

    
      
          
            
  
GC-LDA: Generalized Correspondence Latent Dirichlet Allocation

The gclda package [https://github.com/tsalo/gclda] can be used to perform functional decoding and encoding of
neuroimaging results.
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Introduction

The gcLDA model is a generalization of the correspondence-LDA model (Blei &
Jordan, 2003, “Modeling annotated data”), which is an unsupervised learning
model used for modeling multiple data-types, where one data-type describes the
other. The gcLDA model was introduced in the following paper:


	Generalized Correspondence-LDA Models (GC-LDA) for Identifying Functional Regions in the Brain [https://timothyrubin.github.io/Files/GCLDA_NIPS_2016_Final_Plus_Supplement.pdf]




where the model was applied for modeling the Neurosynth [http://neurosynth.org/]
corpus of fMRI publications. Each publication in this corpus consists of a set
of word tokens and a set of reported peak activation coordinates (x, y and z
spatial coordinates corresponding to brain locations).

When applied to fMRI publication data, the gcLDA model identifies a set of T
topics, where each topic captures a ‘functional region’ of the brain. More
formally: each topic is associated with (1) a spatial probability distribution
that captures the extent of a functional neural region, and (2) a probability
distribution over linguistic features that captures the cognitive function of
the region.

The gcLDA model can additionally be directly applied to other types of data.
For example, Blei & Jordan presented correspondence-LDA for modeling annotated
images, where pre-segmented images were represented by vectors of real-valued
image features. The code provided here should be directly applicable to these
types of data, provided that they are appropriately formatted. Note however that
this package has only been tested on the Neurosynth dataset; some modifications
may be needed for use with other datasets.


Notation







	Notation

	Meaning





	[image: w_{i}], [image: x_{i}]

	The [image: i] th word token and peak activation token in the corpus, respectively



	[image: N_{w}^{(d)}],  [image: N_{x}^{(d)}]

	The number of word tokens and peak activation tokens in document [image: d], respectively



	[image: D]

	The number of documents in the corpus



	[image: T]

	The number of topics in the corpus



	[image: R]

	The number of components/subregions in each topic’s spatial distribution (subregions model)



	[image: z_{i}]

	Indicator variable assigning word token [image: w_{i}] to a topic



	[image: y_{i}]

	Indicator variable assigning activation token [image: x_{i}] to a topic



	[image: z^{(d)}], [image: y^{(d)}]

	The set of all indicator variables for work tokens and activation tokens in document [image: d]



	[image: N_{td}^{Y D}]

	The number of activation tokens within document [image: d] that are assigned to topic [image: t]



	[image: c_{i}]

	Indicator variable assigning activation token [image: y_{i}] to a subregion (subregion models)



	[image: \Lambda^{t}]

	Placeholder for all spatial parameters for topic [image: t]



	[image: \mu_{r}^{(t)}], [image: \sigma_{r}^{(t)}]

	Gaussian parameters for topic [image: t]



	[image: \mu^{(t)}], [image: \sigma^{(t)}]

	Gaussian parameters for subregion [image: r] in topic :math:`t`(subregion models)



	[image: \phi^{(t)}]

	Multinomial distribution over word types for topic [image: t]



	[image: \phi_{w}^{(t)}]

	Probability of word type [image: w] given topic [image: t]



	[image: \theta^{(d)}]

	Multinomial distribution over topics for document [image: d]



	[image: \theta_{t}^{(d)}]

	Probability of topic [image: t] given document [image: d]



	[image: \pi^{(t)}]

	Multinomial distribution over subregions for topic [image: t] (subregion models)



	[image: \pi_{r}^{(t)}]

	Probability of subregion [image: r] given topic [image: t] (subregion models)



	[image: \beta], [image: \alpha], [image: \gamma]

	Model hyperparameters



	[image: \delta]

	Model hyperparameter (subregion models)












          

      

      

    

  

    
      
          
            
  
API Reference

This is the class and function reference of gclda.


gclda.dataset: Importing and formatting data

Class and functions for dataset-related stuff.







	dataset.Dataset(dataset_label, data_directory)

	Class object for a gcLDA dataset.



	dataset.import_neurosynth(…[, out_dir, …])

	Transform Neurosynth’s data into gcLDA-compatible files.









gclda.model: Model training and evaluation

Class and functions for model-related stuff.







	model.Model(dataset[, n_topics, n_regions, …])

	Class object for a gcLDA model.









gclda.decode: Functional decoding and encoding

Functions for functional decoding/reverse inference using a GCLDA model.







	decode.decode_roi(model, roi[, …])

	Perform image-to-text decoding for discrete image inputs (e.g., regions of interest, significant clusters).



	decode.decode_continuous(model, image[, …])

	Perform image-to-text decoding for continuous inputs (e.g., unthresholded statistical maps).



	decode.encode(model, text[, out_file, …])

	Perform text-to-image encoding.









gclda.utils: Miscellaneous utilities

Utility functions.







	utils.get_resource_path()

	Returns the path to general resources, terminated with separator.



	utils.weight_priors(topic_priors, prior_weight)

	Combine topic priors with prior weight.



	utils.plot_brain(data, underlay[, x, y, z])

	Create a figure of a brain.












          

      

      

    

  

    
      
          
            
  
gclda.dataset.Dataset


	
class gclda.dataset.Dataset(dataset_label, data_directory, mask_file=None)

	Class object for a gcLDA dataset.

A Dataset contains data needed to run gcLDA models. It can also be used to
view dataset information and can be saved to a pickled file.


	Parameters

	
	dataset_labelstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the gcLDA dataset. Also the name of a subfolder in
data_directory containing four files (word_indices.txt,
word_labels.txt, peak_indices.txt, and pmids.txt) with the
data needed to create the dataset.



	data_directorystr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The path to the folder containing the data. Should contain a
subdirectory named after dataset_label with files needed to generate
a Dataset.



	mask_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A brain mask file used to define the voxels included in the dataset. If
not provided, the mask file used by Neurosynth will be used by default.







	Attributes

	
	dataset_labelstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the dataset.



	mask_imgnibabel.Nifti1Image

	A nifti object of the mask file.



	word_labelslist [https://docs.python.org/3.5/library/stdtypes.html#list] of str [https://docs.python.org/3.5/library/stdtypes.html#str]

	List of word-strings (wtoken_word_idx values are indices into this
list).



	pmidslist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of PubMed IDs (i.e., studies) in dataset.



	wtoken_doc_idxlist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of document-indices for word-tokens.



	wtoken_word_idxlist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of word-indices for word-tokens.



	ptoken_doc_idxlist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of document-indices for peak-tokens x.



	peak_valsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of int [https://docs.python.org/3.5/library/functions.html#int]

	A focus-x-3 array of X, Y, and Z coordinates of foci in dataset in
stereotactic (generally MNI152) space.









Methods







	display_dataset_summary()

	View dataset summary.



	load(filename)

	Load a pickled Dataset instance from file.



	save(filename)

	Pickle the Dataset instance to the provided file.



	view_doc_labels([n_pmids])

	View first n_pmids PMIDs in dataset.



	view_peak_indices([n_peak_indices])

	View first n_peak_indices peak indices.



	view_word_indices([n_word_indices])

	View first n_word_indices word indices.



	view_word_labels([n_word_labels])

	View first n_word_labels words in dataset.












	next

	






	
__init__(dataset_label, data_directory, mask_file=None)

	x.__init__(…) initializes x; see help(type(x)) for signature






	
display_dataset_summary()

	View dataset summary.






	
classmethod load(filename)

	Load a pickled Dataset instance from file.
If the filename ends with ‘z’, it will be assumed that the file is
compressed, and gzip will be used to load it. Otherwise, it will
be assumed that the file is not compressed.


	Parameters

	
	filenamestr [https://docs.python.org/3.5/library/stdtypes.html#str]

	File with saved Dataset instance.







	Returns

	
	datasetgclda.dataset.Dataset

	Loaded Dataset instance.














	
save(filename)

	Pickle the Dataset instance to the provided file.
If the filename ends with ‘z’, gzip will be used to write out a
compressed file. Otherwise, an uncompressed file will be created.


	Parameters

	
	filenamestr [https://docs.python.org/3.5/library/stdtypes.html#str]

	Where to save Dataset instance.














	
view_doc_labels(n_pmids=1000)

	View first n_pmids PMIDs in dataset.






	
view_peak_indices(n_peak_indices=100)

	View first n_peak_indices peak indices.






	
view_word_indices(n_word_indices=100)

	View first n_word_indices word indices.






	
view_word_labels(n_word_labels=1000)

	View first n_word_labels words in dataset.














