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Purpose: Predictive models are being increasingly employed in radiology as diagnostic aids for cancer detection. A variety of model types exist. 
Linear discriminant analysis (LDA) models assume linearity, normality and that the input variables are independent, assumptions which may 
affect classification accuracy. Neural networks (NN) whilst less intuitive, do not make these assumptions and can detect complex non-linear 
relationships between the input variables. Both LDA and NN are prone to over-fitting [1, 2]. In this work we compared the performance of 
multilayer perceptron (MLP) artificial NN [3] and LDA models for prediction of transition zone (TZ) prostate cancer (based on quantitative 
multi-parametric MRI variables) using a leave-one-out (LOO) and a 2-fold cross validation analysis [4]. 
 
Methods: Data selection: Thirty-one individual input variables were recorded in each of 73 men. The target (dependent) variable was the 
presence or absence of cancer confirmed by post-MRI template mapping biopsy of the prostate. Twenty-eight input variables were derived from 
the multi-parametric MRI datasets composed of T2 weighted (T2w) images, apparent diffusion coefficient (ADC) maps and arterial contrast 
enhanced (aCE) images. Prostate specific antigen, age of the patient, and gland volume were also recorded as input variables.  
Predictive models: The MLP neural network had three layers (input, hidden and output layer), with a feed-forward architecture. Only one hidden 
layer was selected to make the model less complex and avoid over-fitting. The MLP model was trained by the back propagation and conjugate 
gradient descent algorithms in a batch manner. The data for the MLP algorithm was randomly partitioned into a training (70%) and a testing 
(30%) dataset. The testing dataset was independent of the training dataset and was used to avoid over-fitting of the model. 
Model comparison: The performance of the two models was evaluated with the area under curve (AUC) of a receiver operating characteristic 
(ROC) curve. The AUCs were estimated by bootstrap resampling (1000 replicates) with the patient as the unit of analysis. As data was from a 
moderate number of patients a LOO and a 2-fold cross-validation was chosen. For the 2-fold the model was trained with 52 observations and 
tested with the other 21 observations. The 2-fold cross validation was randomly repeated 100 times, maintaining the ratio between training and 
test observations.  
 
Results: The classification accuracies for the original dataset were 92% for 
the LDA model and 93% for the MLP model in the training set (and 79% for 
both in the testing set). Figure 1 illustrates the performance of the two models 
on independent samples. The average classification accuracy over the 100 
repetitions for the 2-fold cross validation is 67% for the LDA and 74% for 
the MLP. The minimum/maximum classification accuracy for the two models 
was 43/90% (LDA) and 48/95% (MLP). The LOO cross validation had 72% 
classification accuracy for the LDA model and 78% for the MLP model. 
Both models achieved a high AUC for the bootstrap sample (Table I). 

 

 
 
 
 
 

 
Conclusion: Linear models such as LDA are popular because they are not computationally demanding and are easy to interpret but they make 
certain assumptions, whereas neural networks do not but are more complex and computationally demanding. Both models examined in this work 
were built on 31 input variables, and achieved high classification accuracy and AUC on their training datasets. The MLP neural network model 
was 6% more accurate than the LDA model for the LOO and 7% more accurate for the 2-fold validation suggesting better performance.  
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Table I: Mean AUC of the 1000 bootstrap sub-samples for the LDA and 
MLP predictive model. CI is the confidence interval. 

Asymptotic 95% CI 

 
AUC Std Error Lower Bound Upper Bound 

LDA 0.971 0.016 0.942 0.993 

MLP 0.969 0.019 0.971 1.000 

Figure 1: Classification accuracy of the LOO and 2-fold cross
validation for the MLP and the LDA predictive model. An
observation is assigned to a class if the predicted probability is
higher than 0.5. 
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