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Background: Diabetic retinopathy, nephropathy and neuropathy in patients with type 1 diabetes (T1D)
are microvascular complications that can adversely impact disease prognosis and incur greater healthcare
costs. Early identification of patients at risk of these microvascular complications using predictive models
through machine learning (ML) can be helpful in T1D management. The objective of current review was to
systematically identify and summarize published predictive models that used ML to assess the risk of diabetic
nephropathy, retinopathy and neuropathy in T1D patients.
Methods: A targeted review of English literature was undertaken in PubMed (http://www.ncbi.nlm.nih.
gov/pubmed) and Google Scholar (http://scholar.google.com/) from January 1, 2016 to May 31, 2019.
Eligible articles were also identified from cross-references. Following concepts were used in combination
to conduct the search queries: diabetes, retinopathy, nephropathy, neuropathy, microvascular complication,
risk/predictive model, and ML/artificial intelligence/data mining.
Results: A total of 3,769 hits were found from all sources combined, duplicates were removed, titles and
abstracts were screened, 61 studies underwent full-text review and a total of six studies met the eligibility
criteria. Among them, four studies had developed risk models using data obtained from T1D patients alone,
whereas two used data from both T1D and type 2 diabetes (T2D) patients. There was only one study that
evaluated all three types of microvascular complications while the other five focused on one individual
complication, i.e., either diabetic retinopathy, nephropathy or neuropathy. Only two studies evaluated
time to developing a complication. The other four studies assessed complications as either binary (yes/no)
or categorical (multiple levels). Prediction models were built using cross-sectional data from survey
questionnaire (n=1, Iran) and longitudinal data (n=5) which were further classified as sources of electronic
medical records (EMR) (n=3, US: 1, Europe: 2), clinical trial (n=1, US) and prospective study (n=1, Europe).
Common predictors across studies as well as across types of microvascular complications included age,
gender, diabetes duration, BMI, blood pressure, lipid level, and mean or a single HbA1C value. Commonly
used ML algorithms included classification and regression tree (CART) and random forest (RF) (CART/RF,
n=3), support vector machines (SVMs, n=2), logistic regression (LR, n=2) and neural networks (NNs, n=1).
Model performance was evaluated using area under curve (AUC, n=4) and accuracy (n=2). Only half (n=3) of
the included studies tested their developed models in an external dataset of patients with T1D.
Conclusions: Overall, very few studies reported predictive models for diabetic retinopathy, nephropathy
and neuropathy using ML specifically for T1D patients. Future research that utilizes contemporary clinical
data from T1D patients to predict the three types of microvascular complications is needed.
Keywords: Machine learning (ML); predictive model; diabetic retinopathy; nephropathy; neuropathy; type 1
diabetes (T1D)
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Introduction
Type 1 diabetes (T1D) is a chronic disease caused by the
autoimmune destruction of the insulin-producing beta cells
in the islets of Langerhans (1). It affects around 23 million
individuals worldwide (2,3) and accounts for about 5%
of all types of diabetes mellitus (4). In the United States
(US), over 1.5 million individuals are living with T1D and
40,000 incident cases are diagnosed annually (5). T1D is
characterized by elevated blood glucose level, which is
associated with pathological changes of the blood vessels in
the eyes, kidneys, and nerves and can lead to microvascular
complications including diabetic retinopathy, nephropathy,
and neuropathy (1,6-8).
Diabetic retinopathy is the most common microvascular
complication among the three microvascular complications (6).
It is associated with over 10,000 new cases of blindness
annually in the US (9) and is a risk factor for other
microvascular and macrovascular complications of
diabetes (10). It was estimated that diabetic patients with
retinopathy were more likely to have four or more health
care visits than those without retinopathy (11). A systematic
literature review (SLR) in PubMed and MEDLINE