          

      

      

    

  

    
      
          
            
  
gclda.dataset.import_neurosynth


	
gclda.dataset.import_neurosynth(neurosynth_dataset, dataset_label, out_dir='.', counts_file=None, abstracts_file=None, email=None, vocabulary=None)

	Transform Neurosynth’s data into gcLDA-compatible files.

This function produces four files (word_indices.txt, word_labels.txt,
peak_indices.txt, and pmids.txt) in a specified folder
(out_dir/dataset_label), using data from a Neurosynth dataset and
associated abstracts. These four files are necessary for creating a Dataset
instance and running gcLDA.


	Parameters

	
	neurosynth_datasetneurosynth.base.dataset.Dataset

	A Neurosynth Dataset object containing data needed by gcLDA.



	dataset_labelstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the gcLDA dataset to be created. A folder will be created in
out_dir named after the dataset and output files will be saved there.



	out_dirstr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	Output directory. Parent folder of a new folder named after
dataset_label where output files will be saved. By default, it uses
the current directory.



	counts_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A tab-delimited text file containing feature counts for the dataset.
The first column is ‘pmid’, used for identifying articles. Other columns
are features (e.g., unigrams and bigrams from Neurosynth), where each
value is the number of times the feature is found in a given article.
This file is different from the features.txt file provided by
Neurosynth, as it should contain counts instead of tf-idf frequencies,
but it should have the same format. Only one of counts_file,
abstracts_file, and email needs to be specified.



	abstracts_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A csv file containing abstracts of articles in the database. The first
column is ‘pmid’, used for identifying articles. The second column is
‘abstract’ and contains the article’s abstract. The abstracts_file can
be created using download_abstracts in the Neurosynth Python package.
Only one of counts_file, abstracts_file, and email needs to be
specified.



	emailstr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A valid email address. If neither counts_file nor abstracts_file is
provided, then import_neurosynth will attempt to download article
abstracts using Neurosynth’s download_abstracts function. This calls
PubMed to get PMIDs and abstracts, which requires an email address.
Only one of counts_file, abstracts_file, and email needs to be
specified.



	vocabularylist [https://docs.python.org/3.5/library/stdtypes.html#list] of str [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A list of terms to use as the vocabulary for a dataset. Only works if
abstracts_file or email address is provided (but not if
counts_file is used).


















          

      

      

    

  

    
      
          
            
  
gclda.model.Model


	
class gclda.model.Model(dataset, n_topics=100, n_regions=2, symmetric=False, alpha=0.1, beta=0.01, gamma=0.01, delta=1.0, dobs=25, roi_size=50.0, seed_init=1)

	Class object for a gcLDA model.

Creates a gcLDA model using a dataset object and hyperparameter arguments.


	Parameters

	
	datasetgclda.dataset.Dataset

	Dataset object containing data needed for model.



	n_topicsint [https://docs.python.org/3.5/library/functions.html#int], optional

	Number of topics to generate in model. The default is 100.



	n_regionsint [https://docs.python.org/3.5/library/functions.html#int], optional

	Number of subregions per topic (>=1). The default is 2.



	alphafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count on topics for each document. The default is 0.1.



	betafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count on word-types for each topic. The default is 0.01.



	gammafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count added to y-counts when sampling z assignments. The
default is 0.01.



	deltafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count on subregions for each topic. The default is 1.0.



	dobsint [https://docs.python.org/3.5/library/functions.html#int], optional

	Spatial region ‘default observations’ (# observations weighting
Sigma estimates in direction of default ‘roi_size’ value). The
default is 25.



	roi_sizefloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Default spatial ‘region of interest’ size (default value of
diagonals in covariance matrix for spatial distribution, which the
distributions are biased towards). The default is 50.0.



	symmetricbool [https://docs.python.org/3.5/library/functions.html#bool], optional

	Whether or not to use symmetry constraint on subregions. Symmetry
requires n_regions = 2. The default is False.



	seed_initint [https://docs.python.org/3.5/library/functions.html#int], optional

	Initial value of random seed. The default is 1.







	Attributes

	
	model_namestr [https://docs.python.org/3.5/library/stdtypes.html#str]

	Identifier (based on parameter values) for the model.



	wtoken_topic_idxnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A number-of-words-by-1 vector of word->topic assignments.



	peak_topic_idxnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A number-of-peaks-by-1 vector of peak->topic assignments.



	peak_region_idxnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A number-of-peaks-by-1 vector of peak->region assignments.



	n_peak_tokens_doc_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-documents-by-n-topics array. Each cell is the number of
peak-tokens for a given document assigned to a given topic.



	n_peak_tokens_region_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-regions-by-n-topics array. Each cell is the number of
peak-tokens for a given region assigned to a given topic.



	n_word_tokens_word_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-words-by-n-topics array. Each cell is the number of
word-tokens for a given word assigned to a given topic.



	n_word_tokens_doc_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-documents-by-n-topics array. Each cell is the number of
word-tokens for a given document assigned to a given topic.



	total_n_word_tokens_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A 1-by-number-of-words vector. Total number of word-tokens assigned
to each topic (across all documents).









Methods







	compute_log_likelihood([dataset, update_vectors])

	Compute Log-likelihood of a dataset object given current model.



	display_model_summary([debug])

	Print model summary to console.



	get_spatial_probs()

	Get conditional probability of selecting each voxel in the brain mask given each topic.



	load(filename)

	Load a pickled Model instance from file.



	run_complete_iteration([loglikely_freq, verbose])

	Run a complete update cycle (sample z, sample y&r, update regions).



	save(filename)

	Pickle the Model instance to the provided file.



	save_model_params(outputdir[, n_top_words])

	Run all export-methods: calls all save-methods to export parameters to files.



	save_topic_figures(outputdir[, …])

	Save Topic Figures: Spatial distributions and Linguistic distributions for top K words.












	next

	






	
__init__(dataset, n_topics=100, n_regions=2, symmetric=False, alpha=0.1, beta=0.01, gamma=0.01, delta=1.0, dobs=25, roi_size=50.0, seed_init=1)

	x.__init__(…) initializes x; see help(type(x)) for signature






	
compute_log_likelihood(dataset=None, update_vectors=True)

	Compute Log-likelihood of a dataset object given current model.

Computes the log-likelihood of data in any dataset object (either train
or test) given the posterior predictive distributions over peaks and
word-types for the model. Note that this is not computing the joint
log-likelihood of model parameters and data.


	Parameters

	
	datasetgclda.Dataset, optional

	The dataset for which log-likelihoods will be calculated.
If not provided, log-likelihood will be calculated for the model’s
dataset.



	update_vectorsbool [https://docs.python.org/3.5/library/functions.html#bool], optional

	Whether to update model’s log-likelihood vectors or not.







	Returns

	
	x_loglikelyfloat [https://docs.python.org/3.5/library/functions.html#float]

	Total log-likelihood of all peak tokens.



	w_loglikelyfloat [https://docs.python.org/3.5/library/functions.html#float]

	Total log-likelihood of all word tokens.



	tot_loglikelyfloat [https://docs.python.org/3.5/library/functions.html#float]

	Total log-likelihood of peak + word tokens.









References

[1] Newman, D., Asuncion, A., Smyth, P., & Welling, M. (2009).
Distributed algorithms for topic models. Journal of Machine Learning
Research, 10(Aug), 1801-1828.






	
display_model_summary(debug=False)

	Print model summary to console.


	Parameters

	
	debugbool [https://docs.python.org/3.5/library/functions.html#bool], optional

	Setting debug to True will print out additional information useful
for debugging the model. Default = False.














	
get_spatial_probs()

	Get conditional probability of selecting each voxel in the brain mask
given each topic.


	Returns

	
	p_voxel_g_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.float64

	A voxel-by-topic array of conditional probabilities: p(voxel|topic).
For cell ij, the value is the probability of voxel i being selected
given topic j has already been selected.



	p_topic_g_voxelnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.float64

	A voxel-by-topic array of conditional probabilities: p(topic|voxel).
For cell ij, the value is the probability of topic j being selected
given voxel i is active.














	
classmethod load(filename)

	Load a pickled Model instance from file.
If the filename ends with ‘z’, it will be assumed that the file is
compressed, and gzip will be used to load it. Otherwise, it will
be assumed that the file is not compressed.






	
run_complete_iteration(loglikely_freq=1, verbose=2)

	Run a complete update cycle (sample z, sample y&r, update regions).


	Parameters

	
	loglikely_freqint [https://docs.python.org/3.5/library/functions.html#int], optional

	The frequency with which log-likelihood is updated. Default value
is 1 (log-likelihood is updated every iteration).



	verbose{0, 1, 2}, optional

	Determines how much info is printed to console. 0 = none,
1 = a little, 2 = a lot. Default value is 2.














	
save(filename)

	Pickle the Model instance to the provided file.
If the filename ends with ‘z’, gzip will be used to write out a
compressed file. Otherwise, an uncompressed file will be created.






	
save_model_params(outputdir, n_top_words=15)

	Run all export-methods: calls all save-methods to export parameters to
files.


