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Abstract: Introduction: Skin conditions are an important health
issue. On average, individuals experience 1.6 skin conditions each
year, with skin-related doctor appointments making up 20% of all
primary care visits, of which approximately 35% are directed to a
dermatologist. Machine learning (ML) models have the potential to
assist primary care professionals by analyzing and enhancing
intricate datasets. Furthermore, ML models are being more
commonly used in dermatology for aiding in diagnosis through
image analysis, particularly for detecting and categorizing skin
cancer.

Aim: This research seeks to validate a machine learning image
analysis model prospectively as a diagnostic aid for diagnosing
dermatological conditions.

Method: In this upcoming study, 100 successive patients seeking
care for a skin issue from a participating general practitioner (GP)
in central Catalonia were selected. The planned duration for data
collection was set at 7 months. Anonymized images of skin
conditions were captured and fed into the ML model interface (able
to detect 44 different skin conditions), which provided the top 5
diagnoses with the highest probability. The identical picture was
also transmitted for a teledermatology consultation in accordance
with the established workflow. The GP, ML model, and
dermatologist's evaluations will be compared to determine the
precision, sensitivity, specificity, and accuracy of the ML model.
Each type of skin disease class will have its results displayed
globally and individually through a confusion matrix and the one-
versus-all approach. The amount of time needed to conduct the
diagnosis will also be factored in.

Results: Patient enrollment started in June 2021 and continued for a
duration of 5 months. At present, all participants have been enrolled
and the images have been presented to the GPs and dermatologists.
The examination of the findings has already commenced.
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Conclusion: This research will offer insights into the efficacy and
constraints of ML models. External testing is necessary for
controlling these diagnostic systems for the implementation of ML
models in a primary

care environment.

1. Introduction

Health care systems in Western nations are facing a growing number of difficulties such
as rising demand, older populations, long-term illnesses, multiple health conditions, and the
ongoing global pandemic. These elements, along with the shortage of professionals like general
practitioners (GPs), lead to the necessity of discovering innovative solutions to enhance both
the quality of care and the efficiency of professionals [1].

Skin conditions are a notable health issue, and dermatological problems are a primary
factor for patients seeking care from their general practitioners. Each person typically
experiences 1.6 skin conditions annually [2]. Around one-fifth of GP appointments are linked
to skin concerns, while around 15% of telehealth appointments are related to dermatology. [3,4]
Approximately 7.6% of Catalonia’s overall population seek care at a primary care center each
year for skin issues, with approximately 35% being directed to a dermatologist. [5,6] Currently,
in central Catalonia's healthcare sector, teledermatology appointments are frequently utilized to
direct patients to a dermatologist located in a hospital. It is predicted that over 70% of PCC
patients experiencing a skin issue can be efficiently evaluated through teledermatology and
avoid an in-person appointment with a dermatologist [7,8].

Computer-assisted diagnosis has been used in radiology since the 1960s in the field of
medicine. The first mention of artificial intelligence (Al) in dermatopathology can be traced
back to 1987 with the creation of the text-based system TEGUMENT. TEGUMENT featured
a semantic tree containing 986 possible diagnoses to help dermatologists with the
histopathologic differential diagnosis of skin diseases and tumors. Computer-aided melanoma
diagnosis was first implemented in dermatology in the early 2000s, utilizing rule-based
classifiers that use predefined features to categorize images into specific groups. [9,10].

The use of teledermatology has grown globally in recent years. It has been widely used
in numerous PCC environments and has been strongly supported by extensive research as an
effective method of triage, especially for skin cancer lesions [11]. Research comparing the
overall precision of in-person dermatology appointments with teledermatology shows varying
outcomes. Overall, in-person appointments result in greater diagnostic precision compared to
teledermatology. Nonetheless, certain researches found the effectiveness of teledermatology in
detecting skin cancer to be considerably high [12]. However, it is important to initially confirm
that the clinicians exhibit a strong interrater reliability; without this, it is challenging to
determine if the lack of agreement in diagnoses is due to the technology or inherent variations
in clinical judgement. In this scenario, research has examined the consistency of diagnoses
between GPs utilizing telemedicine and dermatologists. The findings from the research
indicated a general diagnostic concordance of 65.52%, illustrating GPs' tendency to
overdiagnose certain illnesses [13].