indicated that diabetic macular edema can adversely impact
patients’ health-related quality of life (HRQoL) and incur
significantly higher healthcare expenditures compared to
diabetic patients without retinal complications (12).
Diabetic nephropathy or kidney disease is reflected
through albuminuria and declining glomerular filtration
rate (GFR) (13). Its prevalence in T1D patients is around
15–40% (14). Certain ethnic groups including South Asians,
Hispanic Americans, and African Americans are more likely
to develop macroalbuminuria and African Americans and
South Asians are at a higher risk of progressing rapidly to
more advanced stages of chronic kidney disease (CKD) (15).
Diabetic nephropathy is the leading cause of end-stage
renal disease (ESRD)/renal failure and associated with
a higher risk of cardiovascular diseases (6,14). Having
microalbuminuria or macroalbuminuria is associated with
higher costs of between $3,580–$12,830 and significantly
more healthcare resource utilization (HRU) compared with
normo-albuminuria (16).
Last but not the least, diabetic neuropathy is a group
of disorders that mainly affects peripheral nerves and can
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also damage autonomic nerves (17). Diabetic peripheral
neuropathy (DPN) is characterized by numbness and/or
burning and tingling pain in extremities, although up to
50% of patients can be symptomless (17). The prevalence
of DPN in diabetic patients can be as high as over 30% (18).
DPN increases a patient’s risk of diabetic foot ulceration
and lower extremity amputation, which represent major
causes of morbidity and mortality in diabetic patients (19).
The annual costs of DPN and its complications in T1D
patients in the US were between $0.3 and $1.0 billion in
2001 (20). Depending on the severity of DPN, per-patient
per-year (PPPY) direct medical costs for diabetic patients
with DPN ranged between $12,492 and $30,755 in 2015,
which were significantly higher than those patients with
diabetes only ($6,632) (21). DPN can substantially impair
patients’ HRQoL and work productivity (18). On the
other hand, although less common, diabetic autonomic
neuropathy (DAN) can affect various organ systems and
manifest as gastroparesis, constipation or diarrhea, bladder
dysfunction, erectile impotence, and cardiovascular
autonomic dysfunction (CAD) (22). CAD independently
increases a patient’s chances of developing silent ischemia
and even sudden cardiac death (23). Among all diabetesrelated complications, diabetic neuropathy was reported
to be among the factors that have the greatest impact on
patient-reported HRQoL, the other two are dialysis and
stroke (24).
These three types of microvascular complications are
often synergistic and if not well managed, can adversely
impact disease prognosis and greatly drive healthcare
costs (25,26). Treating T1D and its complications is
expensive: approximately $15 billion were spent on
T1D management in the US every year (27). Hence, the
American Diabetes Association (AMA) clinical guidelines
stress on the importance of early screening and prevention
of diabetic microvascular complications (28). Predictive
models can be a way to assist in early identification of
patient at risk. Predictive models can output the likelihood
of occurrence of certain health outcomes using existing
patient data. Recently, machine learning (ML) has also
been used for prediction (29-31). ML is a sub-domain of
artificial intelligence. It includes a variety of algorithms
that can enable data learning (32). Two SLRs revealed that
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most existing prediction models in diabetes research were
focusing more on longer term macrovascular outcomes
such as cardiovascular diseases or mortality rather than
microvascular complications (33,34). Moreover, the data
used for prediction in these studies were from patients
with type 2 diabetes (T2D) or a mixture of T2D (majority)
and T1D (33,34). There is a gap in knowledge regarding
prediction of microvascular complications specifically for
T1D patients. Hence, this review aims to identify and
summarize published predictive models using ML for
diabetic nephropathy, retinopathy and neuropathy in T1D
patients.
Methods
Based on a previous review of predictive models in
management of diabetes and its complication that was
published in 2016 (33), we conducted a targeted review of
