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Visualization of a deep network for decoding PET brain scans (1994-95) 

Lautrup, B, Hansen, LK, Law, I., Mørch, N, Svarer, C, Strother, S Massive weight sharing: a cure for extremely ill-posed problems.  
In Workshop on supercomputing in brain research: From tomography to neural networks. 137-144 (1994). 
Mørch N, Kjems U, Hansen LK, Svarer C, Law I, Lautrup B, Strother S: Visualization of Neural Networks Using Saliency Maps.  
In Proc. 1995 IEEE International Conference on Neural Networks, Perth, Australia, (2):2085-2090 (1995). 
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OUTLINE 
Machine learning – with two agenda 

– Aim I: To abstract generalizable relations from data 
– Aim II: Robust interpretation / visualization  
– The PR-plot for optimization, selection 

Unsupervised (explorative) 
– Visualization: Pre-imaging  
– Non-linear models, KPCA, PR-plots for tuning 

Supervised models (retrieval) 
– Visualization of non-linear kernel machines 
– PR-plotting supervised models 

 

Do not multiply 
causes! 
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Functional MRI  

 
Indirect measure of neural 
activity - hemodynamics 

 
A cloudy window to the human 
brain 

 
Challenges: 

– Signals are multi-
dimensional mixtures 

– No simple relation between 
measures and brain state -
”what is signal and what is 
noise”? 

TR = 333 ms 
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ICA: Assume S(k,t)’s statistically independent 

McKeown, Hansen, Sejnowski, Curr. Op. in Neurobiology (2003) 

Time Frequency 
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Reviews of machine learning in neuroimaging 
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Main message:  Models should be predictive and informative 
   BOLD fMRI:Is hemodynamic de-convolution feasible? 

Balloon model: Non-linear relations between stimulus and 
physiology – described by four non-linear differential eqs. 

Bayesian averaging with split-1/2 resampling loop  
 to establish generalizability and reproducibility 
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BOLD hemodynamics: Resampling-Bayes model selection 
 
Model A: Sustained neural input   vs   Model B: Fading input  
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Machine learning for neuroimage data 

Neuroimaging aims at extracting the mutual 
information between stimulus and response. 

 
• Stimulus: Macroscopic variables, ”design 

matrix” ... s(t) 
 

• Response: Micro/meso-scopic variables, the 
neuroimage ... x(t) 
 

• Mutual information is stored in the  
  joint distribution … p(x,s). 
 
Often s(t) is assumed known….unsupervised 

methods consider s(t) or parts of s(t) 
”hidden”….. 

 
 

t 

t 

s 
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Multivariate neuroimaging models 

Univariate models  -SPM, fMRI time series models etc.                            
      
   

 
Multivariate models -PCA, ICA, SVM, ANN (Lautrup et al., 1994, Mørch et al. 1997)      
 
       

 
Modeling from data with parameterized function families – rather 
than testing null hypotheses 
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Friston, K. J., Holmes, A. P., Worsley, K. J., Poline, J. P., Frith, C. D., & Frackowiak, R. S. Statistical parametric maps in functional imaging:  
a general linear approach. Human brain mapping, 2(4):189-210 (1994). 
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AIM I: Generalizability 

Generalizability is defined as the expected performance on a  
random new sample  

– A models mean performance on a ”fresh” data set is an unbiased  
   estimate of generalization  

 
 
Typical loss functions:  
 
 
 
 

 
 
 
No problem to estimate generalization in hidden variable unsupervised models! 
Results can be presented as ”bias-variance trade-off curves” or ”learning curves” 
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Bias-variance trade-off as function of PCA dimension 

Hansen et al. NeuroImage (1999) 
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Learning curves for multivariate brain state decoding 

PET fMRI 
Finger tapping, analysed by PCA dimensional reduction and Fisher LD / ML 
Perceptron.  Mørch et al. IPMI (1997)…Brain state decoding in fMRI 
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AIM II Interpretation: Visualization of networks 

A brain map is a visualization of the information 
captured by the model:  
– The map should take on a high value in voxels/regions 

involved in the response and a low value in other 
regions… 

Statistical Parametric Maps (Friston, 1994) 

Weight maps in linear models 
The saliency map (1995) 

The sensitivity map (2000) 

Consensus maps (2001) 

N. Mørch et al.: Visualization of Neural Networks Using Saliency Maps. in Proc 1995 IEEE Int Conference on Neural Networks, (2):2085-2090 (1995). 
Hansen, L. K., Nielsen, F. Å., Strother, S. C., & Lange, N. (2001). Consensus inference in neuroimaging. NeuroImage, 13(6), 1212-1218. 
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Reproducibility of parameters/visualization?  
              …hints from asymptotic theory 

