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Abstract
Objective: Machine learning involves the use of algorithms without explicit instructions. Of late, machine learning models
have been widely applied for the prediction of type 2 diabetes. However, no evidence synthesis of the performance of
these prediction models of type 2 diabetes is available. We aim to identify machine learning prediction models for type 2
diabetes in clinical and community care settings and determine their predictive performance.
Methods: The systematic review of English language machine learning predictive modeling studies in 12 databases will be
conducted. Studies predicting type 2 diabetes in predeﬁned clinical or community settings are eligible. Standard CHARMS
and TRIPOD guidelines will guide data extraction. Methodological quality will be assessed using a predeﬁned risk of bias
assessment tool. The extent of validation will be categorized by Reilly–Evans levels. Primary outcomes include model performance metrics of discrimination ability, calibration, and classiﬁcation accuracy. Secondary outcomes include candidate
predictors, algorithms used, level of validation, and intended use of models. The random-effects meta-analysis of c-indices
will be performed to evaluate discrimination abilities. The c-indices will be pooled per prediction model, per model type,
and per algorithm. Publication bias will be assessed through funnel plots and regression tests. Sensitivity analysis will be
conducted to estimate the effects of study quality and missing data on primary outcome. The sources of heterogeneity will be
assessed through meta-regression. Subgroup analyses will be performed for primary outcomes.
Ethics and dissemination: No ethics approval is required, as no primary or personal data are collected. Findings will be
disseminated through scientiﬁc sessions and peer-reviewed journals.
PROSPERO registration number: CRD42019130886
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Introduction
Machine learning (ML) is a branch of artiﬁcial intelligence
(AI) involved in the development of algorithms and techniques, which enables computers to learn and gain intelligence
based on past experience. It is a computational process in
which the system is able to identify and understand input
data and consequently apply the acquired information to
make decisions and predictions on various phenomena.1
One of the main health-related applications of ML is in
prediction as well as the diagnosis or prognosis of various
biomedical conditions. Diagnostic or prognostic studies
have the potential to inform health care administration, clinical decision support, patient monitoring, and interventions.2 For example, a study that classiﬁed diabetes by
developing a hybrid intelligence system using ML revealed
that it could assist clinicians as a decision support system.3
Other studies have used ML for the detection of biomedical
phenomena, such as the mortality of critically ill patients,4
image-based skin cancer diagnosis,5 prognosis of hemorrhage in trauma victims,6 and tumor diagnosis.7,8
Type 2 diabetes (T2DM) has a complex, multi-factorial
etiology encompassing interactions of genetic, environmental, and behavioral factors.9 However, the genetic and nongenetic determinants of T2DM are not fully elucidated.10
ML studies can be used to examine large health data repositories (coined as “big data”) and lead to new knowledge discoveries, such as the unknown determinants of different
clinical phenotypes of diabetes, their causal pathways, patterns, and interactions.11 A systematic review of ML applications revealed that it was predominantly applied for
prediction and diagnosis, genetic and environmental determinants, and health care and management of T2DM.12
The systematic reviews of prediction models for diabetes
to date have exclusively assessed traditional modeling
studies.13–16 To the best of our knowledge, no systematic
review of the scope of use and effectiveness of ML-based
prediction models for T2DM has been conducted.
Nevertheless, ML algorithms have been applied for predicting diabetes,17–21 and it has been reported that ML methods
to address various domains of diabetes research are on the
rise.12
While prediction models built exclusively on genetic
data in laboratory settings, in their nascent stages, might
provide little clinical decision support, those applied in clinical and community care settings, incorporating routine
clinical information, would be particularly useful for implementing clinical prediction rules and decision-making.
Therefore, it is imperative that a synthesis of current scientiﬁc evidence on the use and performance of ML-based prediction models of T2DM applied in clinical and community
settings is performed. Diabetes is a major public health
concern, as it is a global epidemic that entails an enormous
disease burden with multiple associated health complications.22 Timely and effective diagnosis and management
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of diabetes assisted by ML have the potential to prevent
the onset of many of these diabetes-associated complications. In fact, diabetes-associated complications have been
classiﬁed as potentially preventable hospitalizations in
Australia.23 In this context, this protocol describes a systematic review to identify available ML-based prediction
models for T2DM in clinical and community care settings,
investigate
their
predictive
performance
using
meta-analysis, and formulate an evidence synthesis of the
extent of use and comparative performance of ML approach
for T2DM prediction.

