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Cervical cancer is the fourth most common cancer worldwide, with
roughly 600,000 new cases and 300,000 deaths annually [1]. While
cervical cancer may be prevented with timely screening and

Train and Validation Loss

Models initialized with pretrained weights perform best, but start to strongly overfit after epoch 20.
The randomly initialized ResNet34 might profit from further training.

Validation F1 Scores

The models converge to a new optimum of class level F1 scores at optimal validation loss (grey line),
particularly pretrained models. Further training does not improve the scores significantly.

treatment, the selection of the most effective management protocol
is dependent on type of the transformation zone (TZ) of the cervix,
which may be determined through colopscopy. However,
determining the type of a patient’s TZ can be difficult, even for
trained providers using colposcopy, and no computer vision-based Y
algorithms currently exist to address this problem. '
To confront this issue, we propose a convolutional network pipeline
capable of determining the TZ type using the Intel/MobileODT
database of images recently released on Kaggle.
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With a simple transfer learning approach that builds off the Resnet o 0.2
architecture, we were able to achieve position 51 out of 753 '
teams on the Kaggle leaderboard with a loss of 0.64971 on the
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leaderboard test set.
0 20 40 60 0 20 40 60 O 20 40 60 O 20 40 60 0 20 40 60 O 20 40 60 O 20 40 60 O 20 40 60

Epoch Epoch
Set

Fitted on train set (30% + additional) and evaluated on validation set (50%)

train -@- val Class Type 1 & Type 2 Type 3

Fitted on train set (30% + additional) and evaluated on validation set (50%)

Type 2
Train data (30/50/20) 250 781 450
Additional train-:lelta: 1,191 83’251657_ 1,076 Pe rformance on TeSt Set Kagg Ie LeaderbOard

Test set 512 images (unlabeled)
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ResNet-18 0.40 0.67 0.55 0.87 0.60
ResNet-18 (pre) 0.62 0.76 0.66 0.72 0.71
ResNet-34 0.22 0.66 0.42 0.93 0.55
ResNet-34 (pre) 0.58 0.73 0.67 0.72 0.69

Models and Experimental Setup Augmentations

- Standard transfer learning pipelines are sufficient for
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