of type 2 diabetes
mellitus: modelling and applying. Math Biosci Eng. Jul 18, 2022;19(10):10096-10107. [doi: 10.3934/mbe.2022472]
[Medline: 36031985]

Mosquera-Lopez C, Jacobs PG. Incorporating glucose variability into glucose forecasting accuracy assessment using the
new glucose variability impact index and the prediction consistency index: an LSTM case example. J Diabetes Sci
Technol. Jan 2022;16(1):7-18. [doi: 10.1177/19322968211042621] [Medline: 34490793]

Neumann A, Zghal Y, Cremona MA, Hajji A, Morin M, Rekik M. A data-driven personalized approach to predict blood
glucose levels in type-1 diabetes patients exercising in free-living conditions. Comput Biol Med. May 2025;190:110015.
[doi: 10.1016/j.compbiomed.2025.110015] [Medline: 40164029]

Shen Y, Kleinberg S. Personalized blood glucose forecasting from limited CGM data using incrementally retrained
LSTM. IEEE Trans Biomed Eng. Apr 2025;72(4):1266-1277. [doi: 10.1109/TBME.2024.3494732] [Medline: 39514345]
Yang H, Li W, Tian M, Ren Y. A personalized multitasking framework for real-time prediction of blood glucose levels
in type 1 diabetes patients. Math Biosci Eng. Jan 18, 2024;21(2):2515-2541. [doi: 10.3934/mbe.2024111] [Medline:
38454694

Zafar A, Lewis DM, Shahid A. Long-term glucose forecasting for open-source automated insulin delivery systems: a
machine learning study with real-world variability analysis. Healthcare (Basel). Mar 7, 2023;11(6):779. [doi: 10.3390/
healthcare11060779] [Medline: 36981436]

Mohebbi A, Johansen AR, Hansen N, et al. Short term blood glucose prediction based on continuous glucose monitoring
data. Annu Int Conf IEEE Eng Med Biol Soc. Jul 2020;2020:5140-5145. URL: 33019143 [doi: 10.1109/EMBC44109.
2020.9176695] [Medline: 33019143]

Viechtbauer W. Conducting meta-analyses in R with the metafor package. J Stat Softw. 2010;36(3):1-48. [doi: 10.18637/
j85.v036.i03]

Balduzzi S, Riicker G, Schwarzer G. How to perform a meta-analysis with R: a practical tutorial. Evid Based Ment
Health. Nov 2019;22(4):153-160. [doi: 10.1136/ebmental-2019-300117] [Medline: 31563865]

Harrer M, Cuijpers P, Furukawa TA, Ebert DD. Doing Meta-Analysis With R: A Hands-On Guide. Chapman &
Hall/CRC Press; 2021. ISBN: 9781003107347

Zhang R, Liu Y, Han A, Wu Q, Wang J, Liu J, et al. Construction of a hypoglycemia prediction model for older adults
with type 2 diabetes based on random forest algorithm. Chin J Pract Nurs. 2023;39(23):1829-1834. [doi: 10.3760/cma.].
cn211501-20230313-00623]

Piersanti A, Del Giudice LL, Beltramba G, et al. Hypoglycemia prediction from pre-exercise continuous glucose
monitoring time series: deep-learning versus feature-based machine-learning approaches. Presented at: 2025 IEEE
International Conference on Metrology for eXtended Reality, Artificial Intelligence and Neural Engineering
(MetroXRAINE); Oct 22-24, 2025:394-398; Ancona, Italy. [doi: 10.1109/MetroXRAINE66377.2025.11340367]
Russon CCL, Allen MM]J, Pulsford RRM, et al. GlucoseGo: a simple, user-friendly, machine learning-derived tool for
predicting exercise-related hypoglycaemia risk in type 1 diabetes. medRxiv. Preprint posted online on Apr 24, 2025.
[doi: 10.1101/2025.04.24.25326242]

https://www.jmir.org/2026/1/e100653 J Med Internet Res 2026 | vol. 28 1 100653 | p. 21

