

    
      
          
            
  
supereeg: A Python toolbox for inferring whole-brain activity from sparse ECoG recordings
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supereeg [https://github.com/ContextLab/supereeg] (name inspired by Robert Sawyer’s The Terminal Experiment [https://en.wikipedia.org/wiki/The_Terminal_Experiment]) is a (fictional) tool for recording the electrical activities of every neuron in the living human brain.  Our approach is somewhat less ambitious, but (we think) still “super” cool: obtain high spatiotemporal estimates of activity patterns throughout the brain using data from a small(ish) number of  implanted electrodes [https://en.wikipedia.org/wiki/Electrocorticography].  The toolbox is designed to analyze ECoG (electrocorticographic) data, e.g. from epilepsy patients undergoing pre-surgical evaluation.

The way the technique works is to leverage data from different patients’ brains (who had electrodes implanted in different locations) to learn a “correlation model” that describes how activity patterns at different locations throughout the brain relate.  Given this model, along with data from a sparse set of locations, we use Gaussian process regression to “fill in” what the patients’ brains were “most probably” doing when those recordings were taken.  Details on our approach may be found in this preprint [http://biorxiv.org/content/early/2017/03/27/121020].  You may also be interested in watching this talk [https://www.youtube.com/watch?v=t6snLszEneA&feature=youtu.be&t=35] or reading this blog post [https://community.sfn.org/t/supereeg-ecog-data-breaks-free-from-electrodes/8344] from a recent conference.

Although our toolbox is designed with ECoG data in mind, in theory this tool could be applied to a very general set of applications.  The general problem we solve is: given known (correlational) structure of a large number of “features,” and given that (at any one time) you only observe some of those features, how much can you infer about what the remaining features are doing?

Please take a look at the API specification [http://supereeg.readthedocs.io/en/latest/api.html] for a detailed description of each part of the toolbox.  In addition, we have provided tutorials [http://supereeg.readthedocs.io/en/latest/tutorial.html] for carrying out the various supported toolbox operations.  We also provide a gallery of examples [http://supereeg.readthedocs.io/en/latest/auto_examples/index.html] that highlights some of the most important functionality.
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supereeg.tal2mni


	
supereeg.tal2mni(r)

	Convert coordinates (electrode locations) from Talairach to MNI space





	Parameters:	
	r : ndarray

	Coordinate locations (Talairach space)








	Returns:	
	results : ndarray

	Coordinate locations (MNI space)



















          

      

      

    

  

    
      
          
            
  
supereeg.load


	
supereeg.load(fname, vox_size=None, return_type=None, sample_inds=None, loc_inds=None, field=None)

	Load nifti file, brain or model object, or example data.

This function can load in example data, as well as nifti objects (.nii), brain objects (.bo)
and model objects (.mo) by detecting the extension and calling the appropriate
load function.  Thus, be sure to include the file extension in the fname
parameter.





	Parameters:	
	fname : str

	The name of the example data or a filepath.

Examples include :


example_data - example brain object (n = 64)

example_filter - load example patient data with kurtosis thresholded channels (n = 40)

example_model - example model object with locations from gray masked brain downsampled to 20mm (n = 210)

example_nifti - example nifti file from gray masked brain downsampled to 20mm (n = 210)




Nifti templates :


gray - load gray matter masked MNI 152 brain

std - load MNI 152 standard brain




Models :


pyfr - model used for analyses from Owen LLW and Manning JR (2017) Towards Human Super EEG. bioRxiv: 121020`


vox_size options: 6mm and 20mm









	vox_size : int or float

	Voxel size for loading and resampling nifti image



	return_type : str

	Option for loading data


‘bo’ - returns supereeg.Brain

‘mo’ - returns supereeg.Model

‘nii’ - returns supereeg.Nifti






	sample_inds : int, list or slice

	Indices of samples you’d like to load in. Only works for Brain object.



	loc_inds : int, list or slice

	Indices of slices you’d like to load in. Only works for Brain object.



	field : str

	The particular field of the data you want to load. This will work for
Brain objects and Model objects.








	Returns:	
	data : supereeg.Nifti, supereeg.Brain or supereeg.Model

	Data to be returned



















          

      

      

    

  

    
      
          
            
  
supereeg.load


	
supereeg.load(fname, vox_size=None, return_type=None, sample_inds=None, loc_inds=None, field=None)

	Load nifti file, brain or model object, or example data.

This function can load in example data, as well as nifti objects (.nii), brain objects (.bo)
and model objects (.mo) by detecting the extension and calling the appropriate
load function.  Thus, be sure to include the file extension in the fname
parameter.





	Parameters:	
	fname : str

	The name of the example data or a filepath.

Examples include :


example_data - example brain object (n = 64)

example_filter - load example patient data with kurtosis thresholded channels (n = 40)

example_model - example model object with locations from gray masked brain downsampled to 20mm (n = 210)

example_nifti - example nifti file from gray masked brain downsampled to 20mm (n = 210)




Nifti templates :


gray - load gray matter masked MNI 152 brain

std - load MNI 152 standard brain




Models :


pyfr - model used for analyses from Owen LLW and Manning JR (2017) Towards Human Super EEG. bioRxiv: 121020`


vox_size options: 6mm and 20mm









	vox_size : int or float

	Voxel size for loading and resampling nifti image



	return_type : str

	Option for loading data


‘bo’ - returns supereeg.Brain

‘mo’ - returns supereeg.Model

‘nii’ - returns supereeg.Nifti






	sample_inds : int, list or slice

	Indices of samples you’d like to load in. Only works for Brain object.



	loc_inds : int, list or slice

	Indices of slices you’d like to load in. Only works for Brain object.



	field : str

	The particular field of the data you want to load. This will work for
Brain objects and Model objects.








	Returns:	
	data : supereeg.Nifti, supereeg.Brain or supereeg.Model

	Data to be returned



















          

      

      

    

  

    
      
          
            
  
supereeg.filter_elecs





          

      

      

    

  

    
      
          
            
  
supereeg.Brain


	
class supereeg.Brain(data=None, locs=None, sessions=None, sample_rate=None, meta=None, date_created=None, label=None, kurtosis=None, kurtosis_threshold=10, minimum_voxel_size=3, maximum_voxel_size=20, filter='kurtosis')

	Brain data object for the supereeg package

A brain data object contains a single iEEG subject. To create one, at minimum
you need data (samples x electrodes), location coordinates in MNI space and
the sample rate of the data. Additionally, you can include a session id. If
included, all analyses will be performed within session and then aggregated
across sessions.  You can also include a meta dict, which can contain any
other information that might be useful (subject id, recording params, etc).





	Parameters:	
	data : numpy.ndarray or pandas.DataFrame, supereeg.Model, supereeg.Nifti, or Nifti1Image

	Samples x electrodes array containing the iEEG data.

If data is a model, returns correlation matrix.

If data is a nifti image (either supereeg.Nifti or Nifti1Image), returns nifti values as samples by electrodes
array.



	locs : numpy.ndarray or pandas.DataFrame

	Electrode by MNI coordinate (x,y,z) array containing electrode locations



	session : str, int or numpy.ndarray

	Samples x 1 array containing session identifiers for each time sample.
If str or int, the value will be copied for each time sample.



	sample_rates : float, int or list

	Sample rate (Hz) of the data. If different over multiple sessions, this is a list.



	meta : dict

	Optional dict containing whatever you want.



	date created : str

	Time created (optional)



	label : list

	List delineating if location was reconstructed or observed. This is computed in reconstruction.








	Returns:	
	bo : supereeg.Brain

	Instance of Brain data object.








	Attributes:	
	data : pandas.DataFrame

	Samples x electrodes dataframe containing the EEG data.



	locs : pandas.DataFrame

	Electrode by MNI coordinate (x,y,z) df containing electrode locations.



	sessions : pandas.Series

	Samples x 1 array containing session identifiers.  If a single value is passed, a single session will be
created.



	sample_rates : list

	Sample rate of the data. If different over multiple sessions, this is a list.



	meta : dict

	Optional dict containing whatever you want.



	n_elecs : int

	Number of electrodes



	dur : float

	Amount of data in seconds for each session



	n_sessions : int

	Number of sessions



	label : list

	Label for each session



	kurtosis : int

	Kurtosis threshold



	filter : ‘kurtosis’ or None

	If ‘kurtosis’, electrodes that exceed the kurtosis threshold will be removed.  If None, no thresholding is
applied.



	minimum_voxel_size : positive scalar or 3D numpy array

	Used to construct Nifti objects; default: 3 (mm)



	maximum_voxel_size : positive scalar or 3D numpy array

	Used to construct Nifti objects; default: 20 (mm)











Methods







	apply_filter([inplace])
	Return a filtered copy


	get_data()
	Gets data from brain object


	get_locs()
	Gets locations from brain object


	get_slice([sample_inds,
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supereeg.simulate_locations


	
supereeg.simulate_locations(n_elecs=10, set_random_seed=False)

	Simulate iEEG locations





	Parameters:	
	n_elecs : int

	Number of electrodes



	set_random_seed : bool or int

	Default False.  If True, set random seed to 123.  If int, set random
seed to value.








	Returns:	
	elecs : pd.DataFrame

	A location by coordinate (x,y,z) matrix of simulated electrode locations
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supereeg.create_cov


	
supereeg.create_cov(cov, n_elecs=10)

	Creates covariance matrix of specified type





	Parameters:	
	cov : str or np.array

	The covariance structure of the data.


If ‘eye’, the covariance will be the identity matrix.

If ‘toeplitz’, the covariance will be a toeplitz matrix.

If ‘random’, uses a random semidefinite matrix with a set random seed.

If ‘distance’calculates the euclidean distance between each electrode.




You can also pass a custom covariance matrix by simply passing
numpy array that is n_elecs by n_elecs.



	n_elecs : int

	Number of electrodes








	Returns:	
	R : np.ndarray

	Numpy array containing the covariance structure in the specified
dimension (n_elecs x n_elecs)
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API reference


Loading Data







	load(fname[,
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supereeg.simulate_model_bos


	
supereeg.simulate_model_bos(n_samples=1000, locs=None, sample_locs=None, cov='random', sample_rate=1000, sessions=None, meta=None, noise=0.1, set_random_seed=False)

	Simulate brain object





	Parameters:	
	n_samples : int

	Number of time samples



	locs : np.ndarray or pd.DataFrame

	A location by coordinate (x,y,z) matrix of simulated electrode locations



	sample_locs : int

	Number of subsampled electrode location to create each brain object



	cov : str or np.array

	The covariance structure of the data.