Methods
Preferred reporting items for systematic reviews and
meta-analyses
protocols
(PRISMA-P)
checklist
(Supplementary Table 1) guided the development of this
protocol.24 Studies published from 2009 will be considered
for the review.

Review question
What is the extent of use and the comparative performance
of ML models for T2DM prediction in clinical and community settings?

Eligibility criteria
Selection criteria of the studies are outlined using the
PICOTS framework in Table 1.
Study design and data sources. Only predictive modeling
studies that have explicitly used ML to predict current
(diagnostic models) or future (prognostic models) occurrence of T2DM are eligible. Thus, any predictive modeling
studies with no explicit ML approach will be excluded.
Data sources of these predictive modeling studies could
have emanated from any observational or interventional
designs. Observational designs may include cross-sectional
studies, longitudinal surveys, as well as secondary data
sources such as registry-based data. Interventional designs
may encompass various randomized controlled trial
designs and quasi-experimental studies.
Participants (P). We will include participants in any predictive modeling study reporting ML prediction models for
diagnosis or prognosis of T2DM in clinical or community
care settings. These participants can be those with diagnosed or undiagnosed T2DM or individuals at high risk
being investigated for T2DM. The cohorts used for developing these models generally consist of people with diagnosed or undiagnosed T2DM and individuals perceived as
at high risk due to the presence of established risk factors,
such as positive family history, obesity, adiposity, race or
ethnicity, blood lipid levels, age, and history of prediabetes.

Predictive modeling without
an explicit ML approach

Exclusion
criteria

ML: machine learning; T2DM: type 2 diabetes.

Patients with other clinical
phenotypes of diabetes,
type 1 diabetes,
gestational diabetes
Pre-diabetic individuals
Diabetic complications

ML predictive modeling:
Individuals with T2DM
supervised, unsupervised,
Individuals without T2DM
semi-supervised ML, or
being investigated for the
combinations thereof
condition

Intervention (I)

Inclusion
criteria

Participants (P)

Table 1. Selection criteria of predictive modeling studies in PICOTS format.

Not
applicable

Comparison
(C)
Primary: metrics of
discrimination ability,
calibration, and
classiﬁcation accuracy in
T2DM prediction
Secondary: candidate
predictors, applied
algorithms, level of
validation, intended use of
models

Outcomes (O)

Language
=
English
Clinical care settings, for
example, hospitals,
long-term-, ambulatory-,
acute-care facilities
Community care settings,
e.g. general practices,
community health
centers, allied health
practices

Since 1
January
2009 to
date

Laboratory settings: using
only genetic, genomic, or
genotype data

Other limits

Setting (S)

Timeframe (T)
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Therefore, the proposed ML classiﬁers will be applicable to
discriminate individuals with T2DM from those at high risk
of T2DM. No eligibility restrictions will be made on age,
gender, ethnicity, and geographic location of participants.
Studies focusing only on those with prediabetes or diabetic
complications will be excluded.
Interventions (I). Eligible interventions are supervised,
unsupervised, semi-supervised ML or any combinations
thereof to build prognostic or diagnostic models predicting
future or current T2DM, respectively. These models can be
at development or validation with or without updating
phases. Thus, all three types of studies speciﬁed in the
CHARMS checklist,25 that is, prediction model development studies without external validation, prediction model
development with external validation on independent
data, and external model validation studies with or
without model updating, will be included.
Outcome measures (O)
Primary outcomes. The effect of prediction models with
respect to the diagnosis or prognosis of T2DM will be measured by reported model performance metrics:
1. Discrimination ability, for example, c-statistic
2. Calibration, for example, Hosmer–Lemeshow statistic
3. Classiﬁcation measures, for example, sensitivity, speciﬁcity, and negative and positive predictive values
Secondary outcomes
1. Candidate predictors
2. Algorithms applied
3. Level of validation: development dataset only (random
split of data, resampling methods, e.g. bootstrap or
cross-validation, none) or separate external validation
(e.g. temporal, geographical, different setting, and different investigators)
4. Intended use , for example, at the moment of diagnosis
of T2DM, in asymptomatic adults to detect undiagnosed
T2DM
Studies will be excluded, if the predicted outcome is not
binary, categorical, or time-to-event but on a continuous
scale with no clear discrimination between the presence
and absence of T2DM. Thus, studies describing prediction
models that classify patients into arbitrary risk categories
(e.g. low risk vs high risk), without providing the personalized estimates of outcome probability are excluded.
Moreover, any studies with no reported measures of predictive performance, that is, calibration, discrimination,
and classiﬁcation measures, are excluded.
Time (T). Considering the recent advent of ML as well as
the applicability of more recent studies, there will be a