(page number not for citation purposes)


https://doi.org/10.1007/s11517-021-02430-x
http://www.ncbi.nlm.nih.gov/pubmed/34510372
https://doi.org/10.1109/ACCESS.2019.2919184
https://doi.org/10.21014/actaimeko.v12i2.1453
https://doi.org/10.21014/actaimeko.v12i2.1453
https://doi.org/10.3390/bioengineering9050183
https://doi.org/10.3390/bioengineering9050183
http://www.ncbi.nlm.nih.gov/pubmed/35621461
https://doi.org/10.1109/JBHI.2021.3100558
http://www.ncbi.nlm.nih.gov/pubmed/34314367
http://www.ncbi.nlm.nih.gov/pubmed/35072085
https://doi.org/10.4103/jmss.JMSS_62_19
https://doi.org/10.4103/jmss.JMSS_62_19
http://www.ncbi.nlm.nih.gov/pubmed/33062609
https://doi.org/10.3390/s20226460
http://www.ncbi.nlm.nih.gov/pubmed/33198170
https://doi.org/10.3934/mbe.2022472
http://www.ncbi.nlm.nih.gov/pubmed/36031985
https://doi.org/10.1177/19322968211042621
http://www.ncbi.nlm.nih.gov/pubmed/34490793
https://doi.org/10.1016/j.compbiomed.2025.110015
http://www.ncbi.nlm.nih.gov/pubmed/40164029
https://doi.org/10.1109/TBME.2024.3494732
http://www.ncbi.nlm.nih.gov/pubmed/39514345
https://doi.org/10.3934/mbe.2024111
http://www.ncbi.nlm.nih.gov/pubmed/38454694
https://doi.org/10.3390/healthcare11060779
https://doi.org/10.3390/healthcare11060779
http://www.ncbi.nlm.nih.gov/pubmed/36981436
https://doi.org/10.1109/EMBC44109.2020.9176695
https://doi.org/10.1109/EMBC44109.2020.9176695
http://www.ncbi.nlm.nih.gov/pubmed/33019143
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.1136/ebmental-2019-300117
http://www.ncbi.nlm.nih.gov/pubmed/31563865
https://doi.org/10.3760/cma.j.cn211501-20230313-00623
https://doi.org/10.3760/cma.j.cn211501-20230313-00623
https://doi.org/10.1109/MetroXRAINE66377.2025.11340367
https://doi.org/10.1101/2025.04.24.25326242
https://www.jmir.org/2026/1/e100653

JOURNAL OF MEDICAL INTERNET RESEARCH Yang et al

55. Afentakis I, Unsworth R, Herrero P, Oliver N, Reddy M, Georgiou P. Development and validation of binary classifiers to
predict nocturnal hypoglycemia in adults with type 1 diabetes. J Diabetes Sci Technol. Jan 2025;19(1):153-160. [doi: 10.
1177/19322968231185796] [Medline: 37434362]

56. Cichosz SL, Olesen SS, Jensen MH. Explainable machine-learning models to predict weekly risk of hyperglycemia,
hypoglycemia, and glycemic variability in patients with type 1 diabetes based on continuous glucose monitoring. J
Diabetes Sci Technol. May 2026;20(3):836-847. [doi: 10.1177/19322968241286907] [Medline: 39377175]

57. ShaoJ,Pan Y, Kou WB, et al. Generalization of a deep learning model for continuous glucose monitoring-based
hypoglycemia prediction: algorithm development and validation study. JMIR Med Inform. May 24, 2024;12:e56909.
[doi: 10.2196/56909] [Medline: 38801705]

58. Daniel Onwuchekwa JI, Claus D, Weber C, Maleshkova M. Enhanced predictive monitoring of hypoglycemia in type 1
diabetes using shapelet-based analysis of wearable sensor data. Presented at: 2024 IEEE 12th International Conference
on Serious Games and Applications for Health (SeGAH); Aug 7-9, 2024:1-8; Funchal, Portugal. [doi: 10.1109/
SeGAH61285.2024.10639605]

59. Campbell M, McKenzie JE, Sowden A, et al. Synthesis without meta-analysis (SWiM) in systematic reviews: reporting
guideline. BMJ. Jan 16, 2020;368:16890. [doi: 10.1136/bmj.16890] [Medline: 31948937]

60. Lausen MK, Clausen SS, Bak MH, et al. Development of machine learning models to predict hypoglycemia and
hyperglycemia on days of hemodialysis in patients with diabetes based on continuous glucose monitoring. medRxiv.
Preprint posted online on Oct 25, 2025. [doi: 10.1101/2025.10.24.25338707]