Asymptotic theory investigates the sampling fluctuations in the 
limit N -> ∞ 

 
Cross-validation good news: The ensemble average predictor is 

equivalent to training on all data (Hansen & Larsen, 1996) 
 
Simple asymptotics for parametric and semi-parametric models 
(Some results available also for non-parametric e.g. kernel machines) 
 
In general: Asymptotic predictive performance has bias and 

variance components, there is proportionality between 
parameter fluctuation and the variance component... 
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The sensitivity map & the PR plot 

The sensitivity map measures the impact of a specific 
feature/location on the predictive distribution 

( )2
log ( | )

j

p s x
j xm ∂
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NPAIRS: Reproducibility of parameters 

NeuroImage: Hansen et al (1999), Lange et al. (1999), Hansen et al (2000), Strother et al (2002),  Kjems et al. 
(2002), LaConte et al (2003), Strother et al (2004), Mondrup et al (2011),  Andersen et al (2014) 
Brain and Language: Hansen (2007) 
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Reproducibility of internal representations 

Split-half resampling provides unbiased estimate of reproducibility of SPMs 
 
NeuroImage:  Strother et al (2002),  Kjems et al. (2002), LaConte et al (2003), Strother et al (2004), … 

Predicting applied static force 
 with visual feed-back 
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Unsupervised learning  
 
Explorative modeling- Learning stable structures in data   p(x,s)  
 
example: Kernel PCA 
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Modelling non-linear signal manifolds kPCA 

Kernel PCA is based on non-linear mapping of data to  
 

( ) , 1,...,n n n n Nϕ ϕ→ ≡ =x x

Aim is to locate maximum variance directions in the feature  
space, i.e.  
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B. Schölkopf, A. Smola, K.R. Müller, Nonlinear component analysis as a kerneleigenvalue problem, J. Neural Comput. 10 
(1998) 1299–1319. 
T.J. Abrahamsen  L.K. Hansen: Regularized Pre-Image Estimation for Kernel PCA De-Noising. Input space regularization 
and sparse reconstruction Journal of Signal Processing Systems, 65(3):403-412 (2011). 
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Visualization of manifold de-noising:    The pre-image problem 

Assume that we have a point of interest in feature space, e.g. a  
certain projection on to a principal direction “Φ”, can we find its position  
“z” in measurement space? 

 1( )ϕ φ−=z
Problems:  (i) Such a point need not exist, (ii) if it does - there is no 

reason that it should be unique!   
 

Mika et al. (1999): Find the closest match. 

Mika, S., Schölkopf, B., Smola, A., Müller, K. R., Scholz, M., Rätsch, G.  Kernel PCA and de-noising in feature spaces. In 
NIPS 11:536–542 (1999). 
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B. Schölkopf, A. Smola, K.R. Müller, Nonlinear component analysis as a kerneleigenvalue problem, J. Neural Comput. 10 
(1998) 1299–1319. 
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Regularization mechanisms for pre-image 
estimation in fMRI denoising 

L2 regularization on denoising distance 
 

 
 
 
 

 
L1 regularization on pre-image 
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Optimizing denoising using the PR-plot: Sparsity, non-linearity 

GPS = General Path Seeking, generalization of the Lasso method Jerome Friedman. Fast sparse regression and 
classification. Technical report, Department of Statistics, Stanford University, 2008. 
T.J. Abrahamsen and L.K. Hansen. Sparse non-linear denoising: Generalization performance and pattern 
reproducibility in functional MRI. Pattern Recognition Letters 32(15):2080-2085 (2011). 
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Kernel representations: Individually denoised scans’ reproducibility  

Nested cross-val: training and test split, training set is split 
 half to estimate reproducibility of denoising process on 
test scans 

T.J. Abrahamsen and L.K. Hansen. Sparse non-linear denoising: Generalization performance and pattern 
reproducibility in functional MRI. Pattern Recognition Letters 32(15):2080-2085 (2011) 
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Supervised learning  
 
Retrieval of relevant patterns  p(s|x) 
 

Bießmann, F., Dähne, S., Meinecke, F. C., Blankertz, B., Görgen, K., Müller, K. R., Haufe, S. On the interpretability of linear 
multivariate neuroimaging analyses: filters, patterns and their relationship. In Proc 2nd NIPS Workshop on Machine Learning and 
Interpretation in Neuroimaging  (2012). 
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Variance inflation  
in kernel PCA! 