	Parameters

	
	outputdirstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the output directory.



	n_top_wordsint [https://docs.python.org/3.5/library/functions.html#int], optional

	The number of words associated with each topic to report in topic
word probabilities file.














	
save_topic_figures(outputdir, backgroundpeakfreq=10, n_top_words=12)

	Save Topic Figures: Spatial distributions and Linguistic distributions
for top K words.


	Parameters

	
	outputdirstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	Output directory for topic figures.



	backgroundpeakfreqint [https://docs.python.org/3.5/library/functions.html#int], optional

	Determines what proportion of peaks we show in the background of
each figure. Default = 10.



	n_top_wordsint [https://docs.python.org/3.5/library/functions.html#int], optional

	The number of words per topic to include in the figures. Default = 12.






















          

      

      

    

  

    
      
          
            
  
gclda.decode.decode_roi


	
gclda.decode.decode_roi(model, roi, topic_priors=None, prior_weight=1.0)

	Perform image-to-text decoding for discrete image inputs (e.g., regions
of interest, significant clusters).


	Parameters

	
	modelgclda.model.Model

	Model object needed for decoding.



	roinibabel.Nifti1Image or str [https://docs.python.org/3.5/library/stdtypes.html#str]

	Binary image to decode into text. If string, path to a file with
the binary image.



	topic_priorsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float], optional

	A 1d array of size (n_topics) with values for topic weighting.
If None, no weighting is done. Default is None.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float], optional

	The weight by which the prior will affect the decoding.
Default is 1.







	Returns

	
	decoded_dfpandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]

	A DataFrame with the word-tokens and their associated weights.



	topic_weightsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float]

	The weights of the topics used in decoding.









Notes







	Notation

	Meaning





	[image: v]

	Voxel



	[image: t]

	Topic



	[image: w]

	Word type



	[image: r]

	Region of interest (ROI)



	[image: p(v|t)]

	Probability of topic given voxel (p_topic_g_voxel)



	[image: p(t|r)]

	Probability of topic given ROI (topic_weights)



	[image: p(w|t)]

	Probability of word type given topic (p_word_g_topic)







	Compute
[image: p(v|t)].



	From gclda.model.Model.get_spatial_probs()









	Compute topic weight vector ([image: \tau_{t}]) by adding across voxels
within ROI.



	[image: \tau_{t} = \sum_{i} {p(t|v_{i})}]









	Multiply [image: \tau_{t}] by
[image: p(w|t)].



	[image: p(w|r) \propto \tau_{t} \cdot p(w|t)]









	The resulting vector (word_weights) reflects arbitrarily scaled
term weights for the ROI.













          

      

      

    

  

    
      
          
            
  
gclda.decode.decode_continuous


	
gclda.decode.decode_continuous(model, image, topic_priors=None, prior_weight=1.0)

	Perform image-to-text decoding for continuous inputs (e.g.,
unthresholded statistical maps).


	Parameters

	
	modelgclda.model.Model

	Model object needed for decoding.



	imagenibabel.Nifti1Image or str [https://docs.python.org/3.5/library/stdtypes.html#str]

	Whole-brain image to decode into text. Must be in same space as
model and dataset. Model’s template available in
model.dataset.mask_img.



	topic_priorsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float], optional

	A 1d array of size (n_topics) with values for topic weighting.
If None, no weighting is done. Default is None.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float], optional

	The weight by which the prior will affect the decoding.
Default is 1.







	Returns

	
	decoded_dfpandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]

	A DataFrame with the word-tokens and their associated weights.



	topic_weightsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float]

	The weights of the topics used in decoding.









Notes







	Notation

	Meaning





	[image: v]

	Voxel



	[image: t]

	Topic



	[image: w]

	Word type



	[image: i]

	Input image



	[image: p(v|t)]

	Probability of topic given voxel (p_topic_g_voxel)



	[image: p(t|i)]

	Topic weight vector (topic_weights)



	[image: p(w|t)]

	Probability of word type given topic (p_word_g_topic)



	[image: \omega]

	1d array from input image (input_values)







	Compute [image: p(t|v)]
(p_topic_g_voxel).



	From gclda.model.Model.get_spatial_probs()









	Squeeze input image to 1d array [image: \omega] (input_values).


	Compute topic weight vector ([image: \tau_{t}]) by multiplying
[image: p(t|v)] by input image.



	[image: \tau_{t} = p(t|v) \cdot \omega]









	Multiply [image: \tau_{t}] by
[image: p(w|t)].



	[image: p(w|i) \propto \tau_{t} \cdot p(w|t)]









	The resulting vector (word_weights) reflects arbitrarily scaled
term weights for the input image.













          

      

      

    

  

    
      
          
            
  
gclda.decode.encode


	
gclda.decode.encode(model, text, out_file=None, topic_priors=None, prior_weight=1.0)

	Perform text-to-image encoding.


	Parameters

	
	modelgclda.model.Model

	Model object needed for decoding.



	textstr [https://docs.python.org/3.5/library/stdtypes.html#str] or list [https://docs.python.org/3.5/library/stdtypes.html#list]

	Text to encode into an image.



	out_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	If not None, writes the encoded image to a file.



	topic_priorsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float], optional

	A 1d array of size (n_topics) with values for topic weighting.
If None, no weighting is done. Default is None.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float], optional

	The weight by which the prior will affect the encoding.
Default is 1.







	Returns

	
	imgnibabel.Nifti1Image

	The encoded image.



	topic_weightsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float]

	The weights of the topics used in encoding.









Notes







	Notation

	Meaning





	[image: v]

	Voxel



	[image: t]

	Topic



	[image: w]

	Word type



	[image: h]

	Input text



	[image: p(v|t)]

	Probability of topic given voxel (p_topic_g_voxel)



	[image: \tau_{t}]

	Topic weight vector (topic_weights)



	[image: p(w|t)]

	Probability of word type given topic (p_word_g_topic)



	[image: \omega]

	1d array from input image (input_values)







	Compute [image: p(v|t)]
(p_voxel_g_topic).



	From gclda.model.Model.get_spatial_probs()









	Compute [image: p(t|w)]
(p_topic_g_word).


	Vectorize input text according to model vocabulary.


	Reduce [image: p(t|w)] to only include word types in input text.


	Compute [image: p(t|h)] (p_topic_g_text) by multiplying [image: p(t|w)]
by word counts for input text.


	Sum topic weights ([image: \tau_{t}]) across
words.



	[image: \tau_{t} = \sum_{i}{p(t|h_{i})}]









	Compute voxel
weights.



	[image: p(v|h) \propto p(v|t) \cdot \tau_{t}]









	The resulting array (voxel_weights) reflects arbitrarily scaled
voxel weights for the input text.


	Unmask and reshape voxel_weights into brain image.













          

      

      

    

  

    
      
          
            
  
gclda.utils.get_resource_path


	
gclda.utils.get_resource_path()

	Returns the path to general resources, terminated with separator. Resources
are kept outside package folder in “datasets”.
Based on function by Yaroslav Halchenko used in Neurosynth Python package.










          

      

      

    

  

    
      
          
            
  
gclda.utils.weight_priors


	
gclda.utils.weight_priors(topic_priors, prior_weight)

	Combine topic priors with prior weight.


	Parameters

	
	topic_priorsarray-like

	The prior weights for topics (n_topics-long array). Scale may be
arbitrary, as the array will be normalized.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float]

	Scalar by which to weight priors.


















          

      

      

    

  

    
      
          
            
  
gclda.utils.plot_brain


	
gclda.utils.plot_brain(data, underlay, x=0, y=0, z=0)

	Create a figure of a brain.

Generates a 2x2 figure of brain slices in the axial, coronal, and sagittal
directions (bottom right subplot is left empty). A functional image is
overlaid onto the anatomical template from a nibabel image.


	Parameters

	
	datanumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.float32

	3D array of voxel values to plot over structural underlay.



	underlaynibabel.Nifti1Image

	Structural scan to use as underlay in figure.



	xint [https://docs.python.org/3.5/library/functions.html#int], optional

	X-coordinate in stereotactic space to use for sagittal view in figure.
Default is 0.



	yint [https://docs.python.org/3.5/library/functions.html#int], optional

	Y-coordinate in stereotactic space to use for coronal view in figure.
Default is 0.



	zint [https://docs.python.org/3.5/library/functions.html#int], optional

	Z-coordinate in stereotactic space to use for axial view in figure.
Default is 0.