61. Peng XL, Wang YN, Li QZ. Warning value of the LSTM-GRU model for hypoglycemia in patients with type 1 diabetes
and type 2 diabetes. Henan Med Res. 2022;31(12):2135-2139. [doi: 10.3969/].issn.1004-437X.2022.12.005]

Abbreviations
AC1: agreement coefficient 1
AUROC: area under the receiver operating characteristic curve
CGM: continuous glucose monitoring
FN: false negative
FP: false positive
MAE: mean absolute error
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PRISMA-DTA: Preferred Reporting Items for Systematic Reviews and Meta-analyses of Diagnostic Test Accuracy
Studies
PROBAST: Prediction Model Risk of Bias Assessment Tool
REML: restricted maximum likelihood
RMSE: root-mean-square error
TN: true negative
TP: true positive
TRIPOD: Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis

Edited by Ivan Steenstra; peer-reviewed by Ana Wégner, Gilbert Lim, Mariyan Milev; submitted 08.May.2026; final revised
version received 15.Aug.2026; accepted 17.Aug.2026; published 09.Nov.2026

Please cite as:

Yang H, Abudukeremu D, Shi Y, Fang L, Li L, Gu W, Jia Y, He R

Machine Learning Models for Glycemic Prediction in Type 1 and Type 2 Diabetes: Systematic Review and Meta-Analysis
J Med Internet Res 2026,28:¢100653

URL: hitps://www .jmir.org/2026/1/e100653

doi: 10.2196/100653

© Haoran Yang, Diliyaer Abudukeremu, Yuhan Shi, Li Fang, Lei Li, Wenzheng Gu, Yunqi Jia, Rongfang He. Originally
published in the Journal of Medical Internet Research (https://www.jmir.org), 09.Nov.2026. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in the
Journal of Medical Internet Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to
the original publication on https://www.jmir.org/, as well as this copyright and license information must be included.

https://www.jmir.org/2026/1/e100653 J Med Internet Res 2026 | vol. 28 1 100653 | p. 22
(page number not for citation purposes)


https://doi.org/10.1177/19322968231185796
https://doi.org/10.1177/19322968231185796
http://www.ncbi.nlm.nih.gov/pubmed/37434362
https://doi.org/10.1177/19322968241286907
http://www.ncbi.nlm.nih.gov/pubmed/39377175
https://doi.org/10.2196/56909
http://www.ncbi.nlm.nih.gov/pubmed/38801705
https://doi.org/10.1109/SeGAH61285.2024.10639605
https://doi.org/10.1109/SeGAH61285.2024.10639605
https://doi.org/10.1136/bmj.l6890
http://www.ncbi.nlm.nih.gov/pubmed/31948937
https://doi.org/10.1101/2025.10.24.25338707
https://doi.org/10.3969/j.issn.1004-437X.2022.12.005
https://www.jmir.org/2026/1/e100653
https://doi.org/10.2196/100653
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2026/1/e100653

	Machine Learning Models for Glycemic Prediction in Type 1 and Type 2 Diabetes: Systematic Review and Meta-Analysis
	Introduction
	Clinical and Digital Health Context
	Rationale for Separating Prediction Tasks
	Objectives

	Methods
	Design, Registration, and Reporting
	Information Sources and Search Strategy
	Eligibility Criteria
	Selection Process and Data Extraction
	Source-Fidelity and Dataset-Overlap Audit
	Outcome Families and Metric Handling
	Study Clusters, Dataset Reuse, and Validation
	Risk of Bias and Applicability Assessment
	Statistical Analysis
	Continuous Prediction-Horizon Meta-Regression
	Clinical-Readiness Evidence Audit

	Results
	Study Selection
	Characteristics of the Evidence Base
	Continuous Glucose Forecasting
	Binary Glycemic Event Prediction
	Clinical Translation
	Recent Studies Identified During Evidence Updating
	Source Fidelity, Dataset Overlap, and Prediction Horizon
	Clinical Readiness Evidence Across the Full Review Set
	Risk of Bias and Applicability
	Robustness and Reporting Bias

	Discussion
	Principal Findings
	Type 1 and Type 2 Diabetes
	Forecast Horizon and Clinical Use
	Clinical Implications
	Reporting and Methodological Implications
	Strengths and Limitations
	Conclusions