If ‘eye’, the covariance will be the identity matrix.

If ‘toeplitz’, the covariance will be a toeplitz matrix.

If ‘random’, uses a random semidefinite matrix with a set random seed.

If ‘distance’calculates the euclidean distance between each electrode.




You can also pass a custom covariance matrix by simply passing
numpy array that is n_elecs by n_elecs



	sample_rate : int or float

	Sample rate (Hz)



	sessions : list

	Sesssions



	meta : str

	Meta info



	noise : int or float

	Noise added to simulation



	set_random_seed : bool or int

	Default False.  If True, set random seed to 123.  If int, set random seed to value.








	Returns:	
	bo : Brain data object

	Instance of Brain data object containing simulated subject data and locations
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supereeg.Model


	
class supereeg.Model(data=None, locs=None, template=None, numerator=None, denominator=None, n_subs=None, meta=None, date_created=None, rbf_width=20, save=None)

	Model data object for the supereeg package

This class holds your supereeg model.  To create an instance, pass a list
of brain objects and the model will be generated from those brain objects.
You can also add your own model by passing a numpy array as your matrix and
the corresponding locations. Alternatively, you can bypass creating a
new model by passing numerator, denominator, locations, and n_subs
(see parameters for details).  Additionally, you can include a meta dictionary
with any other information that you want to save with the model.





	Parameters:	
	data : supereeg.Brain or list supereeg.Brain, supereeg.Nifti or list supereeg.Nifti, or Numpy.ndarray

	A supereeg.Brain object or supereeg.Nifti object,  list of objects, or a Numpy.ndarray of your model.



	locs : pandas.DataFrame or np.ndarray

	MNI coordinate (x,y,z) by number of electrode df containing electrode locations



	template : filepath

	Path to a template nifti file used to set model locations



	numerator : Numpy.ndarray

	(Optional) A locations x locations matrix comprising the sum of the log z-transformed
correlation matrices over subjects.  If used, must also pass denominator,
locs and n_subs. Otherwise, numerator will be computed from the brain
object data.



	denominator : Numpy.ndarray

	(Optional) A locations x locations matrix comprising the sum of the log (weighted) number of
subjects contributing to each matrix cell. If used, must also pass numerator,
locs and n_subs. Otherwise, denominator will be computed from the brain
object data.



	n_subs : int

	The number of subjects used to create the model.  Required if you pass
numerator/denominator.  Otherwise computed automatically from the data.



	rbf_width : positive scalar

	The width of the radial basis function (RBF) used as a spatial prior for
smoothing estimates at nearby locations.  (Default: 20)



	meta : dict

	Dict containing whatever you want:
Initialized with a stability field {‘stable’:True}. This is changed
to {‘stable’:False} after subtraction performed.



	date created : str

	Time created



	save : None

	Optional filename to save created model








	Returns:	
	model : supereeg.Model instance

	A model that can be used to infer timeseries from unknown locations








	Attributes:	
	numerator : Numpy.ndarray

	A locations x locations matrix comprising the sum of the log z-transformed
correlation matrices over subjects



	denominator : Numpy.ndarray

	A locations x locations matrix comprising the log sum of the (weighted) number of
subjects contributing to each matrix cell



	n_subs : int

	Number of subject used to create the model











Methods







	get_locs()
	Returns the locations in the model


	get_model([z_transform])
	Returns a copy of the model in the form of a correlation matrix


	get_slice(loc_inds[,
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supereeg.simulate_bo


	
supereeg.simulate_bo(n_samples=1000, n_elecs=10, locs=None, cov='random', sample_rate=1000, sessions=None, meta=None, noise=0.1, random_seed=False)

	Simulate brain object





	Parameters:	
	n_samples : int

	Number of time samples



	n_elecs : int

	Number of electrodes



	locs : np.ndarray or pd.DataFrame

	A location by coordinate (x,y,z) matrix of simulated electrode locations



	cov : str or np.array

	The covariance structure of the data.


If ‘eye’, the covariance will be the identity matrix.

If ‘toeplitz’, the covariance will be a toeplitz matrix.

If ‘random’, uses a random semidefinite matrix with a set random seed.

If ‘distance’calculates the euclidean distance between each electrode.




You can also pass a custom covariance matrix by simply passing
numpy array that is n_elecs by n_elecs.



	sample_rate : int or float

	Sample rate (Hz)



	sessions : list

	Sesssions



	meta : str

	Meta info



	noise : int or float

	Noise added to simulation



	random_seed : bool or int

	Default False.  If True, set random seed to 123.  If int, set random
seed to value.








	Returns:	
	bo : Brain data object

	Instance of Brain data object containing simulated subject data and
locations



















          

      

      

    

  

  
    
    
    supereeg.simulate_locations
    
    

    

    
 
  
  

    
      
          
            
  
supereeg.simulate_locations


	
supereeg.simulate_locations(n_elecs=10, set_random_seed=False)

	Simulate iEEG locations





	Parameters:	
	n_elecs : int

	Number of electrodes



	set_random_seed : bool or int

	Default False.  If True, set random seed to 123.  If int, set random
seed to value.








	Returns:	
	elecs : pd.DataFrame

	A location by coordinate (x,y,z) matrix of simulated electrode locations
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supereeg.Nifti


	
class supereeg.Nifti(data, affine=None, **kwargs)

	Nifti class for the supereeg package.  Extends the Nibabel.Nifti1Image class.





	Parameters:	
	data : object or path to Nifti1Image, supereeg.Brain, supereeg.Model, supereeg.Nifti or np.ndarray

	Data can be a nifti image (either supereeg.Nifti or path to Nifti1Image), supereeg.Brain object,
supereeg.Model object, or a np.ndarray an N-D array containing the image data



	affine : np.ndarray

	A (4, 4) affine matrix mapping array coordinates to coordinates in MNI coordinate space.



	header : nibabel.nifti1.Nifti1Header

	Image metadata in the form of a header (optional parameter, use when creating nifti object from np.ndarray).








	Returns:	
	nii : supereeg.Nifti

	Instance of Nifti data class, (nibabel.nifti1.Nifti1Image subclass)








	Attributes:	
	affine

	

	dataobj

	

	header

	

	in_memory

	True when any array data is in memory cache



	shape

	

	slicer

	Slicer object that returns cropped and subsampled images











Methods







	ImageArrayProxy
	alias of ArrayProxy


	ImageSlicer
	alias of SpatialFirstSlicer


	as_reoriented(ornt)
	Apply an orientation change and return a new image


	filespec_to_file_map(klass,
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supereeg.Model


	
class supereeg.Model(data=None, locs=None, template=None, numerator=None, denominator=None, n_subs=None, meta=None, date_created=None, rbf_width=20, save=None)

	Model data object for the supereeg package

This class holds your supereeg model.  To create an instance, pass a list
of brain objects and the model will be generated from those brain objects.
You can also add your own model by passing a numpy array as your matrix and
the corresponding locations. Alternatively, you can bypass creating a
new model by passing numerator, denominator, locations, and n_subs
(see parameters for details).  Additionally, you can include a meta dictionary
with any other information that you want to save with the model.





	Parameters:	
	data : supereeg.Brain or list supereeg.Brain, supereeg.Nifti or list supereeg.Nifti, or Numpy.ndarray

	A supereeg.Brain object or supereeg.Nifti object,  list of objects, or a Numpy.ndarray of your model.



	locs : pandas.DataFrame or np.ndarray

	MNI coordinate (x,y,z) by number of electrode df containing electrode locations



	template : filepath

	Path to a template nifti file used to set model locations



	numerator : Numpy.ndarray

	(Optional) A locations x locations matrix comprising the sum of the log z-transformed
correlation matrices over subjects.  If used, must also pass denominator,
locs and n_subs. Otherwise, numerator will be computed from the brain
object data.



	denominator : Numpy.ndarray

	(Optional) A locations x locations matrix comprising the sum of the log (weighted) number of
subjects contributing to each matrix cell. If used, must also pass numerator,
locs and n_subs. Otherwise, denominator will be computed from the brain
object data.



	n_subs : int

	The number of subjects used to create the model.  Required if you pass
numerator/denominator.  Otherwise computed automatically from the data.



	rbf_width : positive scalar

	The width of the radial basis function (RBF) used as a spatial prior for
smoothing estimates at nearby locations.  (Default: 20)



	meta : dict

	Dict containing whatever you want:
Initialized with a stability field {‘stable’:True}. This is changed
to {‘stable’:False} after subtraction performed.



	date created : str

	Time created



	save : None

	Optional filename to save created model








	Returns:	
	model : supereeg.Model instance

	A model that can be used to infer timeseries from unknown locations








	Attributes:	
	numerator : Numpy.ndarray

	A locations x locations matrix comprising the sum of the log z-transformed
correlation matrices over subjects



	denominator : Numpy.ndarray

	A locations x locations matrix comprising the log sum of the (weighted) number of
subjects contributing to each matrix cell



	n_subs : int

	Number of subject used to create the model











Methods







	get_locs()
	Returns the locations in the model


	get_model([z_transform])
	Returns a copy of the model in the form of a correlation matrix


	get_slice(loc_inds[,
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supereeg.model_compile
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supereeg.Brain


	
class supereeg.Brain(data=None, locs=None, sessions=None, sample_rate=None, meta=None, date_created=None, label=None, kurtosis=None, kurtosis_threshold=10, minimum_voxel_size=3, maximum_voxel_size=20, filter='kurtosis')

	Brain data object for the supereeg package

A brain data object contains a single iEEG subject. To create one, at minimum
you need data (samples x electrodes), location coordinates in MNI space and
the sample rate of the data. Additionally, you can include a session id. If
included, all analyses will be performed within session and then aggregated
across sessions.  You can also include a meta dict, which can contain any
other information that might be useful (subject id, recording params, etc).