The teledermatology concordance achieved a rate of 94.7%. While this method proved
effective in sorting quality, it exhibited poor precision in inflammatory issues [13].
Teledermatology can improve access by making referrals easier and providing convenience,
shorter wait times, diagnostic help, and increased satisfaction for patients and providers alike
[14-17]. In primary care, it is crucial to understand the actual requirements and create a user-
friendly interface for Al adoption, in order to minimize resistance towards transitioning from
traditional to touch-based interfaces in healthcare settings [18].
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Al has been developed, researched, and utilized in various medical fields in recent
times. Pictures are frequently used types of information for the advancement of Al, like
electrocardiograms or radiologic images [19-21]. Dermatopathology is especially well suited
for deep learning algorithms, as pattern recognition at scanning magnification is crucial for
diagnosis [10,22-24]. Moreover, machine learning (ML) is more and more utilized in the field
of dermatology, specifically in the area of skin cancer detection through image analysis with
ML models incorporating deep convolutional neural networks (CNNs) [25,26]. It was not until
2012 when the ImageNet competition showcased the potential of algorithms and models with
CNNs, even though they were introduced in the 1980s [23]. Afterwards, CNN has gained
popularity as a machine learning method in various fields such as dermatology [27].
Additionally, there are machine learning research projects analyzing a broader range of skin
conditions suitable for primary healthcare purposes [28]. ML saw a breakthrough in 2010 with
the emergence of deep learning, which has transformed tasks like image classification,
segmentation, and speech recognition.

Despite encountering numerous skin conditions, there have been minimal prospective
studies conducted in primary care settings. Nonetheless, certain research has involved general
practitioners alongside dermatologists as participants in the comparison group in order to
evaluate the effectiveness of ML when compared to medical professionals [11,28,30], and has
determined that Al technology could be applied in primary healthcare settings [28]. The study's
primary goal is to validate a machine learning model as a diagnostic tool for dermatological
conditions in a rural area of Catalonia, Spain, through prospective testing in primary care
settings.

2. Method:

Study design:

This study aims to assess the performance of a machine learning model by comparing
its diagnostic abilities with those of general practitioners and dermatologists. The Autoderm
application programming interface (API; iDoc24 Inc) was combined with a secure, anonymous,
and stand-alone web interface that works on all mobile devices.

To perform this study, the necessary steps were completed until the desired sample size
was achieved: (1) a patient with a skin issue agreed to participate and signed the study
agreement; (2) General Practitioners (GPs) identified the skin problem; (3) GPs captured a high-
quality image of the skin issue; (4) GPs sent the photo for teledermatology consultation through
the established process; (5) the image was uploaded to the Autoderm ML platform; and (6)
dermatologists provided a diagnosis for the skin condition.

The ML tool's impact on the satisfaction of healthcare professionals was evaluated with
3 questions included in the survey. The questions pertain to the tool's potential in aiding
diagnosis or prompting additional consideration beyond initial plans, as well as its potential to
prevent the need for a dermatology referral.

Population

The research was carried out in primary care centers overseen by the Catalan Health
Institute, the primary care services provider in central Catalonia, covering Anoia, Bages,
Moianeés, Bergueda, and Osona. Approximately 512,050 residents were part of the population
reference in the study. Prospective

subjects were recruited in a consecutive manner.

