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Abstract. Diabetic peripheral neuropathy (DPN) is one common complication of diabetes.
Early diagnosis of DPN often fails due to the non-availability of a simple, reliable, non-
invasive method. Several published studies show that corneal confocal microscopy (CCM) can
identify small nerve fibre damage and quantify the severity of DPN, using nerve morphometric
parameters. Here, we used image texture features, extracted from corneal sub-basal nerve
plexus images, obtained in vivo by CCM, to identify DPN patients, using classification
techniques. A SVM classifier using image texture features was used to identify (DPN vs. No
DPN) DPN patients. The accuracies were 80.6%, when excluding diabetic patients without
neuropathy, and 73.5%, when including diabetic patients without diabetic neuropathy jointly
with healthy controls. The results suggest that texture analysis might be used as a
complementing technique for DPN diagnosis, without requiring nerve segmentation in CCM
images. The results also suggest that this technique has enough sensitivity to detect early
disorders in the corneal nerves of diabetic patients.

1. Introduction

The use of morphologic information extracted from corneal confocal microscopy images of the sub-
basal nerve plexus has been proposed for diagnosing and staging diabetic peripheral neuropathy
(DPN) [1-3]. This research effort is well justified. DPN is one of the more common complications of
diabetes, being the main cause of chronic disability in diabetic patients. It is present in about 8% of
newly diagnosed patients, affecting up to 50% of the patients after 25 years of disease and is
associated to 50-75% of non-traumatic amputations [4, 5]. Early diagnosis, which is very important to
define higher risk patients, often fails or occurs only when patients became symptomatic due to the
non-availability of a simple, reliable, non-invasive method [6]. The standard methods for DPN
diagnosis, which are based on the evaluation of neuropathic symptoms and signs and on
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electrophysiology measurements, are not adequate for detecting the early changes occurring in small
nerve fibres. These can be detected measuring the intra-epidermal nerve fibre density through skin
biopsy [7-9]. However this is an invasive, complex procedure. Corneal confocal microscopy (CCM)
[10, 11] offers the possibility of inspecting in vivo small nerve fibres by non-invasive optical methods,
using instrumentation already available at the ophthalmology departments of central hospitals.

It was already shown that diabetic patients have lower nerve density [12], even for short diabetes
duration [13, 14], that CCM can accurately report the extent of corneal nerve damage and repair using
fibre density and branching measurements [1], and that nerve tortuosity correlates with neuropathy
severity. It was also demonstrated that corneal nerve fibre loss correlates with intra-epidermal nerve
fibre loss [2], with the parameter corneal nerve fibre length showing higher discriminative capacity to
diagnose DPN [15]. Recent works focus on the development of accurate methods for automatic
segmentation and analysis of corneal nerves on CCM images [16-21] and on the reproducibility of
CCM in the evaluation of corneal nerves morphology, using manual, semi-automated and automatic
methods [22-24]. A review on this research area was recently published [25].

Here we present results of a pilot study designed to evaluate the use of texture analysis of corneal
nerve images obtained with corneal confocal microscopy for DPN detection. Texture based analysis
used image statistics obtained from the Gray Level Co-occurrence Matrix (GLCM) and from the Gray
Level Run Length Matrix (GLRLM).

2. Methods

2.1. Study design

The study included 12 diabetic patients (type 2, insulin-treated, with mean age of 58+10 years),
followed at the Department of Endocrinology, Diabetes and Metabolism of Coimbra Hospital
University Center (CHUC), and 8 age-matched non-diabetic control individuals (mean age: 54+7
years).

The study was conducted according to guidelines of the Declaration of Helsinki and submitted to
approval by the Medical Ethics Committee of the Faculty of Medicine of the University of Coimbra.
Informed consent was obtained from all participants after explanation of the nature and possible
consequences of the study. Clinical examinations followed the international consensus guidelines for
diagnosis and management of DPN [26] and the Michigan Neuropathy Screening Instrument (MNSI)
[27], comprising two separate assessments: a 15-item questionnaire and a lower extremity
examination, that includes feet appearance evaluation, ankle reflex testing and sensory deficit
evaluation (superficial pain, touch perception and vibrating sensation). Physical examination and
questionnaire evaluation was done by medical doctors, in a random order, without information of other
test results. The patients’ clinical history was verified to ensure that peripheral neuropathy is a
consequence only of diabetes.

All individuals underwent electromyography (EMG) at the Department of Neurology of CHUC,
using a Nicolet Biomedical EA4 (Nicolet Biomedical, Madison, WI, USA) recording device. EMG
measurements comprised nerve conduction evaluation, motor (peroneal) and sensory (sural) nerve
conduction velocity (NCV) and amplitudes, as well as cutaneous sympathetic response.

