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Lunit

Summary
Lunit develops data-driven imaging biomarker, 

a novel AI-powered medical image analysis technology that 
maximizes the diagnostic power of existing imaging modalities.
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What we’ve focused
● Imaging modalities have a huge social impact!

○ Screening modalities where large population may benefit
○ Diagnosis modality where critical decisions occur



Chest radiography

● Detection of pulmonary nodules
● Detection of consolidation/focal lung 

disease
● Detection of diffuse lung disease
● Detection of heart diseases
● Detection of free air
● Detection of aortic diseases
● Detection of bony abnormalities

● Assessment of normal vs. abnormal
● Tentative differential diagnosis



Mammography

● Detection of significant breast lesions
● Assessment of BI-RADS category
● Assessment of breast density
● Assessment of overall cancer probability

● Prediction of “masking” probability and 
quantitative recommendation of further 
examinations (ex. DBT, USG, MRI)

● Prediction of LN microinvasion/metastasis



Digital pathology

● Digital era of pathology is coming
● Pathologists can read digitized 

slides rather than looking slides 
through microscopy 

https://www.fda.gov/NewsEvents/Newsroom/PressAnnouncements/ucm552742.htm



Where We Are



Diagnostic features



Where we are

“Breast Cancer Screening.”, Medscape, 2015
http://emedicine.medscape.com/article/1945498-overview

32% of cancers are missed in mammography screening.

“Diagnostic Concordance Among Pathologists Interpreting Breast Biopsy Specimens”, JAMA, 2015
http://jama.jamanetwork.com/article.aspx?articleid=2203798

25% disagreement among pathologists interpreting breast biopsy 
specimens.

Lack of tool for quantitative differential diagnosis of chest x-ray.

“Difficulties in the Interpretation of Chest Radiography”, Comparative Interpretation of CT and Standard Radiography of 
the Chest, Springer, 2010
http://link.springer.com/chapter/10.1007%2F978-3-540-79942-9_2 

http://emedicine.medscape.com/article/1945498-overview
http://jama.jamanetwork.com/article.aspx?articleid=2203798
http://link.springer.com/chapter/10.1007%2F978-3-540-79942-9_2


"They should stop training radiologists now. It’s 
just completely obvious within five years deep 
learning is going to do better than radiologists. 
.... It might be ten years.”

- G. Hinton

Where we are going

https://www.youtube.com/watch?v=2HMPRXstSvQ

http://www.youtube.com/watch?v=2HMPRXstSvQ


Medical imaging applications

Litjens, G. et al. (2017), “A survey on deep learning in medical image analysis”, arXiv:1702.05747v2

● Mammographic mass classification
● Segmentation lesions in the brain
● Leak detection in airway tree segmentation
● Diabetic retinopathy classification
● Prostate segmentation
● Nodule classification
● Breast cancer metastases detection in lymph nodes
● Skin lesion classification
● Bone suppression in chest x-rays

Applications in which deep learning 
has achieved state-of-the-art results



Model Development



Model development process
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Medical images and neural networks

● There are unique characteristics of medical image data!
○ high resolution compared to natural images
○ relatively small ROIs

○ noisy labels
○ difficult to have large-scale training dataset and supervisions



Our Experience



How to get clean data?



Ambiguity of labels

● Mitosis detection task



Ambiguity of labels

● Mitosis detection task

Veta, M. et al. (2014), “Assessment of algorithms for mitosis detection in breast cancer histopathology images, arXiv:1411.5825



● Labeling on chest X-rays (CXRs)
○ randomly split dataset into two groups
○ assign each group to a radiologist

● Even CXRs, a high degree of inter-reader variability can be observed.
● We should have the ground-truth labels!

Ambiguity of labels



How to get large-scale data?



Weakly supervised approach 

● We want to detect lesions without any location information!

Zhou, B. et al. (2015), “Learning deep features for discriminative localization”, CVPR



Weakly supervised approach!! 

Hwang, S. and Kim, H.-E. (2016), “Self-transfer learning for weakly supervised lesion localization”, MICCAI



Weakly supervised approach!!!!

Kim, H.-E. and Hwang, S. (2016), “Deconvolutional feature stacking for weakly-supervised semantic segmentation”, 
arXiv:1602.04984v3



Weakly supervised approach? 

● Why did this happen?
○ There are some hidden biases!
○ We need an unprecedented amount of data to resolve this!



Sample VS Population

Our dataset is NOT unbiased, representative, random sample!



● “The real safety question is that if we give these systems biased data, they will be biased”
● We should be carefully looking for hidden biases in our training data.
● A study group should reflect the larger population in question.
● Biased data produce skewed results.

Biased algorithm?

http://www.digitaljournal.com/tech-and-science/technology/google-ai
-chief-claims-biased-not-killer-robots-are-big-danger/article/504460 http://www.hcanews.com/news/why-healthcare-must-beware-of-bunk-data



Which dataset is important?

Training Validation Test

● Validation set defines the target space of our model.
● Training set? at least, we can try to resolve them!



So?

Semi-weakly supervised approach!



Revisited: Product development process

● Construct initial dataset
● Train model
● Evaluate model
● Analyze evaluation result

○ no matter the result is good or bad
● Improve model

○ get additional data
○ develop algorithms

Data

Modeling Analysis





Clinical study on chest radiography (2017, RSNA)



Establishing actual user cases

• Cooperation with Republic of Korea Army 
in applying Lunit Insight in battalions 
without adequate medical support

The Armed Forces Medical CommandKorea National Tuberculosis Association

• Integration of Lunit Insight in national 
tuberculosis screening systems

• Benefit: 2-stop clinic → 1-stop clinic



Lunit Insight

Cloud based analytics solution (Backend + web frontend)
Detects lung abnormalities 

(Lung cancer nodules, tuberculosis, pneumonia, pneumothorax)
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