restriction on study publishing date. Studies published
from 1 January 2009 to the date of search will be the time
limit and any done prior to 1 January 2009 will be
ineligible.
Settings (S). Studies in both clinical and community settings
will be included. Thus, clinical settings such as hospitals,
long-term-, ambulatory-, or acute-care facilities as well as
community settings, such as general practices, primary
care centers, community health centers, allied health practices, and community-based risk factor surveillance
surveys, will be eligible. Given the lack of immediate clinical applicability of studies conducted in laboratory settings
using only the genomic, genetic, or genotype data, they will
be excluded. Since risk factor prevalence as well as participant proﬁles and characteristics might differ between clinical and community settings, we will report our ﬁndings
separately for the two settings.
Other limits: language
Only English language articles will be included.

Search strategy
Electronic databases. A uniform search strategy will be
developed and applied to following databases: (a)
SCOPUS, (b) OVID MEDLINE, (c) MEDLINE
In-Process & Other Non-Indexed Citations, (d) EMBASE,
(e) Cochrane Library, (f) PsycINFO, (g) CINAHL, (h)
Web of Science, (i) Springer, (j) Elsevier, (k) ACM
Digital Library, and (l) IEEE Xplore Digital Library. We
will also manually search the reference lists of relevant articles retrieved.
Search terms. The search strategy will capture studies that
include following PICOTS terms: populations (patient
with T2DM, individuals without T2D), intervention
(ML), outcomes (predictive performance in terms of
T2DM diagnosis or prognosis), time span (1 January
2009 to date), and settings (clinical or community care).
Matched terms under each group against possible medical
subject headings (MeSH) or keywords as follows will be
used in a systematic search through 12 databases.
1. Population terms: diabetes/OR Diabet* OR (hyperglycemia or hyperglycemic) OR (T2DM or diabetes mellitus or late onset diabetes)
2. Intervention terms: ML or deep learning or neural
network or support vector machine or classiﬁcation
tree or regression tree or decision tree or random
forest or gradient boosting or k-nearest neighbors or
supervised learning or unsupervised learning or clustering or PCA or principal component analysis or multifactor dimension reduction or classiﬁer models or data
mining or bagging or boosting or naïve Bayes or logistic
regression or logistic models or algorithms or
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computational modeling or linear modeling or nonlinear modeling or ensemble or feature selection
3. Outcome terms: prediction model/OR (predictive model
or diagnostic model or prognostic model) OR ROC
curve/or (discriminant or c-statistic or area under the
curve (AUC) or the area under the receiver operating
characteristic curve (AUROC) OR calibration OR validation/or (internal validation or external validation)
OR indices OR multivariable OR classiﬁcation OR
models
4. Time limits: 1 January 2009 to date
5. Setting terms: clinical or ambulatory or inpatient or
acute or community or primary care or preventive or
long-term care
The search strategy detailed above will be developed using
the OVID MEDLINE platform with a combination of keywords, wildcards, and truncations and translated to other
databases as appropriate with necessary modiﬁcations. To
increase the relevance of the ﬁndings of this review for clinical practice, search will be limited to papers published from
1 January 2009 to date. Resource constraints require that we
limit the search to English language papers. We will also
search bibliographies of relevant studies for the identiﬁcation of additional studies.
Hand searching. We will manually search key journals (e.g.
Journal of Diabetes Science and Technology, AI in
Medicine, JAMA, PLoS One, Expert Systems with
Applications, and BMC Medical Research Methodology).
If required, direct contact with authors will be undertaken
to obtain other relevant articles. Cited original articles in
relevant systematic reviews will also be retrieved and analyzed. We will update our literature search using the auto
alert system in individual databases before the publication
of this review to avoid the exclusion of any recent articles.
The search will be re-run before ﬁnal analysis.
Study selection. All electronically and manually searched
records will be merged to remove duplicate citations.
Two reviewers (KDS and RN) will independently screen
titles and abstracts to identify eligible articles using inclusion and exclusion criteria. After this initial screening,
full text articles will be retrieved for all records that have
passed the screen, or if exclusion cannot be determined
during the screen. Full text articles will then be examined
by two independent reviewers (KDS, RN, or SS) against
the eligibility criteria. Any discrepancies arising between
the reviewers will be resolved by another reviewer (JE or
CB). If there is an information gap in a paper and/or a
need for further clariﬁcation, the author will be contacted
to clarify the issue by email. A PRISMA ﬂow diagram
will be used to maintain transparency in the article selection
process and record remaining studies in each stage of selection with a valid explanation of reasons for exclusion.
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Data extraction and management
Data will be extracted from full text papers using a specially
developed data extraction form based on the following:

