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Impact of rare diseases

Huge ethical impact
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The need for faster and more accurate

diagnosis....
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Data mining in medicine
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Data mining in medicine =

Application of support vector machine modeling
for prediction of common diseases: the case of

Research articke diabetes and pre-diabetes
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MCAD deficiency

* Medium chain acyl CoA dehydrogenase
(MCAD) deficiency

 Autosomal recessive disorder of beta-
oxidation of fatty acids

« Causes hepatomegaly, cardiomyopathy,

* Can be controlled by diet restrictions if
diagnosed early
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MCADD Disease
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We started from an anonymised dataset, listing
about 32.000 blood sample analyses for the
acylcarnitines such as C6, C8, C10, C10:1 in
blood which were obtained through a
systematic screening of newborns during the
1st semester 2009 in the province of Antwerp.
This dataset was further enriched with blood
samples of MCAD deficient patients. In total,
9 MCAD cases were present.

« Source: PCMA — Provinciaal Centrum voor Metabole Aandoeningen
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« Data set from the ‘provinciaal centrum voor metabole
aandoeningen’

« Clinical expert practise _
 Compared the different

« Data mining methods methods

* Decision trees _ _
* Determined the important

« Logistic regression
parameters

* Naive Bayes

Methodology:
« 9-fold (stratified) cross-validation (10 randomizations each)

* Optimization of the included variables
* Optimization of the model parameters
« Optimization of the classification threshold
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Results

model Included model parameters TN FN FP TP

Decision trees (C4.5) C6, C8, €10, C6/C8, C6/C10, C8/C10, C8/C2] 32085,1 0,1 8,9 8.9

Logistic regression C8 32082.7] 0 11,3 9
Logistic regression C8, C8/C2, C6/C8, C8/C10, C6/C10 32087 0 7l 9
Logistic ridge regression | C8, C8/C2, C6/C8, C8/C10, C6/C10 32089.,5 0 4,5 9

Table 1: selection of the most predictive models

Decision trees have a very good classification accuracy but occasionally fail to identify a
MCAD case in the different randomizations.

Logistic regression
« (C8onlyis an excellent MCAD predictor (FP: 11,3)
* Number of false positives is further reduced by including more variables (11,3 2 7)

* Ridge regression reduces the number of false positives even further by performing
variable selection on this subset (7 2 4,5)

Naive Bayes resulted overall in poor classification (~4600 false positives)



Conclusion

« Data mining techniques can be used to
automate the support for early diagnosis of
MCAD.

* C8 is the most important parameter in the
calculated models ...

* But based on (only) 9 MCADD cases. More
complex models could be identified as more
data is available.

* The models are straightforward and intuitive
and can be used to support the diagnosis
(medical decision support).



Improved diagnostics In

hospital settings en
beyond...
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Within the hospital...
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In the world...
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Conclusion
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