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mHealth interventions have the potential to increase access to healthcare for the most hard-to-reach communities. For rural communities suffering disproportionately from skin-related NTDs, and Buruli ulcer, there is a need for low-cost, non-invasive and mobile tools for the early detection and management of disease. Dermoscopy is a noninvasive in-vivo technique that has been useful in improving the diagnostic accuracy of pigmented skin lesions based on anatomical features and morphological structures of lesions.


Objectives

Using dermoscopy, this study develops the automated tools necessary for developing an effective mHealth intervention towards identifying BU lesions in the early stages. Methods: This imaging methodology relies on an external attachment, a dermoscope, which uses polarized light to cancel out skin surface reflections. In our initial studies we used a dermoscope with only crosspolarized white-light (DL100, 3Gen) but later we adopted a more advanced multispectral dermoscope (DLIIm, 3Gen). The latter employed additional monochromatic light at different wavelengths of the visible spectral range, specifically blue (470 nm), yellow (580 nm), and red (660 nm) color, to visualize pigmented structures of skin layers at different depths.



Results

Results obtained using a subset of 58 white-light images with confirmed diagnosis (16 lesions BU and 42 lesions non-BU) resulting in sensitivity of 100 and specificity of 88.10, with an overall accuracy of 94.05 at 95% CI. Performance obtained using a second dataset of 197 dermoscopic multispectral images (16 lesions BU and 181 lesions non-BU) resulted in sensitivity of 90.00% and specificity of 93.39% with a balanced accuracy of 91.69% (86.95% to 95.12% at 95% CI).



Conclusions

This system will continue to perform even as the technology evolves and newer dermoscopes are available. Subsequent studies involve the DL4 which provides more uniform and brighter illumination, higher lesion magnification, and wider field of view which, combined with the superb resolution of modern smartphones, can result in faster and more accurate lesion assessment. This is an important step for the development of mHealth tools for use by non-specialists in community settings for the early detection of Buruli ulcer, skin-NTDs, and other dermatologic conditions associated with disease, including wound healing and management of disease progression.
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Introduction

The WHO Global Observatory for eHealth defines mHealth as “medical and public health practice supported by mobile devices, such as mobile phones, patient monitoring devices, personal digital assistants, and other wireless devices” (1). Dedicated to the study of eHealth, the World Health Organization Global Observatory for eHealth is playing a crucial role in providing guidance for the policy, practice, and management of eHealth initiatives, especially for low-and middle-income countries (2).

The potential of mobile technologies for health interventions serves a particular value for under-resourced, and hard-to-reach communities, in that, mHealth technologies are mobile, low-cost, and non-invasive. Central to the development of mHealth tools is the utilization of the core components of the already ubiquitous mobile phone which already carries with it communication tools for voice and text, global positioning, 3G, 4G, and 5G telecommunication connectivity, and internal processing capabilities. Opportunities to capitalize on these tools and the processing capabilities of such devices lends to the creation and development of applications for epidemiological surveillance, screening and diagnosis of disease, communication tools to support health and wellness, and the introduction of tools for the self-management of illness.

During the last decade we have been focusing on the development of patented software tools (3, 4) that utilize dermoscopic images to detect skin lesions, in particular skin cancer (5–10). More recently we have employed the same engine in the analysis of Buruli ulcer (BU) images. To help health care workers identify neglected tropical diseases of the skin including BU, in 2020 WHO developed a pictorial training guide that was released into an interactive mobile phone application (Skin NTDs app) (11). To the best of our knowledge, our own reports (10, 12–15) are the only published studies to employ automatic dermoscopic image analysis to detect BU.

This study focuses on the development of automated tools for the identification of the structural properties of BU using dermoscopy. Dermoscopy is a noninvasive in-vivo technique that has been useful in improving the diagnostic accuracy of pigmented skin lesions (16) based on anatomical features and morphological structures of the lesions. Compared to clinical assessment which requires specialized clinical expertise, and PCR lab testing which involves advanced equipment, computerized analysis of dermoscopic images is fast, economical, and less dependent on experienced personnel; thus, it can potentially be used for prescreening patients and for improving overall decision-making.

