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. Image Requirements e The same dataset is organized in two separate ways to train two different models: C 1 .
IntrO duCt].On e |Images for training and testing must be deidentified OMERACT scoring and SjS detection OHC u810n
e Images must be grayscale

Motivation: e Fortraining and testing, images will be separated in a 7:3 ratio Class Distribution of OMERACT Training Set Class Distribution of SjS Training Set ) Detection
007 e High accuracy points to the validity of the model

Baseline Model (K Nearest Neighbour) ‘ 25001 e More balanced dataset is needed to further train and test its performance

e Calculates the distance between the new data point and the existing data

e New data points are assigned the value of the average classification based on the
nearest data points

Improve Diagnostic Accuracy for Sjogren’s Syndrome (SjS)

e Eliminate inter-reader variability in ultrasound interpretation under the OMERACT
(Outcome Measures in Rheumatology) grading system

e Reduce inconclusive results provided by the OMERACT grading system
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e The large difference between the baseline models and the final model indicates the

N , nigh dimensionality and complexity of the classification
Facilitate a more prompt response to patient needs :
' ' ' ' Baseline Model (CNN)

— , , , . Fine adjustments of the layer parameters are likely to be needed
e Eliminate the need for manual, time-consuming assessments of ultrasound images , Optimizer Adam 0 . L . . .
e Simple two-layer CNN 0 1 ® Processing time is dependent on the machine; with an Apple Mac Studio M1 Max a

e Provide real-time diagnostic results Loss Function Cross-entropy Loss [11] Clase . . . |
tey) =L =1} Subjects negative for SjS are assigned O, oatch of 1273 images can be processed in under two minutes and thirty seconds
) — — 1 Yy

subjects positive for SjS are assigned 1 VGG-19 model takes up around 300 MB of space on disk
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Additional Model Parameters .

Number of Images
Number of Images

Final Model (VGG-19)

Background: e Atype of CNN and DNN P,

e : , : , : | =—w log— — -1 i istributi .
SjS is an autoimmune disorder that is generally characterized by two main symptoms e 19 pre-existing convolution layers n Vy 09 5 e ) V) Solutions to Unbalanced Class Distribution Current Models:

[1,2]: e Used with CT scans and X-rays[9,10] =1 e Differential class weights total number of training samples e Retrain with more comprehensive datasets

° dryness of the eyes Learning Rate Exponential [12] e Data Augmentatlon % {ny '""nyc}

Scheduler e 5 \ Model
e dryness of the mouth ="M 7Y Equation for calculating class weights W MOJel.

This results in dental cavities, yeast infections, vision problems, etc. Testing Procedure e Build a Neural Network that takes multiple images as input to minimize information
e Use a dataset separate from the training set for testing loss

Use the trained model to classity each image e Optimize for training time based on layer architecture

1

The OMERACT is a scoring system that Parotid gland Submandibular gland

Normal parenchyma
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utilizes salivary gland ultrasounds to e r— Grade 0 Em———m——— I ralnlng & eStlng : compare the predicted label with the target labe

Produce confusion matrices and accuracy scores Graphic User Interface (GUI)

diagnose SjS. There are 4 possible : .
grades (shown on the right) Flow of Data in Models e More user functions

e More aesthetically pleasing
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with focal anechoic/ KNN ConfUSiOn Matrix
hypoechoic areas

This method is extremely subjective as . Tested into a TRAINED ML Model Predicti . .
Y =ub)] Testing Data o KNN Confusion Matrix 42 | 80 | 13 |237%

doctors analyze these ultrasounds . Rheumatology, vol. 44, no. 11, pp. 1354-1367, 2005. doi:10.1093/rheumatology/keh714
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with anechoic/
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diagnosing SjS however they are often
very invasive such as the Schirmer Tear e
Test, Lip Biopsy, Blood Tests, etc [3-6].
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AN

| brain. VGG (Visual Geometry Group)
11/x 112 x 128 convolution+ReLU .
B i poating is a type of CNN and DNN that have
(i_—ﬂ fully connected+ReL.U .
proven to perform well for various
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Specifications & Design _ :;

VGG Confusion Matrix 27 8 O |551%

Client Requirements
e Detect SjS from ultrasound images; OMERACT grading function is preferable
e Real-time analysis of images for usage in clinical practice

o 9 88 | 9.3%
55.5%

1176 | 99.9%
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79.5%

Output Label
Output Label

Team Requirements ' 3. 90.0% | 93.0% | 93.0%



https://theyenews.com/schirmers-test/
https://www.healthline.com/health/salivary-duct-stones#outlook
https://www.hopkinssjogrens.org/disease-information/diagnosis-sjogrens-syndrome/labial-gland-lip-biopsy/
https://medicine.uiowa.edu/iowaprotocols/lip-biopsy-sjogrens-syndrome-minor-salivary-gland-biopsy-using-chalazion-clamp
https://medicine.uiowa.edu/iowaprotocols/lip-biopsy-sjogrens-syndrome-minor-salivary-gland-biopsy-using-chalazion-clamp
https://learnopencv.com/understanding-convolutional-neural-networks-cnn/
https://pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.ExponentialLR.html
https://scikit-learn.org/stable/modules/generated/sklearn.utils.class_weight.compute_class_weight.html

KNN Confusion Matrix

KNN Confusion Matrix

True Label
- neg pos
O —
93 neg 2 1
T ©
8 —
a- pOS 8 1263
Accuracy 99.3%
CNN Confusion Matrix
True Label
- neg poOs
o —
Q3 neg 2 O
T G
8 —
o posS 8 1264
Accuracy 99.4%

True Label
— 0 1 2 3
% 0 42 42 80 13
3
ks 1 20 | 203 | 207 | 16
5 2 | 155 | 448 | 36
= 3 1 O O 2
Accuracy 54.47%
CNN Confusion Matrix
True Label
— O 1 2 3
'§ O 27 15 28 4
3
ks 1 18 | 176 | 199 | 14
5 2 29 | 201 | 285 | 34
= 3 O 8 23 15
Accuracy 54.47%

VGG Confusion Matrix

9 88
1 176
Accuracy 93%




e Your poster should cover the KEY POINTS of your work. The ideal poster is designed to 1) attract
attention; 2) provide a brief overview of your work; and 3) initiate discussion and questions.

e Make your poster attractive. 1hink about what attracts you to posters and other visual displays.
Wherever possible, use pictures, diagrams, cartoons, figures, etc., rather than only text.

e The title of your poster should appear at the top in CAPITAL letters at least 50 mm (2") high. Below the
title, put the author(s)' name(s) and affiliation(s). The smallest text on your poster should be at least 9
mm (3/8") high, and the important points should be In a larger size. See the font size legend at the end
of this document.

e Poster stands with corkboard will be provided for the poster session. They measure 122 cm tall x 182
cm wide. Push pins for posting your material on the board or tape will be provided.

e Carefully prepare your poster well in advance of the presentation. There will be no time or materials
available for last minute preparations. If you think you may need certain materials (i.e. extension cord),
BRING THEM WITH YOU.

e Methods of printing and creating your poster

o The cost is the responsibility of the students; the department does not pay for poster printing and you
should not expect your client to pay for the poster.

o Posters can be printed at College (Helen C. White) Library or Steenbock Library. Other on and off
campus resources and companies exist as well. The cost ranges from $30-$90. Be sure to have them
printed early as everyone might be trying to print at the same time.


https://www.library.wisc.edu/locations/printing/poster-printing/
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