
Mining Science Data for Medicine

Steve Watts

School of Physics and Astronomy
The University of Manchester

Manchester, UK

Stephen.Watts@manchester.ac.uk Big Data In Medicine: Challenges and Opportunities,  CERN June 6/7 2019



Background to talk – Four connecting parts.

Q. How did a particle physicist get involved in ML for medicine ?

A. Network in Radiotherapy associated with a new proton beam therapy centre

Part 1) Spin Out from this has been ML projects with medical profession. Early 
days.

What has been learnt so far ?

Part 2) Data confidentiality – Role for Distributed Machine Learning.

Part 3) What on earth are the algorithms doing – can you explain please !

Not how they work but why they work and how to explain this to a non-expert –
the patient !  What is the black box doing ?

Part 4) Thoughts on how to solve 3) !

Finally - Conclusions



PART 1 - Proton Beam Therapy  - The Christie Trust - Manchester

£125 m 
Investment
Open Dec. 2018
Treated its 1st

patients.
750 per year planned

PBT research is undertaken by the
PRECISE group (Proton research at The
Christie and the University’s Division of
Cancer Sciences). The group has a
dedicated research facility – known as
the ‘research room’ within the clinical
proton therapy centre aimed at
addressing these challenges.
Led by Prof. Karen KirkbyAccelerator Physics, Detectors, Dosimetry, Modelling,

GEANT4, Data Analysis, Machine Learning etc. 



PART 1 - Global Challenge Advanced Radiotherapy Network+   STFC-UKRI

Led by Prof. Karen Kirkby – University of Manchester 

Big data is all around us and in the radiotherapy arena there is a lot of data (images, scans, outcomes, PROMs to name but a few). The STFC 
community really knows how to get the most out of big data, look at CERN and the Large hadron Collider, and the vast amount of data that has to
be analysed before major discoveries such as the Higgs Boson can be made. Look at the astrophysics community that uses big data to probe 
distant galaxies, find new stars and “see” black holes.

Can we bring the STFC community, which works, on very small particles and very large suns to apply their expertise to 
develop innovative methods for analyzing the very large data sets that we have in radiotherapy?

This is what this proposed sandpit is all about:

Can we extract data biomarkers from radiotherapy data to act as early signals of the onset infiltration or reoccurrence of 
disease?
Can extract information on normal tissue toxicity study its impact on quality of life both in the short term and longer term?
Can we combine this information with genomics and proteomic data to select the patients who will benefit most from 
treatment?
Can we personalize treatments to improve both outcomes and quality of life?
Can we use the data we already have to improve the treatment of future patients?

This Sandpit aims to bring people from the STFC and clinical communities together to discuss how they 
might work together and develop innovative research ideas in the field of Big Data.

Pump-priming funding (typically £1500 to £15,000) is available to initiate the best projects resulting from collaborations 
developed during the Sandpit.

Extracting meaning from Big Data – Sandpit Event – 19/20 Feb. 2018 Manchester



PART 1 Three of the projects funded involving particle physicists, astrophysicists, 
medical physicists, biologists, medical doctors………..

1) Image Registration

Coordinator: Yvonne Peters (PP)

Yvonne.Peters@manchester.ac.uk

Sarah Bannister, Denis Page

Convolutional Neural Network 
(CNN) shown to work well.

2) RadioTherapy Machine Learning (RTML) Network

Coordinators
Dr Robert Lyon1 (machine learning & astronomy)
Dr Tim Rattay2 (domain expert, clinician)
Steering Group
Dr Andrew Green1,3 (pipelines, data specialist)
Prof Nigel Mason4 (data analysis, astronomical expertise)
Dr Sarah Osman5 (domain expert, data analysis)
1 University of Manchester, 2 University of Leicester, 3 The Christie NHS Foundation Trust, 4 The University 
of Kent, 5 Queens University Belfast, 

mailto:Yvonne.Peters@manchester.ac.uk


2) Continued…….RTML Network

Aims

• To foster collaboration between the 
machine learning community within STFC 
and radiotherapy practitioners.

