
● It costs time and money to create 
expert-labeled datasets

● Using active learning and machine learning 
assisted labeling can help reduce the costs
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Our framework contains three key components:
- Segmenter, discriminator, and the oracle
Initial Training
We initialize segmenter and discriminator with 
CBIS-DDSM data.
Active Learning Loop
- The segmenter predicts labels, and the 

discriminator predicts how good they are. 
- We choose images to show to the oracle based 

on the scores, and receive feedback.
- We employ an automated oracle system 

that can approve a label as correct, or 
provide ground-truth labels.

- With the feedback, retrain the segmenter and 
discriminator.

● Active learning can help create mammogram 
datasets more efficiently and economically.

● Querying oracle with best labels led to a 
dataset of 824 good labels with avg 312 
aided by segmenter, comparable to random.
○ ‘best’ produces good labels at a faster rate

● Querying with worst labels led more quickly 
to better segmenter model performance.

Next Step: Improve discriminator accuracy

Active learning: Intentionally choose which 
subset of data to label, with the idea that some 
labels are more informative for training. 
Iteratively query a user for labeling.
Mammogram: X-ray picture of the breast
Segmenter: Deep-learning architecture 
(UNet) we use to label mass lesions. We use 
nnUNet 1, an adaptive UNet implementation..
Discriminator: Convolutional neural network 
(VGG11) we train that assigns a score (0 to 1) on 
the accuracy of labels produced by segmenter.
Oracle: Expert who approves/provides labels.
CBIS-DDSM data2: Curated Breast Imaging 
Subset of Digital Database for Screening 
Mammography, used for initial training.
In-house data: 1136 images from 484 patients 
who received mammograms at Duke University 
Health Systems between 2008 and 2018.
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Flowchart of AL
Flowchart data labelling process (optional)
Line charts (IOU vs. img seen, total approved 
labels vs img seen)
Images showing labelling improvement over time 
(similar to ones made already)

Label improvements over iterations

Key Takeaway: We present an active learning system to label breast mammograms with fewer manual annotations by radiologists. 
Currently, the method with most efficient labeling reduces required expert input by 37.9%. 

How do we choose images to label?

Best
scores

Worst
scores

Given accuracy scores by the 
discriminator, query images 
with the…

Random
scores

Ex 1: Label with good discriminator behavior

(1)

(1) Currently, automated oracle approves labels with IOU 
(intersection over union) of over 0.7. IOU calculates 
overlapping regions between predicted and ground-truth label.

X-Ray True label Iter 30 Iter 41Iter 1 Iter 15

0.60 0.84  0.53 0.60 

Ex 2: Label with bad discriminator behavior
X-Ray True label Iter 30 Iter 41Iter 1 Iter 15

INSERT GRAPH WITH IMAGES SEEN VS 
CORRECTLY LABELLED

Segmenter model performance
INSERT GRAPH WITH IMAGES SEEN VS IOU

Discriminator performance visualization
A

● Examples comparing images with ground-truth 
labels (by expert annotator) and labels predicted by 
UNet on different iterations of active learning 
framework

IOU:

Discriminator Score: 

# approved labels produced by nnUNet

0.72 0.67 0.21 0.78 

IOU Performance of nnUNet segmenter

IOU:

0.37 0.980.55 0.49

Discriminator Score: 0.40 0.550.60 0.55
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Run on 824 images, with random seed 30, 40, 
50 for all except ‘random’ (30)

One iteration complete every 20 images seen
IOU performance evaluated on validation set

Query 
Method

Fraction of approved 
labels

Best 312/824 (37.9%)

Worst 303/824 (36.8%)

Random 317/824 (38.5%)