	Returns

	
	figmatplotlib.figure.Figure [https://matplotlib.org/api/_as_gen/matplotlib.figure.Figure.html#matplotlib.figure.Figure]

	A 2x2 figure with three views of the brain (axial, coronal, and
sagittal).


















          

      

      

    

  

    
      
          
            
  
Examples



Examples from Rubin et al. (2017)


[image: ../_images/sphx_glr_plot_paper_encoding_thumb.png]
Encoding








[image: ../_images/sphx_glr_plot_paper_decoding_discrete_thumb.png]
Discrete decoding











General Examples


[image: ../_images/sphx_glr_plot_train_model_thumb.png]
Load dataset and train model








[image: ../_images/sphx_glr_plot_encode_thumb.png]
Encode text into image








[image: ../_images/sphx_glr_plot_decode_unthresholded_thumb.png]
Decode unthresholded map








[image: ../_images/sphx_glr_plot_decode_roi_thumb.png]
Decode binary region of interest








[image: ../_images/sphx_glr_plot_contextual_prior_thumb.png]
Using contextual priors for decoding








[image: ../_images/sphx_glr_plot_show_topic_figures_thumb.png]
Show topic distributions










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]







          

      

      

    

  

    
      
          
            
  
Encoding

Encode text from Rubin et al. (2017) into images.


Start with the necessary imports

from os.path import join

from nilearn import plotting

from gclda.model import Model
from gclda.decode import encode
from gclda.utils import get_resource_path





Out:

Bootstrapped meta-analyses are enabled.








Load model

model_file = join(get_resource_path(), 'models/Neurosynth2015Filtered2',
                  'model_200topics_2015Filtered2_10000iters.pklz')
model = Model.load(model_file)
model.display_model_summary()





Out:

--- Model Summary ---
 Current State:
         Current Iteration   = 10000
         Initialization Seed = 1
         Current Log-Likely  = -11268037.3695
 Model Hyper-Parameters:
         Symmetric = True
         n_topics  = 200
         n_regions = 2
         alpha     = 0.100
         beta      = 0.010
         gamma     = 0.010
         delta     = 1.000
         roi_size  = 50.000
         dobs      = 25
 Model Training-Data Information:
         Dataset Label                 = Neurosynth2015Filtered2
         Word-Tokens (n_word_tokens)   = 520492
         Peak-Tokens (n_peak_tokens)   = 400801
         Word-Types (n_word_labels)    = 6755
         Documents (n_docs)            = 11362
         Peak-Dimensions (n_peak_dims) = 3








First text

text = 'motor'
text_img, _ = encode(model, text)
fig = plotting.plot_stat_map(text_img, display_mode='z',
                             threshold=0.00001,
                             cut_coords=[-18, 4, 32, 60])





[image: ../../_images/sphx_glr_plot_paper_encoding_001.png]



Second text

text = 'effort difficult demands'
text_img, _ = encode(model, text)
fig = plotting.plot_stat_map(text_img, display_mode='z',
                             threshold=0.00001,
                             cut_coords=[-30, -4, 26, 50])





[image: ../../_images/sphx_glr_plot_paper_encoding_002.png]



Third text

text = 'painful stimulation during a language task'
text_img, _ = encode(model, text)
fig = plotting.plot_stat_map(text_img, display_mode='z',
                             threshold=0.00001,
                             cut_coords=[-2, 22, 44, 66])





[image: ../../_images/sphx_glr_plot_paper_encoding_003.png]
Total running time of the script: ( 0 minutes  59.833 seconds)



Download Python source code: plot_paper_encoding.py




Download Jupyter notebook: plot_paper_encoding.ipynb





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







          

      

      

    

  

    
      
          
            
  
Discrete decoding

Decode ROIs from Rubin et al. (2017).


Start with the necessary imports

from os.path import join

import nibabel as nib
from nilearn import plotting
from nltools.mask import create_sphere

from gclda.model import Model
from gclda.decode import decode_roi
from gclda.utils import get_resource_path








Load model and initialize decoder

model_file = join(get_resource_path(), 'models/Neurosynth2015Filtered2',
                  'model_200topics_2015Filtered2_10000iters.pklz')
model = Model.load(model_file)
model.display_model_summary()

# Create mask image
mask_data = (model.dataset.mask_img.get_data()!=0).astype(int)
affine = model.dataset.mask_img.affine
mask = nib.Nifti1Image(mask_data, affine)





Out:

--- Model Summary ---
 Current State:
         Current Iteration   = 10000
         Initialization Seed = 1
         Current Log-Likely  = -11268037.3695
 Model Hyper-Parameters:
         Symmetric = True
         n_topics  = 200
         n_regions = 2
         alpha     = 0.100
         beta      = 0.010
         gamma     = 0.010
         delta     = 1.000
         roi_size  = 50.000
         dobs      = 25
 Model Training-Data Information:
         Dataset Label                 = Neurosynth2015Filtered2
         Word-Tokens (n_word_tokens)   = 520492
         Peak-Tokens (n_peak_tokens)   = 400801
         Word-Types (n_word_labels)    = 6755
         Documents (n_docs)            = 11362
         Peak-Dimensions (n_peak_dims) = 3








Temporoparietal seed

coords = [[-52, -56, 18]]
radii = [6] * len(coords)

roi_img = create_sphere(coords, radius=radii, mask=mask)
fig = plotting.plot_roi(roi_img, display_mode='ortho',
                        cut_coords=[-52, -56, 18],
                        draw_cross=False)

df, _ = decode_roi(model, roi_img)
df = df.sort_values(by='Weight', ascending=False)
print(df.head(10))





[image: ../../_images/sphx_glr_plot_paper_decoding_discrete_001.png]
Out:

Weight
Term
mentalizing    2.414315
emotional      2.327844
social         1.451740
mind           1.203048
intentions     1.161271
mental_states  1.028513
intention      1.017633
attribution    0.952983
number         0.950172
emotion        0.943711








Temporoparietal, medial parietal, and dorsomedial prefrontal seeds

coords = [[-56, -52, 18],
          [0, -58, 38],
          [4, 54, 26]]
radii = [6] * len(coords)

roi_img = create_sphere(coords, radius=radii, mask=mask)
fig = plotting.plot_roi(roi_img, display_mode='ortho',
                        cut_coords=[-52, -56, 18],
                        draw_cross=False)

df, _ = decode_roi(model, roi_img)
df = df.sort_values(by='Weight', ascending=False)
print(df.head(10))





[image: ../../_images/sphx_glr_plot_paper_decoding_discrete_002.png]
Out:

Weight
Term
person         3.533031
mentalizing    3.525109
social         3.014061
mental_states  2.622679
emotional      2.361156
situation      2.315302
mind           2.246191
default        1.981821
mental         1.920779
selectively    1.881442








Temporoparietal, left superior temporal sulcus, and left inferior frontal gyrus seeds

coords = [[-56, -52, 18],
          [-54, -40, 0],
          [-50, 26, 6]]
radii = [6] * len(coords)

roi_img = create_sphere(coords, radius=radii, mask=mask)
fig = plotting.plot_roi(roi_img, display_mode='ortho',
                        cut_coords=[-52, -56, 18],
                        draw_cross=False)

df, _ = decode_roi(model, roi_img)
df = df.sort_values(by='Weight', ascending=False)
print(df.head(10))





[image: ../../_images/sphx_glr_plot_paper_decoding_discrete_003.png]
Out:

Weight
Term
words        6.686298
word         4.812359
emotional    4.664474
language     3.887118
semantic     3.673409
ambiguous    2.989912
perception   2.462263
mentalizing  2.278094
meaning      2.237231
knowledge    2.099289





Total running time of the script: ( 1 minutes  5.327 seconds)



Download Python source code: plot_paper_decoding_discrete.py




Download Jupyter notebook: plot_paper_decoding_discrete.ipynb





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







          

      

      

    

  

    
      
          
            
  
Load dataset and train model

An example of dataset.Dataset and model.Model.


