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BACKGROUND

« Melanoma is the deadliest form of skin cancer and survival rates drop significantly

after metastasis. Despite increasing awareness of malignant melanoma’s dangers Personal Image Classifier ‘ o |
over the last few decades, clinical diagnostic measures for melanoma are still PR .
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Melanoma misdiagnosis accounts for more pathology and dermatology BbElComeetnees _‘j(,. 5(),‘,3'4 ’ e ! . ! 2 a # 7
malpractice claims than any cancer but breast cancer due to the fatality of early Eebeled CatEcy EabelCdRIcoEcy, r=-1.645 »=1.645
misdiagnosis in significantly reducing a patient’s chances of survival. - RES U LTS
One of the greatest barriers to accurate melanoma diagnosis is melanoma’s O eyt N | Q £ . Figure 6. For the classification of benign pigmented lesions as well, a two
manifestation as colored lesions. Malignant melanoma can mistakenly appear as ;;;Zit ' 4 : Hahlen Malignant Table 1. Observed chances of Malignancy or Benignness as detected by tailed t-test revealed DermaDiagnosis was able to significantly differentiate
benign lesions (false negatives) and similarly benign pigmented lesions can Melanoma: 0.00421 o st s DermaDiagnosis when tested with 360 Benign Melanoma images. between chances of malignancy and benignness (p < 0.0001).
clinically simulate malignant melanoma (false positives). Label Comcinoss e B Malignant Benign

elanoma . ». o s ! Melanoma: Melanoma:
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- Though proper histologic examination of pigmented lesions is vital to ensuring ) G Clear Clear Group X o R B t Fi Th
proper diagnosis and treatment, often dermatologists have to sample multiple . ((Malignant 0.94824) (Benign 0.05258)) igure 7. e
biopsies (5 - 10) for pathological analysis further meriting the importance of non- - : ) : Benign  .9301421 1117578 360 .0059 718 (0.844,  103.6487 S — T DermaDiaanosis a offers it
invasive diagnostic measures for melanoma early on. Figure 2. A Cross sec.tlon of _the algorithm d|SF_)|ayS how the 0.8766) el e o el 15 g N PP _

program is able to differentiate between malignancy and Malignant .0698579 .1117578 360 . 0059 718 (0.844, 103.6487 users the ability to classify
benignness to the accuracy of 5 decimal points. 0.8766) pigmented lesions as

melanomas with preexisting
Images on the smartphone
or through its “Classify Video
Data” option. The app
doesn’t provide clinical or
medical advice.

1. Melanoma images for training the machine learning model were accessed from the
publicly available Kaggle dataset named, “Skin Cancer: Malignant vs Benign,” and is
credited to Claudio Fanconi (https://www.kaggle.com/fanconic/skin-cancer-malignant-vs-
benign). In this dataset the model was trained on 1440 benign and 1197 malignant
melanoma images and was tested with 360 benign and 300 malignant melanoma images.

MIT App Inventor’s “Personal Image Classifier” program

(hitps://classifier.appinventor.mit.edu/oldpic/) - normally intended to differentiate between

facial expressions - was modified with different parameters for pigmented lesion analysis > Vo des o

and identification of malignancy. Two categories respectively titled “Benign Melanoma” P-Value=0.0001
and “Malignant Melanoma” were created. The 1440 benign pigmented lesions were f % } f % f ? %
manually deposited into the “Benign Melanoma” category as was done for the malignant -3 - -3 -2 -1 0 I 2 3 4 ~
melanoma images to train the machine learning algorithm with a sufficient amount of test z=10

s e e DISCUSSION

Using the parameters shown and explained in Figure 3., the model was then trained and
tested by manually depositing 360 benign melanoma images into the “Benign Melanoma”
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category and 300 malignant melanoma images into the “Malignant Melanoma” category. Figure 5. Two tailed t-test comparing the chances of a pigmented lesion *To my knowledge, this is the first study that utilizes a preexisting
4. Orce the model was develoned and testod. f was downloaded oot o and th manifesting as benign or malignant melanoma as detected by the machine learning framework for medical applications and sets a
nce e model was developed and tested, It was dowhloaded as an "aia ‘iie and the DermaDiagnosis system revealed a significant difference between both groups - i - i i
following methodology outlined by MIT App Inventor was followed to translate the (p<0 OOOS'IJ) A si };ﬂficant difference ir?dicates that the svstem’s efficac gin P precedent for more pOSS|b|e medical teChnOIOQY Innovations In
algorithm model into a functioning smartphone, Android application - dpetect.ing mélanor?ma and differentiating between maligngncy and benigynness the future. My current findings are suggestive of DermaDiagnosis
. . . . . https://drive.google.com/file/d/TNwWYALyY5VILNR _38jnYdbMQBX4aJzppKy/view. : : : :
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