Buruli ulcer (BU) is an ulcerative chronic infection of the skin caused by the bacterium Mycobacterium ulcerans, which commonly starts as a painless nodules, plaque, or edema, usually on the arms and legs, and progressively develops into large ulcers. Over time, it can lead to massive tissue destruction and debilitating deformities (17). BU predominantly affects rural populations in West and Central Africa (18). The World Health Organization (WHO) has classified BU as a neglected tropical disease (19, 20).

As the initial clinical manifestations are nonspecific, and the disease has a slow course, many patients do not seek medical care until there is large skin necrosis requiring extensive surgery and prolonged hospitalization, leading to permanent disfigurement and disability. However, when detected early, BU has 90% cure rate with a combination of antibiotics (21). If needed, surgery in the early stages of infection is curative and highly cost effective since it requires a simple excision. In later stages, however, wide and traumatizing excisions are needed, followed by skin grafting, and long hospital stays (11).

In most BU-endemic settings, a diagnosis is made on clinical and epidemiological grounds, and is typically followed by BU-specific antibiotics. Recent studies using an expert panel or polymerase chain reaction (PCR) testing as the reference have shown that clinical diagnosis is highly sensitivity, with high PPV and NPV (0.92, 0.92, and 0.86, respectively at 95% confidence interval (22).

Given that many of those affected by BU live in remote or resource-poor settings with no access to laboratory services, reliable diagnostic tools are not widely available to those that need them most. Additionally, some patients feel stigmatized and prefer to go to traditional healers. Very few health structures know how to deal with BU effectively, and while BU treatment is subsidized in most endemic areas, care is still expensive in specialized health centers. Therefore, accurate diagnostic procedures that are noninvasive, cost-effective, speedy, and easy to deploy in remote and resource-limited settings can reduce misclassification and improve the management of patients presenting with BU-like skin lesions.



Materials and methods

The overall analysis procedure of the BU recognition system is shown in Figure 1. Various steps of the automated analysis procedure for BU detection, and includes the following steps: multispectral image acquisition, image preprocessing to remove artifacts and spatial variations of light intensity, image segmentation to separate the lesion from healthy skin, feature extraction, features selection, and lesion classification, i.e., calculation of the probability of a lesion being Buruli ulcer.




Figure 1 | Various steps of the automated analysis procedure for BU detection.



Our imaging methodology relies on an external attachment, a dermoscope, which uses polarized light to cancel out skin surface reflections. In our initial studies we used a dermoscope with only crosspolarized white-light (DL100, 3Gen) but later on we adopted a more advanced multispectral dermoscope (DLIIm, 3Gen) shown in Figure 2A. The latter employed additional monochromatic light at different wavelengths of the visible spectral range, specifically blue (470 nm), yellow (580 nm), and red (660 nm) color, to visualize pigmented structures of skin layers at different depths. As technology evolves, newer dermoscopes are being developed, such as the DL4, shown in Figure 2B, that provide more uniform and brighter illumination, higher lesion magnification, and wider field of view which, combined with the superb resolution of modern smartphones, can result in faster and more accurate lesion assessment.




Figure 2 | Various generations of dermoscopes used in our studies developed by 3Gen, LLC (23).




Data and image acquisition

The aim of this study was to focus on the acquisition of early-stage lesions in order to develop the automated systems for lesion segmentation and subsequent structural properties. The goal was to capture all forms of Buruli ulcers, nodules, plaques, and ulcers, in the early stages when the size of the area could fit within the 10mm scale of the DermLite.

