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Department of Computer Science
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1970: Founded with curricula in 
Computer Science.
Peter Naur first Head of Department

2005: Turing award to Peter Naur

2014: ACM lifetime 
achievement award to 
Neil D Jones
2008-12: New Interdisciplinary 
curricula in health, 
communication, and cognition
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DIKU 6 Research Sections
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DIKU research laboratories
Robotics Lab
Personal Digital Fabrication (e.g. 3D printing)
Computational Resources
Virtual Reality/Augmented reality
Makerspace (e.g. Internet-of-Things )
Lego Lab
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Complicated models for population and 
personalized health studies

2/28/20
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Biomediq  
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KneeIQ for Surgery Planning 

Osteoarthritis results in deformed bones and loss of cartilage in the major joints. This causes pain and 

reduced range of motion, eventually making joint replacement surgery necessary. Our KneeIQ software 

framework can automatically segment and quantify bone and cartilage from MRI knee scans – assuming 

the knee is not too abnormal. We wish to make this technology robust enough to handle knees that are 

ready for joint replacement. This will support surgery planning, a growing billion dollar industry.  

Before joint replacement surgery (JRS), the knee is segmented 

from an MRI. This allows design/selection of a proper joint 

implant. This segmentation is done manually by trained 

technicians that spend 2-8 hours per knee. With overhead, this 

costs around USD 100-200 per knee (using cheap labor).  By 

semi-automating the process, we can save most of the manual 

labor, and at the same time allow much faster turnaround from 

knee scan to knee surgery (from weeks to days). By shortening 

the surgery turnaround, we can expect to make USD 100-200 per 

knee even if some manual labor is still needed.  

The illustration shows a slice from a knee MRI with the knee 

model resulting from fully automatic segmentation. The 

illustration includes the Tibia bone (green), and the tibial and 

femoral cartilages in the medial compartment. The cartilages are 

colored by thickness (blue is thick, red is thin).  

Around 500.000 knee JRSs are performed yearly in the US. This 

number is expected to increase due to an ageing and increasingly 

obese population. A few large companies have large shares of 

the worldwide market (Stryker USD 7 bn yearly turnover, DePuy 6 bn, Zimmer 4 bn, Biomet 3 bn). We have 

positive contact with Biomet that takes care of around 100.000 knees per year worldwide. 

A single customer in the Biomet scale can generate USD 10-20 mil yearly turnover for Biomediq. Currently, 

no companies have technology solving the segmentation problem. Following a successful market 

penetration for segmentation, we could continue with R&D into automated surgery planning (transplant 

design). Or continue with other joints, where hips are now requiring 200.000 operations per year in the US.  

Our existing technology can handle knees that are not too abnormal. We need to mature our automatic 

segmentation and integrate a semi-automated, interactive refinement step that allows correction where 

needed. It is estimated that 5-10 minutes of interaction should be sufficient for interactive correction. The 

implementation and validation of the full pipeline is expected to require 2-4 man-years. The operational 

computation pipeline for a Biomet-scale customer would require computer power and 

installation/electricity expenses of less than USD 100.000 per year.   

Erik Dam, Biomediq, March 1, 2012 
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Researchers at Oxford University:

Within 20 years 47% of all american jobs 
and 54% of all European jobs will disappear
due to automatisation.

Radiomics
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Radiomics

Volumetry

Edginess

Blobbyness

Histogram
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Learning Tumor
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Reasoning

Aristoteles 384-322 BC
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Inference from examples
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Precise description of learning
Data x
Label y: si = (xi, yi)
S = { s1, s2, … , sN }; 

Machine learning:
y = f(x, Θ)

Find Θ
so f fits y 

as well as possible
on new data 

Generalisation
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Deep learning and CNN
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Segmentation: Fully Convolutional
Neural Networks
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Medical imaging
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Extreme development
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Impact

2012

2013

2016

2017

2018
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AI in healthcare

Resource management
- workflow optimization

Diagnosis/treatment planning support
- quantification and disease modelling
- personalized medicine

Automated diagnosis/treatment planning 
- Big data and quantification
- Personalized medicine

Automated treatment
- Robotics
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Ressource management

Forecasting of resources
Patients on need of XX, YY

Stock of resources of limited durability

Forecasting of risk
Pathology

Screening
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Diagnostics

Diagnostic workflow
- time efficiency
- scanner efficiency
- triage
- reading help

similar case finder
augmentation
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Breast Cancer Screening
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Mammographic Breast Density
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Breast cancer risk [1,2]
Masking risk  [3]

[1] V. A. Mc Cormack et al., Cancer Epidemiol Biomarkers Prev, 15-6, 1159-69, 2006
[2] C. M. Vachon et al., Breast Cancer Res, 9-6, 217, 2007
[3] P.A. Carney et al.,  Ann Intern Med, 138, 168-175, 2003
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Training design – mammographic 
cancer risk
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Baseline / prior

Healthy

Healthy

Healthy

Cancer

Follow-up

Can we separate at baseline?
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Odds ratios for different combinations of texture-
density 
54808 mammograms from November 1 2012 to 
December 31 2013, Capital Region of Denmark

INTERACTION WITH DENSITY
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SCREENING INTERVAL

MT-1 MT-2 MT-3

VD-1 38 35 36

VD-2 24 24 19

VD-3/4 22 16 14
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COST AND BENIFIT

Benifit: We detect cancers with screening interval on 
average 16%  (2 months) shorter

Cost: 30% of women (19% of cancers) have a longer 
screening interval (>24 months)

Should we treat the women or the cancers equal?
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AI properties
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AI Performance
Performance

Generality



Mads NielsenDeep Learning

AI Performance
Performance

Generality

Human Performance
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AI Performance
Performance

Generality

Human Performance

Detection

Regression

Causation

Motivation
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AI Performance
Performance

Generality

Human Performance

What?
When?

How?
Why?
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AI Performance
Performance
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NLP LAB

Ethics
Finance

Health

Law

Science

Logistics
Education

Media
Manufacturing

Talent
Data

Computers