Data collection:

Doctors gathered information from consecutive patients who fit the criteria after
receiving signed informed consent. The data gathered were only presented in a case report
format. The skin condition was diagnosed by the GP and a questionnaire was completed. The
GP took a high-quality close-up photo of the skin issue for every patient using a smartphone
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camera. The image remains anonymous because the patients cannot be identified. Next, the
general practitioner utilized the Autoderm ML platform to submit the de-identified image and
completed the questionnaire with the ML model's top 5 generated diagnoses. The assessment
of the Autoderm API tool serves as a validation study for aiding in the diagnosis of skin lesions
in real primary care settings. Hence, despite the closed source code used by the tool, this
research serves as an initial exploration to determine the potential use of similar tools in
practical clinical settings. Autoderm is a dermatology search engine supported by research,
marked with Conformité Européenne, and utilizing ML technology to offer quicker and more
precise skin diagnoses. The existing ML model has the capability to detect 44 various types of
skin diseases, such as inflammatory skin conditions, skin growths, and genital skin issues, and
is available through an API. A user-friendly web interface was created for uploading images
easily from either the smartphone library or the smartphone camera for this research. Using
only a photo taken with a smartphone, the model creates a ranked list of the top 5 skin diseases
based on probability. This ML model is projected to have a lifespan of approximately 3 months.
Once this time has passed, the model will be enhanced for better precision.

In its present state, the ML model utilizes a 34-layer pretrained ResNet model from
TorchVision (PyTorch) for tasks like computer vision and natural language processing.
Moreover, the model underwent training through transfer learning on a private data set
comprising 55,364 images for training and 13,841 images for testing. The model's average
accuracy is 31.7% for the top 1 diagnosis and 68.1% for the top 5. Certain skin conditions have
varying levels of accuracy due to the number of images used to train the machine learning
model and the complexity of diagnosing certain diseases, especially when they occur in specific
anatomical locations. Prior to implementation, the ML model underwent manual testing using
a dataset sourced from different websites containing skin disease images captured using a
mobile camera. The ML model was put into operation once it was considered sturdy. The 44
unique categories of skin diseases account for approximately 90% of the issues that the public
worries about and seeks advice for.

Incorporating the anonymized image and an accurate description of the skin lesion into
the patient's medical history, the GP sought a second opinion as part of the current
teledermatology workflow. After receiving the information, the dermatologist proceeded to
complete the "Assessment by teledermatology"” questionnaire. It was anticipated that the
response time would range from 2 to 7 days.

If a referral to a dermatologist is necessary, the GP completed the questionnaire for
"Assessment by inperson dermatologist” by checking the electronic health records when they
are accessible. The typical wait time for a dermatology referral varies between 30 and 90 days.
The case number for the questionnaire was decided in advance prior to starting data collection,
with each questionnaire having the same number, preventing patient identification.

Inclusion criteria:

Individuals over 18 years old were included in the prospective study if they visited a
participating PCC for a cutaneous disease and gave written consent

Exclusion criteria

Patients were not included in the study if they had a cutaneous lesion that could not be
captured with a smartphone or had conditions that could lead to poor protocol adherence.
Pictures of low quality were also not included in the research.

Analysis of statistics

Determination of Sample Size

In order to evaluate the ML model's performance relative to that of GPs and
dermatologists, a set of 100 images of skin diseases from eligible patients is needed for
comparison. The recommended sample size is determined by the sample size calculation
method utilized in comparable research studies [31-33].
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Planned analysis

The validation dataset will contain roughly 100 instances, which will include an image
and 3 or 4 evaluations: the in-person assessment by a general practitioner, the evaluation
conducted through teledermatology, the top 5 potential diagnoses from the machine learning
model ranked by probability, and the assessment by the in-person dermatologist (if a referral is
present). The evaluation of the machine learning model will only cover 44 different skin
diseases categories. A confusion matrix is necessary for determining the precision, recall
(sensitivity), specificity, and accuracy of the machine learning model. The number of true
positives, true negatives, false positives, and false negatives will be computed for every skin
disease. In order to assess the ML multiclass classifier, the data will be viewed as separate
binary problems, one for each skin disease class. The calculation of the Area under the curve
and receiver operating characteristics curve for N number of skin diseases classes will be done
using the one-versus-all methodology. Macro- and micro-averaging methods will be used to
demonstrate the effectiveness of rare skin disease classes (adjusted for prevalence). Precision,
recall, and F-measure will be computed separately for every skin disease category, and the
outcomes will be merged to derive the mean precision and F-score. The ML model will also be
evaluated for accuracy on the top 3 diagnoses.