Image data were collected in endemic BU communities of Cote d’Ivoire and Ghana in collaboration with the National Buruli Ulcer Control Program of the Ghana Health Service and the National Buruli Ulcer Control Programme, Cote d’Ivoire. The sample for this study is an all-African sample. The study received IRB approval from the Human Subjects Protection Committee at the University of Houston, as well as from ethics committees in both Ghana and Cote d’Ivoire. Informed consent was obtained in the preferred language of the participant.

To capture images of the suspicious area of the skin, we used a DermLite II Multispectral device (www.dermlite.com) attached to a Sony Cybershot DSC-W300 high-resolution camera, which provided a resolution of 13.5 MP (Figures 2–4). The dermoscope could provide white light for crosspolarization epiluminescence imaging, blue light for surface pigmentation, yellow light for superficial vascularity, and red light for deeper coloration and vascularity, using 32 bright LEDs–eight per color. Images were 24-bit full color with typical resolution of 4320 × 3240. Additional datasets of while-light images were obtained with a DermLite DL1 attached to an iPhone 4s.




Figure 3 | Examples of BU images (23).






Figure 4 | Example of BU lesion segmentation: The red contour is the automatic segmentation by our method and blue contour is the ground truth provided by an expert dermatologist.



The images that were ultimately included for this study were selected for inclusion by the collaborating physicians. Suboptimal images which were considered as out of focus, off center, improperly magnified, or did not include the full lesion were not included in the analysis for this study. This inclusion and exclusion criteria were established in effort to reduce the amount of noise in the data. This is the main research why the sample size for the study was relatively small.



Image preprocessing

In the preprocessing stage, images were first downsampled to 1080 × 810 pixels, and then processed with a 5 × 5 median filter and a Gaussian lowpass filter of the same size to remove extraneous artifacts and reduce the noise level.

Early analysis of the transfer function properties of the camera and dermoscope showed that even for a completely homogeneous white background, the light intensity varied radially in space with the center of the image captures being the brightest. Also, the average intensity level of the images captured under the four different colors of illumination varied across the different color images. To correct the nonuniform spatial image intensity and the overall average intensity of the images, we implemented normalization procedures to remove these elements of bias [ref].

To extract color features from the various images we defined various statistical parameters calculated from the different color channels after transforming the original RGB images in four additional color spaces, namely HSV, CIE L*a*b*, CIE L*u*v*, and YCbCr (14).



Lesion segmentation

The development of an accurate lesion border detection method is a critical step the development of the automated tools since it influences the precision by which all subsequent steps of image analysis are developed. The automatic segmentation method we developed is based on active contours and simply starts by considering the common foreground and background obtained by the luminance and color components as lesion and healthy skin, respectively, and then applies a supervised classifier to the remaining pixels. The procedure involves three main steps: contour initialization, contour evolution, and pixel classification. Contour initialization is based on fusion of the segmentations obtained from eight color channels by a voting system (24). Contour evolution relied on level set approaches implemented in both the color and luminance channels that provided two masks respectively. In general, the color-based mask focuses only on the central areas of the lesion, and misses areas close to the actual boundary, while the luminance-based mask includes part of normal skin due to the smooth transition. To overcome this problem, a SVM classifier is applied to the image pixel values from the RGB and L*u*v* color spaces to form a six-dimensional feature vector. A postprocessing morphological filtering was applied, and a distance transform (24) to make the lesion borders smoother.



Feature extraction

In general, features representing skin lesions include two categories, global features which describe an image as a whole, and local features which represent image patches (25). The former includes information on the shape, border, color, and texture properties of a lesion (26), whereas the for the latter we chose color moment and wavelet coefficients as patch descriptors to represent color and texture information respectively (27).



Lesion classification

Correct lesion classification relies on a bag-of-features representation of images which are loosely considered as collections of independent patches (25). The entire methodology relies on a few simple steps: sample a representative set of patches from an image, evaluate a descriptor vector for each patch independently, and use the resulting distribution of samples in the feature space to completely characterize the image. The bag-of-features framework consists of two stages, namely codebook creation and feature representation.

