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Desired Properties of Statistical Models in (Neuro)science

predictive

stable

selective

accurate

scalable

ability to predict response 
variable(s) on new data

returns the same values on 
multiple runs

only chooses features that 
influence the response 

variable(s)

values of estimated 
parameters are close to the 

“real” value

capable of fitting to large 
dataset

accuracy, log-likelihood, R2, 
etc.
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false positives, false 
negatives, selection accuracy
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time

metricproperty goal



Lasso Penalty

argmin
�

|y �X�|22 + �|�|1
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response variable 
(e.g. activity of a 
target neuron)

Linear Model

mean squared error 
(reconstruction)

weight penalty 
(enforces sparsity)

y =
pX

i=1
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Intersection Module: Construct Selection Profiles

Bach, ICML (2008)
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Results on Synthetic Data
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github.com/BouchardLab/PyUoI

PyUoI: Union of Intersections in Python

http://github.com/BouchardLab/PyUoI
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Validation on Synthetic Data



Neuroscience Applications
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Non-negative Matrix Factorization

A ⇡ WH
<latexit sha1_base64="XDhodzLuKzd0WaQhmHdEvxtpqRY=">AAACEHicbZDLSgMxFIYzXmu9jbp0EyyiqzJTBV1W3XRZwV6gHUomzbShmUlIMmIZ5hHc+CpuXCji1qU738ZMOwVt/SHw8Z9zyDm/LxhV2nG+raXlldW19cJGcXNre2fX3ttvKh5LTBqYMy7bPlKE0Yg0NNWMtIUkKPQZafmjm6zeuidSUR7d6bEgXogGEQ0oRtpYPfukGyI99IPkKoVdJITkD3BmtdIZ1dKeXXLKzkRwEdwcSiBXvWd/dfscxyGJNGZIqY7rCO0lSGqKGUmL3VgRgfAIDUjHYIRCorxkclAKj43ThwGX5kUaTtzfEwkKlRqHvunMNlTztcz8r9aJdXDpJTQSsSYRnn4UxAxqDrN0YJ9KgjUbG0BYUrMrxEMkEdYmw6IJwZ0/eRGalbJ7Vq7cnpeq13kcBXAIjsApcMEFqIIaqIMGwOARPINX8GY9WS/Wu/UxbV2y8pkD8EfW5w+nmJ2d</latexit>

[ [ [sa
m

pl
es

features

[ [=

coefficients

x [ba
se

s
parts-based decomposition of the data

Ubaru et al., ICML-A (2017)



NMF in Auditory A1 Data