English literature in PubMed (http://www.ncbi.nlm.nih.
gov/pubmed) and Google Scholar (http://scholar.google.
com/) from Jan 1, 2016 to May 31, 2019. PubMed is the
most-often used database with millions of publications
in the field of medical research. Google scholar covers
literature across diverse disciplines including computer
science where ML originated. These two search engines
were selected as the data source in order to retrieve
publications from both fields of research, namely the health
care and computer science. Articles were also identified
from cross-references. Following concepts were used
in combination to conduct the search queries: diabetes,
retinopathy, nephropathy, neuropathy, microvascular
complication, risk model and ML. Studies analyzing image
data, not focusing on predictive models, not focusing on any
microvascular complication, not specifying T1D patients,
and letters, opinions or abstracts were excluded.
In PubMed, titles and abstracts were screened first to
discard duplicate and irrelevant publications before fulltext review was conducted. In Google Scholar, identified
searches were sorted by relevance. Duplicates were removed
and title and keywords were screened for inclusion.
Publications passed the first-round screening would undergo
full-text review. Characteristics of selected publications,
including outcomes predicted, operational definition of
outcomes, information related to the model development
dataset and if applicable, the external test set such as data
source, study design and setting, data collection period, and
patient sample, prediction horizon, predictors, modeling
methods, and model performance were summarized.
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Results
A total of 3,769 hits were found from all sources combined
(n=240 from PubMed, n=59 from cross-references and
n=3,470 from Google Scholar). After removing duplicates,
screening titles and abstracts and reviewing full-text articles,
a total of six studies met the eligibility criteria and were
included in this review (35-40). The detailed description of
the publication selection process is presented in Figure 1.
Table 1 summarized general characteristics of the selected
studies, including which outcome(s) were predicted,
information of the model development data set, how
missing values in the data were handled, which modelling
methods were used and how models were evaluated. Among
the selected studies, four had developed risk models using
data obtained from T1D patients alone (35,37,39,40),
whereas two used data from both T1D and T2D (majority)
patients and incorporated type of diabetes (T1D or T2D)
as a predictor (36,38). There was only one study that
evaluated all three types of microvascular complications (37),
while the other five studies focused on one individual
complication, i.e., either diabetic retinopathy, nephropathy
or neuropathy. Prediction models were built on both crosssectional data from survey questionnaire (n=1, Iran) and
longitudinal data from sources of electronic medical records
(EMR) (n=3, US:1, Europe:2), clinical trial (n=1, US)
and prospective study (n=1, Europe) that have an average
follow-up between 4 and 7 years. Missing values of baseline
patient characteristics were imputed in four studies.
Commonly used ML algorithms included classification
and regression tree (CART) and random forest (RF, n=3),
support vector machines (SVMs, n=2), logistic regression
(LR, n=2) and neural networks (NNs, n=1). Both bootstrap
and oversampling as well as cross-validation techniques
were used for handling small sample size and imbalanced
data (36,40). Furthermore, cross-validation was used in four
studies for evaluating average model performance (35-38).
Table 2 provided more detailed information on the
operational definition of each complication, predictors
used, whether the model was tested in an external test set
and if so, characteristics of the external test set, and best
model performance in the development and external test
data sets. Only two studies evaluated time to developing
a complication (37,38), whereas the other four assessed
complications as either binary (yes/no) or categorical
(multiple levels). Common predictors across studies as well
as across types of microvascular complications included
age, gender, diabetes duration, BMI, blood pressure, lipid
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PubMed: k=240
Bibliographies: k=59