	Parameters:	
	data : numpy.ndarray or pandas.DataFrame, supereeg.Model, supereeg.Nifti, or Nifti1Image

	Samples x electrodes array containing the iEEG data.

If data is a model, returns correlation matrix.

If data is a nifti image (either supereeg.Nifti or Nifti1Image), returns nifti values as samples by electrodes
array.



	locs : numpy.ndarray or pandas.DataFrame

	Electrode by MNI coordinate (x,y,z) array containing electrode locations



	session : str, int or numpy.ndarray

	Samples x 1 array containing session identifiers for each time sample.
If str or int, the value will be copied for each time sample.



	sample_rates : float, int or list

	Sample rate (Hz) of the data. If different over multiple sessions, this is a list.



	meta : dict

	Optional dict containing whatever you want.



	date created : str

	Time created (optional)



	label : list

	List delineating if location was reconstructed or observed. This is computed in reconstruction.








	Returns:	
	bo : supereeg.Brain

	Instance of Brain data object.








	Attributes:	
	data : pandas.DataFrame

	Samples x electrodes dataframe containing the EEG data.



	locs : pandas.DataFrame

	Electrode by MNI coordinate (x,y,z) df containing electrode locations.



	sessions : pandas.Series

	Samples x 1 array containing session identifiers.  If a single value is passed, a single session will be
created.



	sample_rates : list

	Sample rate of the data. If different over multiple sessions, this is a list.



	meta : dict

	Optional dict containing whatever you want.



	n_elecs : int

	Number of electrodes



	dur : float

	Amount of data in seconds for each session



	n_sessions : int

	Number of sessions



	label : list

	Label for each session



	kurtosis : int

	Kurtosis threshold



	filter : ‘kurtosis’ or None

	If ‘kurtosis’, electrodes that exceed the kurtosis threshold will be removed.  If None, no thresholding is
applied.



	minimum_voxel_size : positive scalar or 3D numpy array

	Used to construct Nifti objects; default: 3 (mm)



	maximum_voxel_size : positive scalar or 3D numpy array

	Used to construct Nifti objects; default: 20 (mm)











Methods







	apply_filter([inplace])
	Return a filtered copy


	get_data()
	Gets data from brain object


	get_locs()
	Gets locations from brain object


	get_slice([sample_inds,
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supereeg.create_cov


	
supereeg.create_cov(cov, n_elecs=10)

	Creates covariance matrix of specified type





	Parameters:	
	cov : str or np.array

	The covariance structure of the data.


If ‘eye’, the covariance will be the identity matrix.

If ‘toeplitz’, the covariance will be a toeplitz matrix.

If ‘random’, uses a random semidefinite matrix with a set random seed.

If ‘distance’calculates the euclidean distance between each electrode.




You can also pass a custom covariance matrix by simply passing
numpy array that is n_elecs by n_elecs.



	n_elecs : int

	Number of electrodes








	Returns:	
	R : np.ndarray

	Numpy array containing the covariance structure in the specified
dimension (n_elecs x n_elecs)



















          

      

      

    

  

  
    
    
    How to use the supereeg package
    
    

    

    
 
  
  

    
      
          
            
  
How to use the supereeg package


Introduction to Brain objects



	Building a brain object

	Load in the required libraries

	Simulate some data

	Creating a brain object

	Initialize brain objects

	The structure of a brain object

	Brain object methods
	bo.info()

	bo.apply_filter()

	bo.get_data()

	bo.get_zscore_data()

	bo.get_locs()

	bo.get_slice()

	bo.resample()

	bo.plot_data()

	bo.plot_locs()

	bo.to_nii()

	bo.save(fname='something')












Model objects and predicting activity



	Model objects and predicting whole brain activity

	Load in the required libraries

	Initialize model objects

	Model object methods
	mo.info()

	mo.plot_data()

	mo.plot_locs()

	mo.update()

	mo.get_model()

	mo.save(fname='something')

	Creating a new model

	Predicting whole brain activity

	mo.predict()

	mo.predict(nearest_neighbor=True)

	mo.predict(force_update=False)












Nifti objects



	Nifti objects data type

	Load in the required libraries

	Initialize nifti objects
	Spatial resampling





	Nifti object methods
	nifti.info()

	nifti.get_slice()

	nifti.plot_glass_brain()

	nifti.plot_anat()

	nifti.make_gif()

	nifti.save()












Simulations



	Simulate model objects and brain objects

	Load in the required libraries

	Simulate locations

	Simulate brain object
	simulate_bo()

	Simulate model object

	simulate_model_bos()

	Simulation Example 1:

	Simulation Example 2:

	Simulation Example 3:
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supereeg.tal2mni


	
supereeg.tal2mni(r)

	Convert coordinates (electrode locations) from Talairach to MNI space





	Parameters:	
	r : ndarray

	Coordinate locations (Talairach space)








	Returns:	
	results : ndarray

	Coordinate locations (MNI space)
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supereeg.simulate_model_bos


	
supereeg.simulate_model_bos(n_samples=1000, locs=None, sample_locs=None, cov='random', sample_rate=1000, sessions=None, meta=None, noise=0.1, set_random_seed=False)

	Simulate brain object





	Parameters:	
	n_samples : int

	Number of time samples



	locs : np.ndarray or pd.DataFrame

	A location by coordinate (x,y,z) matrix of simulated electrode locations



	sample_locs : int

	Number of subsampled electrode location to create each brain object



	cov : str or np.array

	The covariance structure of the data.


If ‘eye’, the covariance will be the identity matrix.

If ‘toeplitz’, the covariance will be a toeplitz matrix.

If ‘random’, uses a random semidefinite matrix with a set random seed.

If ‘distance’calculates the euclidean distance between each electrode.




You can also pass a custom covariance matrix by simply passing
numpy array that is n_elecs by n_elecs



	sample_rate : int or float

	Sample rate (Hz)



	sessions : list

	Sesssions



	meta : str

	Meta info



	noise : int or float

	Noise added to simulation



	set_random_seed : bool or int

	Default False.  If True, set random seed to 123.  If int, set random seed to value.








	Returns:	
	bo : Brain data object

	Instance of Brain data object containing simulated subject data and locations
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supereeg.simulate_bo


	
supereeg.simulate_bo(n_samples=1000, n_elecs=10, locs=None, cov='random', sample_rate=1000, sessions=None, meta=None, noise=0.1, random_seed=False)

	Simulate brain object





	Parameters:	
	n_samples : int

	Number of time samples



	n_elecs : int

	Number of electrodes



	locs : np.ndarray or pd.DataFrame

	A location by coordinate (x,y,z) matrix of simulated electrode locations



	cov : str or np.array

	The covariance structure of the data.


If ‘eye’, the covariance will be the identity matrix.

If ‘toeplitz’, the covariance will be a toeplitz matrix.

If ‘random’, uses a random semidefinite matrix with a set random seed.

If ‘distance’calculates the euclidean distance between each electrode.




You can also pass a custom covariance matrix by simply passing
numpy array that is n_elecs by n_elecs.



	sample_rate : int or float

	Sample rate (Hz)



	sessions : list

	Sesssions



	meta : str

	Meta info



	noise : int or float

	Noise added to simulation



	random_seed : bool or int

	Default False.  If True, set random seed to 123.  If int, set random
seed to value.








	Returns:	
	bo : Brain data object

	Instance of Brain data object containing simulated subject data and
locations
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Load and plot nifti file

This example loads a nifti file and plots it.

[image: ../_images/sphx_glr_plot_load_nifti_001.png]
# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se

# load example nifti
# gray matter masked MNI152 brain downsampled to 20mm
nii = se.load('example_nifti')

# plot nifti
nii.plot_anat()





Total running time of the script: ( 0 minutes  0.298 seconds)



Download Python source code: plot_load_nifti.py


Download Jupyter notebook: plot_load_nifti.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Note

Click here to download the full example code




Slice brain object

Here, we load an example dataset, and then slice out some electrodes and time
samples.

# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se

# load example data
bo = se.load('example_data')

# check out the brain object (bo)
bo.info()

# indexing:

#returns first time sample
bo1 = bo[0]

#return first 5 time samples
bo2 = bo[:5]

#return first electrode
bo3 = bo[:, 0]

#returns first 5 timesamples/elecs
bo4 = bo[:5, :5]

# or index by both locations and times in place using get_slice method and specify inplace=True
bo.get_slice(sample_inds=[0,1,2,3,4], loc_inds=[0,1,2,3,4], inplace=True)





Total running time of the script: ( 0 minutes  0.000 seconds)



Download Python source code: index_brain_object.py


Download Jupyter notebook: index_brain_object.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Create a model from scratch, and then update it with new subject data

In this example, we will simulate a model and update the model with the new data.
First, we’ll load in some example locations. Then, we will simulate
correlational structure (a toeplitz matrix) to impose on our simulated data.
We simulate 3 brain objects by sampling 10 locations from example_locs and
create a model from these brain objects. Then, we will simulate an additional
brain object and use the model.update method to update an existing model with
new data.


	[image: ../_images/sphx_glr_plot_update_model_001.png]


	[image: ../_images/sphx_glr_plot_update_model_002.png]




# Code source: Andrew Heusser & Lucy Owen
# License: MIT

# import libraries
import matplotlib.pyplot as plt
import supereeg as se


# simulate 100 locations
locs = se.simulate_locations(n_elecs=100)

# simulate correlation matrix
R = se.create_cov(cov='toeplitz', n_elecs=len(locs))

# simulate brain objects for the model that subsample n_elecs for each synthetic patient
model_bos = [se.simulate_model_bos(n_samples=1000, sample_rate=1000, locs=locs, sample_locs=10, cov='toeplitz')
             for x in range(3)]

# create the model object
model = se.Model(data=model_bos, locs=locs, n_subs=3)
model.plot_data()

# brain object locations subsetted
sub_locs = locs.sample(10).sort_values(['x', 'y', 'z'])

# simulate a new brain object using the same covariance matrix
bo = se.simulate_bo(n_samples=1000, sample_rate=1000, locs=sub_locs, cov='toeplitz')

# update the model
new_model = model.update(bo, inplace=False)

# initialize subplots
f, (ax1, ax2) = plt.subplots(1, 2)
f.set_size_inches(14,6)

# plot it and set the title
model.plot_data(ax=ax1, show=False, yticklabels=False, xticklabels=False, cbar=True, vmin=0, vmax=1)
ax1.set_title('Before updating model: 3 subjects total')

# plot it and set the title
new_model.plot_data(ax=ax2, show=False, yticklabels=False, xticklabels=False, cbar=True, vmin=0, vmax=1)
ax2.set_title('After updating model: 4 subjects total')

plt.tight_layout()
plt.show()





Total running time of the script: ( 0 minutes  3.762 seconds)



Download Python source code: plot_update_model.py


Download Jupyter notebook: plot_update_model.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Convert and save nifti file

This example converts a brain object into a nifti and saves it.