Start with the necessary imports

from os.path import join

from gclda.dataset import Dataset
from gclda.model import Model
from gclda.utils import get_resource_path








Initialize dataset

dataset_label = 'Neurosynth2015Filtered2_1000docs'
dataset_dir = join(get_resource_path(), 'datasets')
dataset = Dataset(dataset_label, dataset_dir)
dataset.display_dataset_summary()





Out:

--- Dataset Summary ---
         Dataset Label   = 'Neurosynth2015Filtered2_1000docs'
         Word-Tokens     = 40874
         Peak-Tokens     = 34213
         Word-Types      = 6755
         Documents       = 1000
         Peak-Dimensions = 3








Initialize model

model = Model(dataset, n_topics=200, n_regions=2,
              alpha=.1, beta=.01, gamma=.01, delta=1.0,
              dobs=25, roi_size=50, symmetric=True,
              seed_init=1)
model.display_model_summary()





Out:

Constructing/Initializing GC-LDA Model
--- Model Summary ---
 Current State:
         Current Iteration   = 0
         Initialization Seed = 1
         Current Log-Likely  = -887284.070529
 Model Hyper-Parameters:
         Symmetric = True
         n_topics  = 200
         n_regions = 2
         alpha     = 0.100
         beta      = 0.010
         gamma     = 0.010
         delta     = 1.000
         roi_size  = 50.000
         dobs      = 25
 Model Training-Data Information:
         Dataset Label                 = Neurosynth2015Filtered2_1000docs
         Word-Tokens (n_word_tokens)   = 40874
         Peak-Tokens (n_peak_tokens)   = 34213
         Word-Types (n_word_labels)    = 6755
         Documents (n_docs)            = 1000
         Peak-Dimensions (n_peak_dims) = 3








Run model (10 iterations)

n_iterations = 10
for i in range(model.iter, n_iterations):
    model.run_complete_iteration(loglikely_freq=10, verbose=1)
model.display_model_summary()





Out:

Iter 0010 Log-likely: x =  -491920.2, w =  -395537.1, tot =  -887457.3
--- Model Summary ---
 Current State:
         Current Iteration   = 10
         Initialization Seed = 1
         Current Log-Likely  = -887457.324857
 Model Hyper-Parameters:
         Symmetric = True
         n_topics  = 200
         n_regions = 2
         alpha     = 0.100
         beta      = 0.010
         gamma     = 0.010
         delta     = 1.000
         roi_size  = 50.000
         dobs      = 25
 Model Training-Data Information:
         Dataset Label                 = Neurosynth2015Filtered2_1000docs
         Word-Tokens (n_word_tokens)   = 40874
         Peak-Tokens (n_peak_tokens)   = 34213
         Word-Types (n_word_labels)    = 6755
         Documents (n_docs)            = 1000
         Peak-Dimensions (n_peak_dims) = 3





Total running time of the script: ( 1 minutes  13.739 seconds)



Download Python source code: plot_train_model.py




Download Jupyter notebook: plot_train_model.ipynb





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







          

      

      

    

  

    
      
          
            
  
Encode text into image

An example of decode.encode.


Start with the necessary imports

from os.path import join
import matplotlib.pyplot as plt

from nilearn import plotting

from gclda.model import Model
from gclda.decode import encode
from gclda.utils import get_resource_path








Load model

model_file = join(get_resource_path(), 'models/Neurosynth2015Filtered2',
                  'model_200topics_2015Filtered2_10000iters.pklz')
model = Model.load(model_file)








Encode text into image

text = 'painful stimulation during a language task'
text_img, topic_weights = encode(model, text)








Show encoded image

fig = plotting.plot_stat_map(text_img, display_mode='z',
                             threshold=0.00001,
                             cut_coords=[-2, 22, 44, 66])





[image: ../../_images/sphx_glr_plot_encode_001.png]



Plot topic weights

fig2, ax2 = plt.subplots()
ax2.plot(topic_weights)
ax2.set_xlabel('Topic #')
ax2.set_ylabel('Weight')
fig2.show()





[image: ../../_images/sphx_glr_plot_encode_002.png]
Total running time of the script: ( 0 minutes  37.356 seconds)



Download Python source code: plot_encode.py




Download Jupyter notebook: plot_encode.ipynb





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







          

      

      

    

  

    
      
          
            
  
Decode unthresholded map

An example of decode.decode_continuous.


Start with the necessary imports

from os.path import join
import matplotlib.pyplot as plt

import nibabel as nib
from nilearn import plotting

from gclda.model import Model
from gclda.decode import decode_continuous
from gclda.utils import get_resource_path








Load model and initialize decoder

model_file = join(get_resource_path(), 'models/Neurosynth2015Filtered2',
                  'model_200topics_2015Filtered2_10000iters.pklz')
model = Model.load(model_file)








Read in image to decode

file_to_decode = '../data/faces_specificity_z.nii.gz'
img_to_decode = nib.load(file_to_decode)
fig = plotting.plot_stat_map(img_to_decode, display_mode='z',
                             threshold=3.290527,
                             cut_coords=[-28, -4, 20, 50])





[image: ../../_images/sphx_glr_plot_decode_unthresholded_001.png]



Decode image

df, topic_weights = decode_continuous(model, img_to_decode)








Get associated terms

df = df.sort_values(by='Weight', ascending=False)
print(df.head(10))





Out:

Weight
Term
visual       2808.248042
motor        2741.291072
face         1873.797509
faces        1781.695003
emotional    1177.594334
spatial       917.748989
memory        873.327746
words         777.003601
perception    755.889292
stimulation   679.940224








Plot topic weights

fig2, ax2 = plt.subplots()
ax2.plot(topic_weights)
ax2.set_xlabel('Topic #')
ax2.set_ylabel('Weight')
fig2.show()





[image: ../../_images/sphx_glr_plot_decode_unthresholded_002.png]
Total running time of the script: ( 0 minutes  43.638 seconds)



Download Python source code: plot_decode_unthresholded.py




Download Jupyter notebook: plot_decode_unthresholded.ipynb





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







          

      

      

    

  

    
      
          
            
  
Decode binary region of interest

An example of gclda.decode.decode_roi.


Start with the necessary imports

from os.path import join
import matplotlib.pyplot as plt

from nilearn import plotting
from nltools.mask import create_sphere

from gclda.model import Model
from gclda.decode import decode_roi
from gclda.utils import get_resource_path








Load model and initialize decoder

model_file = join(get_resource_path(), 'models/Neurosynth2015Filtered2',
                  'model_200topics_2015Filtered2_10000iters.pklz')
model = Model.load(model_file)








Create region of interest (ROI) image

coords = [[-40, -52, -20]]
radii = [6] * len(coords)

roi_img = create_sphere(coords, radius=radii, mask=model.dataset.mask_img)
fig = plotting.plot_roi(roi_img, display_mode='ortho',
                        cut_coords=[-40, -52, -20],
                        draw_cross=False)





[image: ../../_images/sphx_glr_plot_decode_roi_001.png]



Decode ROI

df, topic_weights = decode_roi(model, roi_img)








Get associated terms

df = df.sort_values(by='Weight', ascending=False)
print(df.head(10))





Out:

Weight
Term
face         14.715405
faces        11.750837
words         2.923485
visual        2.515097
word          2.102416
facial        1.315064
color         1.289241
identity      1.032067
recognition   0.973896
selectivity   0.871821








Plot topic weights

fig2, ax2 = plt.subplots()
ax2.plot(topic_weights)
ax2.set_xlabel('Topic #')
ax2.set_ylabel('Weight')
fig2.show()





[image: ../../_images/sphx_glr_plot_decode_roi_002.png]
Total running time of the script: ( 0 minutes  40.769 seconds)



Download Python source code: plot_decode_roi.py




Download Jupyter notebook: plot_decode_roi.ipynb





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







          

      

      

    

  

    
      
          
            
  
Using contextual priors for decoding

Use contextual priors by feeding topic weights from one decoding into another.


Start with the necessary imports

from os.path import join
import matplotlib.pyplot as plt

import numpy as np
import nibabel as nib
from nilearn import plotting

from gclda.model import Model
from gclda.decode import encode, decode_continuous
from gclda.utils import get_resource_path








Load model and initialize decoder

model_file = join(get_resource_path(), 'models/Neurosynth2015Filtered2',
                  'model_200topics_2015Filtered2_10000iters.pklz')
model = Model.load(model_file)








Extract topic weights for text as prior

text = 'faces and faces and faces face the other faces against facial discrimination'
_, prior = encode(model, text)








Read in image to decode

file_to_decode = '../data/faces_specificity_z.nii.gz'
img_to_decode = nib.load(file_to_decode)
fig = plotting.plot_stat_map(img_to_decode, display_mode='z',
                             threshold=3.290527,
                             cut_coords=[-28, -4, 20, 50])





[image: ../../_images/sphx_glr_plot_contextual_prior_001.png]



Decode image without prior

_, posterior1 = decode_continuous(model, img_to_decode)

# max-normalize and sort for visualization
posterior1 = posterior1 / np.min(posterior1)
sorter = posterior1.argsort()
posterior1 = posterior1[sorter]








Decode image with weak prior

_, posterior2 = decode_continuous(model, img_to_decode, topic_priors=prior, prior_weight=0.01)

# max-normalize and sort for visualization
posterior2 = posterior2 / np.min(posterior2)
posterior2 = posterior2[sorter]








Decode image with strong prior

_, posterior3 = decode_continuous(model, img_to_decode, topic_priors=prior, prior_weight=0.05)

# max-normalize and sort for visualization
posterior3 = posterior3 / np.min(posterior3)
posterior3 = posterior3[sorter]








Plot topic weights

fig2, ax2 = plt.subplots()
ax2.plot(posterior1, color='r', label='No prior')
ax2.plot(posterior2, color='b', label='Weak prior', alpha=0.5)
ax2.plot(posterior3, color='g', label='Strong prior', alpha=0.5)

legend = ax2.legend(frameon=True, loc='upper left')
frame = legend.get_frame()
frame.set_facecolor('white')
frame.set_edgecolor('black')

ax2.set_xlabel('Topic #')
ax2.set_ylabel('Weight')
fig2.show()





[image: ../../_images/sphx_glr_plot_contextual_prior_002.png]
Total running time of the script: ( 1 minutes  44.248 seconds)



Download Python source code: plot_contextual_prior.py




Download Jupyter notebook: plot_contextual_prior.ipynb





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







          

      

      

    

  

    
      
          
            
  
Show topic distributions

Plot topic figures and show them.


