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Abstract

Objective: To determine whether nailfold capillary images, acquired using
video capillaroscopy, can provide diagnostic information about diabetes and its
complications.

Research Design and Methods: Nailfold video capillaroscopy was performed
in 120 adult patients with and without type 1 or type 2 diabetes, and with and
without cardiovascular disease. Nailfold images were analyzed using convolu-
tional neural networks, a deep learning technique. Cross-validation was used
to develop and test the ability of models to predict five5 prespecified states
(diabetes, high glycosylated hemoglobin, cardiovascular event, retinopathy,
albuminuria, and hypertension). The performance of each model for a particu-
lar state was assessed by estimating areas under the receiver operating charac-
teristics curves (AUROC) and precision recall curves (AUPR).

Results: A total of 5236 nailfold images were acquired from 120 participants
(mean 44 images per participant) and were all available for analysis. Models
were able to accurately identify the presence of diabetes, with AUROC 0.84
(95% confidence interval [CI] 0.76, 0.91) and AUPR 0.84 (95% CI 0.78, 0.93),
respectively. Models were also able to predict a history of cardiovascular events
in patients with diabetes, with AUROC 0.65 (95% CI 0.51, 0.78) and AUPR
0.72 (95% CI 0.62, 0.88) respectively.

Conclusions: This proof-of-concept study demonstrates the potential of
machine learning for identifying people with microvascular capillary changes
from diabetes based on nailfold images, and for possibly identifying those most
likely to have diabetes-related complications.
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Highlights
« Nailfold capillary images were obtained by performing nailfold video capil-
laroscopy in 120 adult patients with and without diabetes.
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1 | INTRODUCTION

People with diabetes are at high risk for a wide variety of
serious health consequences involving multiple organ
systems throughout the body.'” The risk of these conse-
quences generally rises with the degree of hyperglycemia,
duration of diabetes, age, and the presence of other risk
factors such as hypertension and smoking."* Although
the underlying reasons for these diabetes-related health
consequences are not clearly elucidated, there is growing
recognition that many are linked to structural and func-
tional abnormalities in the microcirculation of the rele-
vant organ.””’ The most pathognomonic of these is the
retina, likely because its vascular bed can be visualized
by ophthalmoscopy. The relationship between morpho-
logical changes in arteriolar and capillary beds in the ret-
ina and the future occurrence of most of the long-term
consequences of diabetes has focused attention on retinal
imaging as a way of discriminating between high- and
low-risk patients.” Moreover, the availability of large
repositories of retinal images linked to phenotypic infor-
mation has facilitated the application of image processing
and machine-learning technology to optimize the diag-
nostic and prognostic value of retinal images.®

Optimal visualization of the retinal capillaries requires
the topical application of mydriatic agents to the eyes,
expensive cameras, and either the injection of dye or the
use of optical coherence tomography. These requirements
have restricted the use of retinal photography to specialized
clinical settings. However, similar information may reside
in other vascular beds such as the one at the nailfolds,
which can be easily and noninvasively photographed using
nailfold video capillaroscopy. The relative ease of collecting
and digitally storing such images from more than one fin-
ger presents an opportunity to determine whether the mor-
phology of the capillaries located there contain diagnostic
and/or prognostic information relevant to diabetes.

This possibility was assessed in a proof-of-concept
study in which nailfold video capillaroscopic images were
obtained from 120 patients with and without diabetes
and then analyzed with a common machine-learning
technique.

« Over 5000 photographs were analyzed using machine-learning approaches,
and these models were clearly able to distinguish people based on diabetes

« This proof-of-concept study demonstrates the potential of machine learning
for identifying people with microvascular capillary changes from diabetes
based on nailfold images and for possibly identifying those likely to have

diabetes-related complications.

