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1. INTRODUCTION
The current standard-of-care for diagnosing skin cancers

(such as melanoma) is in-person care in a dermatologist’s
office. A dermatologist performs a physical exam to review
the patient for probable cancerous lesions. However, follow-
up with the patient when he or she is outside of the office
is minimal, resulting in unmonitored growth of potentially
cancerous lesions over time.

In this paper we describe DermFollow, an application we
have built to solve this problem. Patients use their com-
puter or smartphone to upload pictures of their lesions over
time. The system uses the knowledge learned from several
thousand images via deep neural networks to compute a risk
score for the uploaded image and present the most high-risk
images, and therefore high-risk patients, to the clinician.

For each uploaded image, we also present the most simi-
lar images from the training set to the provider, to explain
why (or why not) the network considers an image as a high-
risk case. The clinician can use this added information and
schedule an appointment with these patients on a priority
basis.

2. PROBLEM DEFINITION
Our goal was to build a web application that promotes

more effective diagnosis and treatment of skin cancer through
machine learning-based analysis of patients’ skin lesions over
time.

Our system enables this through these key innovations:
(1) risk analysis (classification) of suspected skin cancer le-
sions using deep residual and convolutional neural networks
(CNNs), (2) dynamic patient risk scoring based on demo-
graphics, medical history, and patient image analysis, and
(3) an interactive body map feature that encourages physician-
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patient communication. We hope to improve patient out-
comes, raise patient satisfaction, and improve the efficiency
of medical practice.

3. SURVEY
The current state of the art for automated skin cancer

analysis generally involves feature detection [14], [8], [16].
In dermatology, there is an ABCDE algorithm (asymme-
try, border, color, diameter, evolution over time) [23], [15],
[20] that is used by doctors to assess potential skin cancer
lesions. Existing approaches often attempt to imitate this
algorithm via detection of the same features [24]. Some of
these models have yielded poor results on the more diverse
images encountered in practice, limiting adoption.

Initially, we also explored the most straightforward method
and used simple ABCDE feature extraction (Figure 1) to
analyze images of skin lesions [1]. After observing the rela-
tively poor performance on images taken in a variety of sub-
optimal lighting and focus conditions, we explored a neural
network-based approach to the problem.

Figure 1: Sample output from feature extraction
module
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Neural network-based approaches have also been used for
skin cancer classification [18], [6], [3], [4]. Kreutz et al. [12]
use neural networks and feature extraction to classify skin
lesions. Sheha et al. [17] use a multilayer perceptron to
classify melanoma, attaining 92% accuracy. Esteva et al.
[7] use an ensemble of CNNs to attain 90% binary classifi-
cation (malignant/benign). While these results are impres-
sive, many of these models were trained on images that lack
histological (microscopic) verification, the gold standard for
determining malignancy.

4. PROPOSED METHOD

4.1 Intuition
Low physician and patient engagement, limited integra-

tion into clinical workflows, poor algorithm performance on
actual patient images, and expensive hardware requirements
have plagued existing approaches.

To increase provider and patient engagement, DermFollow
presents an interactive user interface, leveraging JavaScript
d3 [2] to allow the physician to review a body map of the pa-
tient that displays the patient’s images superimposed over
the relevant point on the body. DermFollow also allows
physicians to instantly send short messages to the patient
after he or she uploads an image, giving the patient instant
feedback.

DermFollow integrates seamlessly with the largely elec-
tronic clinical workflow, as it is Web-based and operates on
the desktop and mobile devices.

To improve algorithm performance, we use an ensemble of
deep CNNs and residual neural networks, which have been
shown to be very effective at image classification [13], [22],
[19]. Lastly, we use an image dataset with 100% histological
verification.

4.2 Description

4.2.1 User Interface
The application has two interfaces, namely the patient

interface and provider interface.

Figure 2: Patient Form

Figure 2 shows the patient interface for uploading an im-
age of a skin lesion. Images are grouped by spots, which
are unique skin lesions. A user can add a new image of a
previously identified spot by choosing the existing spot, or

interactively select a point on a 2D body map that iden-
tifies the new lesion. Once uploaded, the provider can see
all of the patient’s lesions on the body map, allowing easy
interaction with the data (Figure 3).

Figure 3: Provider View of Patient Body Map

Figure 4: Provider View of Patient

Figure 4 displays the interface as seen by a dermatologist
for a patient. The physician can easily see all the patient’s
images and their computed risk scores, as well as a global
risk score for the patient.