Hits from Google Scholar since
2016: k=3,470

Excluded: 43 duplicates
256 titles & abstracts screened
Excluded: 220 not meeting
eligibility criteria

Excluded: 3,445 after sort by
relevance, remove duplicates
and title/keywords screen

36 full-text records reviewed

25 full-text records reviewed

Excluded: 31 not meeting
eligibility criteria

Excluded: 24 not meeting
eligibility criteria

Total number of publications
included: N=6

Figure 1 Flow chart of the selection process of predictive models for diabetic retinopathy, nephropathy and neuropathy in T1D patients
using machine learning. T1D, type 1 diabetes.

level, and mean or a single HbA1C value. Only half (n=3)
of the included studies tested their developed models in
an external dataset of patients with T1D (37-39). Model
performance was measured in terms of area under curve
(AUC, or c-statistic, n=4) and accuracy (n=2). The average
AUC ranged between 0.66–0.83.
Discussion
In this review, we found only six studies that have
investigated ML models for predicting microvascular
complications specifically in T1D patients, with the earliest
one published in 2010 using a hybrid of ML algorithms.
Only one study evaluated all three types of microvascular
complications and the other five studies focused on one
type of complication. Diabetic neuropathy was the least
investigated (n=2). Because of the variation in diagnosis and
definitions of each microvascular complication in different
patient populations and data sources, it is hard to directly
compare predictive models for the same microvascular
complication across studies. The scarcity of predictive
models for T1D patients can be partly due to lack of
research interest in T1D, as it was not as prevalent as T2D.
It can also be caused by a paucity of large contemporary
longitudinal high-quality data dedicated to T1D patients for
each microvascular complication. Furthermore, only three
studies had tested developed models in an external dataset
of T1D patients, which again suggests an inadequacy of
data.
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Among the three types of microvascular complications,
diabetic retinopathy was predicted most frequently (n=3).
However, each study has certain limitations. The study
by Aspelund et al. illustrated the recommended screening
intervals for T1D and T2D patients, respectively and
demonstrated that T1D and T2D patients should have
different eye screening intervals based on patient risks (38).
The other model developed by Skevofilakas et al. was only
internally validated through bootstrap and cross-validation
based on a very small sample size (40). The exceptionally
high accuracy (98%) reported in this development dataset
would be hard to achieve given an external test set collected
in a different patient population. Lastly, although the
study by Lagani et al. was carefully designed and based on
data from the largest clinical trial of T1D patients (37),
it still had several opportunities for improvement. First,
the Diabetes Control and Complications Trial (DCCT)
only included patients who were relatively younger in age
(between 13 and 39 years old) and had lived with T1D for
a period of 1 to 15 years (41). Because these patients were
under strict clinical monitoring during the trial period,
they may have had better adherence to treatment and
hence had a slower progression to adverse outcomes such
as diabetic retinopathy compared to patients in real-world
settings who were more likely to have poorer treatment
adherence. Hence, the generalizability of this model to
T1D patients not within the age range as well as patients
in real-world is questionable. Second, the external test
data had a rather small sample size (n=36) and missing
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Retinopathy, Prospective
nephropathy,
neuropathy

Lagani
et al. 2015
(37)
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Nephropathy Prospective

Vergouwe
et al. 2010
(39)
EMR data collected Not reported 5
at the Hippokration
Athens Hospital,
Greece

Data from the
1990–1991 7
EURODIAB PCS
from 31 centers in 16
European countries

Clinical data from a 1989–1994 4
large diabetic eye
clinic, Iceland

32 [12]

55 T1D
patients

29 [13]

1,115 T1D 33 [10]
patients

175 T1D
patients

1,391 T1D 27 [7]
patients

49 T1D & 53 [14]
551 T2D
patients

MSVM

Synthetic minority
class oversampling
& 10-fold
cross-validation

Logistic regression Bootstrapping

Validation method

n/a

Linear regression
with single
imputation

Imputation by
pre-determined
single values

A hybrid voting
algorithm
combining FNN,
CART and iHWNN

Bootstrapping,
resampling and
10-fold
cross-validation

Logistic regression Bootstrapping

Weibull proportional Not reported
hazards model

 SVCR

Imputation by
 Cox regression Nested-cross
mean/mode
validation
 Ridge Cox
values of respective
regression
predictors from the
model development  AFT models
data set
 RSF

n/a

Not reported

Modelling
method(s)

EMR, electronic medical records; DCCT, The Diabetes Control and Complications Trial; EDIC, Epidemiology of Diabetes Interventions and Complications; EURODIAB PCS,
European Diabetes Prospective Complications Study; T1D, type 1 diabetes; T2D, type 2 diabetes; MSVM, multicategory support vector machine; AFT, accelerated failure
time; RSF, random survival forest; SVCR, SVM censored regression; FNN, feed forward neural network; CART, classification and regression tree; iHWNN, improved hybrid
wavelet neural network.