2 | MATERIALS AND METHODS
2.1 | Study design, setting, and
population

This was an observational cross-sectional study of
120 participants with and without diabetes and with and
without cardiovascular disease. Participants aged 35-
75 years were recruited through the Boris Clinic at
McMaster University and the Heart Investigation Unit at
Hamilton Health Sciences in Hamilton, Ontario, Canada.
Recruitment was stratified by diabetes and cardiovascular
disease status, such that there were equal numbers of
patients with and without diabetes and with and without
cardiovascular disease. Those with a history of connective
tissue disease and Raynaud's syndrome were excluded
from our study, as were people with bilateral finger or
hand deformity, which restricted the ability to photo-
graph the nail beds. Patients with diabetes were required
to have a glycosylated hemoglobin (HbAlc) >6.5% and
duration of diabetes of at least 10 years. The study was
approved by the Hamilton Integrated Research Ethics
Board and all participants provided written informed
consent.

2.2 | Imaging of nailfold capillaries
Nailfold capillary images were taken using the Optilia
Video Capillaroscope (Optilia Instruments AB, Sweden)
at a magnification of 200x and stored and analyzed using
the Optipix software.” Patients were first acclimatized for
a minimum of 15 min at room temperature of 20-24°C
and the nailbed area was cleaned with an alcohol wipe.
Drops of Optilia immersion oil fluid were then applied to
each fingernail and the video capillaroscope was placed
into direct contact with the nailbed. As in previous stud-
ies, the center of the nailbed and consecutive 1mm? fields
of the second to fifth digits were photographed.'® A mini-
mum of three images were taken for each digit imaged.
Nailfold video capillaroscopy was conducted by an opera-
tor who had been trained in its appropriate use.
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2.3 | Diagnoses

Five diagnoses were specified before any data collection
and included diabetes, hypertension, cardiovascular
events, albuminuria, and retinopathy. Diagnoses of
diabetes and hypertension were based on review of
each patient's chart and/or self-report. Cardiovascular
events were defined as a history of a previous myocar-
dial infarction, stroke, unstable angina hospitalization,
coronary artery disease, coronary revascularization,
heart failure hospitalization, or resuscitated cardiac
arrest. Albuminuria was defined as a urine albumin-to-
creatinine ratio >3 mg/mmol, and retinopathy was
defined as a history of photocoagulation, vitrectomy, or
intravitreal injection therapy with a vascular endothelial
growth factor inhibitor.

24 | Machine-learning approach
Machine-learning models were written in PyTorch'' from
TorchVision'* using Python 3.6.9. The estimation and
evaluation procedures were written using the PyTorch
Lightning package with evaluation metrics from Scikit-
learn."® All code developed for this project is available for
public review (https://github.com/hamilton-health-
sciences/nailfold).

In preparation for the machine-learning analysis,
each nailfold image was labeled with the participant's ID
number, sex, age, ethnicity, diabetes status (as either type
1, type 2, or no diabetes), HbAlc (as a percentage),
albumin-to-creatinine ratio (as mg/mmol) and presence
of retinopathy, hypertension, and/or cardiovascular dis-
ease status (yes/no). Albuminuria (yes/no) was defined
as an albumin-to-creatinine ratio >3 mg/mmol, and a
high HbA1lc was defined as an HbAlc level >7.5%.

The machine-learning analysis was carried out with
convolutional neural networks,'* a classification model
that uses images as inputs, transforms them according to
nonlinear mathematical functions, and returns a predic-
tion for each image. Patient-level predictions were then
generated by pooling predictions for all of the images for
each patient.