Figure 5: Provider View of Patient Uploads

We also provide an interface (Figure 5) for the derma-
tologist to view all his or her patients’ recent uploads. If



an upload is flagged as high-risk (malignant) by our CNN
model, we display an asterisk next to the patient name above
the image. We received substantial interest in this feature
from the dermatologist community.

Figure 6: Images similar to the current image

4.2.2 Neural Network Architecture
For classification, we use an ensemble of neural networks,

including the VGG-16 [19], Inception [21] (Figure 7) and
ResNet [9] (Figure 8) architectures.

The VGG-16 is a type of convolutional neural network
with 16 convolutional layers and three fully-connected lay-
ers. It uses a very small 3 × 3 kernel for convolutions. The
Inception model is a 27-layered network. It uses a dropout
of 0.7 and convolution kernels of size 5 × 5. The ResNet
is a deep CNN with shortcut connections which performs
identity mappings.

The VGG-16 and Inception models were fine-tuned for
the task by lobotomizing the output layers of the network,
adding an appropriately sized linear output layer and soft-
max layer, and retraining. The ResNet was trained de novo
on the entirety of the publicly available International Skin
Imaging Collaboration (ISIC) dermatological image dataset
[10] over the course of two days. The 3,387 high-resolution
images from this dataset were augmented 50-fold by a se-
ries of scale transformations, blurs, and rotations, that were
precomputed for resource efficiency. The resulting 169,350
images were then used to train and cross-validate the mod-
els.

The final probability score of an uploaded image is the
weighted average of scores from individual models, where
the weight assigned to each model is equal to its testing
accuracy. We obtained a binary classification (benign/ma-
lignant) accuracy of approximately 89.1 ± 1.8% from 10-fold
cross-validation on our ensemble model. Figures 9, 10, and
11 present the training and testing accuracies for the three
models over 200 epochs.

4.2.3 Risk Score
For each patient, a risk score is computed which is based

on a cutaneous lifetime melanoma risk algorithm from [5]:

risk score = α× image score+ (1 − α) × info score (1)

The info score is computed from parameters such as skin
type, hair color, and medical history. This contributes a

input

Conv
7x7+2(S)

MaxPool
3x3+2(S)

LocalRespNorm

Conv
1x1+1(V)

Conv
3x3+1(S)

LocalRespNorm

MaxPool
3x3+2(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

MaxPool
3x3+2(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

AveragePool
5x5+3(V)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

AveragePool
5x5+3(V)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

MaxPool
3x3+2(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

AveragePool
7x7+1(V)

FC

Conv
1x1+1(S)

FC

FC

SoftmaxActivation

softmax0

Conv
1x1+1(S)

FC

FC

SoftmaxActivation

softmax1

SoftmaxActivation

softmax2

Figure 7: Inception Architecture



Figure 8: Residual Network Architecture

relatively small proportion of the overall risk score. The im-
age score is a score computed by the neural network model.
A risk score close to one indicates a high risk for developing
skin cancer, whereas a score close to zero indicates relatively
small risk.

Each new patient upload updates the image score for the
patient as a weighted average of the current image score, and
the probability score (determined from the neural network)
of the new image.

It is computed as follows:

Figure 9: Train/Test Accuracy (Inception)

Figure 10: Train/Test Accuracy (VGG-16 Model)

Figure 11: Train/Test Accuracy (ResNet)

{
(1 − 3β) × scorecurr + 3β × scorenew image score > 0.5

(1 − β) × scorecurr + β × scorenew image score ≤ 0.5

The first update equation assigns a higher weight to the
new image and decays the cumulative score rapidly. This
ensures that if the new image is a high-risk image, the cu-
mulative score is reflective of that change. Here, α and β
are constants. We used a value of 0.8 and 0.25 for α and β
respectively.

5. EXPERIMENT AND EVALUATION

5.1 Method
The study adheres to all guidelines for human subjects

research. Patients were asked to fill out a pre-experiment
questionnaire to obtain basic details such as age, gender,
and medical history, as well as to consent to the use of their
anonymized images for the study. This was done before pro-
viding them an account for DermFollow, to have a baseline



understanding of their skin cancer risk and satisfaction with
their dermatologist.

Following this, patients were briefed regarding the appli-
cation and its features and were given a patient account.
Patients uploaded multiple lesion images over the span of
a week, after which they were asked to complete a post-
experiment questionnaire regarding usability, integration into
their daily activities, and value provided from using the ap-
plication.

Clinician study participants were also given a one-week
window to test the application, during which they reviewed
patient image analyses and interacted with the visualiza-
tions.

5.2 Metrics
Post-experiment patient and provider surveys each con-

tained Likert-scale questions, in which the patient or provider
responded to a statement on a scale of one to five, with one
being strongly disagree and five being strongly agree.