1. Checklist for critical Appraisal and data extraction for
systematic Reviews of prediction Modeling Studies
(CHARMS) statement25
2. TRIPOD statement26; template for transparent reporting of a multivariable prediction model for individual
prognosis or diagnosis, and
3. Guidelines for developing and reporting ML predictive
models in biomedical research by Luo et al.27

Data will be extracted by two reviewers. First, a subset of
two or three articles will be used as a training set. The training set will be coded by two authors, and others will then
review this initial coding. Discrepancies in coding will be
resolved during a consensus meeting. The coding scheme
will be revised where necessary to ensure the usability
and completeness of extraction tool, depending on the training set ﬁndings. The revised coding scheme at this point
will be checked by a senior researcher of the team (JE,
CB, or AF) and modiﬁed as required, prior to continuing,
to ensure its quality. Thereafter, two reviewers will independently review the remaining articles, and data extraction
will be accomplished independently. Any queries about this
extraction will be discussed between the two parties and
further advice sought from a senior member (JE, CB, or
AF) whenever necessary.
We will extract data on: (a) title and abstract, (b) sources
of data and study design, (c) type and aims of prediction
model (prognostic vs diagnostic), (d) aim(s) of the study,
(e) extent of modeling (model development only, model
development and external validation, model development,
external validation, and updating), (f) target population,
(g) outcomes to be predicted, (h) time span of prediction
(prognostic models only), (i) intended moment of using
the model, (j) participants, (k) candidate predictors, (l)
sample size, (m) missing data, (n) ML methods employed,
(o) model development, (p) model performance, (q) model
evaluation, (r) results, (s) interpretation and discussion (limitations, implications), and (t) other information (supplementary information, funding).
The results will be carefully extracted to make them
meta-analyzable. If data presentation is problematic,
unclear, missing, or unextractable, authors will be contacted
for clariﬁcation by email with a response time limit of two
weeks. If the author is unresponsive, then they will be classiﬁed as uncontactable. We will sub-group studies, as
appropriate, based on criteria such as prediction model
type, geographic location, and study population.
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Assessment of risk of bias and methodological
quality
As there are no established checklists speciﬁcally designed
for the assessment of bias in predictive modeling studies,
we will use the classiﬁcation system created by Van den
Boorn et al.,28 which had been based on TRIPOD statement
(transparent reporting of a multivariable prediction model
for individual prognosis or diagnosis) by Collins et al.26
Two reviewers (KDS, RN, or SS) will pilot this initial
bias assessment tool on a small sample of studies (n = 5).
Based on the ﬁndings of the pilot, a quality assessment of
the tool will then be performed by a third author (JE, CB,
or AF) and modiﬁed as required. This will produce our
ﬁnal quality and bias assessment tool.
Using our ﬁnal quality and bias assessment tool, the classiﬁcation of the potential for bias will be done in two stages;
each researcher (KDS and CB or JE) will ﬁrst make notes of
potential sources of bias per category separately, and
together, they (KDS and CB or JE) will then categorize
identiﬁed sources of bias. Bias will be determined in
areas such as (a) population-related (such as selection
bias), (b) predictor-related (such as ill-deﬁned predictors),
(c) outcome-related (such as an unclear outcome), (d)
sample size-related, (e) missing data-related (such as only
complete case analysis), and (f) analysis-related (such as
underreporting of statistics). Each study will be categorized
as high-, low-, or unclear risk of bias under each of the individual criteria. Based on these categorizations, each study
will be given an overall assessment of the low, moderate,
or high methodological quality. We will also evaluate
reporting criteria (e.g. outcome deﬁnition, sample size,
and sources of funding) for each of the included studies.
The ﬁndings of each study’s risk of bias assessment will
be recorded in a summary table. Low-quality studies will
be excluded from meta-analysis.