	[image: ../_images/sphx_glr_plot_export_nifti_001.png]


	[image: ../_images/sphx_glr_plot_export_nifti_002.png]




# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se


# load example data to convert to nifti
bo = se.load('example_data')

# convert to nifti two ways:

# if no parameters are passed default uses gray matter masked brain downsampled to 6 mm resolution
# 1: convert with to_nii() method
nii_bo1 = bo.to_nii(template='gray', vox_size=20)

nii_bo1.plot_glass_brain()

# 2: pass to initialize nifti
nii_bo2 = se.Nifti(bo, template='gray', vox_size=20)

nii_bo2.plot_glass_brain()

# save nifti
#nii_bo.save('/path/to/save/nifti')





Total running time of the script: ( 0 minutes  1.610 seconds)



Download Python source code: plot_export_nifti.py


Download Jupyter notebook: plot_export_nifti.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Gallery of Examples
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Load and plot nifti file








[image: ../_images/sphx_glr_tal_to_mni_thumb.png]
Convert from talairach to MNI space
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Index nifti object
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Plot Nifti
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Filtering electrodes
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Simulate model object








[image: ../_images/sphx_glr_plot_export_nifti_thumb.png]
Convert and save nifti file
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Load and plot a model
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Create a model from scratch, and then update it with new subject data
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Download all examples in Python source code: auto_examples_python.zip


Download all examples in Jupyter notebooks: auto_examples_jupyter.zip



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Explore labels

In this example, we load in a single subject example, load a model, and predict activity at all
model locations. We then plot locations, which are colored labels ‘observed’ and ‘reconstructed’.


	[image: ../_images/sphx_glr_plot_labels_001.png]


	[image: ../_images/sphx_glr_plot_labels_002.png]




# Code source: Lucy Owen & Andrew Heusser
# License: MIT

import supereeg as se

# load example data
bo = se.load('example_data')

# plot original locations
bo.plot_locs()

# load example model
model = se.load('example_model')

# the default will replace the electrode location with the nearest voxel and reconstruct at all other locations
reconstructed_bo = model.predict(bo, nearest_neighbor=False)

# plot the all reconstructed locations
reconstructed_bo.plot_locs()





Total running time of the script: ( 0 minutes  22.511 seconds)



Download Python source code: plot_labels.py


Download Jupyter notebook: plot_labels.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]





          

      

      

    

  

  
    
    
    Make gif
    
    

    

    
 
  
  

    
      
          
            
  
Note

Click here to download the full example code




Make gif

In this example, we load in a single subject example, remove electrodes that exceed
a kurtosis threshold (in place), load a model, and predict activity at all
model locations.  We then convert the reconstruction to a nifti and plot 3 consecutive timepoints
first with the plot_glass_brain and then create .png files and compile as a gif.

# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# load
import supereeg as se

# load example data
bo = se.load('example_data')

# load example model
model = se.load('example_model')

# the default will replace the electrode location with the nearest voxel and reconstruct at all other locations
reconstructed_bo = model.predict(bo)

# print out info on new brain object
reconstructed_bo.info()

# convert to nifti
reconstructed_nifti = reconstructed_bo.to_nii(template='gray', vox_size=20)

# make gif, default time window is 0 to 10, but you can specifiy by setting a range with index
# reconstructed_nifti.make_gif('/your/path/to/gif/', index=np.arange(100), name='sample_gif')





Total running time of the script: ( 0 minutes  0.000 seconds)



Download Python source code: make_gif.py


Download Jupyter notebook: make_gif.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Predict unknown location

In this example, we load in a single subject example, remove electrodes that
exceed a kurtosis threshold, load a model, and predict activity at all
model locations and plot those locations.  We then convert the reconstruction to
a nifti and plot the reconstruction.


	[image: ../_images/sphx_glr_plot_predict_001.png]


	[image: ../_images/sphx_glr_plot_predict_002.png]




Out:

Number of electrodes: 274
Recording time in seconds: [ 5.3984375 14.1328125]
Sample Rate in Hz: [256, 256]
Number of sessions: 2
Date created: Wed Jul 25 20:26:51 2018
Meta data: {}











# Code source: Lucy Owen & Andrew Heusser
# License: MIT

import supereeg as se

# load example data
bo = se.load('example_data')

# load example model
model = se.load('example_model')

# the default will replace the electrode location with the nearest voxel and reconstruct at all other locations
reconstructed_bo = model.predict(bo, force_update=True)

# plot locations colored by label
reconstructed_bo.plot_locs()

# print out info on new brain object
reconstructed_bo.info()

# save as nifti
reconstructed_nii = reconstructed_bo.to_nii(template='gray', vox_size=20)

# plot nifti reconstruction
reconstructed_nii.plot_glass_brain()





Total running time of the script: ( 0 minutes  32.736 seconds)



Download Python source code: plot_predict.py


Download Jupyter notebook: plot_predict.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]





          

      

      

    

  

  
    
    
    Convert from talairach to MNI space
    
    

    

    
 
  
  

    
      
          
            
  
Note

Click here to download the full example code




Convert from talairach to MNI space

This example converts electrodes locations from talairach to MNI space.

# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se
import numpy as np

# some example electrode locations
tal_locs = np.array([[-54, -9, -15], [-54, -5, -7], [-52, -1, 2]])

# convert to mni space
mni_locs = se.tal2mni(tal_locs)





Total running time of the script: ( 0 minutes  0.000 seconds)



Download Python source code: tal_to_mni.py


Download Jupyter notebook: tal_to_mni.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Note

Click here to download the full example code




Resampling

This example shows you how to resample your data

# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se

# load example data
bo = se.load('example_data')

# info contains sample rate
bo.info()

# default resample returns the brain object
bo.resample()

# show new info - nothing changed if resample_rate isn't specified
bo.info()

# resample to specified sample rate
bo.resample(100)

# show new info
bo.info()

# can also change sample rate when converting to nifti image
nii = bo.to_nii(template='gray', vox_size=20, sample_rate=64)





Total running time of the script: ( 0 minutes  0.000 seconds)



Download Python source code: resampleing.py


Download Jupyter notebook: resampleing.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Note

Click here to download the full example code




Index nifti object

In this example, we load a brain object as a nifti object, and index 5 timepoints.

# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# load
import supereeg as se

#  initialize a nifti object with a brain object or model object
bo_nii = se.load('example_data', return_type='nii')

# or you can slice first 5 time points
bo_nii_slice = bo_nii.get_slice(index=[0,1,2,3,4])





Total running time of the script: ( 0 minutes  0.000 seconds)



Download Python source code: nifti_get_slice.py


Download Jupyter notebook: nifti_get_slice.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Filtering electrodes

This example filters electrodes based on kurtosis thresholding (default=10).


	[image: ../_images/sphx_glr_plot_filtering_001.png]


	[image: ../_images/sphx_glr_plot_filtering_002.png]


	[image: ../_images/sphx_glr_plot_filtering_003.png]


	[image: ../_images/sphx_glr_plot_filtering_004.png]




Out:

Number of electrodes: 40
Recording time in seconds: [10.00186035]
Sample Rate in Hz: [499.907]
Number of sessions: 1
Date created: Mon Jan 15 14:39:35 2018
Meta data: BW013
Number of electrodes: 40
Recording time in seconds: [10.00186035]
Sample Rate in Hz: [499.907]
Number of sessions: 1
Date created: Mon Jan 15 14:39:35 2018
Meta data: BW013











# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se

# load example data
bo = se.load('example_filter')

# plot filtered data as default
bo.plot_data()

# plot filtered locations as default
bo.plot_locs()

# 37 locations
bo.info()

# or you can set filter to None if you want to plot original data
bo.filter = None

# plot unfiltered data
bo.plot_data()

# plot unfiltered locations (in aqua)
bo.plot_locs()

# 40 locations
bo.info()





Total running time of the script: ( 0 minutes  1.058 seconds)



Download Python source code: plot_filtering.py


Download Jupyter notebook: plot_filtering.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Load and plot a model

Here we load the example model, and then plot it along with the locations.


	[image: ../_images/sphx_glr_plot_model_001.png]


	[image: ../_images/sphx_glr_plot_model_002.png]




# Code source: Lucy Owen & Andrew Heusser
# License: MIT

import supereeg as se
import numpy as np

# load example model
model = se.load('example_model')

# loading older models
num = se.load('example_model', field='numerator')
denom = se.load('example_model', field='denominator')
locs = se.load('example_model', field='locs')
n_subs = se.load('example_model', field='n_subs')

# create new model from old data
new_model = se.Model(data=np.divide(num, denom), locs=locs, n_subs=n_subs)

# these should be the same
assert np.allclose(new_model.get_model(), model.get_model())

# plot it
model.plot_data(xticklabels=False, yticklabels=False)

# plot locations
model.plot_locs()





Total running time of the script: ( 0 minutes  0.573 seconds)



Download Python source code: plot_model.py


Download Jupyter notebook: plot_model.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Loading data

Here, we load an example dataset and then print out some information about it.