• Explore existing clinical data and address 
specific clinical questions using machine 
learning.

• Develop a network bringing together 
radiotherapy and STFC machine learning 
communities.

• Learn from existing data to improve patient 
outcomes and quality of life.

GitHUB resource.   Two workshops to date.

https://github.com/scienceguyrob/RTMLResources

Some problems they are looking at

Therapy planning, morbidity, toxicity

https://github.com/scienceguyrob/RTMLResources
https://github.com/scienceguyrob/RTMLResources


1st Mining Science Data for Medicine Workshop  - 16 April 2019

http://www.hep.manchester.ac.uk/MiSDaM/

https://indico.hep.manchester.ac.uk/conferenceDisplay.py?ovw=True&confId=5452

Miriam Berry1, Alfred Oliver, Ken Raj2, Marina Romanchikova3, Stephen Watts4 

1National Physical Laboratory, University of Cambridge, 2 Public Health England, 3National Physical 

Laboratory, Teddington, 4School of Physics and Astronomy, The University of Manchester 

3) Mining Science Data for Medicine - MisDAM



Identification of DNA methylation–based markers of cellular senescence.

Explaining Machine Learning (ML) results to patients and doctors

MiSDAM01 - THE TWO CHALLENGES

Ken Raj ( Health England) gave a talk explaining the science and the data.
Full and facinating talk at website

Big challenge – 850,000 variables with 48 samples.

David Watson Oxford Internet Institute
Full talk at website

See also article in British Medical Journal

BMJ 2019;364:l886 doi: 10.1136/bmj.l886 
(Published 12 March 2019)

“DNA methylation-based biomarkers and the epigenetic clock theory 
of ageing”, Steve Horvath and Kenneth Raj. Nat Rev Genet. 2018 
Jun;19(6):371-384. doi: 10.1038/s41576-018-0004-3



Trying the Data Challenge approach – following on from the GREAT08 Challenge
Used by astrophysicists to get improved algorithms – won by a computer science group

See the handbook at the project website for more details



Our age is built into our DNA - various epigenetic clocks.

For the senescence clock, typically 850,000 DNAm markers.

24 Control + 24 Irradiated samples

Big Data may not be “ deep “ but may have large no. of variables
( Big Variates).  

Horvath Clock has ~ 350 markers linked to age out of 850K !
A very challenging problem……… Picture from Steve Horvath

“DNA methylation-based biomarkers and the 
epigenetic clock theory of ageing”, Steve Horvath 
and Kenneth Raj. Nat Rev Genet. 2018 
Jun;19(6):371-384. doi: 10.1038/s41576-018-
0004-3



https://www.gov.uk/government/publications/code-of-conduct-for-data-driven-health-and-care-
technology/initial-code-of-conduct-for-data-driven-health-and-care-technology#Principle-1/

PART 2 - Medical Data is sensitive !  There are clear rules in the UK for the medical area

1. Understand users, their needs and the context

2. Define the outcome and how the technology will contribute to it

3. Use data that is in line with appropriate guidelines for the purpose for which it is being used

4. Be fair, transparent and accountable about what data is being used

5. Make use of open standards

6. Be transparent about the limitations of the data used and algorithms deployed

7. Show what type of algorithm is being developed or deployed, the ethical examination of how the data is

used, how its performance will be validated and how it will be integrated into health and care provision

8. Generate evidence of effectiveness for the intended use and value for money

9. Make security integral to the design

10. Define the commercial strategy

21 pages.   Ten Key Principles

Note:  The “Black Box “  also appears in this – more later



Research Using Data Mining

For more information on 
Data Mining and the ukCAT
project email the team’s 
single point of contact:

UKCAT@christie.nhs.uk

Data Confidentiality - Using Distributed ( Machine) Learning



https://www.christie.nhs.uk/professionals/research/research-themes/research-using-
data-mining/distributed-learning/

https://youtu.be/ZDJFOxpwqEA

Also go to www.eurocat.info





Machine learning in oncology, although quantitatively
consolidating the existing knowledge base, and beginning
to provide fantastic clinical insights, is still very much in its
infancy. Over the next few years, once ukCAT and similar
approaches become embedded into practice, we can expect
that increasing numbers of data sources e from diagnostic,
follow-up and image-guidance imaging, to biomarker
measurements and genomic profiles will be added to the
system. When combined with the possibilities of distributed
learning, the information available to learn on will
indeed be within the realms of the definition of ‘big data’
[15] with the associated potential to be clinically
transformative.