Analysis of risk of bias
Bias analysis will be as per Van den Boorn et al.28 and will
test three hypotheses.

Hypothesis 1. The higher the impact factor of a journal in
which the study was published, the more stringent the
internal screening and peer review procedures would be
and, hence, the lower the risk of bias.
Hypothesis 2. The higher the impact factor of the journal a
prediction model was published in, the better its performance in terms of c-index would be.
Hypothesis 3. The reported c-indices would be larger during
model development than during validation due to overﬁtting. This will be assessed using a one-tailed Wilcoxon
signed-rank test.
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Hypotheses 1 and 2 will be assessed through the Spearman
rank correlation between the journal impact factor29 (in the
year of publication or the closest to publication year available) and the reported c-index as well as between journal
impact factor and the potential sources of bias (assessed
using the tool for the classiﬁcation of potential sources of
bias developed), respectively. Owing to inequalities of
T2DM in different geographical populations,22 we will
examine whether models were constructed and validated
with patient cohorts from different continents using the
Fisher’s exact test.
Analyses will be performed in R statistical software (R
Foundation for Statistical Computing, Vienna, Austria,
https://www.r-project.org).30

Data synthesis and analysis
Model performance will be described using measures for
discriminative ability, calibration, and classiﬁcation accuracy. Key ﬁndings on study design, sources of data, prediction model types, sample size, participant characteristics,
aim of the model, methods, presentation of the ﬁnal prediction model, and outcome measures will be summarized in a
tabular format.

Discriminative ability
This is deﬁned as a model’s ability to differentiate between
those who experience an event and those who do not31 and
is typically quantiﬁed by the concordance index (c-index)
which has values ranging from 0.5 (no discrimination at
all) to 1 (perfect discrimination). It is the generalization of
AUROC, a well-known measure of discrimination, and
hence diagnostic or prognostic accuracy that would determine its clinical usefulness. The c-indices can be interpreted
by the following rule of thumb:
•
•
•
•
•

0.5 ± 0.6 = no discrimination
0.6 ± 0.7 = poor
0.7 ± 0.8 = fair
0.8 ± 0.9 = good and
0.9 ± 1 = excellent discrimination.

These will be reported as described in each study.

Model calibration
Model calibration, in contrast, conveys the goodness of ﬁt,
that is, the agreement between observed and average predicted outcomes.31 Calibration can be displayed visually
in a calibration plot and gauged using statistical tests for
goodness of ﬁt. These will be reported as described in
each study.
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Level of validation
The levels of evidence of the discriminatory accuracy of the
prediction model as described by Reilly and Evans32 indicate how extensively a prediction model has been validated
and to what extent a model is ready for clinical use.
•
•
•
•
•

Level
Level
Level
Level
Level

1:
2:
3:
4:
5:

model development
narrow validation
broader validation
narrow impact analysis
broad impact analysis

Each identiﬁed study will be categorized according to
Reilly–Evans levels.
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Statistical Computing, Vienna, Austria, https://www.rproject.org).30

Sensitivity analysis
Sensitivity analyses will be conducted to estimate the
effects of study quality and missing data on the pooled
primary outcome. Two analyses (one including all eligible
studies and the other including only studies of high quality)
will be performed to determine the effect of study quality.
In case of unobtainable data, we will conduct complete
case analysis and then perform the sensitivity analysis of
the primary outcome (c-indices) to assess the potential
impact of missing data on meta-analysis.