In the final step of the system, classification is performed using a Support Vector Machine (SVM) approach (28) which searches for the hyperplane that creates the biggest margin between the training points of two classes. We used a Gaussian Radial Basis Function nonlinear kernel which maps the feature vectors to a higher dimension feature space and thus can achieve better performance.




Results


System performance

The bag-of-feature approach used to build the classifier and the combination of color and texture provided a significant improvement in automatic detection of BU compared to any single patch descriptor. In total, we collected 562 sets of dermoscopic images. However, while 365 out of them were not usable because of bad image quality, including lesions out of focus, lesion off center or outside the view of field, or lesion was magnified improperly and occupied the whole field of view and were excluded from further analysis, we have access to two additional datasets with a total size of 58 + 197 images, including 32 BU confirmed samples. The result obtained using a subset of 58 white-light images with confirmed diagnosis (16 lesions BU and 42 lesions non-BU) resulted in sensitivity 100, specificity 88.10, and overall accuracy 94.05 at 95% CI. The performance obtained using a second dataset of 197 dermoscopic multispectral images (16 lesions BU and 181 lesions non-BU) resulted in sensitivity 90.00, specificity 93.39, and overall accuracy 91.69 at 95% CI.

An example of using the desktop-based application for automated Buruli recognition is shown in Figure 5. Once the image is loaded, the software implements all analysis steps automatically, including pre-processing, lesion segmentation, feature extraction, feature selection, and classification, and finally provides an estimate of the probability of the lesion being Buruli using a both a color bar and a numerical value.




Figure 5 | Example of automatic BU image analysis with estimation of the probability for a positive diagnosis.






Discussion

This is an important step for the development of mHealth tools for use by non-specialists in community settings for the early detection of BU, additional skin-NTDs, and other dermatologic conditions associated with disease, including wound healing and the self-management of disease progression. This system will continue to perform even as the technology evolves and newer dermoscopes are available. Subsequent studies involve the DL4 which provides more uniform and brighter illumination, higher lesion magnification, and wider field of view which, combined with the superb resolution of modern smartphones can result in faster and more accurate lesion assessment.

The authors of this study acknowledge the limitations of the small size of the data set which limits the statistical power of our study. However, this is the best dataset we can obtain at the moment, and we applied repeated cross validation to show the statistical significance and confidence interval. The balanced accuracy for the first dataset is 94.05% with the 95% CI from 90.44% to 96.13%; while the balanced accuracy for the second dataset is 91.69% with the 95% CI from 86.95% to 95.12%.

To improve upon this study, it is desirable to design a multicenter study that would include inviting more experts to be involved in the screening and assessment of images and ensuring improved quality of image data through improved training for those involved in the image acquisition. Each of these steps are critical for ensuring integrity of the data, but especially to build capacity for the eventually implementation and dissemination of the mHealth intervention.

This study is a valuable foundational step towards building a mHealth intervention for identifying Buruli ulcer disease in the early stages and when effective treatment is the most achievable. Future studies should include multicenter trials to include a greater number of participants, additional communities over a broader range of geographic locations, and additional Buruli ulcer-endemic countries. Additionally, there is a need to include observational studies that can contribute to the development of a surveillance system that includes geographic location, but also features of the surrounding environment, and important features of the affected patient such as location of the affected area, gender, and age.

The development of innovative methods for surveillance, screening, diagnosis, communication and management has the power to transform the delivery of health and medical care to otherwise hard-to-reach communities. While we have developed the automated tools for an mHealth intervention, the desktop version of our application can also provide a complete evaluation of skin lesion images. The advantages of having both hardware and software tools developed and available are for repository and algorithmic training purposes. Additionally, independent software development allows for deployment on future use tools such as together as a part of larger telehealth programming, eLearning, or platforms to support electronic medical records.
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