Skevofilakas Retinopathy Retrospective
et al. 2010
(40)

Retinopathy Retrospective

Aspelund
et al. 2011
(38)

n/a

DCCT clinical trial
1983–1989 6.5
data and followed by
EDIC data, US

2011

417,912 60 [10]
T1D & T2D
patients

Handling of missing
Data
Prediction
Patient Mean [SD]
values
collection
horizon
sample age (years)
period
(years)

EMR data extracted Not reported 5
from the IBM
Explorys database,
US

Data source/setting

Cross-sectional Survey data
collected at the
Diabetes Center of
Hamadan, Iran

Neuropathy

Kazemi
et al. 2016
(36)

Study design

Nephropathy Retrospective

Outcome(s)

Ravizza
et al. 2019
(35)

Study

Model development data set

Table 1 Summary of reviewed studies addressing microvascular complication prediction in T1D patients and model development data set
Journal of Medical Artificial Intelligence, 2020
Page 5 of 13

J Med Artif Intell 2020;3:6 | http://dx.doi.org/10.21037/jmai.2019.10.04

Operational definition of
outcome(s)
Predictors
Y/N
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Time to event; diabetic
macular edema and
proliferative diabetic
retinopathy

Table 2 (continued)

Skevofilakas Binary (yes/no); not
et al. 2010 specified
(40)

Aspelund
et al. 2011
(38)

• Treatment duration

• Hypertension

• Triglyceride level

• Total cholesterol

• Duration of T1D

• Age

7 predictors:

• Presence of NPDR

• SBP

• HbA1C

3 predictors:

• Retinopathy level

• Marital status

• BMI

N

Y

Lagani et al. Time to event; any worsening 5 predictors:
Y
2015 (37)
in the retina condition that
• HbA1C
lasted at least six months
• post pubescent diabetes
duration

Retinopathy

Study
Study
design/setting

n/a

1,275 T1D
patients/not
specified

3–6 years/
2004–2014

Follow-up/data
collection period

n/a

n/a

Prospective cohort Up to 13 years/
at a
1994–2007
hospital,
Denmark

36 T1D
Retrospective
patients/40 [19] cohort at a single
years
location, UK

Patient
sample/mean
[SD] age

External test

Table 2 Summary of characteristics of predictive models by outcomes of diabetic retinopathy, nephropathy and neuropathy

Not reported

AFT model:
0.66
(0.61–0.67)

n/a

0.76
(0.74–0.78)

0.72
(0.59–0.87)

Development External test
set (95% CI) set (95% CI)

Accuracy iHWNN: 97%

AUC

AUC

Measure

Model Performance
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Binary (yes/no); diagnosis of
CKD, hypertensive CKD,
diabetes mellitus with other
diabetic kidney complication,
hypertensive heart and kidney
disease or other relevant
codes using ICD 9 or 10
codes

Table 2 (continued)

Time to event; proteinuria:
ACR ≥30 mg/mmol or
albumin concentration
≥200 mg/L

Lagani et al. Time to event;
2015 (37)
microalbuminuria: ACR
≥2.5 mg/mmol for men or
3.5 mg/mmol for women or
albumin concentration
≥20 mg/L

Ravizza
et al. 2019
(35)

Nephropathy

Study

Operational definition of
outcome(s)

Table 2 (continued)

• HDL

• Presence of neuropathy

• Insulin regimen

• Albumin level

• Diabetes duration

• HbA1C

6 predictors:

• Retinopathy level

• Insulin regimen

• Albumin level

• Diabetes duration

• Weight

• Marital status

• HbA1C

7 predictors:

• Glucose level

• Albumin level

• Creatinine level

• GFR

• BMI

• Age

• HbA1C

7 predictors:

Predictors

N

Y

N

Y/N

n/a

Study
design/setting

n/a

n/a

36 T1D
Retrospective
patients/40 [19] cohort at a single
years
location, UK

n/a

Patient
sample/mean
[SD] age

External test

n/a

3–6 years/
2004–2014

n/a

Follow-up/data
collection period

AUC

AUC

Measure

Ridge Cox
regression:
0.83
(0.54–0.96)

RSF: 0.74
(0.67–0.78)

0.79
(0.77–0.81)

n/a

0.82
(0.66–0.97)

n/a

Development External test
set (95% CI) set (95% CI)

Model Performance
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Binary (yes/no);
microalbuminuria: an AER of
20–200 μg/min

Table 2 (continued)

Kazemi et al. 4-level category;
2016 (36)
severity of DPN:
categorized as no DPN, mild,
moderate and
severe DPN diagnosed by
clinicians through
examinations and two
neuropathy diagnosis scales

Neuropathy

Vergouwe
et al. 2010
(39)