CCM images were obtained at the Department of Ophthalmology of CHUC, using a Heidelberg
Retinal Tomograph equipped with a Cornea Rostock Module (Heidelberg Engineering, Heidelberg,
Germany). The 384x384 pixels images correspond to a 400um x 400um area and were saved in JPEG
format. All individuals underwent bilateral examination by an ophthalmologist. We recorded 275
nerve images from healthy individuals and 356 images from diabetic patients. Image samples are
shown in Figure 1.
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2.2. DPN evaluation based on image texture features

Images were used as acquired, without any pre-processing. Textural analysis was based on first-order
image statistics (variance), second-order statistics based on the Gray Level Co-occurrence Matrix
(GLCM) [24] and higher order statistics, based on the Gray Level Run Length Matrix (GLRLM) [28,
29]. The second-order features extracted were energy, entropy, correlation, homogeneity, dissimilarity,
cluster shade and cluster prominence. The correlation, energy and homogeneity parameters were
obtained for orientations of 0, 45, 90 and 135°. The higher-order features extracted were Short Run
Emphasis (SRE), Long Run Emphasis (LRE), Gray-Level Non-uniformity (GLN), Run Length Non-
Uniformity (RLN), Run Percentage (RP), Low Gray-Level Run Emphasis (LGRE), High Gray-Level
Run Emphasis (HGRE), Short Run Low Gray-Level Emphasis (SRLGE), Short Run High Gray-Level
Emphasis (SRHGE), Long Run Low Gray-Level Emphasis (LRLGE) and Long Run High Gray-Level
Emphasis (LRHGE). These higher-order features were also calculated for orientations of 0, 45, 90 and
135°. The total number of features extracted from each image was 61. All features were extracted
using a Matlab program written for that purpose.

A support vector machine (SVM) system was used for supervised classification of each image in
the DPN and No DPN groups and to classify each image of the No DPN group as Mild or Moderate
DPN. Training and classification was done using the Weka Data Mining software [30] and Weka
LibSVM [31], using the radial basis function kernel. The best features were automatically selected
according to a rank given by the square of the weight assigned by a SVM classifier and then
transformed by Principal Component Analysis (PCA), performed in the feature space. The SVM
classification performance was assessed using both 10-fold cross-validation and leave-one-out
validation.

Figure 1. Images of corneal sub-basal nerve plexus obtained by corneal confocal microscopy: (a)
healthy cornea; (b) diabetic cornea

3. Results

3.1. Evaluation of study participants

According to their baseline evaluation, the diabetic patients were divided in three groups: absent (4
patients, 53+11 years), mild (5 patients, 58+9 years) and moderate DPN (3 patients, 6019 years). No
patient presented severe DPN. Table 1 summarizes the data of the study participants while Table 2
contains the results of EMG measurements.
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Table 1. Summary of the four participants groups (baseline evaluation).

Group (DPN Mean AgexStd.Dev. ('\?/'UNeft' MNSI Scoring EMG
Severity) (years) (0_15)' (0-10) diagnosis
Control 54+7 0 0 Normal
Absent 53+11 0-3 0-1 Normal
Mild 58+9 4-6 2-35 DPN/Normal
Moderate 60+9 6-8 2-3 DPN

Table 2. Nerve conduction studies results (mean =+ std. dev.).

Motor nerve Sensory nerve Cutaneous
. . Sympathetic

Groups NCV (m/s)  Amplitude (uV) NCV (m/s)  Amplitude (uV) response (s)
Control 46.8+2.2 51£20 479+£35 18.0+6.7 1.98+0.12
No DPN 439+24 35%1.2 439+4.4 12355 1.86 +0.35
Mild DPN 44144 44+30 46.5£5.6 12922 2.16£0.35
Moderate DPN 38.3£53 24x10 43.0+6.4 52x£29 1.89+0.01

For motor NCV and sensory nerve conduction amplitudes, significant differences were found
between Control and Moderate DPN groups. Although statistical tests have not revealed any
significant difference between the existing groups for the sensory NCV and for the sympathetic
response, sensory NCV and amplitudes were established by the neurophysiologist as abnormal (below
the limit) in patients with moderate degree of DPN.

Normal NCV values were observed for all patients without DPN and for the majority of patients
with mild DPN. Nevertheless, the NCV and amplitude values were always lower for patients with
mild and moderate DPN, for both motor and sensory nerves.

The results show large-fibre abnormalities in all patients with moderate DPN, and in one patient
with mild DPN. Progressive axonal losses, demonstrated by decreased motor amplitudes and reduced
sensory amplitudes, were found according to DPN severity. The low values of both motor and sensory
NCV indicate that moderate DPN cases occur with severe nerve demyelination.

3.2. DPN evaluation based on image texture features

From the set of 6lextracted image texture features, 7 were automatically selected for use with the
SVM classifier. The SVM was used to establish a supervised classification method to classify each
image in the ‘with DPN’ or ‘without DPN’ groups. Two different evaluations were done: on the first
evaluation the Control individuals and the No DPN diabetic patients were both considered as ‘without
DPN’, while the Mild e Moderate DPN patients were tagged as ‘with DPN’. On the second evaluation,
the images from No DPN diabetic patients were not included. Table 3 presents the results, obtained for
both evaluations, for 10-fold cross-validation and leave-one out validation.
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Table 3. SVM classification of images from individuals with and without DPN.