Start with the necessary imports

from os.path import join

import numpy as np
import pandas as pd
from nilearn import plotting
from nilearn.masking import unmask

from gclda.model import Model
from gclda.utils import get_resource_path








Load model

model_file = join(get_resource_path(), 'models/Neurosynth2015Filtered2',
                  'model_200topics_2015Filtered2_10000iters.pklz')
model = Model.load(model_file)








Get spatial probability

p_voxel_g_topic, _ = model.get_spatial_probs()








Show topic 10

topic_no = 10
img = unmask(p_voxel_g_topic[:, topic_no], model.dataset.mask_img)

# Get strings giving top K words and probs for the current topic
wprobs = model.n_word_tokens_word_by_topic[:, topic_no] + model.beta
wprobs = wprobs / np.sum(wprobs)
word_probs = zip(*[model.dataset.word_labels, wprobs])
df = pd.DataFrame(columns=['term', 'probability'], data=word_probs)
df = df.sort_values(by='probability', ascending=False).reset_index(drop=True)
print df.head(12)

fig = plotting.plot_stat_map(img, display_mode='z')





[image: auto_examples/02_general/images/sphx_glr_plot_show_topic_figures_001.png]
Out:

term  probability
0   cognitive_control     0.119603
1             demands     0.071321
2           executive     0.062462
3           difficult     0.033669
4                easy     0.024810
5   executive_control     0.023924
6           requiring     0.019938
7           selection     0.018609
8              number     0.016837
9                hard     0.015951
10             manner     0.015508
11           matching     0.015065








Show topic 59

topic_no = 58
img = unmask(p_voxel_g_topic[:, topic_no], model.dataset.mask_img)

# Get strings giving top K words and probs for the current topic
wprobs = model.n_word_tokens_word_by_topic[:, topic_no] + model.beta
wprobs = wprobs / np.sum(wprobs)
word_probs = zip(*[model.dataset.word_labels, wprobs])
df = pd.DataFrame(columns=['term', 'probability'], data=word_probs)
df = df.sort_values(by='probability', ascending=False).reset_index(drop=True)
print df.head(12)

fig = plotting.plot_stat_map(img, display_mode='z')





[image: auto_examples/02_general/images/sphx_glr_plot_show_topic_figures_002.png]
Out:

term  probability
0    somatosensory     0.135916
1          tactile     0.108811
2            touch     0.088289
3      stimulation     0.048406
4          sensory     0.039113
5   discrimination     0.027496
6             body     0.022850
7     vibrotactile     0.014331
8          touched     0.013556
9           finger     0.013169
10            skin     0.012395
11       roughness     0.012008








Show topic 150

topic_no = 149
img = unmask(p_voxel_g_topic[:, topic_no], model.dataset.mask_img)

# Get strings giving top K words and probs for the current topic
wprobs = model.n_word_tokens_word_by_topic[:, topic_no] + model.beta
wprobs = wprobs / np.sum(wprobs)
word_probs = zip(*[model.dataset.word_labels, wprobs])
df = pd.DataFrame(columns=['term', 'probability'], data=word_probs)
df = df.sort_values(by='probability', ascending=False).reset_index(drop=True)
print df.head(12)

fig = plotting.plot_stat_map(img, display_mode='z')





[image: auto_examples/02_general/images/sphx_glr_plot_show_topic_figures_003.png]
Out:

term  probability
0    emotional     0.120525
1      emotion     0.064047
2        faces     0.055130
3    affective     0.027836
4         fear     0.025134
5      fearful     0.024594
6     pictures     0.015136
7   regulation     0.014055
8       affect     0.013784
9        angry     0.012704
10      threat     0.012704
11     ratings     0.012704





Total running time of the script: ( 0 minutes  41.400 seconds)



Download Python source code: plot_show_topic_figures.py




Download Jupyter notebook: plot_show_topic_figures.ipynb





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

Class and functions for dataset-related stuff.


	
class gclda.dataset.Dataset(dataset_label, data_directory, mask_file=None)

	Bases: future.types.newobject.newobject

Class object for a gcLDA dataset.

A Dataset contains data needed to run gcLDA models. It can also be used to
view dataset information and can be saved to a pickled file.


	Parameters

	
	dataset_labelstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the gcLDA dataset. Also the name of a subfolder in
data_directory containing four files (word_indices.txt,
word_labels.txt, peak_indices.txt, and pmids.txt) with the
data needed to create the dataset.



	data_directorystr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The path to the folder containing the data. Should contain a
subdirectory named after dataset_label with files needed to generate
a Dataset.



	mask_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A brain mask file used to define the voxels included in the dataset. If
not provided, the mask file used by Neurosynth will be used by default.







	Attributes

	
	dataset_labelstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the dataset.



	mask_imgnibabel.Nifti1Image

	A nifti object of the mask file.



	word_labelslist [https://docs.python.org/3.5/library/stdtypes.html#list] of str [https://docs.python.org/3.5/library/stdtypes.html#str]

	List of word-strings (wtoken_word_idx values are indices into this
list).



	pmidslist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of PubMed IDs (i.e., studies) in dataset.



	wtoken_doc_idxlist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of document-indices for word-tokens.



	wtoken_word_idxlist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of word-indices for word-tokens.



	ptoken_doc_idxlist [https://docs.python.org/3.5/library/stdtypes.html#list] of int [https://docs.python.org/3.5/library/functions.html#int]

	List of document-indices for peak-tokens x.



	peak_valsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of int [https://docs.python.org/3.5/library/functions.html#int]

	A focus-x-3 array of X, Y, and Z coordinates of foci in dataset in
stereotactic (generally MNI152) space.









Methods







	display_dataset_summary()

	View dataset summary.



	load(filename)

	Load a pickled Dataset instance from file.



	save(filename)

	Pickle the Dataset instance to the provided file.



	view_doc_labels([n_pmids])

	View first n_pmids PMIDs in dataset.



	view_peak_indices([n_peak_indices])

	View first n_peak_indices peak indices.



	view_word_indices([n_word_indices])

	View first n_word_indices word indices.



	view_word_labels([n_word_labels])

	View first n_word_labels words in dataset.












	next

	






	
display_dataset_summary()

	View dataset summary.






	
classmethod load(filename)

	Load a pickled Dataset instance from file.
If the filename ends with ‘z’, it will be assumed that the file is
compressed, and gzip will be used to load it. Otherwise, it will
be assumed that the file is not compressed.


	Parameters

	
	filenamestr [https://docs.python.org/3.5/library/stdtypes.html#str]

	File with saved Dataset instance.







	Returns

	
	datasetgclda.dataset.Dataset

	Loaded Dataset instance.














	
next()

	




	
save(filename)

	Pickle the Dataset instance to the provided file.
If the filename ends with ‘z’, gzip will be used to write out a
compressed file. Otherwise, an uncompressed file will be created.


	Parameters

	
	filenamestr [https://docs.python.org/3.5/library/stdtypes.html#str]

	Where to save Dataset instance.














	
view_doc_labels(n_pmids=1000)

	View first n_pmids PMIDs in dataset.






	
view_peak_indices(n_peak_indices=100)

	View first n_peak_indices peak indices.






	
view_word_indices(n_word_indices=100)

	View first n_word_indices word indices.






	
view_word_labels(n_word_labels=1000)

	View first n_word_labels words in dataset.










	
gclda.dataset.import_neurosynth(neurosynth_dataset, dataset_label, out_dir='.', counts_file=None, abstracts_file=None, email=None, vocabulary=None)

	Transform Neurosynth’s data into gcLDA-compatible files.