Cross-validation was used to assess the generalizabil-
ity of the predictive model. It was applied to each of the
five diagnoses (diabetes, high HbAlc, cardiovascular
event, retinopathy, albuminuria, and hypertension), by
splitting the patients into five randomly selected nonover-
lapping subsets, with each subset containing all the capil-
laroscope images for the included patients. The images of
four of these subsets were used to train the algorithm on
the diagnosis, and the remaining images were used to test
the algorithm and assess performance. This was done five

times for each of the five diagnoses. Thus, all images
from each patient were used to develop and assess the
model. For example, if the subsets for the diabetes train-
ing were labeled A through E, subsets A, B, C, and D
would have been used to generate a model that was then
tested on subset E, and then subsets A, B, C, and E were
used to generate a model which was then tested on
subset D, and so on. Thus, for each diagnosis, the model
would have been tested five times, and each time it was
tested, the four subsets used for model generation were
considered the training set and the fifth subset was con-
sidered the evaluation set. Each of the five models that
were developed for each diagnosis was then used to clas-
sify each capillaroscope image in the evaluation set as
being either positive or negative for that diagnosis.
Models for hypertension, cardiovascular event status,
albuminuria, and retinopathy used diabetes status as a
predictor in addition to the image.

The training sets were used to select the hyperpara-
meters for the model. Hyperparameters are the compo-
nents of a machine-learning model that cannot be
learned directly from the data, such as the number of hid-
den layers and number of neurons per layer in a neural
network. Hyperparameter optimization is an automated
technique that selects the combination of hyperpara-
meters that yields the best performance. It was achieved
through random search guided by the tree-structured
Parzen estimator algorithm'® and implemented in Ray
Tune.'® Neural network architectures were selected from
the ResNet family of computer vision models (ResNet-50,
ResNet-101, ResNeXt-50, ResNeXt-101), with architecture
choice viewed as an independent hyperparameter during
hyperparameter optimization. Lastly, image augmenta-
tion for these analyses was done using Kornia.'” This
involved creating slightly modified copies of the existing
images by randomly rotating or reflecting the image seen
by the system during training to ensure that the model
was independent of the image orientation.

2.5 | Statistical analysis

Categorical variables were summarized using the number
and percentage in each group and continuous variables
were summarized by calculating each variable's mean
and standard deviation.

The performance of each model for a particular diag-
nosis was assessed by estimating the area under the
receiver operating characteristics curves (AUROC) for
each of the five models (and calculating their arithmetic
mean), and the area under the precision recall curves
(AUPR) for each of the five models (and calculating their
arithmetic means). A total of 95% confidence intervals
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(CIs) for these two statistics for each model were
generated after reestimating them 1000 times using boot-
strapping with replacement. The mean ROC curves for

TABLE 1 Patient characteristics

Baseline patient
characteristics of all

participants and number Images/each
of images obtained per Patients diagnosis
diagnosis N =120 N = 5326
Mean age (SD) 60.5(10.6) N/A

Males 83(69.2) N/A

White 111 (92.5) N/A

Statin therapy 84 (70) N/A

Angiotensin-converting enzyme 72 (60) N/A
inhibitor/angiotensin

receptor blocker therapy

Diabetes history 60 (50.0) 2619
Type 1 diabetes 30(25.0) 1352
Type 2 diabetes 30 (25.0) 1267

274(127) N/A
38(35.5) 1649
62(57.9) 2699
60 (50.0) 2605
71(59.2) 2970
94 (36.0) N/A
32(26.7) 1385

Diabetes duration in years (SD)
HbAlc > 7.5%*

HbAlc > 6.5%"

Cardiovascular event
Hypertension

Creatinine

Albuminuria (urine albumin/
creatinine >3 mg/mmol)”

Retinopathy 29 (24.2) 1356

#Only 107 patients had an HbAlc available: the 60 with diabetes and 47
without diabetes.

Only 6 people without diabetes had albuminuria.

Abbreviation: HbA1C, glycosylated hemoglobin.

each diagnosis were derived by combining the five ROC
curves from the five test sets as previously described.'®
The optimal sensitivity and specificity of each model for
its respective diagnosis was estimated from the mean
ROC curve using Youden's index."’