The Achilles heel of the whole endeavour, however, is
that of outcomes data. No matter how well we record 
presentation and treatment data, or how cleverly we interrogate
patient images, without high-quality clinical outcomes
- survival, local and distant control, and both acute and late
treatment toxicities - it is quite simply impossible to model
their occurrence. Unless we are able predict both the risk
and benefit of treatment strategies, the dream of individualised
treatment and comprehensive decision support systems
will remain just that.

Technology can help- our team has recently had success using 
natural language processing to recover toxicity data from 
electronic patient records [16].

However, this is no substitute for the accurate, systematic,
prospective recording of outcome information. The infrastructure
and validated questionnaires needed to gather patient-reported 
outcomes are available, and have even been shown to deliver 
improved quality of life [17] and survival [18] in cancer patients. 
With the collective will to enhance such data collection efforts, we 
will have routine data covering the whole care pathway and be 
able to truly start learning from every patient treated.

PART 2 - Lessons from ukCAT



PART 3   Algorithms (AI) , Ethical and Legal Implications, GDPR 

https://www.lawsociety.org.uk/

Tuesday June 4th  2019 



• The first medical decision support system based on artificial intelligence (AI) was developed 
in the early 1970s.

• Studies have shown that the diagnostic accuracy of AI algorithms is comparable to experienced medical 
experts for diabetic retinopathy, heart disease, and certain cancers. An impressive example is detecting 
pulmonary nodules on lungs in computer tomography scans. It usually takes physicians several minutes 
to do this, while AI based systems only need a few seconds. 

• Supporting decision making - Simple diagnosis and supporting doctors for complex clinical cases.
“ Physicians assistant”

• All those scenarios show the benefits of utilising AI in medicine. But one crucial question cannot and 
should not be ignored: “Is the information generated by an AI system trustworthy?”  If we need to rely on an 
AI system to assist our decision making, we should care about its reliability and effectiveness.

• Currently, AI algorithms based on deep learning act like a “black box”: the inner logic behind most 
machine learning models is hard to explain, and the doctors using them are not given explanations 
for the advice they receive from these systems. This is not an intuitive way for doctors to practise and 
raises uncertainty about using AI, since the principle of identifying causality and treating causes is 
integral to medicine.

• AI technology has challenges to overcome, but it can be a force for good in medicine. If we want to maximise 
the benefits of AI for the sake of patients and the public, then medical doctors, researchers, and AI scientists 
should work closely together. 

Can AI fulfil its medical promise ?
Selected text below.   April 26 2019

Note: Medical profession decades ahead of the lawyers



Unfortunately, many popular machine learning algorithms are essentially
black boxes—oracular inference engines that render verdicts without any
accompanying justification. This problem has become especially pressing
with passage of the European Union’s latest General Data Protection
Regulation (GDPR), which some scholars argue provides citizens with a
“right to explanation.”

Now, any institution engaged in algorithmic decision making is legally
required to justify those decisions to any person whose data they hold on
request, a challenge that most are ill equipped to meet. We urge clinicians
to link with patients, data scientists, and policy makers to ensure the
successful clinical implementation of machine learning (fig 1).

Algorithms (AI) , Ethical and Legal 
Implications, GDPR 



1) Use Visualization. e.g. CNN often have good explanations for what is a complicated box.
2)  Unlike particle physics or cosmology, there is no “ Standard Model “ for most data.