Handwritten digits: 

fMRI data  
single slice rest/visual stim (TR= 333 ms) 

TJ. Abrahamsen, LK. Hansen. A Cure for Variance 
Inflation in High Dimensional Kernel Principal 
Component Analysis.  Journal of Machine Learning 
Research 12:2027-2044 (2011). 
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Does denoising by kernel PCA help fMRI decoding? 

PM Rasmussen, TJ Abrahamsen, KH Madsen, LK Hansen: Nonlinear denoising and analysis of neuroimages with 
kernel principal component analysis and pre-imageestimation, NeuroImage 60(3):1807-1818 (2012). 

(A)Comparison of resampling z-
score  = z-kPCA – z-Raw 
 

(B)  FDR corrected:  
     yellow: consensus,  
 blue: only kPCA,  
 red: only raw  

lo
g(

c)
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 ‘SVM mind reading’ 

Non-linear kernel machines, SVM 
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Local voting +/-  
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The sensitivity map 

Platt J. Probabilistic outputs for support vector machines and comparisons to regularized likelihood methods. Advances in 
large margin classifiers. 1999 Mar 26;10(3):61-74. 
Rasmussen, P. M., Madsen, K. H., Lund, T. E., Hansen, L. K. Visualization of nonlinear kernel models in neuroimaging by 
sensitivity maps. NeuroImage, 55(3):1120-1131 (2011).  

( )2
log ( | )

j

p s x
j xm ∂

∂=

The sensitivity map measures the impact of a specific 
feature/location on the predictive distribution 
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Sensitivity maps for non-linear kernel regression 
 



ICANN 2016 Workshop - Lars Kai Hansen  
DTU Compute, Technical University of Denmark 

Initial dip data: Visual stimulus (TR 0.33s) 

Gaussian kernel, sparse 
kernel regression 

 
Sensitivity map computed 
for whole slice 

 
Error rates about 0.03 

 
How to set  

– Kernel width? 
– Sparsity? 

Platt J. Probabilistic outputs for support vector machines and comparisons to regularized likelihood methods. Advances in 
large margin classifiers. 1999 Mar 26;10(3):61-74. 
Rasmussen, P. M., Madsen, K. H., Lund, T. E., Hansen, L. K. Visualization of nonlinear kernel models in neuroimaging by 
sensitivity maps. NeuroImage, 55(3):1120-1131 (2011).  
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Initial dip data: Visual stimulus (TR 0.33s) 

Select hyperparameters of 
kernel machine using 
NPAIRS resampling 

 
– Degree of sparsity 
– Kernel scale parameter 
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Non-linearity in fMRI?  
Visual stimulus ”XOR”: half checker board no/left/right/both 

Rasmussen, P. M., Madsen, K. H., Lund, T. E., Hansen, L. K. Visualization of nonlinear kernel models in neuroimaging by 
sensitivity maps. NeuroImage, 55(3):1120-1131 (2011).  
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Non-linearity in fMRI – detecting 
networks  
   
Peter Mondrup Rasmussen et al.  NeuroImage 55 (2011) 1120–1131 

A: Easy problem-  
(Left vs Right) and RBF  
kernel is wide ... i.e. 
similar to linear kernel 
 
B: Easy problem- 
Pars optimized to yield 
 the best P-R 
 
C : Hard XOR problem 
Pars optimized to yield 
The best P-R 
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Consistency across models (left-right finger tapping) 

SVM LogReg RVM 

Sparsity increasing 

Rasmussen, P. M., Hansen, L. K., Madsen, K. H., Churchill, N. W., & Strother, S. C. (2012). Model sparsity and brain pattern 
interpretation of classification models in neuroimaging. Pattern Recognition, 45(6), 2085-2100. 
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EEG mind reading 
Mapping time-frequency response 

Christian V Karsten (2012) Pattern Recognition in Electric Brain Signals 
- mind reading in the sleeping brain w./ Sid Kouider Paris. MSc Thesis DTU Informatics. 
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Conclusions 

Machine learning in brain imaging has two equally important aims 
– Generalizability 
– Reproducible interpretation 

 
Can visualize general brain state decoders maps with perturbation based 

methods (saliency maps, sensitivity maps etc) 
 

NPAIRS split-half based framework for optimization of generalizability and 
robust visualizations 
 

More complex mechanisms may be revealed with non-linear detectors 
 - yet still visualizable! 

Do not multiply 
causes! 
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