Meta-analysis of c-indices

Meta-regression and subgroup analysis

A random-effects meta-analysis of c-indices will be performed to evaluate the discriminative abilities of prediction
models using restricted maximum likelihood estimation.
The c-indices will be pooled per prediction model, per
model type, that is, prognostic versus diagnostic, and per
algorithm. When c-statistic has not been reported, it will
be estimated from the standard deviation of the linear predictor. When the standard error of the c-statistic has not
been reported, it will be either estimated from the conﬁdence interval or approximated from a combination of the
reported c-statistic, the total sample size, and the total
number of events33 by adopting a modiﬁcation of the
method proposed by Hanley and McNeil.34 Logistic transformation as described in Kottas et al.35 will be applied to
all c-index estimates during calculations and then transformed back to ensure that all estimates are bounded by 0
and 1 after pooling. Forest plots specifying various effect
sizes, conﬁdence intervals, and summary estimates will be
generated. Analyses will be performed using “metamisc,”36
“metaphor,”37 and other relevant packages in R statistical
software.30

To gain insights into the potential sources of between-study
heterogeneity in predictive performance, a random-effects
meta-regression as recommended by Debray et al.38 will
be performed.
Should enough data be available, we will conduct subgroup analyses for primary outcome. Important subgroup
analyses may be performed by: (a) study sub-populations,
(b) country settings (high, middle, vs low income), (c)
study settings (clinical or community), (d) risk of bias
(high, moderate, vs low risk of bias), (e) study designs
(observational or interventional), (f) sources of data (randomized trials, case–control, cohort, survey, or registry data),
(g) prediction model type (prognostic or diagnostic), and (h)
type of algorithm applied (linear, non-linear, and
ensemble).

Handling missing data
If any missing data exist within studies, the respective
authors will be contacted to avoid the inappropriate description of study results and minimize the risk of bias in
meta-analysis. Advanced imputation techniques will be
used where appropriate.

Assessment of publication bias
Funnel plots will be drawn to visually assess publication
bias, and regression tests will be conducted for detecting
funnel plot asymmetry caused by the presence of small
study effects. Analyses will be performed using the relevant
packages in R statistical software (R Foundation for

Ethics and dissemination
No formal ethical approval is required, as no primary,
personal, and conﬁdential data are being collected in this
study. Quality (certainty) of evidence and strength of
recommendations will be reported as per Grading of
Recommendations Assessment, Development, and
Evaluation (GRADE) and PRISMA-P criteria.39 We will
present our ﬁndings in Australia and at international conferences in addition to publishing in peer-reviewed journals.

Discussion
This is the ﬁrst systematic review assessing the use and predictive performance of ML models for T2DM prediction
and capturing a wide scope of prediction models. For
example, models at varying levels of validation, from
those at development stage to those that have been fully
externally validated and updated, developed in and aimed
at using in different clinical and community settings as
well as both diagnostic and prognostic tools are considered.
The ﬁndings may be reproducible to a broader context due
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to the inclusion of a range of studies emanating from both
clinical and non-clinical settings. This review will cover a
large number of databases as well. The use of only
English language articles is a limitation of the review.
Poor quality studies and between-study heterogeneity will
be of concern, as they may impact on the validity and interpretability ﬁndings. Insights into the sources of heterogeneity, however, will be provided by meta-regression and
sub-group analyses.
It is anticipated that the ﬁndings of this review will be
relevant to many stakeholders. First, the review will
present a comprehensive overview of features of ML
models for T2DM prediction and will highlight any potential gaps in the current literature on this topic. Second, it will
produce high-level evidence from peer-reviewed literature
on the predictive performance, feasibility, and acceptability
of ML prediction models of T2DM. Third, the review could
provide information regarding valuable and robust ML
models for T2DM prediction, which may guide clinicians
on their evidence-based use as a diagnostic tool for the
detection of patients with T2DM. Models applicable for
community settings may be of use as screening tools.
Fourth, the review may be useful for funders to better
understand the applications of ML for T2DM prediction,
which could assist priority setting in funding allocations.
Finally, the ﬁndings may support clinicians, researchers,
and health policy-makers to design future ML studies to
improve T2DM prediction.
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