However, key variables often known or good circumstantial evidence. 

Q. How to analyse in a model independent way ?

A. Look at how the variables related to one another and the class variable.
( “ Attribute analysis “ – which is largely ignored in Machine Learning )

Use some statistics from information theory. Model independent.

a) Similarity Index (SI) – % of shared information between variables.
b) Class Distance Indicator  (CDR) - estimate of the Kullback- Leibler Distance (KL)) between 
two classes of events. Stein’s Lemma puts limit on how well one can separate two classes

Prob. False Alarm  ->     2- CDR  

Cohen’s Kappa which is estimated from the confusion matrix - quantifies the ML 
performance.

CDR and Cohen’s Kappa are related.                                                

Part 4 – Thoughts on explaining the Black Box



Relevant Information about the dataset:
W.H. Wolberg, W.N. Street, and O.L. Mangasarian.
Machine learning techniques to diagnose breast cancer from
fine-needle aspirates.
Cancer Letters 77 (1994) 163-171.

What are the variables ?
a)radius (mean of distances from center to points on the perimeter)
b) texture (standard deviation of gray-scale values)
c) perimeter
d) area
e) smoothness (local variation in radius lengths)
f) compactness (perimeter^2 / area - 1.0)
g) concavity (severity of concave portions of the contour)
h) concave points (number of concave portions of the contour)
i) symmetry 
j) fractal dimension ("coastline approximation" - 1)

Mean, Standard Error, Worst  - so 3x10 = 30 variables

Number of events: class 0 = 357 ; class 1 = 212
Total = 569 0 = Benign, 1 = Malignant

Number of Attributes ( Variates) = 30 + Class Variable

1st Example  - Wisconsin Breast Cancer

Fig. 1 Images taken using the

FNA test: (a) Benign,

(b) Malignant



Second Example  - CORIS Dataset

Class 0  “ Healthy”,  Class 1 “ Coronary Heart Disease”

302 Healthy, 160 Diagnosed with CHD



Lets feed this data into a Machine Learning Package (WEKA)

Briefly - Use WEKA SVM ( Breast Cancer) and Decision Tree (J48) CORIS – about
the best one can do…  Put in all the variables at this stage..

Variables             Success Rate                Confusion Matrix

S          B

Found

Breast Cancer 97.7 % correct                        201    11          S

2.3 %   wrong                         2 355        B    Input

Cohen’s Kappa  0.9507 – more about this later.

CORIS 70.8  %  correct                       248       54

29.2 %   wrong                      81      79

Cohen’s Kappa  0.328

Warning – Just above the random rate ( 65%) !!

Is this the best one can do ? What variables matter ?

Why is the CORIS dataset worse than the Breast Cancer dataset ?



DataPoint Dim1 Dim2 Dim3 Dim4

1 1 2 10 1

2 2 4 8 4

3 3 6 6 9

4 4 8 4 16

5 5 10 2 25

A multivariable visualisation - Parallel Coordinates

Simple Implementation with EXCEL plugin
http://www.inf.ethz.ch/personal/hinterbe/V
isulab/

This also shows the 
idea of brushing!!!



Variable 

Interaction Diagram 

Visualization parallel coordinates – breast cancer dataset



Variable
Interaction Diagrams

Discussion parallel coordinates – CORIS dataset



Cohen’s Kappa ( ML) versus CDR ( underlying PDF)

CORIS-Heart Disease Data    Can identify the variables that are linked to CHD
But population risk factor. Cannot identify individuals.

Breast cancer – Wisconsin    Can use ML to reliably identify health status of individual
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SUMMARY AND CONCLUSIONS

• Collaboration and networking is vital. 
All communities can learn much from one another.

• Data confidentiality important. Aside – not only medical area. Most 
companies will not share their data for analysis. Want algorithms to work 
on their data which stays under their control.

• GDPR is getting to be more than data. The algorithms matter as well.

• Explaining the black box – matters to everyone.

• There are limits to what Machine Learning can do. Too much hype about,