This function produces four files (word_indices.txt, word_labels.txt,
peak_indices.txt, and pmids.txt) in a specified folder
(out_dir/dataset_label), using data from a Neurosynth dataset and
associated abstracts. These four files are necessary for creating a Dataset
instance and running gcLDA.


	Parameters

	
	neurosynth_datasetneurosynth.base.dataset.Dataset

	A Neurosynth Dataset object containing data needed by gcLDA.



	dataset_labelstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the gcLDA dataset to be created. A folder will be created in
out_dir named after the dataset and output files will be saved there.



	out_dirstr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	Output directory. Parent folder of a new folder named after
dataset_label where output files will be saved. By default, it uses
the current directory.



	counts_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A tab-delimited text file containing feature counts for the dataset.
The first column is ‘pmid’, used for identifying articles. Other columns
are features (e.g., unigrams and bigrams from Neurosynth), where each
value is the number of times the feature is found in a given article.
This file is different from the features.txt file provided by
Neurosynth, as it should contain counts instead of tf-idf frequencies,
but it should have the same format. Only one of counts_file,
abstracts_file, and email needs to be specified.



	abstracts_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A csv file containing abstracts of articles in the database. The first
column is ‘pmid’, used for identifying articles. The second column is
‘abstract’ and contains the article’s abstract. The abstracts_file can
be created using download_abstracts in the Neurosynth Python package.
Only one of counts_file, abstracts_file, and email needs to be
specified.



	emailstr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A valid email address. If neither counts_file nor abstracts_file is
provided, then import_neurosynth will attempt to download article
abstracts using Neurosynth’s download_abstracts function. This calls
PubMed to get PMIDs and abstracts, which requires an email address.
Only one of counts_file, abstracts_file, and email needs to be
specified.



	vocabularylist [https://docs.python.org/3.5/library/stdtypes.html#list] of str [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	A list of terms to use as the vocabulary for a dataset. Only works if
abstracts_file or email address is provided (but not if
counts_file is used).

















          

      

      

    

  

    
      
          
            
  
gclda.decode module

Functions for functional decoding/reverse inference using a GCLDA model.


	
gclda.decode.decode_continuous(model, image, topic_priors=None, prior_weight=1.0)

	Perform image-to-text decoding for continuous inputs (e.g.,
unthresholded statistical maps).


	Parameters

	
	modelgclda.model.Model

	Model object needed for decoding.



	imagenibabel.Nifti1Image or str [https://docs.python.org/3.5/library/stdtypes.html#str]

	Whole-brain image to decode into text. Must be in same space as
model and dataset. Model’s template available in
model.dataset.mask_img.



	topic_priorsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float], optional

	A 1d array of size (n_topics) with values for topic weighting.
If None, no weighting is done. Default is None.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float], optional

	The weight by which the prior will affect the decoding.
Default is 1.







	Returns

	
	decoded_dfpandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]

	A DataFrame with the word-tokens and their associated weights.



	topic_weightsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float]

	The weights of the topics used in decoding.









Notes







	Notation

	Meaning





	[image: v]

	Voxel



	[image: t]

	Topic



	[image: w]

	Word type



	[image: i]

	Input image



	[image: p(v|t)]

	Probability of topic given voxel (p_topic_g_voxel)



	[image: p(t|i)]

	Topic weight vector (topic_weights)



	[image: p(w|t)]

	Probability of word type given topic (p_word_g_topic)



	[image: \omega]

	1d array from input image (input_values)







	Compute [image: p(t|v)]
(p_topic_g_voxel).



	From gclda.model.Model.get_spatial_probs()









	Squeeze input image to 1d array [image: \omega] (input_values).


	Compute topic weight vector ([image: \tau_{t}]) by multiplying
[image: p(t|v)] by input image.



	[image: \tau_{t} = p(t|v) \cdot \omega]









	Multiply [image: \tau_{t}] by
[image: p(w|t)].



	[image: p(w|i) \propto \tau_{t} \cdot p(w|t)]









	The resulting vector (word_weights) reflects arbitrarily scaled
term weights for the input image.









	
gclda.decode.decode_roi(model, roi, topic_priors=None, prior_weight=1.0)

	Perform image-to-text decoding for discrete image inputs (e.g., regions
of interest, significant clusters).


	Parameters

	
	modelgclda.model.Model

	Model object needed for decoding.



	roinibabel.Nifti1Image or str [https://docs.python.org/3.5/library/stdtypes.html#str]

	Binary image to decode into text. If string, path to a file with
the binary image.



	topic_priorsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float], optional

	A 1d array of size (n_topics) with values for topic weighting.
If None, no weighting is done. Default is None.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float], optional

	The weight by which the prior will affect the decoding.
Default is 1.







	Returns

	
	decoded_dfpandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]

	A DataFrame with the word-tokens and their associated weights.



	topic_weightsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float]

	The weights of the topics used in decoding.









Notes







	Notation

	Meaning





	[image: v]

	Voxel



	[image: t]

	Topic



	[image: w]

	Word type



	[image: r]

	Region of interest (ROI)



	[image: p(v|t)]

	Probability of topic given voxel (p_topic_g_voxel)



	[image: p(t|r)]

	Probability of topic given ROI (topic_weights)



	[image: p(w|t)]

	Probability of word type given topic (p_word_g_topic)







	Compute
[image: p(v|t)].



	From gclda.model.Model.get_spatial_probs()









	Compute topic weight vector ([image: \tau_{t}]) by adding across voxels
within ROI.



	[image: \tau_{t} = \sum_{i} {p(t|v_{i})}]









	Multiply [image: \tau_{t}] by
[image: p(w|t)].



	[image: p(w|r) \propto \tau_{t} \cdot p(w|t)]









	The resulting vector (word_weights) reflects arbitrarily scaled
term weights for the ROI.









	
gclda.decode.encode(model, text, out_file=None, topic_priors=None, prior_weight=1.0)

	Perform text-to-image encoding.


	Parameters

	
	modelgclda.model.Model

	Model object needed for decoding.



	textstr [https://docs.python.org/3.5/library/stdtypes.html#str] or list [https://docs.python.org/3.5/library/stdtypes.html#list]

	Text to encode into an image.



	out_filestr [https://docs.python.org/3.5/library/stdtypes.html#str], optional

	If not None, writes the encoded image to a file.



	topic_priorsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float], optional

	A 1d array of size (n_topics) with values for topic weighting.
If None, no weighting is done. Default is None.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float], optional

	The weight by which the prior will affect the encoding.
Default is 1.







	Returns

	
	imgnibabel.Nifti1Image

	The encoded image.



	topic_weightsnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of float [https://docs.python.org/3.5/library/functions.html#float]

	The weights of the topics used in encoding.









Notes







	Notation

	Meaning





	[image: v]

	Voxel



	[image: t]

	Topic



	[image: w]

	Word type



	[image: h]

	Input text



	[image: p(v|t)]

	Probability of topic given voxel (p_topic_g_voxel)



	[image: \tau_{t}]

	Topic weight vector (topic_weights)



	[image: p(w|t)]

	Probability of word type given topic (p_word_g_topic)



	[image: \omega]

	1d array from input image (input_values)







	Compute [image: p(v|t)]
(p_voxel_g_topic).



	From gclda.model.Model.get_spatial_probs()









	Compute [image: p(t|w)]
(p_topic_g_word).


	Vectorize input text according to model vocabulary.


	Reduce [image: p(t|w)] to only include word types in input text.


	Compute [image: p(t|h)] (p_topic_g_text) by multiplying [image: p(t|w)]
by word counts for input text.


	Sum topic weights ([image: \tau_{t}]) across
words.



	[image: \tau_{t} = \sum_{i}{p(t|h_{i})}]









	Compute voxel
weights.



	[image: p(v|h) \propto p(v|t) \cdot \tau_{t}]









	The resulting array (voxel_weights) reflects arbitrarily scaled
voxel weights for the input text.


	Unmask and reshape voxel_weights into brain image.












          

      

      

    

  

    
      
          
            
  
gclda.model module

Class and functions for model-related stuff.


	
class gclda.model.Model(dataset, n_topics=100, n_regions=2, symmetric=False, alpha=0.1, beta=0.01, gamma=0.01, delta=1.0, dobs=25, roi_size=50.0, seed_init=1)

	Bases: future.types.newobject.newobject

Class object for a gcLDA model.

Creates a gcLDA model using a dataset object and hyperparameter arguments.


