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scHPL (single-cell Hierarchical Progressive Learning) is a method that automatically finds relationships between cell populations across multiple datasets and uses this to construct a hierarchical classification tree. For each node in the tree either a linear SVM, kNN, or one-class SVM is trained. The trained classification tree can be used to predict the labels of a new unlabeled dataset.


Note

scHPL is not a batch correction tool, we advise to align the datasets before matching the cell populations. We advise doing this with scVI or scArches. See the treeArches tutorials or the ‘tips’ tab for more information.
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Installation

The easiest way to get scHPL is through pip using the following command:

sudo pip install -U schpl





You can also get the latest development version from Github [https://github.com/lcmmichielsen/scHPL] using the following steps:
First, clone scHPL using git:

git clone https://github.com/lcmmichielsen/scHPL





Then, cd to the scHPL folder and run the install command:

cd scHPL
python3 setup.py install





On Windows machines you may need to download a C++ compiler if you wish to build from source yourself.

The list of dependencies can be found in the requirements.txt [https://github.com/lcmmichielsen/scHPL/blob/master/requirements.txt] file in the repository.

If you run into issues, do not hesitate to approach us or raise a GitHub issue [https://github.com/lcmmichielsen/scHPL/issues/new/choose].




            

          

      

      

    

  

    
      
          
            
  
API

The API reference contains detailed descriptions of the different end-user classes, functions, methods, etc.


Note

This API reference only contains end-user documentation.
If you are looking to hack away at scHPL’ internals, you will find more detailed comments in the source code.



Import scHPL as:

import scHPL





Some text



	Learn hierarchy
	learn_tree()





	Train hierarchical classifier
	train_tree()





	Predict labels
	predict_labels()

	tqdm()





	Evaluate performance
	confusion_matrix()

	heatmap()

	hierarchical_F1()





	Useful functions
	TreeNode

	add_node()

	create_tree()

	load()

	print_tree()

	read_tree()

	remove_node()

	rename_node()












            

          

      

      

    

  

    
      
          
            
  
Learn hierarchy

Created on Fri Nov 22 14:11:01 2019

@author: Lieke


	
scHPL.learn.learn_tree(data: AnnData [https://anndata.readthedocs.io/en/latest/generated/anndata.AnnData.html#anndata.AnnData], batch_key: str [https://docs.python.org/3/library/stdtypes.html#str], batch_order: list [https://docs.python.org/3/library/stdtypes.html#list], cell_type_key: str [https://docs.python.org/3/library/stdtypes.html#str], tree: TreeNode | None [https://docs.python.org/3/library/constants.html#None] = None, retrain: bool [https://docs.python.org/3/library/functions.html#bool] = False, batch_added: list [https://docs.python.org/3/library/stdtypes.html#list] | None [https://docs.python.org/3/library/constants.html#None] = None, classifier: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['knn', 'svm', 'svm_occ'] = 'knn', n_neighbors: int [https://docs.python.org/3/library/functions.html#int] = 50, dynamic_neighbors: bool [https://docs.python.org/3/library/functions.html#bool] = True, distkNN: int [https://docs.python.org/3/library/functions.html#int] = 99, dimred: bool [https://docs.python.org/3/library/functions.html#bool] = False, useRE: bool [https://docs.python.org/3/library/functions.html#bool] = True, FN: float [https://docs.python.org/3/library/functions.html#float] = 0.5, rej_threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, match_threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.25, attach_missing: bool [https://docs.python.org/3/library/functions.html#bool] = False, print_conf: bool [https://docs.python.org/3/library/functions.html#bool] = False, gpu: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/learn.py#L26]

	Learn a classification tree based on multiple labeled datasets.


	Parameters:

	
	data (AnnData) – AnnData matrix containing aligned datasets.


	batch_key (String) – Column name in adata.obs containing batch information.


	batch_order (List) – List containing the order in which the batches should be added
to the tree.


	cell_type_key (String) – Column name in adata.obs containing the celltype labels.


	tree (TreeNode = None) – Existing tree to update with the new datasets.


	retrain (Boolean = False) – If ‘True’, the inputted tree will be retrained (needed if tree or
datasets are changed after intial construction).


	batch_added (List = None) – List that indicates which batches were used to build the existing tree.


	classifier (String = 'knn') – Classifier to use (either ‘svm’, ‘svm_occ’ or ‘knn’).


	n_neighbors (int = 50) – Number of neighbors for the kNN classifier (only used when
classifier=’knn’).


	dynamic_neighbors (bool = True) – Number of neighbors for the kNN classifier can change when a node
contains a very small cell population. k is set to
min(n_neighbors, smallest-cell-population)


	distkNN (int = 99) – Used to determine the threshold for the maximum distance between a
cell and it’s closest neighbor of the training set. Threshold is
set to the distkNN’s percentile of distances within the training
set


	dimred (Boolean = False) – If ‘True’, PCA is applied before training the classifier.


	useRE (Boolean = True) – If ‘True’, cells are also rejected based on the reconstruction error.