	[image: ../_images/sphx_glr_plot_load_example_data_001.png]


	[image: ../_images/sphx_glr_plot_load_example_data_002.png]




Out:

Number of electrodes: 64
Recording time in seconds: [ 5.3984375 14.1328125]
Sample Rate in Hz: [256, 256]
Number of sessions: 2
Date created: Fri Mar  9 17:09:35 2018
Meta data: {'patient': u'CH003'}











# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se

# load example data
bo = se.load('example_data')

# check out the brain object (bo)
bo.info()

# look data, stored as pandas dataframe
bo.data.head()

# then can visualize locations
bo.plot_locs()

# visualize the data with plot_data
# the default time window is the first 10 seconds, but you can specify your own timewindow
bo.plot_data(time_min=0, time_max=5)





Total running time of the script: ( 0 minutes  0.534 seconds)



Download Python source code: plot_load_example_data.py


Download Jupyter notebook: plot_load_example_data.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Simulating a brain object

In this example, we demonstrate the simulate_bo function.
First, we’ll load in some example locations. Then we’ll simulate 1
brain object specifying a noise parameter and the correlational structure
of the data (a toeplitz matrix). We’ll then subsample 10 locations from the
original brain object.


	[image: ../_images/sphx_glr_plot_simulate_bo_001.png]


	[image: ../_images/sphx_glr_plot_simulate_bo_002.png]




# Code source: Lucy Owen & Andrew Heusser
# License: MIT

import supereeg as se
from supereeg.helpers import _corr_column
import numpy as np

# simulate 100 locations
locs = se.simulate_locations(n_elecs=100)

# simulate brain object
bo = se.simulate_bo(n_samples=1000, sample_rate=100, cov='random', locs=locs, noise =.1)

# sample 10 locations, and get indices
sub_locs = locs.sample(90, replace=False).sort_values(['x', 'y', 'z']).index.values.tolist()

# index brain object to get sample patient
bo_sample = bo[: ,sub_locs]

# plot sample patient locations
bo_sample.plot_locs()

# plot sample patient data
bo_sample.plot_data()

# make model from brain object
r_model = se.Model(data=bo, locs=locs)

# predict
bo_s = r_model.predict(bo_sample, nearest_neighbor=False)

# find indices for reconstructed locations
recon_labels = np.where(np.array(bo_s.label) != 'observed')

# find correlations between predicted and actual data
corrs = _corr_column(bo.get_data().as_matrix(), bo_s.get_data().as_matrix())

# index reconstructed correlations
corrs[recon_labels].mean()





Total running time of the script: ( 0 minutes  0.834 seconds)



Download Python source code: plot_simulate_bo.py


Download Jupyter notebook: plot_simulate_bo.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Plot Nifti

Here, we load an example nifti image and plot it two ways.


	[image: ../_images/sphx_glr_plot_nifti_001.png]


	[image: ../_images/sphx_glr_plot_nifti_002.png]




# Code source: Lucy Owen & Andrew Heusser
# License: MIT

# import
import supereeg as se

# load nifti objects by passing directly to Nifti class
# if no parameters are passed default uses gray matter masked brain downsampled to 6 mm resolution
bo_nii = se.Nifti('example_data', vox_size=6)

# plot first 2 timepoints as plot_glass_brain
# default will plot first timepoint
bo_nii.plot_glass_brain(index=[0,1])





Total running time of the script: ( 0 minutes  1.746 seconds)



Download Python source code: plot_nifti.py


Download Jupyter notebook: plot_nifti.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Simulate model object

In this example, we simulate 3 brain objects using a subset of 10
locations. We will impose a correlational structure (a toeplitz matrix) on
our simulated brain objects.  Then, we will create a model from these brain
objects and plot it.

[image: ../_images/sphx_glr_plot_simulate_mo_001.png]
# Code source: Lucy Owen & Andrew Heusser
# License: MIT

import supereeg as se

# simulate 100 locations
locs = se.simulate_locations(n_elecs=100)

# simulate correlation matrix
R = se.create_cov(cov='toeplitz', n_elecs=len(locs))

# create list of simulated brain objects
model_bos = [se.simulate_model_bos(n_samples=1000, sample_rate=1000, cov=R,
                                   locs=locs, sample_locs=10) for x in range(3)]

# create model from subsampled gray locations
model = se.Model(model_bos, locs=locs)

# plot the model
model.plot_data()





Total running time of the script: ( 0 minutes  2.548 seconds)



Download Python source code: plot_simulate_mo.py


Download Jupyter notebook: plot_simulate_mo.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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Note

Click here to download the full example code




Explore model add and subtract

In this example, we show you how to add and subtract models.

# Code source: Lucy Owen & Andrew Heusser
# License: MIT
import supereeg as se
import numpy as np

# some example locations
locs = np.array([[-61., -77.,  -3.],
                 [-41., -77., -23.],
                 [-21., -97.,  17.],
                 [-21., -37.,  77.],
                 [-21.,  63.,  -3.],
                 [ -1., -37.,  37.],
                 [ -1.,  23.,  17.],
                 [ 19., -57., -23.],
                 [ 19.,  23.,  -3.],
                 [ 39., -57.,  17.],
                 [ 39.,   3.,  37.],
                 [ 59., -17.,  17.]])


# number of timeseries samples
n_samples = 10
# number of subjects
n_subs = 6
# number of electrodes
n_elecs = 5
# simulate some brain objects
data = [se.simulate_model_bos(n_samples=10, sample_rate=10, locs=locs, sample_locs = n_elecs, set_random_seed=123, noise=0) for x in range(n_subs)]
# create a model from the first 5 brain objects and another from 1 brain object
mo1 = se.Model(data=data[0:5], locs=locs, n_subs=5)
mo2 = se.Model(data=data[5:6], locs=locs, n_subs=1)

# adding the models
mo3 = mo1 + mo2

# plot the added model
mo3.plot_data()
# adding these models is the same as making a model from all 6 brain objects at once
mo3_alt = se.Model(data=data[0:6], locs=locs, n_subs=6)
# plot the alternate model
mo3_alt.plot_data()
# show that they're the same
assert np.allclose(mo3.get_model(), mo3_alt.get_model())
# show that the number of subjects is also added
assert(mo3.n_subs == mo1.n_subs + mo2.n_subs)

# you can also subtract models
mo2_sub = mo3 - mo1

# plot the subtracted model
mo2_sub.plot_data()
# plot the original
mo2.plot_data()
# show that subratracting mo1 from mo3 will equal mo2
assert np.allclose(mo2.get_model(), mo2_sub.get_model(), equal_nan=True)
# show that the number of subjects is also subtracted
assert(mo2_sub.n_subs == mo2.n_subs)
# subtraction also updates the meta field, changing stable from True to False
mo2.info()
mo2_sub.info()
# now that the new model is not stable, so you can't add anything to it
try:
    assert mo2_sub + mo3
except AssertionError:
    assert True == True





Total running time of the script: ( 0 minutes  0.000 seconds)



Download Python source code: model_add_subtract.py


Download Jupyter notebook: model_add_subtract.ipynb



Gallery generated by Sphinx-Gallery [https://sphinx-gallery.readthedocs.io]
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debug predict

This example shows debugging process for predict.  Delete before pip push.

# Code source: Lucy Owen & Andrew Heusser
# License: MIT


import supereeg as se
import sys
import numpy as np
from supereeg.helpers import _corr_column, _count_overlapping
try:
    from itertools import zip_longest
except:
    from itertools import izip_longest as zip_longest

from scipy.stats import zscore
#
# def round_it(locs, places):
#     """
#     Rounding function
#
#     Parameters
#     ----------
#     locs : float
#         Number be rounded
#
#     places : int
#         Number of places to round
#
#     Returns
#     ----------
#     result : float
#         Rounded number
#
#
#     """
#     return np.round(locs, decimals=places)
#
# def get_rows(all_locations, subj_locations):
#     """
#         This function indexes a subject's electrode locations in the full array of electrode locations
#
#         Parameters
#         ----------
#         all_locations : ndarray
#             Full array of electrode locations
#
#         subj_locations : ndarray
#             Array of subject's electrode locations
#
#         Returns
#         ----------
#         results : list
#             Indexs for subject electrodes in the full array of electrodes
#
#         """
#     if subj_locations.ndim == 1:
#         subj_locations = subj_locations.reshape(1, 3)
#     inds = np.full([1, subj_locations.shape[0]], np.nan)
#     for i in range(subj_locations.shape[0]):
#         possible_locations = np.ones([all_locations.shape[0], 1])
#         try:
#             for c in range(all_locations.shape[1]):
#                 possible_locations[all_locations[:, c] != subj_locations[i, c], :] = 0
#             inds[0, i] = np.where(possible_locations == 1)[0][0]
#         except:
#             pass
#     inds = inds[~np.isnan(inds)]
#     return [int(x) for x in inds]
#
# def known_unknown(fullarray, knownarray, subarray=None, electrode=None):
#     """
#         This finds the indices for known and unknown electrodes in the full array of electrode locations
#
#         Parameters
#         ----------
#         fullarray : ndarray
#             Full array of electrode locations - All electrodes that pass the kurtosis test
#
#         knownarray : ndarray
#             Subset of known electrode locations  - Subject's electrode locations that pass the kurtosis test (in the leave one out case, this is also has the specified location missing)
#
#         subarray : ndarray
#             Subject's electrode locations (all)
#
#         electrode : str
#             Index of electrode in subarray to remove (in the leave one out case)
#
#         Returns
#         ----------
#         known_inds : list
#             List of known indices
#
#         unknown_inds : list
#             List of unknown indices
#
#         """
#     ## where known electrodes are located in full matrix
#     known_inds = get_rows(round_it(fullarray, 3), round_it(knownarray, 3))
#     ## where the rest of the electrodes are located
#     unknown_inds = list(set(range(np.shape(fullarray)[0])) - set(known_inds))
#     if not electrode is None:
#         ## where the removed electrode is located in full matrix
#         rm_full_ind = get_rows(round_it(fullarray, 3), round_it(subarray[int(electrode)], 3))
#         ## where the removed electrode is located in the unknown index subset
#         rm_unknown_ind = np.where(np.array(unknown_inds) == np.array(rm_full_ind))[0].tolist()
#         return known_inds, unknown_inds, rm_unknown_ind
#     else:
#         return known_inds, unknown_inds
#
#
# def chunker(iterable, n, fillvalue=None):
#     #"grouper(3, 'ABCDEFG', 'x') --> ABC DEF Gxx"
#     args = [iter(iterable)] * n
#     return zip_longest(fillvalue=fillvalue, *args)
#
# def time_by_file_index_bo(bo, ave_data, known_inds, unknown_inds):
#     """
#     Session dependent function that calculates that finds either the timeseries or the correlation of the predicted and actual timeseries for a given location chunked by 25000 timepoints
#
#     Parameters
#     ----------
#     fname : Data matrix (npz file)
#         The data to be analyzed.
#         Filename containing fields:
#             Y - time series
#             R - electrode locations
#             fname_labels - session number
#             sample_rate - sampling rate
#
#     ave_data: ndarray
#         Average correlation matrix
#
#     known_inds: list
#         Indices for known electrodes in average matrix
#
#     unknown_inds: list
#         Indices for unknown electrodes in average matrix
#
#     electrode_ind: int
#         Index for estimated location in average matrix (location in unknown_inds)
#
#     k_flat_removed: list
#         Indices of good channels (pass kurtosis test) in Y
#
#     electrode: int
#         Index of held out location in known_inds
#
#     time_series: boolean
#         True: output is predicted and actual timeseries
#         False: output is predicted and actual correlation
#
#     Returns
#     ----------
#     results : pandas dataframe
#         If timeseries input is:
#         True: output is predicted and actual timeseries
#         False: output is predicted and actual correlation
#
#
#     """
#     file_inds = np.unique(np.atleast_2d(bo.sessions.as_matrix()))
#     Kaa = np.float32(ave_data[known_inds, :][:, known_inds])
#     Kaa_inv = np.linalg.pinv(Kaa)
#     Kba = np.float32(ave_data[unknown_inds, :][:, known_inds])
#     results = []
#     for i in file_inds:
#         if np.shape(np.atleast_2d(bo.sessions.as_matrix()))[1] == 1:
#             fname_labels = np.atleast_2d(bo.sessions.as_matrix()).T
#         else:
#             fname_labels = np.atleast_2d(bo.sessions.as_matrix())
#         next_inds = np.where(fname_labels == i)[1]
#         ### this code should incorporate the average voltage of the known (subject) electrodes and the average for the unknown (the other subjects)
#         block_results = []
#         next = np.zeros((bo.get_data().shape[0], ave_data.shape[0]))
#         ### right now, this doesn't use an overlap in time, but this needs to be addressed when I see edge effects
#         for each in chunker(next_inds, 1000):
#
#             next[:, unknown_inds] = np.squeeze(np.dot(np.dot(Kba, Kaa_inv),
#                                                zscore(np.float32(
#                                                    bo.get_data().as_matrix()[filter(lambda v: v is not None, each), :])).T).T)
#             next[:, known_inds] = np.squeeze(zscore(np.float32(bo.get_data().as_matrix()[filter(lambda v: v is not None, each), :])))
#             if block_results==[]:
#                 block_results = next
#             else:
#                 block_results = np.vstack((block_results, next))
#         if results==[]:
#             results = block_results
#         else:
#             results = np.vstack((block_results, results))
#
#         return results

