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	Abstract:
	The author will present results from a clinical study conducted for a machine learning driven mobile phone app, Derma AidTM, for diagnosis of 40 skin diseases in India.  A total of 5014 patients were evaluated by the m-health app and the results compared against dermatologist diagnosis. The app demonstrated an overall top-1 accuracy of 76.93 +/- 0.88% and a mean area-under-curve of 0.95 +/- 0.02. The study underscores the utility of the AI-driven smartphone applications as a point-of-care, clinical decision support tool for dermatological diagnosis of skin diseases in patients of colour.   The results presented here are from the full paper with DOI: 10.1111/jdv.16867. Please refer to this for the full details. The next steps is where the author has started to identify follow-up items that can be part of the Derma TG.






Introduction & Background
The study aimed to develop a convolutional neural network (CNN)-based algorithm trained with clinical images of 40 different skin diseases. A user-friendly, smartphone app was also generated, and a clinical validation study on 5014 patients was done by physicians in urban, rural primary care and tertiary care set- tings. The app’s analysis of a single image of the lesion was compared to the consensus diagnosis made by two board-certified dermatologists. Only patients, for whom the treating board-cer tified dermatologist was confident of the diagnosis and the diagnosis was cross-verified by another board-certified dermatologist, were included. If there was no consensus then the patient was excluded from the study.

Methodology & Results
Model performance was measured in terms of per disease sensitivity, specificity, positive predictive values (PPV) and negative predictive values  (NPV),   area-under-the-curve (AUC) and mean AUC. Mean values with standard deviation were shown for disease-specific sensitivities, specificities, PPV, NPV and overall accuracy of model and app with 95% confidence intervals (CI) were calculated. Receiver operating characteristics (ROC) curves were plotted using probability scores for each of the disease classes by varying the cutoff threshold.  The threshold varied from 0 to 1 in equally spaced intervals and the sensitivity and specificity for each disease were measured as they changed. We used this data to calculate the true positive rate (same as sensitivity) and the false-positive rate (1 – specificity).  
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Figure 1: This ﬂowchart depicts the different steps in data collection, algorithm generation, algorithm testing, app generation and app validation in clinical studies.
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Figure 2: This shows the number of patients, AUC, Top‐1/Top‐3 sensitivity, speciﬁcity, positive predictive and negative predictive values for combined clinical data from three different clinical settings

Next Steps
The above study followed a typical flow for clinical validation of an AI-driven decision support application.  However, there are several things that need more discussion, robustness for adoption in real clinical settings and provide positive patient outcomes.  Some of the things we identified:
a. Images have a significant impact on the quality of results. The image zoom level, resolution, lighting, distractions such as clothing all impact the quality of results.
b. Training of Physicians also has a significant impact.  Just being able to capture the images is not sufficient.   A physician or a patient (in a telemedicine setting) has to understand or be guided about how to capture the disease lesion information.
c. There needs to be mechanism to capture patient symptomatic, history and other aspects that are typically captured when a patient sees a dermatologist in person.
Here are some of the Needs we identified. There are probably others that this WG should brainstorm on.
a. Support API and algorithms for Image quality checks for appropriateness for diagnosis
b. Support API and algorithms for additional patient clinical symptomatic information and patient history to supplement diagnosis. This should include meta-data for patient history and optionally support voice data.
c. Support algorithms for disease progression analysis
d. Support for prescription, treatment, history. 
Several of these aspects can also be generalised to how a one can standardise and drive interoperability for images and patient history captured on mobile device. 

References 
1. A machine learning-based, decision support, mobile phone application for diagnosis of common dermatological diseases, DOI 10.1111/jdv.16867


____________________________

image1.gif




image2.png
Data
collection

finetuning &
validation

Algorithm

App
development

Public database of annotated images for
40 skin diseases + normal skin + nonspecific

Private data classified by board certified
dermatologists
N=8205

N=

.203

L

CNN training images N =12,350
CNN testing images N =3,068
(1990 nonspecific images not included)

v

Comparison of model diagnosis against
predetermined classification

v

15,418 images used for training of model to
generate smartphone app -

v

‘App testing on rural primary-care patients
N=932

[App tested by physicians and compared with
dermatologists' diagnosis. N = 5,014

‘App testing on urban, private clinic patients.
N=383

M

Determination of app’s overal sensitivity and|
disease-specific sensitvity, speciicity, PPV,
NPV and AUC values