3 | RESULTS

A total of 5326 nailfold images were acquired from
120 participants (69.2% male) whose mean age (SD) was
60.5 (10.6) years (Table 1). A total of 60 (50%) participants
had diabetes, which was by design split equally into type
1 (N = 30) and type 2 (N = 30) diabetes. Of the 107 partic-
ipants with an available HbAlc level, 35.5% had a value
>7.5% and 57.9% had a value between 6.5% and 7.5%. A
total of 60 (50%) of all participants reported a previous
cardiovascular event, 71 (59.2%) had previous hyperten-
sion, 32 (26.7%) had evidence of albuminuria, and
29 (24.2%) reported previous retinopathy. A mean of 44.4
images per participant were available for analysis.

The ability of the machine-learning models to
discriminate between people with and without diabetes,
a high HbA1lc, hypertension, a history of a cardiovascular
event, albuminuria, and retinopathy is shown in Table 2.
The models were best able to identify the presence of any
diabetes (ie, either type 1 or 2), yielding AUROC and
AUPR curves of 0.84 (95% CI 0.76, 0.91) and 0.84 (95% CI
0.78, 0.93) respectively (Figure 1). The sensitivity and
specificity of the model for diabetes was 0.82 and 0.75
respectively. Similar performance was achieved for an
HbAlc >6.5% and for type 1 (AUROC 0.81 and AUPR
0.72) and type 2 diabetes (AUROC 0.88 and AUPR 0.81).
Figure 2 shows an example of the nailfold image for a
selected individual with diabetes and another one with-
out diabetes.

Patients Diagnosis AUROC (95% CI) AUPR (95% CI) Sens  Spec TABLE 2 Performance metrics for
diagnoses based on all images for each
All patients Diabetes 0.84 (0.76, 0.91) 0.84 (0.78, 0.93) 0.82 0.75 patient
HbAlc >7.5%  0.68 (0.57,0.78) 0.56 (0.47, 0.74) 0.74 061
HbAlc >6.5%  0.77 (0.66, 0.87) 0.83 (0.74, 0.91) 0.69 0.78
Hypertension  0.51 (0.40, 0.62) 0.62 (0.54, 0.75) 0.67 0.50
CV event 0.57 (0.47, 0.67) 0.60 (0.53, 0.73) 0.51 0.66
Albuminuria  0.65 (0.54, 0.76) 0.44 (0.35, 0.61) 0.81 0.55
Diabetes Hypertension 0.38 (0.19, 0.57) 0.68 (0.59, 0.84) 0.12 1.0
CV event 0.65 (0.51, 0.78) 0.72 (0.62, 0.88) 0.52 0.86
Albuminuria 0.45 (0.30, 0.61) 0.47 (0.38, 0.65) 0.75 0.33
Retinopathy 0.60 (0.43, 0.76) 0.63 (0.49, 0.82) 0.57 0.75
No diabetes Hypertension 0.50 (0.33, 0.66) 0.60 (0.48, 0.78) 0.22 1.0
CV event 0.51 (0.36, 0.65) 0.62 (0.51, 0.77) 0.51 0.75

Abbreviations: AUPR, area under the precision recall; AUROC, area under the receiver operating

characteristics; CI, confidence interval; CV, cardiovascular; HbA1C, glycosylated hemoglobin.
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FIGURE 2 The receiver operating characteristics (Panel A)
and precision recall (Panel B) curves for diabetes versus no diabetes
are shown with the shaded areas denoting 95% confidence
intervals. The vertical line indicates the point with the highest
sensitivity and specificity

The machine-learning models could not effectively
identify hypertension and had only modest ability to
identify people with a previous cardiovascular event, reti-
nopathy, or albuminuria (Table 2). Notably, the model's
ability to identify people with a previous cardiovascular
event in the subset of individuals with diabetes was better
than it was for all participants, with AUROC and AUPR
curves of 0.65 (95% CI 0.51, 0.78) and 0.72 (95% CI 0.62,
0.88) respectively.