#
# # simulate 100 locations
# locs = se.simulate_locations(n_elecs=100, random_seed=True)
#
# # simulate brain object
# bo = se.simulate_bo(n_samples=1000, sample_rate=100, cov='random', locs=locs, noise=0, random_seed=True)
#
# # sample 10 locations, and get indices
# sub_locs = locs.sample(90, replace=False, random_state=123).sort_values(['x', 'y', 'z']).index.values.tolist()
#
# # index brain object to get sample patient
# bo_sample = bo[: ,sub_locs]
#
# # plot sample patient locations
# bo_sample.plot_locs()
#
# # plot sample patient data
# bo_sample.plot_data()
#
# Model = se.Model(data=bo, locs=locs)
#
# R = Model.get_locs().as_matrix()
#
# R_K_subj = bo_sample.get_locs().as_matrix()
#
# known_inds, unknown_inds = known_unknown(R, R_K_subj, R_K_subj)
#
#
#
# recon_data = time_by_file_index_bo(bo_sample, Model.get_model(z_transform=False), known_inds, unknown_inds)
#
# bo_r = se.Brain(data=recon_data, locs = R, sample_rate=bo.sample_rate, sessions=bo.sessions.as_matrix())
#
#
# corrs_1 = _corr_column(bo.get_data().as_matrix(), bo_r.get_data().as_matrix())
#
# print('correlations with timeseries recon  = ' + str(corrs_1[unknown_inds].mean()))
#
#
# bo_s = Model.predict(bo_sample, nearest_neighbor=False)
#
# recon_labels = np.where(np.array(bo_s.label) != 'observed')
#
# corrs = _corr_column(bo.get_data().as_matrix(), bo_s.get_data().as_matrix())
#
# print('correlations with predict function = ' + str(corrs[recon_labels].mean()))
#
# assert np.allclose(corrs, corrs_1)


########## debug case 1 - null set ##################

# set random seed to default and noise to 0
random_seed = np.random.seed(123)
noise = 0

# locs
locs = se.simulate_locations(n_elecs=100, set_random_seed=random_seed)

# create model locs from 75 locations
mo_locs = locs.sample(75, random_state=random_seed).sort_values(['x', 'y', 'z'])

# create covariance matrix from random seed
c = se.create_cov(cov='random', n_elecs=100)

# pull out model from covariance matrix
data = c[:, mo_locs.index][mo_locs.index, :]

# create model from subsetted covariance matrix and locations
model = se.Model(data=data, locs=mo_locs, n_subs=1)

# create brain object from the remaining locations - first find remaining 25 locations
sub_locs = locs[~locs.index.isin(mo_locs.index)]

# create a brain object with all gray locations
bo = se.simulate_bo(n_samples=1000, sample_rate=100, locs=locs, noise=noise, random_seed=random_seed)

# parse brain object to create synthetic patient data
data = bo.data.iloc[:, sub_locs.index]

# put data and locations together in new sample brain object
bo_sample = se.Brain(data=data.as_matrix(), locs=sub_locs, sample_rate=100)

# predict activity at all unknown locations
recon = model.predict(bo_sample, nearest_neighbor=False)

# get reconstructed indices
recon_labels = np.where(np.array(recon.label) != 'observed')

# actual = bo.data.iloc[:, unknown_ind]
actual_data = bo.get_zscore_data()[:, recon_labels[0]]

recon_data = recon[:, recon_labels[0]].get_data().as_matrix()
corr_vals = _corr_column(actual_data, recon_data)

print('case 1 (null set) correlation = ' +str(corr_vals.mean()))




########## debug case 2 - subset ##################

# set random seed to default and noise to 0
random_seed = np.random.seed(123)
noise = 0

# locs
locs = se.simulate_locations(n_elecs=100, set_random_seed=random_seed)

# create model locs from 50 locations
mo_locs = locs.sample(100, random_state=random_seed).sort_values(['x', 'y', 'z'])

# create covariance matrix from random seed
c = se.create_cov(cov='random', n_elecs=100)

# pull out model from covariance matrix
data = c[:, mo_locs.index][mo_locs.index, :]

# create model from subsetted covariance matrix and locations
model = se.Model(data=data, locs=mo_locs, n_subs=1)

# create brain object from subset of model locations
sub_locs = mo_locs.sample(25, random_state=random_seed).sort_values(['x', 'y', 'z'])

# create a brain object with all gray locations
bo = se.simulate_bo(n_samples=1000, sample_rate=100, locs=mo_locs, noise=noise, random_seed=random_seed)

# parse brain object to create synthetic patient data
data = bo.data.iloc[:, sub_locs.index]

# put data and locations together in new sample brain object
bo_sample = se.Brain(data=data.as_matrix(), locs=sub_locs, sample_rate=100)

# predict activity at all unknown locations
recon = model.predict(bo_sample, nearest_neighbor=False)

# get reconstructed indices
recon_labels = np.where(np.array(recon.label) != 'observed')

# actual = bo.data.iloc[:, unknown_ind]
actual_data = bo.get_zscore_data()[:, recon_labels[0]]

recon_data = recon[:, recon_labels[0]].get_data().as_matrix()
corr_vals = _corr_column(actual_data, recon_data)

print('case 2 (subset of model) correlation = ' +str(corr_vals.mean()))

########## debug case 3 - overlapping set ##################

# set random seed to default and noise to 0
random_seed = np.random.seed(123)
noise = 0

# locs
locs = se.simulate_locations(n_elecs=100, set_random_seed=random_seed)

# create model locs from 75 locations
mo_locs = locs.sample(75, random_state=random_seed).sort_values(['x', 'y', 'z'])

# create covariance matrix from random seed
c = se.create_cov(cov='random', n_elecs=100)

# pull out model from covariance matrix
data = c[:, mo_locs.index][mo_locs.index, :]

# create model from subsetted covariance matrix and locations
model = se.Model(data=data, locs=mo_locs, n_subs=1)

# create brain object from all the locations - first find remaining 25 location
sub_locs = locs[~locs.index.isin(mo_locs.index)]

# then add 25 locations subsetted from model locations
sub_locs = sub_locs.append(mo_locs.sample(25, random_state=random_seed).sort_values(['x', 'y', 'z']))

# then subsample 25 from those locations to get some overlapping
sub_locs.sample(25, random_state=random_seed).sort_values(['x', 'y', 'z'])

# create a brain object with all gray locations
bo = se.simulate_bo(n_samples=1000, sample_rate=100, locs=locs, noise=noise, random_seed=random_seed)

# parse brain object to create synthetic patient data
data = bo.data.iloc[:, sub_locs.index]

# put data and locations together in new sample brain object
bo_sample = se.Brain(data=data.as_matrix(), locs=sub_locs, sample_rate=100)

# predict activity at all unknown locations
recon = model.predict(bo_sample, nearest_neighbor=False)

# get reconstructed indices
recon_labels = np.where(np.array(recon.label) != 'observed')

# actual = bo.data.iloc[:, unknown_ind]
actual_data = bo.get_zscore_data()[:, recon_labels[0]]

recon_data = recon[:, recon_labels[0]].get_data().as_matrix()
corr_vals = _corr_column(actual_data, recon_data)

print('case 3 (some overlap of model) correlation = ' +str(corr_vals.mean()))