We computed the mean and standard deviation for the
various questions. We additionally asked three questions al-
lowing long-form responses in which the patient and provider
were asked to give their comments on the value provided
from using the application.

Survey questions were grouped into three major categories:

1. Usability/application performance

2. Workflow/integration into daily life

3. Value provided by the application

6. RESULTS
Table [1] and [2] show the responses collected from the pa-

tients before and after the experiment respectively. While 19
patients filled out with pre-experiment questionnaire, only
12 patients uploaded images to DermFollow and completed
the post-experiment survey. Table [3] describes the responses
collected from the single physician participant.

Pre-study patient responses indicated that patients felt
generally neutral when it came to feeling empowered with
regard to their health. Patient surveys also showed that
patients felt relatively neutral with regard to satisfaction
with their dermatologist.

In post-study surveys, patients indicated that the applica-
tion was generally easy to use, reliable, intuitive, and enjoy-
able to use. Patients indicated that the body map feature
was useful, and that DermFollow would increase communi-
cation with the patient’s physician if it were used in clinical
practice.

A few representative free-form responses collected from
patients are as follows:

“I will still see the doctor but this enhances existing com-
munication. It may get some patients to the doctor earlier
when time is a critical factor.”

“Clearly there is value in being able to have a dermatolo-
gist do a quick assessment of a mole/spot on the skin without
having to schedule an appointment and visiting the office.”

“This application would save time going to physician. Ap-
pointments are hard to get with a dermatologist. People don’t
want to take the time to go for check-ups. This application

Table 1: Patient Pre-Study Surveys (N=19)

Category Statement Mean (SD)

Cancer awareness Awareness of skin cancer risk 3.16 (1.64)

Cancer awareness Estimated skin cancer risk for self 2.58 (1.26)

Health empowerment Sense of empowerment in health 3.05 (1.27)

Health empowerment Satisfaction with dermatologist 3.05 (1.31)

Table 2: Patient Post-Study Surveys (N=12)

Category Statement Mean (SD)

Usability Easy to use 4.6 (0.67)

Usability Performed reliably 4.6 (0.67)

Usability Intuitive to use 4.3 (0.98)

Usability Enjoyable to use 4.4 (0.9)

Workflow Did not interfere with my daily routine 4.5 (0.8)

Workflow Fit into my daily routine 4.7 (0.49)

Workflow The body map was useful 4.42 (0.79)

Value Would enhance communication with my doctor 4.58 (0.9)

Value Would increase the quality of follow-up 4.3 (0.89)

Value Would increase the quality of care 4.3 (0.89)

Value Raised my level of health awareness 4 (1.48)

would be useful for this simple fact.”

The provider indicated that the application was easy to
use, performed reliably, and was intuitive and enjoyable to
use. The provider was neutral on whether the applica-
tion would easily integrate into the existing clinical work-
flow. The provider did feel that DermFollow would provide
more data for clinical decision-making, and would enhance
patient-provider communication.

It should be noted that patient and provider sample sizes
were very small (N=12, and N=1, respectively); thus, only
limited conclusions can be drawn as a result of the data
collected.

Table 3: Provider Post-Study Survey (N=1)

Category Statement Mean (SD)

Usability Easy to use 5

Usability Performed reliably 4

Usability Intuitive to use 4

Usability Enjoyable to use 4

Workflow Did not interfere with clinical workflow 4

Workflow Enhanced my clinical workflow 4

Workflow Would easily integrate in clinical workflow 3

Value Would enhance patient-provider communication 4

Value Provided more data for decisionmaking 4

Value Accuracy of application’s risk assessment 3

7. DISTRIBUTION
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Thanh developed the risk score and feature extraction code.
Apurv focused on report deliverables and data collection.

8. CONCLUSIONS AND DISCUSSION
DermFollow helps dermatologists make more informed di-

agnostic and treatment decisions by performing risk analysis
on images of skin lesions. It also performs patient risk scor-
ing, and presents an interactive, user-friendly interface for
both the physician and patient.

Outcomes for patients with skin cancer can be signifi-
cantly improved by early diagnosis [11]. Applications like
DermFollow can serve as important tools that promote bet-
ter patient care and follow-up, by allowing providers to mon-
itor their patients more closely over time.

Further studies will be needed to more quantitatively as-
sess the effects of DermFollow in a clinical setting. Addi-
tionally, further research is needed to determine the most
effective algorithmic approach to perform risk analysis of
skin lesions. As the images encountered in practice are ex-
tremely diverse, a robust ensemble approach will likely be
most fruitful.

9. APPENDIX
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