Ethical approval:

The ethics committee of Institut Universitari d'Investigacié en Atencié Primaria Jordi
Gol i Gurina approved the trial study protocol with code 20-159P. All patients involved in the
study were asked to give written consent before participating.

3. Results:

Using a confusion matrix and one-versus-all approach, the results will be displayed for
each skin disease class both globally and individually. The amount of time needed to make the
diagnosis will be factored in as well. The evaluation of professionals’ satisfaction with the
utilization of this ML tool will be conducted.

Patient enrollment started in June of 2021 and continued for a duration of 5 months. At
present, all participants have been enlisted and the images have been presented to the GPs and
dermatologists. The examination of the findings has commenced. We are optimistic that enough
evidence will be gathered to confirm the validity of this image analysis machine learning model.
We anticipate that the findings will be applied in medical settings to streamline and enhance
the care of patients with skin conditions by improving the efficiency and safety of general
practitioners. This research is an initial attempt at creating more extensive ML model validation
studies.

Even if the ML model does not offer a superior diagnosis to the doctor's, it is anticipated
to assist the practitioner in contemplating other potential diagnoses.

4. Discussion

This research aims to validate a machine learning model in the future as a tool to support
diagnostic decision-making in identifying skin conditions. It would also evaluate the ML
model's diagnostic accuracy and effectiveness in a PCC environment. In this situation, this
research could offer benefits for patients and primary care doctors, enhancing the system's
efficiency and effectiveness, while also offering insights into the effectiveness and constraints
of ML models. External testing is crucial for overseeing these diagnostic systems and
implementing ML models in actual PCC environments. The primary limitation of this study is
the quantity of image samples used to assess the ML model's performance. Autoderm evaluates
just 44 skin diseases, with many of them representing less than 1% to 5% of the images, leading
to unbalanced sample data for each class. This can result in some skin conditions not being
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assessed properly, causing lower confidence levels and inconclusive results for those specific
conditions.

Secondly, because of the small sample size and consecutive recruitment of cases, it is
unlikely that we will achieve results that are representative of less common diseases. As there
may be an imbalance in the class distribution of the 100 recruited patients, we will prioritize
the F-Score in our analysis to prevent an overestimation of model quality based on accuracy,
sensitivity, and specificity if 90% of the skin lesions are the most common. It must be noted
that this research will be conducted in actual clinical settings, and patient selection will not be
possible.

A diagnosis based on a single image with the best composition may have limitations
compared to diagnoses made during a clinical assessment. Our ML algorithm's result was
derived from just one photo, in contrast to other ML algorithms that utilize multiple photos or
even the same algorithm accessible to the public that utilizes two images.

Additionally, our data will be limited as it will not cover further testing, and only a
portion of potential malignancies will be confirmed through biopsy. Instead, we base our gold
standard for each case on combining the differing diagnoses of a group of dermatologists. In
clinical settings, the presence of uncertainties in diagnosing conditions like rashes, which are
not commonly biopsied, presents a challenge in assessing the accuracy of clinicians and deep
learning systems.

Additionally, our ML algorithm did not incorporate extra clinical metadata such as past
medical history, symptoms, appearance, and texture, which could be a potential issue when
comparing ML to physicians' diagnostic accuracy. Finally, the clinicians were asked to give
only the top 3 diagnoses, even if they had additional possibilities.

5. Conclusion

This research will offer insights into the efficacy and constraints of ML models. External
testing is necessary for controlling these diagnostic systems for the implementation of ML
models in a primary care environment.
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