4 | DISCUSSION

The relationship between capillary disease and long-term
diabetes consequences suggests that capillary morphology
may contain diagnostic or prognostic information. This
cross-sectional analysis of nailfold capillaroscope images

shows that a deep learning approach can be used to distin-
guish between people with and without diabetes. It also
demonstrates that it can identify people whose HbAlc
level is in the diabetes range and suggests that in the sub-
set of people with diabetes, it may identify individuals
with cardiovascular disease. The observation that dysgly-
cemia is reflected in morphologic abnormalities, easily
visualized in nailfold capillaries, suggests that machine-
read images of these capillary beds may have both diag-
nostic and prognostic value.

The harmful effect of hyperglycemia on small vessels
has been recognized since the development of the oph-
thalmoscope in the middle of the 19th century*® and the
recognition of arteriolar and capillary pathology in the
retinae of people with hyperglycemia. Indeed, the glyce-
mic thresholds that are currently used to diagnose diabe-
tes are based on glucose levels that are associated with a
high prevalence of these retinal vascular abnormalities.*'
Moreover, much evidence shows that the capillary dis-
ease apparent in the retina is distributed throughout the
body, including the brain, kidney, heart, and elsewhere,’
and is linked to strokes,?* cognitive decline,** cardiovas-
cular disease,”>** kidney disease, and other long-term
consequences of diabetes.

Nailfold video capillaroscopy has been used exten-
sively by rheumatologists in the assessment of connective
tissue diseases, with nailfold changes being associated
both with disease presence and disease severity.*> Several
studies have attempted to examine nailfold video capil-
laroscopic changes in people with diabetes**>* and asso-
ciations with complications such as retinopathy. Previous
methods have relied on manual image analysis and quali-
tative or semiquantitative assessment of nailfold changes
(such as capillary density, distribution, and morphology)
that are difficult to standardize. Moreover, the literature
has yielded mixed results about the association between
nailfold changes and diabetes complication,”®** perhaps
related to variability in approaches to image acquisition
and analysis. Our deep learning approach offers promise
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as a more scalable and generalizable method that is not
reliant on manual scoring.

The link between diabetes and retinal changes, and the
widespread availability of retinal images, has prompted
many studies exploring the value of machine learning
based on these images. For example, in one study the appli-
cation of machine learning to 115 344 retinal images from
57 672 patients discriminated diabetes from nondiabetes
with an AUROC of 0.85. It also predicted a 2-fold higher
incident of future diabetes.”® Other studies have reported
that machine-learning models can predict incidence cardio-
vascular events from retinal photographs.*

The absence of large image repositories has precluded
similar machine-learning analyses of nailfold capillary
images. However, these findings add to prior manual
assessments of nailfold images**> and support ongoing
studies of the role of machine learning for reading and
interpreting such images. The fact that nailfold capillaries
can be imaged easily, without the need for intravitreal
dye injection and high-cost equipment needed to prop-
erly image retinal capillaries, further supports such stud-
ies and suggests that diagnostic and prognostic
information in nailfold capillary images may supplement
the information that is being read in retinal images.

Our proof-of-concept findings are limited by the small
sample size, the highly selected population, the prepon-
derance of males and White participants, and the absence
of images from other organs beds such as the retina. They
are also limited by the combination of different cardio-
vascular outcomes into one category of a cardiovascular
event. These limitations may dilute the findings, leading
to underestimates of the strength of the relationship
between the images and specific cardiovascular out-
comes. Similarly, the cardiovascular disease and retinop-
athy outcomes were established by history and not by
active measurement, which may have also resulted in a
more conservative estimate than the actual association.
Nevertheless, our results clearly demonstrate the poten-
tial of deep learning for identifying people with tissue
damage from diabetes based on nailfold images and for
possibly identifying those most likely to have diabetes-
related cardiovascular and other chronic consequences.
They also clearly support the need to collect additional,
more granular data to better elucidate the potential diag-
nostic and prognostic value of nailfold images.
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