Study

Operational definition of
outcome(s)

Table 2 (continued)

• Medications

• History of laser
photocoagulation

• History of foot ulcer

• History of hypertension

• SBP

• Weight

• Height

• BMI

• Education level

• Type of diabetes

• T1D duration

• Age

• Glucose level

13 predictors:

• Ever smoking

• BMI

• Waist-to-hip ratio

• AER

• HbA1C

5 predictors:

Predictors

Patient
sample/mean
[SD] age

N

• FinnDiane: a
nationwide
multicenter
study, Finland

n/a

n/a

•

•

n/a

CACTI:
2000–2002

FinnDiane:
1998

EDC:
1986–1988;

7 years

Follow-up/data
collection period

EDC:
retrospective
•
cohort at a
single location,
USA

Study
design/setting

• CACTI: 331 • CACTI:
T1D
prospective
patients/37 [9] cohort, USA
years

• FinnDiane:
1,248 T1D
patients/36
[12] years

Y • EDC:
•
190 T1D
patients/26 [8]
years

Y/N

External test

Accuracy

AUC

Measure

76%

0.76
(0.74–0.78)

n/a

• CACTI:
0.79

• FinnDiane:
0.79

• EDC:
0.71

Development External test
set (95% CI) set (95% CI)

Model Performance

Page 8 of 13
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• Post-pubescent
diabetes duration

• Retinopathy level

• Age

• Albumin level

• HbA1C

5 predictors:

Predictors

Y

Y/N

Study
design/setting

37 T1D
Retrospective
patients/40 [19] cohort at a single
years
location, UK

Patient
sample/mean
[SD] age

External test

3–6/2004–2014

Follow-up/data
collection period
AUC

Measure
AFT model:
0.67
(0.55–0.74)

0.74
(0.55–0.91)

Development External test
set (95% CI) set (95% CI)

Model Performance

CKD, chronic kidney disease; ICD, international classification of diseases; GFR, glomerular filtration rate; ACR, albumin/creatinine ratio; AER, albumin excretion ration;
DPN, diabetic peripheral neuropathy; HbA1C, hemoglobin A1C; BMI, body mass index; SBP, systolic blood pressure; HDL, high-density lipoprotein; NPDR, non-proliferative
diabetic retinopathy; T1D, type 1 diabetes; EDC, Epidemiology of Diabetes Complications; FinnDiane, Finnish diabetic nephropathy; CACTI, coronary artery calcification in
type 1 diabetes; SD, standard deviation; CI, confidence interval; AUC, area under curve; AFT, accelerated failure time; RSF, random survival forest; iHWNN, improved hybrid
wavelet neural network.

• External test set:
dysfunction in
bowel/bladder or erectile
dysfunction

Lagani et al. Time to event:
2015 (37)
• Development set:
presence of
abnormality of nerve
conductions or
autonomic nerve system

Study

Operational definition of
outcome(s)

Table 2 (continued)

