ClarifAl - Detecting Breast Cancer with Al

@, ClarifAl

Allison Everett, Arianna Ruiz, Jordan Ghee

Research Question Methods and Materials
How can we develop a machine learning # Setup weights_path = "/kaggle/input/effic weights_path = "/kaggle/input/effic
mOdel tO aCCUI'atEIy data_dir = "/kaggle/input/breast—ca ientnetb@/efficientnetb@_notop.h5" j_entnetb@/effj_cj_entnetb@_notgp,h5"
detect breast cancer on scans? ncer-screening-dbt/Breast-Cancer-Sc
reening-DBT" # Replace with your ac base_model = EfficientNetBO(include base_model = EfficientNetBO(include
) tual dataset path _top=False, input_shape=(img_heigh _top=False, input_shape=(img_heigh
|ntI’OdUCtI0n img_height = 224 t, img_width, 3), weights=weights_p t, img_width, 3), weights=weights_p
img_width = 224 ath) ath)
. . batch_size = 32 base _model.trainable = False # Fre base_model.trainable = False # Fre
Cancer is a disease caused el = T ave base model eze base model
by the uncontrolled
growth of abnormal cells Data Setup: Our model uses images Base Model: We chose EfficientNet-B0 as Training: As we trained our model, we
nt]hf‘tt, ‘lg”,‘r’]re ?ﬁgfelscteﬁlitggn from the Cancer Imaging Archive, which  our base model because it has been used in  noticed certain issues that we addressed in
UL 1NG. . : . . . ey :

Sprepaz aﬁd form tumors contains 5,060 mammograms which are  a medical context in other studies, and it is order to improve the accuracy. Some
disrupting healthy tissue separated into four categories: normal, well equipped to classify images (Keras). changes we made along the way include,
functions. Breast cancer, is actionable, biopsy-proven benign, and For the first training phase, the layers of data augmentation, sparse categorical cross
one of the most common biopsy-proven cancer (ICIA).The code the base model were frozen in order to entropy, unfreezing layers, and the code
forms of cancer, affecting above shows the connection to the reduce the risk of overfitting. Later on, shown above allowed us to save our progress
Mmany (Cleveland Cl]mC). dataset and its CategOrieS. some layers were unfrozen for ﬁne-tuning. without restarting after each impr'OVGment.

Advantages of Al Literature Results
' ' 1t] Training and Validation Loss .y
o Al can draw | Earl}/ detecFlon of cancer is critical for - g — % Initially, the model’s accuracy was
conclusions from improving survival rates. For example, breast G irpye 4 25% inds _ X N
thousands of images cancer detected at stages 1 and 2, has a |l arourﬁ £97%, Indicating that the
5-year survival rate of 99%, however survival predictions were random
% Al can pick up subtle rates drop to 31% as breast cancer spreads in S i '
cigns of cancer that P : er sp g 1300 % After refining, the accuracy increased
stages 3 and 4. The use of Al will allow for o
the human eye . . . | to 37%
. earlier detection, with the goal of 1342 1 . . :
misses | sromoting higher % After each interaction, the model’s
¢ Radiologists can use survival rates. Scientists T N\ predictions became more accurate (see
Al as a t.OOl.tO alre .Cooncerned about 00 05 10 15 E:;gh 25 30 35 40 Tra'ln'lng and Val]dat]()n LOSS)
determine if more overfitting in Al models,
testing is required where the erform well Training and Validation Accuracy )
=yp . These results imply that our Al model
on training data but
struggle with new data. can correctly detect cancer on
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