########## debug case 4 - model subset of brain object ##################

# set random seed to default and noise to 0
random_seed = np.random.seed(123)
noise = 0

# locs
locs = se.simulate_locations(n_elecs=100, set_random_seed=random_seed)

# create brain locs from 75 locations
bo_locs = locs.sample(75, random_state=random_seed).sort_values(['x', 'y', 'z'])

# create model locs from 50 locations
mo_locs = bo_locs.sample(50, random_state=random_seed).sort_values(['x', 'y', 'z'])

# create covariance matrix from random seed
c = se.create_cov(cov='random', n_elecs=100)

# pull out model from covariance matrix
data = c[:, mo_locs.index][mo_locs.index, :]

# create model from subsetted covariance matrix and locations
model = se.Model(data=data, locs=mo_locs, n_subs=1)


# create a brain object with all gray locations
bo = se.simulate_bo(n_samples=1000, sample_rate=100, locs=locs, noise=noise, random_seed=random_seed)

# parse brain object to create synthetic patient data
data = bo.data.iloc[:, bo_locs.index]

# put data and locations together in new sample brain object
bo_sample = se.Brain(data=data.as_matrix(), locs=bo_locs, sample_rate=100)

# predict activity at all unknown locations
recon = model.predict(bo_sample, nearest_neighbor=False)

# get reconstructed indices - since model is entirely a subset of brain object,
# there should be no reconstructed locations
recon_labels = np.where(np.array(recon.label) != 'observed')

# actual = bo.data.iloc[:, unknown_ind]
actual_data = bo_sample.get_zscore_data()

recon_data = recon.get_data().as_matrix()
corr_vals = _corr_column(actual_data, recon_data)

print('case 4 (model subset of brain locs) correlation = ' +str(corr_vals.mean()))





Total running time of the script: ( 0 minutes  0.000 seconds)



Download Python source code: debug_predict.py


Download Jupyter notebook: debug_predict.ipynb
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Building a brain object

Brain objects are supereeg’s fundamental data structure for a single
subject’s ECoG data. To create one at minimum you’ll need a matrix of
neural recordings (time samples by electrodes), electrode locations, and
a sample rate. Additionally, you can include information about separate
recording sessions and store custom meta data. In this tutorial, we’ll
build a brain object from scratch and get familiar with some of the
methods.




Load in the required libraries

import supereeg as se
import numpy as np
import warnings
warnings.simplefilter("ignore")
%matplotlib inline








Simulate some data

First, we’ll use supereeg’s built in simulation functions to simulate
some data and electrodes. By default, the simulate_data function
will return a 1000 samples by 10 electrodes matrix, but you can specify
the number of time samples with n_samples and the number of
electrodes with n_elecs. If you want further information on
simulating data, check out the simulate tutorial!

# simulate some data
bo_data = se.simulate_bo(n_samples=1000, sessions=2, n_elecs=10)

# plot it
bo_data.plot_data()

# get just data
data = bo_data.get_data()





[image: ../_images/brain_objects_4_0.png]
We’ll also simulate some electrode locations

locs = se.simulate_locations()
print(locs)





    x   y   z
0 -31   1 -18
1 -26  34 -24
2 -11   9 -12
3  -9  -8 -28
4   6  38 -41
5  10 -42  -3
6  29  47  36
7  32   3 -42
8  41 -18 -16
9  47 -34  32








Creating a brain object

To construct a new brain objects, simply pass the data and locations to
the Brain class like this:

bo = se.Brain(data=data, locs=locs, sample_rate=100)





To view a summary of the contents of the brain object, you can call the
info function:

bo.info()





Number of electrodes: 10
Recording time in seconds: [10.]
Sample Rate in Hz: [100]
Number of sessions: 1
Date created: Fri Jul 27 16:19:15 2018
Meta data: {}





Optionally, you can pass a sessions parameter, which is can be a
numpy array or list the length of your data with a unique identifier for
each session. For example:

sessions = np.array([1]*(data.shape[0]/2)+[2]*(data.shape[0]/2))
bo = se.Brain(data=data, locs=locs, sample_rate=1000, sessions=sessions)
bo.info()





Number of electrodes: 10
Recording time in seconds: [0.5 0.5]
Sample Rate in Hz: [1000, 1000]
Number of sessions: 2
Date created: Fri Jul 27 16:19:15 2018
Meta data: {}





You can also add custom meta data to the brain object to help keep track
of its contents. meta is a dictionary comprised of whatever you
want:

meta = {
    'subjectID' : '123',
    'Investigator' : 'Andy',
    'Hospital' : 'DHMC'
}
bo = se.Brain(data=data, locs=locs, sample_rate=1000, sessions=sessions, meta=meta)
bo.info()





Number of electrodes: 10
Recording time in seconds: [0.5 0.5]
Sample Rate in Hz: [1000, 1000]
Number of sessions: 2
Date created: Fri Jul 27 16:19:15 2018
Meta data: {'Hospital': 'DHMC', 'subjectID': '123', 'Investigator': 'Andy'}








Initialize brain objects

Brain objects can be initialized by passing a any of the following
to the Brain class instance initialization function: - A path to a
saved Brain object (ending in .bo) - An existing Brain
object (this creates a copy of the object) - A path to or instance of
any other supported toolbox type (Model objects or .mo files, or
Nifti objects or .nii files)

In addition, Brain objects may be created via load by specifying
return_type='bo'.

For example:

nii_bo = se.Brain('example_nifti')





Or:

nii_bo = se.load('example_nifti', return_type='bo')





Another feature, which can be particularly useful when working with
large files, is loading only a subfield by specifiying field. For
example, if you only want to load locations:

bo_locs = se.load('example_data', field='locs')








The structure of a brain object

Inside the brain object, the ECoG data are stored in a Pandas DataFrame
that can be accessed with the get_data function:

bo.get_data().head()
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Model objects and predicting whole brain activity

Model objects are supereeg’s class that contains the correlation model
that we use to reconstruct full-brain activity from recordings at an
impoverished set of locations. The supereeg package offers a several
pre-compiled models that you can use to reconstruct brain activity. We
also provide several ways of creating or specifying your own model. This
tutorial will review how to use the pre-made models included in this
package and make a new model from scratch.




Load in the required libraries

import warnings
warnings.simplefilter("ignore")
%matplotlib inline
import supereeg as se
import numpy as np





First, let’s load in our default model, example_model, that we made
from the pyFR
dataset [http://memory.psych.upenn.edu/Request_EEG_access?paper=SedeEtal03]
resampled to 20mm cubic voxels.

model = se.load('example_model')





other model options: - pyFR_k10r20_6mm: correlation model trained on
the pyFR dataset and resampled to 6mm cubic voxels


	pyFR_k10r20_20mm: full name of example_model (either string
will load the same model)






Initialize model objects

Model objects can be initialized by passing any of the following to the
Model class instance initializer: - a path to an existing saved
model object (ending in .mo) - an existing model object (this makes
a copy of the existing model object) - a Brain object or Nifti
object [or paths to saved Brain objects (.bo) or Nifti objects
(.nii)] - a string corresponding to any of the built-in example
files [http://supereeg.readthedocs.io/en/latest/supereeg.load.html#supereeg.load],
of any format (any datatype may be converted to a Model object)

In addition, new model objects may be created via the load function
(which loads any of the toolbox-supported data types) and specifying
return_type='mo'

nii_mo = se.Model('example_nifti')





Or:

nii_mo = se.load('example_nifti', return_type='mo')








Model object methods

There are a few other useful methods on a model object:


mo.info()

This method will give you a summary of the model object:

model.info()





Number of locations: 210
Number of subjects: 67
RBF width: 20
Date created: Fri Jul 27 16:19:31 2018
Meta data: {'stable': True}








mo.plot_data()

This method will plot your model.

The model is comprised of a number of fields. The most important are the
model.numerator and model.denominator. Dividing these two fields
gives a matrix of z-values, where the value in each cell represents the
covariance between every model brain location with every other model
brain location. To view the model, simply call the model.plot
method. This method wraps seaborn.heatmap to plot the model
(transformed from z to r), so any arguments that seaborn.heatmap
accepts are supported by model.plot.

model.plot_data(xticklabels=False, yticklabels=False)





[image: ../_images/model_objects_14_0.png]
<matplotlib.axes._subplots.AxesSubplot at 0x117f13d10>








mo.plot_locs()

This method will plot the locations in your model.

model.plot_locs()





[image: ../_images/model_objects_16_0.png]



mo.update()

This method allows you to update the model with addition subject data.

To do this, we can use the update method, passing a new subjects
data as a brain object. First, let’s load in an example subjects data:

bo = se.load('example_data')
bo.info()





Number of electrodes: 64
Recording time in seconds: [ 5.3984375 14.1328125]
Sample Rate in Hz: [256, 256]
Number of sessions: 2
Date created: Fri Mar  9 17:09:35 2018
Meta data: {'patient': u'CH003'}





Now you can update the model with that brain object. This can be done
either in place using inplace = True, or you can save a new updated
model:

updated_model = model.update(bo, inplace=False)
updated_model.info()





Number of locations: 274
Number of subjects: 68
RBF width: 20
Date created: Fri Jul 27 16:19:31 2018
Meta data: {'stable': True}





You can also update the model by adding two model objects together.

mo_bo = se.Model(bo, locs=updated_model.get_locs(), n_subs=1)
mo_mo = se.Model(model, locs=updated_model.get_locs(), n_subs=67)
added_model = mo_mo + mo_bo





np.allclose(added_model.get_model(), updated_model.get_model())





True





You can subtract models too, but once this operation is performed, you
won’t be able to update the model in the future.

new_locs = se.simulate_locations(n_elecs=100)
mo_bo = se.Model(bo, locs=new_locs, n_subs=1)
add_model = mo_bo + mo_bo
sub_model = add_model - mo_bo





np.allclose(mo_bo.get_model(), sub_model.get_model())





True





try:
    assert sub_model + add_model
except AssertionError:
    assert True == True





Note that the model is now comprised of 67 subjects, instead of 66
before we updated it.




mo.get_model()

This method returns the model in the form of a correlation matrix.

updated_model.get_model()





array([[ 1.        , -0.09811393,  0.18961899, ...,  0.27256808,
         0.36030263,  0.25768555],
       [-0.09811393,  1.        ,  0.23203525, ...,  0.37158962,
         0.07614721, -0.01200328],
       [ 0.18961899,  0.23203525,  1.        , ...,  0.01061833,
        -0.02072749,  0.1670675 ],
       ...,
       [ 0.27256808,  0.37158962,  0.01061833, ...,  1.        ,
         0.08097902,  0.15267173],
       [ 0.36030263,  0.07614721, -0.02072749, ...,  0.08097902,
         1.        , -0.03895988],
       [ 0.25768555, -0.01200328,  0.1670675 , ...,  0.15267173,
        -0.03895988,  1.        ]])








mo.save(fname='something')

This method will save the brain object to the specified file location.
The data will be saved as a ‘bo’ file, which is a dictionary containing
the elements of a brain object saved in the hd5 format using
deepdish.