Journal of Medical Artificial Intelligence, 2020
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values were imputed by data obtained from the DCCT
data itself. This might explain why the average AUC in the
external data set (0.72) was higher than in the development
dataset (0.66). Had the model been tested in another larger
external dataset with different baseline patient attributes,
the model’s external performance would likely be lower
than 0.66 and far from optimal. Third, the DCCT data was
collected in the 1980s and can be obsolete as it was before
many of newer treatment modalities for T1D patients such
as newer generations of insulin analogs and continuous
glucose monitors became available (42). Predictive models
using more recent data are more likely to reflect T1D
progression in patients receiving contemporary treatments.
These drawbacks also applied to the prediction of diabetic
nephropathy and neuropathy in this study as well.
Though a total of three studies assessed nephropathy
in T1D patients, in the Ravizza et al. study the outcome
was not specific to diabetic nephropathy, but also
comprised other diagnoses such as hypertensive CKD and
hypertension heart and kidney disease that may be caused
by conditions other than T1D (35). Hence, when using
their model for prediction, clinicians should take caution in
interpreting the resulted risks to patients. In addition, even
though this study utilized large real-world data extracted
from IBM Explorys database (n=417,912), the specific
number of T1D patients was not disclosed. Moreover, only
logistic regression was used in this study while other newer
and more advanced ML algorithms such as NNs were not
attempted. The study by Vergouwe et al. also used logistic
regression only (39). One main constraint of statistical
methods such as logistic regression lies in their restricted
ability in handling correlated data. Future studies predicting
diabetic nephropathy may consider using algorithms like
NNs that can incorporate correlated predictors and see
whether it would improve prediction.
Diabetic neuropathy was least evaluated (n=2), with one
predicted DPN and the other predicted DAN. Neuropathy
was defined as bowel/bladder or erectile dysfunction in
the test set of the study led by Lagani et al. (37). Whether
erectile dysfunction is caused by diabetic neuropathy or
other peripheral vascular conditions of a patient is arguable.
Moreover, this definition is different from the definition
of neuropathy in the development set. Hence, cautions
need to be taken when interpreting their external model
performance relative to the performance in the development
set. The study by Kazemi et al. reported an acceptable
accuracy of 76% (36). However, the data used for model
building in this study was from a cross-sectional survey
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collected in a single location in Iran, within which only 49
patients with T1D. To evaluate the progression of T1D,
patients will usually need to be followed for at least several
years to observe incidences of adverse outcomes such as
any microvascular complication. Hence, considering either
the representativeness of the patient sample in the study or
the necessary follow-up period of patients, the predictive
model by Kazemi et al. was unlikely to be useful for future
application to other patient populations.
Candidate predictors across complications and across
studies were selected based on literature review and
clinical expertise. The final models mostly included from
3 to 7 predictors considering parsimony and applicability.
Common risk factors include older age, certain races,
longer duration of T1D, dyslipidemia, hypertension,
overweight and obesity, smoking, and physical inactivity
(28,43). Retinopathy may put patients at higher risk
of developing the other two types of microvascular
complications (28). For kidney diseases, the level of albumin
excretion rate (AER) is an additional strong predictor (39).
Similarly, past or current ulcer is a specific risk parameter
for neuropathy (44). On the other hand, the use of ACE
inhibitors was reported to reduce the chance of progression
to microvascular complications in T1D patients (44). It’s
worth noting that researchers found that variability of
HbA1C (or long-term variability) was adversely associated
with both micro- and macro- vascular complications and
mortality independently of mean HbA1C value (45,46).
However, none of the predictive models have taken
variability of HbA1C into account. As new ML algorithms
do not assume independence of predictors, they can easily
fit HbA1C variability into the predictive models. Future
research is needed to apply HbA1C variability in clinical
risk assessment.
Methodology-wise, only two studies by Lagani et al.
and Skevofilakas et al. attempted more than one method to
develop the predictive model (37,40). Other four studies
only tried one modeling method and within them, three
still resorted to conventional statistical methods such as
logistic regression and Cox regression (36,39,40). The
overall performances of all models were moderate, with
AUCs below 0.8 and accuracy around 80% (except for the
hybrid model by Skevofilakas et al. with an accuracy of
98%). However, we do notice some intriguing findings. It
was counter-intuitive that models performed better in the
external test dataset compared to in the model development
dataset as in the study of Lagani and colleagues (37). This
could be due to several reasons: first, the sample size of
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the test dataset was so small that model performance was
evaluated by nested-cross validation using this small sample
size; second, missing values were replaced by attributes
calculated from the development dataset. Hence, the
performance in the external test set may have been overestimated.
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3.

4.

Conclusions
Early prediction of diabetic retinopathy, nephropathy
and neuropathy specifically for T1D patients is important
for risk stratification and T1D management. We found
limited studies that developed predictive models using
ML to assess diabetic retinopathy, nephropathy and
neuropathy specifically for T1D patients. Definition of each
microvascular complication varied between studies. Hence
the output of patient risk from each predictive model should
be interpreted carefully by clinicians. A standardized way to
measure and operationalize each microvascular complication
is needed to facilitate application of risk models in
clinical settings. More research is needed to predict each
microvascular complication using contemporary realworld data of T1D patients as well as more advanced ML
algorithms such as NNs. Predictors such as variability of
HbA1C should also be incorporated into predictive models.
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