	Parameters

	
	datasetgclda.dataset.Dataset

	Dataset object containing data needed for model.



	n_topicsint [https://docs.python.org/3.5/library/functions.html#int], optional

	Number of topics to generate in model. The default is 100.



	n_regionsint [https://docs.python.org/3.5/library/functions.html#int], optional

	Number of subregions per topic (>=1). The default is 2.



	alphafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count on topics for each document. The default is 0.1.



	betafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count on word-types for each topic. The default is 0.01.



	gammafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count added to y-counts when sampling z assignments. The
default is 0.01.



	deltafloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Prior count on subregions for each topic. The default is 1.0.



	dobsint [https://docs.python.org/3.5/library/functions.html#int], optional

	Spatial region ‘default observations’ (# observations weighting
Sigma estimates in direction of default ‘roi_size’ value). The
default is 25.



	roi_sizefloat [https://docs.python.org/3.5/library/functions.html#float], optional

	Default spatial ‘region of interest’ size (default value of
diagonals in covariance matrix for spatial distribution, which the
distributions are biased towards). The default is 50.0.



	symmetricbool [https://docs.python.org/3.5/library/functions.html#bool], optional

	Whether or not to use symmetry constraint on subregions. Symmetry
requires n_regions = 2. The default is False.



	seed_initint [https://docs.python.org/3.5/library/functions.html#int], optional

	Initial value of random seed. The default is 1.







	Attributes

	
	model_namestr [https://docs.python.org/3.5/library/stdtypes.html#str]

	Identifier (based on parameter values) for the model.



	wtoken_topic_idxnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A number-of-words-by-1 vector of word->topic assignments.



	peak_topic_idxnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A number-of-peaks-by-1 vector of peak->topic assignments.



	peak_region_idxnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A number-of-peaks-by-1 vector of peak->region assignments.



	n_peak_tokens_doc_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-documents-by-n-topics array. Each cell is the number of
peak-tokens for a given document assigned to a given topic.



	n_peak_tokens_region_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-regions-by-n-topics array. Each cell is the number of
peak-tokens for a given region assigned to a given topic.



	n_word_tokens_word_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-words-by-n-topics array. Each cell is the number of
word-tokens for a given word assigned to a given topic.



	n_word_tokens_doc_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	An n-documents-by-n-topics array. Each cell is the number of
word-tokens for a given document assigned to a given topic.



	total_n_word_tokens_by_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.int64

	A 1-by-number-of-words vector. Total number of word-tokens assigned
to each topic (across all documents).









Methods







	compute_log_likelihood([dataset, update_vectors])

	Compute Log-likelihood of a dataset object given current model.



	display_model_summary([debug])

	Print model summary to console.



	get_spatial_probs()

	Get conditional probability of selecting each voxel in the brain mask given each topic.



	load(filename)

	Load a pickled Model instance from file.



	run_complete_iteration([loglikely_freq, verbose])

	Run a complete update cycle (sample z, sample y&r, update regions).



	save(filename)

	Pickle the Model instance to the provided file.



	save_model_params(outputdir[, n_top_words])

	Run all export-methods: calls all save-methods to export parameters to files.



	save_topic_figures(outputdir[, …])

	Save Topic Figures: Spatial distributions and Linguistic distributions for top K words.












	next

	






	
compute_log_likelihood(dataset=None, update_vectors=True)

	Compute Log-likelihood of a dataset object given current model.

Computes the log-likelihood of data in any dataset object (either train
or test) given the posterior predictive distributions over peaks and
word-types for the model. Note that this is not computing the joint
log-likelihood of model parameters and data.


	Parameters

	
	datasetgclda.Dataset, optional

	The dataset for which log-likelihoods will be calculated.
If not provided, log-likelihood will be calculated for the model’s
dataset.



	update_vectorsbool [https://docs.python.org/3.5/library/functions.html#bool], optional

	Whether to update model’s log-likelihood vectors or not.







	Returns

	
	x_loglikelyfloat [https://docs.python.org/3.5/library/functions.html#float]

	Total log-likelihood of all peak tokens.



	w_loglikelyfloat [https://docs.python.org/3.5/library/functions.html#float]

	Total log-likelihood of all word tokens.



	tot_loglikelyfloat [https://docs.python.org/3.5/library/functions.html#float]

	Total log-likelihood of peak + word tokens.









References

[1] Newman, D., Asuncion, A., Smyth, P., & Welling, M. (2009).
Distributed algorithms for topic models. Journal of Machine Learning
Research, 10(Aug), 1801-1828.






	
display_model_summary(debug=False)

	Print model summary to console.


	Parameters

	
	debugbool [https://docs.python.org/3.5/library/functions.html#bool], optional

	Setting debug to True will print out additional information useful
for debugging the model. Default = False.














	
get_spatial_probs()

	Get conditional probability of selecting each voxel in the brain mask
given each topic.


	Returns

	
	p_voxel_g_topicnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.float64

	A voxel-by-topic array of conditional probabilities: p(voxel|topic).
For cell ij, the value is the probability of voxel i being selected
given topic j has already been selected.



	p_topic_g_voxelnumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.float64

	A voxel-by-topic array of conditional probabilities: p(topic|voxel).
For cell ij, the value is the probability of topic j being selected
given voxel i is active.














	
classmethod load(filename)

	Load a pickled Model instance from file.
If the filename ends with ‘z’, it will be assumed that the file is
compressed, and gzip will be used to load it. Otherwise, it will
be assumed that the file is not compressed.






	
next()

	




	
run_complete_iteration(loglikely_freq=1, verbose=2)

	Run a complete update cycle (sample z, sample y&r, update regions).


	Parameters

	
	loglikely_freqint [https://docs.python.org/3.5/library/functions.html#int], optional

	The frequency with which log-likelihood is updated. Default value
is 1 (log-likelihood is updated every iteration).



	verbose{0, 1, 2}, optional

	Determines how much info is printed to console. 0 = none,
1 = a little, 2 = a lot. Default value is 2.














	
save(filename)

	Pickle the Model instance to the provided file.
If the filename ends with ‘z’, gzip will be used to write out a
compressed file. Otherwise, an uncompressed file will be created.






	
save_model_params(outputdir, n_top_words=15)

	Run all export-methods: calls all save-methods to export parameters to
files.


	Parameters

	
	outputdirstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	The name of the output directory.



	n_top_wordsint [https://docs.python.org/3.5/library/functions.html#int], optional

	The number of words associated with each topic to report in topic
word probabilities file.














	
save_topic_figures(outputdir, backgroundpeakfreq=10, n_top_words=12)

	Save Topic Figures: Spatial distributions and Linguistic distributions
for top K words.


	Parameters

	
	outputdirstr [https://docs.python.org/3.5/library/stdtypes.html#str]

	Output directory for topic figures.



	backgroundpeakfreqint [https://docs.python.org/3.5/library/functions.html#int], optional

	Determines what proportion of peaks we show in the background of
each figure. Default = 10.



	n_top_wordsint [https://docs.python.org/3.5/library/functions.html#int], optional

	The number of words per topic to include in the figures. Default = 12.





















          

      

      

    

  

    
      
          
            
  
gclda.utils module

Utility functions.


	
gclda.utils.get_resource_path()

	Returns the path to general resources, terminated with separator. Resources
are kept outside package folder in “datasets”.
Based on function by Yaroslav Halchenko used in Neurosynth Python package.






	
gclda.utils.plot_brain(data, underlay, x=0, y=0, z=0)

	Create a figure of a brain.

Generates a 2x2 figure of brain slices in the axial, coronal, and sagittal
directions (bottom right subplot is left empty). A functional image is
overlaid onto the anatomical template from a nibabel image.


	Parameters

	
	datanumpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] of numpy.float32

	3D array of voxel values to plot over structural underlay.



	underlaynibabel.Nifti1Image

	Structural scan to use as underlay in figure.



	xint [https://docs.python.org/3.5/library/functions.html#int], optional

	X-coordinate in stereotactic space to use for sagittal view in figure.
Default is 0.



	yint [https://docs.python.org/3.5/library/functions.html#int], optional

	Y-coordinate in stereotactic space to use for coronal view in figure.
Default is 0.



	zint [https://docs.python.org/3.5/library/functions.html#int], optional

	Z-coordinate in stereotactic space to use for axial view in figure.
Default is 0.







	Returns

	
	figmatplotlib.figure.Figure [https://matplotlib.org/api/_as_gen/matplotlib.figure.Figure.html#matplotlib.figure.Figure]

	A 2x2 figure with three views of the brain (axial, coronal, and
sagittal).














	
gclda.utils.weight_priors(topic_priors, prior_weight)

	Combine topic priors with prior weight.


	Parameters

	
	topic_priorsarray-like

	The prior weights for topics (n_topics-long array). Scale may be
arbitrary, as the array will be normalized.



	prior_weightfloat [https://docs.python.org/3.5/library/functions.html#float]

	Scalar by which to weight priors.
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