‘App testing on urban tertiary hospital patients
N=3699





image3.png
s.no.  Disease class Number  AUC- Top-1 sensitivity  Top-3 Top-1 Top-1PPV  Top-INPV
of patients _clinic % (c1) sensitivity % _ specificity %
1 Ame 592 098 8986 (87.15-92.13)  97.97 9819 8.92 9864
2 Alopecia 184 097 8011 (8255-9236) 9622 9928 8232 9954
3 Anogentalwarts 3 085 5714 (3935-7368) 7143 9970 5714 9970
4 Basalcellcarcinoma 123 098 9355 (87.68-97.17) 9758 9851 6138 9983
5 Bowen's disease 1 o7 4545 (1675-7662) 5454 9990 5000 9988
6 Bulous pemphigoid 16 073 3529 (1421-6167) 47.06 100,00 100.00 9978
7 Candidiasis 16 081 4118 (1844-67.10) 6471 9980 a8 9980
8 Discoid lupus a7 090 6042 (4527-7423) 8333 99.20 42.03 99611
enythematosus
9 Ecema 432 087 5429 (49.46-59.10) 8190 9758 67.83 9578
10 Fixed drug eruption 12 087 4167 (1516-7233)  75.00 9970 2500 9986
11 Herpes zoster 38 089 66,67 (4976-80.91) 79.49 9960 5652 9974
12 Hidradenitis suppurativa 32 097 93.947978-99.26) 9394 9962 6200 9996
13 lenthyosis 2 093 8181 (5972-9481) 8636 9978 6207 9992
14 Impetigoand Pyodermas 109 089 5727 (4748-6666) 8272 99.04 5727 99.04
15 KebidsiHypertiophic scar 128 091 73564 (65.16-8100) 8450 99.44 87 9930
16 Lichenplanus 170 088 6950 (6210-76.38) 84.80 9566 3617 98.89
17 Lichen sclerosus 17 086 4440 0153-6924) 7222 99.90 6154 9980
etatrophicus
18 Melanocylicneviole 138 083 4317 (3480-5183) 6763 9979 871 98.40
19 Melasma an 09 8380 (80.00-67.89) 9436 9848 7677 9902
20 wiia 36 094 59465 (4300-75.25) 8920 9982 7097 9970
21 Molluscum contagiosum 51 098 84562 (71192-93.11) 9615 9893 4536 9984
22 Pemphigus 102 092 67.96 (58.04-76.81) 85.44 99.00 5882 9932
23 Pityrasis rosea 2 090 5238 (2976-7429) 8095 99384 57.90 9980
24 Pityrasis versicolour I 095 7564 (6460-8465) 9231 9913 5784 9961
25 Psoriasis 394 093 167 (1322-8168) 9315 96.08 6284 98.05
2 Rosacea 1 091 4167 (1516-7233) 8333 9982 371 9986
27 sevomhoeickeratosis 41 085 5238 (36.42-68.00) 7143 9957 5000 9960
28 Squamous cell carcinoma 13 09 7857 (4920-9534) 9286 9964 3793 9994
29 Tinea capitis 2 087 5455 (3635-7189) 7576 9990 7826 9970
30 Tinea cruis, corporis 545 095 8169 (78.18-8484) 9622 %75 7547 9773
orfaciei
31 Tineapedss 10 075 4000 (1216-7376)  50.00 9990 4444 9988
32 Tinea unguium 64 09 7692(641-86.47) 9231 9970 7692 9970
3 Uticaria 60 091 55744246-6845) 8197 9978 7556 99.46
34 Vielwarls 47 093 7094 (6292-78.11) 8987 9811 5330 9911
35 Viliigo/ Leucoderma 254 098 9204 (89.07-9576) 9765 976 8007 9962
36 OverallMean 254 090 0.07 75.07(7375-7636) 89.62 99.11 6146 9935
5.0/ 95% C.I. (88.67-90.52) (99.06-99.15)  (55.77-67.14)  (99.07-99.62)