Correctly Classified Instances

‘with DPN’ of ‘without DPN” 10-fo'ld Cross- Leavg-on_e out
validation validation
Including No DPN diabetic 0 o
patients (631 images) 735% 73.7%
Not including No DPN diabetic 80.6 % 798 %

patients (525 images)

We also evaluated the ability of the classifier to classify correctly the images of the “with DPN” in
the groups “mild DPN” and “moderate DPN”. The results are presented in Table 4.

Table 4. SVM classification of images from individuals with DPN.

Correctly Classified Instances

10-fold cross- Leave-one out
validation validation
mild DPN’ or ‘moderate DPN’ 79.3% 78.9 %

In order to evaluate the reproducibility of the classifier, the images included in the ‘with DPN’ or
‘without DPN’ groups were randomly divided between two sub-groups. This way, two sets of ‘with
DPN’ and ‘without DPN’ images were obtained. The first set had 124 images from DPN patients and
138 images from healthy controls. The second set included 126 images from DPN patients and 137
images from healthy controls. The diabetic patients without DPN were not included in this
reproducibility assessment. The results are presented in Table 5.

Table 5. Reproducibility assessment of SVM classifier.

Correctly Classified Instances

‘with DPN”’ or ‘without DPN’ 10-f0_|d Cross- Leave-one out
validation validation

Set A (262 images) 82.1% 82.1%

Set B (263 images) 77.2% 76.8 %

4. Discussion

An automated image analysis system for objective detection and grading of DPN is essential for
establishing CCM as a reference clinical technique for DPN diagnosis and assessment. The methods
proposed by different research groups are based on automatic algorithms for nerve segmentation and
extraction of morphology parameters. These parameters are then analyzed using statistical between
groups comparison tests, for identifying differences between controls and patients groups, or using
classification techniques to assign individuals to those groups [16, 17, 20]. This approach requires
robust automatic nerve segmentation algorithms able to perform even with lower quality images.

In this work we considered a different methodology, where the nerve images were analysed as a
whole, without performing a nerve segmentation step. We choose to use classification techniques
based on features obtained from texture analysis of corneal nerve images. Although, to the best of our
knowledge, this approach was never used for analysing CCM images, texture analysis has been
extensively used for medical image processing, mainly in radiology and nuclear medicine, but also for
medical imaging based on optical radiation. Recently, classification techniques based on texture
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features were used for classifying hysteroscopical images [32]. Hysteroscopy produces images of
superficial endometrial vessels, which have structural similarities with the images of the corneal sub-
basal nerve plexus obtained by CCM.

We evaluated the use of this methodology to discriminate between individuals with and without
DPN. This was done in two different ways: joining the diabetic patients without DPN with the healthy
individuals to establish the ‘without DPN” group or excluding those patients and using just the healthy
individuals and the diabetic patients with DPN in the evaluation. In the first case we obtained an
accuracy of 73.5% while in the second evaluation the observed accuracy was 80.6%.

We also used the same methodology to grade the images from patients with DPN in the mild and
moderate groups. The achieved accuracy was 79.3%. In all instances the classifier used the same set of
7 attributes selected from the 61 image attributes computed.

The classifier reliability was evaluated by randomly assigning every image of the ‘with DPN’ and
‘without DPN’ groups to one of two subsets. This way, we setup two pairs of smaller ‘with DPN” and
‘without DPN’ groups. In this procedure we obtained an average accuracy of 79.7% =+ 3.5%. The small
standard deviation obtained is a good indicator of the classifier reproducibility.

This are very promising results particularly because they were achieved for a low number of image
features and without any image pre-processing or any adaptive process in the extraction of those
texture features. It is reasonable to expect higher accuracies with more robust feature extraction
methods.

The lower accuracies observed, when using images from diabetic patients diagnosed as not having
diabetic neuropathy, suggests that the analysis of corneal nerve images is more sensitive to early nerve
disorders in diabetic patients that the standard electrophysiological measurements or clinical
examinations and assessments recommended by the international consensus guidelines for diagnosis
and management of DPN and included in the Michigan Neuropathy Screening Instrument. It was
already shown that morphometric analysis of corneal nerve images has enough sensitivity to detect
early disorders in the corneal nerves of diabetic patients [1, 33, 34]. Our results suggest that texture
analysis of corneal nerve images have the same potential. However, further studies are required to
confirm such potential.

As far as we know, this is the first attempt to use the information contained in CCM images of the
corneal sub-basal nerve plexus to assess DPN, without measuring morphology parameters after
performing nerve segmentation. The evaluation of DPN based on the morphometric of corneal nerves
has the important advantage of being based on parameters with a clear clinical meaning. Corneal nerve
morphometric parameters provide direct quantification of small fibres disorders. The Nerve Fibre
Length and Nerve Fibre Density parameters are related to enhanced nerve degeneration, while the
Nerve Branching Density is associated to nerve regenerative capacity [1]. The methods based on these
parameters are able to quantify corneal nerve fibre degeneration and regeneration and can be used
assess therapeutic efficacy of treatments. It will be difficult to obtain this amount of information using
texture based methods for analysing corneal nerve images. However, as our results suggest, these
methods may be suited for screening purposes.
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