#mo.save(fname='model_object')








Creating a new model

In addition to including a few pre-made models in the supereeg
package, we also provide a way to construct a model from scratch.


Created from a list of brain objects:

For example, if you have an ECoG dataset, we provide a way to construct
a model that will predict whole brain activity. The more subjects you
include in the model, the better it will be! To create a model, first
you’ll need to format your subject data into brain objects. For the
purpose of demonstration, and to highlight the “simulation” features of
the toolbox, we will generate a synthetic ECoG dataset. Specifically,
we’ll simulate data from 100 locations from each of 10 subjects and
construct the model from that data:

# simulate 100 locations
locs = se.simulate_locations(100)

# simulate 10 brain objects to create a model
n_subs = 10
model_bos = [se.simulate_model_bos(n_samples=1000, sample_rate=1000, sample_locs=20,
                                   locs=locs, cov='toeplitz') for x in range(n_subs)]

model_bos[0].info()





Number of electrodes: 20
Recording time in seconds: [1.]
Sample Rate in Hz: [1000]
Number of sessions: 1
Date created: Fri Jul 27 16:20:32 2018
Meta data: {}





As you can see above, each simulated subject has 10 (randomly placed)
‘electrodes,’ with 1 second of data each. To construct a model from
these brain objects, simply pass them to the se.Model class, and a
new model will be generated:

new_model = se.Model(data=model_bos, locs=locs)
new_model.info()





Number of locations: 100
Number of subjects: 1
RBF width: 20
Date created: Fri Jul 27 16:20:32 2018
Meta data: {'stable': True}








Created by adding to model object fields:

Another option is to add a model directly.

You can add your model to model.data and add the corresponding
locations for the model in the field locs.

Another option, allows you to add your model to model.numerator,
which comprises the sum of the z-scored correlation matrices over
subjects. The model.denominator field comprises the sum of the
number of subjects contributing to each matrix cell in the
model.numerator field. You can add the locations for the model in
the field locs and the number of subjects to n_subs.

In this next example, we’re constructing the model from a toeplitz
matrix with 10 subjects using 100 simulated locations. We created the
matrix using the function, se.create_cov and added it to the
model.data field.

You can also create a custom covariance matrix in se.create_cov by
simply passing numpy array as and that is number of locations by number
of locations to cov and the number of location to n_elecs.

R = se.create_cov(cov='toeplitz', n_elecs=len(locs))
p = 10
toe_model = se.Model(data=R, locs=locs, n_subs=p)
toe_model.plot_data(xticklabels=False, yticklabels=False)





[image: ../_images/model_objects_38_0.png]
<matplotlib.axes._subplots.AxesSubplot at 0x118ce4750>





In this example we simulated 100 MNI locations. However coordinates can
also be derived by specifiying a template nifti file.

# new_model = se.Model(bos, template='/your/custom/MNI_template.nii')










Predicting whole brain activity




mo.predict()

Now for the magic. supereeg uses *gaussian process regression*
to infer whole brain activity given a smaller sampling of electrode
recordings. To predict activity, simply call the predict method of a
model and pass the subjects brain activity that you’d like to
reconstruct:




mo.predict(nearest_neighbor=True)

As default, the nearest voxel for each subject’s electrode location is
found and used as revised electrodes location matrix in the prediction.
If nearest_neighbor is set to False, the original locations are
used in the prediction.




mo.predict(force_update=False)

As default, the model is not updated with the subject’s correlation
matrix. By setting force_update to True, you will update the
model with the subject’s correlation matrix.

# plot a slice of the original data
print('BEFORE')
print('------')
bo.info()
nii = bo.to_nii(template='gray', vox_size=20)
nii.plot_glass_brain()

# voodoo magic
bor = model.predict(bo, nearest_neighbor=False, force_update=True)


# plot a slice of the whole brain data
print('AFTER')
print('------')
bor.info()
nii = bor.to_nii(template='gray', vox_size=20)
nii.plot_glass_brain()





BEFORE
------
Number of electrodes: 64
Recording time in seconds: [ 5.3984375 14.1328125]
Sample Rate in Hz: [256, 256]
Number of sessions: 2
Date created: Fri Mar  9 17:09:35 2018
Meta data: {'patient': u'CH003'}





[image: ../_images/model_objects_44_1.png]
AFTER
------
Number of electrodes: 274
Recording time in seconds: [ 5.3984375 14.1328125]
Sample Rate in Hz: [256, 256]
Number of sessions: 2
Date created: Fri Jul 27 16:21:12 2018
Meta data: {}





[image: ../_images/model_objects_44_3.png]
Using the supereeg algorithm, we’ve ‘reconstructed’ whole brain
activity from a smaller sample of electrodes.

You can plot locations of the new brain object with predicted activity.
Observed locations are in black and predicted locations are in red.

bor.plot_locs()





[image: ../_images/model_objects_47_0.png]
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Simulate model objects and brain objects

As mentioned in the previous tutorials, you can also simulate data. You
can simulate brain objects or you can simulate a list of brain objects
to create a model. In this tutorial, we will walk you through the
simulate functions and explore varying parameters.




Load in the required libraries

%matplotlib inline
import supereeg as se
import pandas as pd
import seaborn as sns
import numpy as np
import matplotlib.pyplot as plt
from supereeg.helpers import _corr_column








Simulate locations

To begin, we can either simulate locations:

sim_locs = se.simulate_locations()
sim_locs.head()
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Nifti objects data type

Another option for plotting and importing/exporting data is using the
Nifti objects. Nifti objects are a subclass of the neuroimaging format
Nibabel Nifti1Image, which is a file that generally has the
extension “.nii” or “.nii.gz”. This allows the user to use our methods
with the Nifti class but also use other functionality such as
Nibabel and Nilearn methods.




Load in the required libraries

import warnings
warnings.simplefilter("ignore")
%matplotlib inline
import supereeg as se





First, let’s load in an example nifti file, example_nifti:

nii = se.load('example_nifti')








Initialize nifti objects

Nifti objects can be initialized by passing any of the following to
the Nifti class instance initialization function: - A path to a
nifti file (ending in .nii or .nii.gz) - An existing Nifti object (this
makes a copy of the object) - A path to any other toolbox-supported
datatype, or an instance of another supported datatype (Brain or
Model objects)

You may also initialize a Nifti object using the load function
by specifying return_type='nii'.

For example:

bo_nii = se.Nifti('example_data')





Or:

bo_nii = se.load('example_data', return_type='nii')






Spatial resampling

Any Nifti object may be quickly resampled to an arbitrary voxel size
using the vox_size argument. The voxel sizes may be specified either
as a scalar (for cubic voxels) or as a 3D tuple (for rectangular prism
or parallelopiped voxels):

bo_nii = se.Nifti('example_data', vox_size=6)










Nifti object methods

Some useful methods on a nifti object:


nifti.info()

This method will give you a summary of the nifti object:

nii.info()





Header: <class 'nibabel.nifti1.Nifti1Header'> object, endian='<'
sizeof_hdr      : 348
data_type       :
db_name         :
extents         : 0
session_error   : 0
regular         :
dim_info        : 0
dim             : [  4  30  36  30 500   1   1   1]
intent_p1       : 0.0
intent_p2       : 0.0
intent_p3       : 0.0
intent_code     : none
datatype        : float64
bitpix          : 64
slice_start     : 0
pixdim          : [1. 6. 6. 6. 1. 1. 1. 1.]
vox_offset      : 0.0
scl_slope       : nan
scl_inter       : nan
slice_end       : 0
slice_code      : unknown
xyzt_units      : 0
cal_max         : 0.0
cal_min         : 0.0
slice_duration  : 0.0
toffset         : 0.0
glmax           : 0
glmin           : 0
descrip         :
aux_file        :
qform_code      : unknown
sform_code      : aligned
quatern_b       : 0.0
quatern_c       : 0.0
quatern_d       : 0.0
qoffset_x       : -88.0
qoffset_y       : -124.0
qoffset_z       : -70.0
srow_x          : [  6.   0.   0. -88.]
srow_y          : [   0.    6.    0. -124.]
srow_z          : [  0.   0.   6. -70.]
intent_name     :
magic           : n+1








nifti.get_slice()

This method allows you to slice out images from your nifti object, and
returns the indexed nifti.

nii_sliced = bo_nii.get_slice(index=[0,1,2])








nifti.plot_glass_brain()

This method will plot your nifti object.

This method wraps nilearn.plot_glass_brain to plot the nifti object,
so any arguments that nilearn.plot_glass_brain accepts are supported
by nifti.plot_glass_brain.

nii_sliced.plot_glass_brain()





[image: ../_images/nifti_objects_17_0.png]



nifti.plot_anat()

This method will plot your nifti object.

This method wraps nilearn.plot_anat to plot the nifti object, so any
arguments that nilearn.plot_anat accepts are supported by
nifti.anat. For example, you can plot the example nifti:

nii.plot_anat()





[image: ../_images/nifti_objects_19_0.png]



nifti.make_gif()

This method will plot 4D nifti data as nilearn.plot_glass_brain,
save as png files, and compile the files as gif.

This method wraps nilearn.plot_glass_brain to plot the nifti object,
so any arguments that nilearn.plot_glass_brain accepts are supported
by nifti.plot_glass_brain.

#nii.make_gif(gifpath='/path/to/save/gif', index=range(0, 10), name=None, **kwargs)








nifti.save()

This method will save your nifti object to the specified filepath
location as a ‘nii’ file.

#nii.save(filepath='/path/to/save/nifti')
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