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Motivation and Background 
In any hospital, millions of computerised pathology results are produced every year. The process 
involves robotics, technicians, analysers and scientists to provide a view of patient conditions to the 
medical teams who are looking after them. When the pathology results have been generated, the 
results are calibrated against the normal range for a patient of their age and gender, and made available 
to doctors for decision-making. Some doctors may well have hundreds of such results to review on a 
single shift and it can take hours to go through them to determine whether action is required (and if so 
what this should be) or simply to endorse the result. Doctors use their medical training to come to a 
decision based on: (i) working diagnoses/condition, (ii) the medications the patient is taking and (iii) 
trends from previous results. Where further action is required this may include additional action to that 
which is already provided, changes in medication, a change in the level of care or a decision to 
discharge the patient.   
 
The PhD programme of work will be directed at investigating machine learning techniques that can be 
applied to help prioritise pathology results to save doctors time and to suggest further courses of 
action. More specifically the work will be directed at how ordinal relationships, across priority levels, 
can be learnt using machine learning, and applied in a real setting.  
 
Underpinning Research 
Fundamentally there are two approaches that can be adopted whereby pathology results can be 
prioritised; (i) ordinal regression or (ii) ordinal classification. Both are supervised learning techniques, 
the distinction is that ordinal regression produces a continuous value indicating priority while ordinal 
classification produces a discrete label indicating priority taken from a set of labels (for example: 
{excellent, good, fair, poor, unacceptable}). Both approaches have advantages and disadvantages, and 
both approaches merit consideration.  
 
Regression operates using a single weight vector where the weights are learnt from examples; what is 
known as the “one model” assumption. Using standard regression [1,2] the result is a sequence of 
equally spaced parallel decision boundaries. This operates well in some application domains, 
especially where there are a small number of data attributes, but is unlikely to work well given a large 
number of attributes. The difference between “excellent” and “good” might be small, while the 
difference between “poor” and “unacceptable” might be large. One solution is to use an ordinal 
regression approach, such as Support Vector Ordinal Regression [3], which avoids the equal spacing 
assumption, but still entails a single weight vector and parallel decision boundaries. Recently a non-
parallel Support Vector Machine approach has been proposed [4]. 
 
Ordinal classification avoids the “one model” assumption; although in this case, instead of predicting a 
continuous variable, discrete class labels (with an ordering imposed) will be used. Ordinal 
classification is a form of multi-class classification; if a set of monotonicity constraints between 
independent and dependent variables also need to be satisfied then the term monotonic classification is 
used [5]. Various ordinal/monotonic classification approaches have been proposed, examples include 
classification trees [6], continuous ratio models [7] and multiple Output CNNs [8].  
 



 
 
 
Programme	of	Work	
A four stage PhD programme of work is envisaged, conducted in close collaboration with Wirral 
Teaching Hospital. The hospital has available structured patient data spanning the last 10 years that 
includes pathology results, the diagnoses, the outcomes, complications, lengths of stays in hospital and 
death rates. The programme of work will commence, Stage 1, with an analysis of the data. It is 
anticipated that, on start up, there will be a focus on specific conditions and/or specific data attributes; 
in other words a subset of the data. For example the most common pathology tests might be 
considered first, such as Diabetes, Microbial Infection and Kidney or Liver disease (all of which have 
specific tests which would narrow down the related investigation on the subject). An extra 
complication is that the data is imbalanced; there has been very little work on ordinal 
regression/classification in the context of imbalanced data [9]. The next stage, Stage 2, will be to 
consider a range of ordinal prioritisation techniques, such as those identified above. The evaluation 
will be conducted so as to take into account the ordinal nature of the prediction/classification; the error 
between “excellent” and “good” is not the same as the error between “excellent” and “unacceptable”. 
In the first instance Mean Absolute Error and Mean Square Error would seem to be appropriate 
measures, although further investigation is warranted. Stage 3 will be directed at usability, working 
closely with Wirral Teaching Hospital and particularly end users within the hospital. This part of the 
work will be concerned with associating suggested actions with prioritised cases. The final stage of the 
programme of work, Stage 4, will be PhD thesis writing. 
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