	FN (Float = 0.5) – Percentage of false negatives allowed when determining the threshold
for the reconstruction error.


	rej_threshold (Float = 0.5) – If prediction probability lower that this threshold, a cell is rejected.
(only used when using kNN classifier)


	match_threshold (Float = 0.25) – Threshold to use when matching the labels.


	attach_missing (Boolean = False) – If ‘True’ missing nodes are attached to the root node.


	print_conf (Boolean = False) – Whether to print the confusion matrices during the matching step.


	gpu (int = None) – GPU index to use for the Faiss library (only used when classifier=’knn’)






	Return type:

	Trained classification tree and a list with the missing populations.












            

          

      

      

    

  

    
      
          
            
  
Train hierarchical classifier

Created on Wed Oct 23 11:37:16 2019

@author: Lieke


	
scHPL.train.train_tree(data, labels, tree: TreeNode, classifier: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['knn', 'svm', 'svm_occ'] = 'knn', dimred: bool [https://docs.python.org/3/library/functions.html#bool] = False, useRE: bool [https://docs.python.org/3/library/functions.html#bool] = True, FN: float [https://docs.python.org/3/library/functions.html#float] = 0.5, n_neighbors: int [https://docs.python.org/3/library/functions.html#int] = 50, dynamic_neighbors: bool [https://docs.python.org/3/library/functions.html#bool] = True, distkNN: int [https://docs.python.org/3/library/functions.html#int] = 99, gpu: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/../../../envs/latest/lib/python3.9/site-packages/sklearn/utils/_testing.py#L154]

	Train a hierarchical classifier.


	Parameters:

	
	data (array_like) – Training data (cells x genes)


	labels (array_like) – Cell type labels of the training data


	tree (TreeNode) – Classification tree to train (can be build using utils.create_tree())


	classifier (String = 'knn') – Classifier to use (either ‘svm’, ‘svm_occ’ or ‘knn’).


	dimred (Boolean = False) – If ‘True’, PCA is applied before training the classifier.


	useRE (Boolean = True) – If ‘True’, cells are also rejected based on the reconstruction error.


	FN (Float = 0.5) – Percentage of false negatives allowed when determining the threshold
for the reconstruction error.


	n_neighbors (int = 50) – Number of neighbors for the kNN classifier (only used when
classifier=’knn’).


	dynamic_neighbors (bool = True) – Number of neighbors for the kNN classifier can change when a node
contains a very small cell population. k is set to
min(n_neighbors, smallest-cell-population)


	distkNN (int = 99) – Used to determine the threshold for the maximum distance between a
cell and it’s closest neighbor of the training set. Threshold is
set to the distkNN’s percentile of distances within the training
set


	gpu (int [https://docs.python.org/3/library/functions.html#int] | None = None) – GPU index to use for the Faiss library (only used when classifier=’knn’)






	Return type:

	Trained classification tree












            

          

      

      

    

  

    
      
          
            
  
Predict labels

Created on Wed Oct 23 14:16:59 2019

@author: Lieke


	
scHPL.predict.predict_labels(testdata, tree: TreeNode, threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, gpu=None)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/predict.py#L21]

	Use the trained tree to predict the labels of a new dataset.


	Parameters:

	
	testdata (array_like) – Data to classify (cells x genes)


	tree (TreeNode) – Trained classification tree


	threshold (Float = 0.5) – If prediction probability lower that this threshold, a cell is rejected.
(only used when using kNN classifier)






	Returns:

	
	Predicted labels


	Probability of the predicted labels (only works for kNN, since SVM – doesn’t return probabilities)















	
scHPL.predict.tqdm(x)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/predict.py#L17]

	






            

          

      

      

    

  

    
      
          
            
  
Evaluate performance

Created on Fri Nov  1 16:48:26 2019

@author: Lieke


	
scHPL.evaluate.confusion_matrix(true_labels, pred_labels)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/evaluate.py#L92]

	Construct a confusion matrix.


	Parameters:

	
	true_labels (array_like) – True labels of the dataset


	pred_labels (array_like) – Predicted labels






	Returns:

	conf



	Return type:

	confusion matrix










	
scHPL.evaluate.heatmap(true_labels, pred_labels, order_rows: list [https://docs.python.org/3/library/stdtypes.html#list] | None [https://docs.python.org/3/library/constants.html#None] = None, order_cols: list [https://docs.python.org/3/library/stdtypes.html#list] | None [https://docs.python.org/3/library/constants.html#None] = None, transpose: bool [https://docs.python.org/3/library/functions.html#bool] = False, cmap: str [https://docs.python.org/3/library/stdtypes.html#str] = 'Reds', title: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None, annot: bool [https://docs.python.org/3/library/functions.html#bool] = False, xlabel: str [https://docs.python.org/3/library/stdtypes.html#str] = 'Predicted labels', ylabel: str [https://docs.python.org/3/library/stdtypes.html#str] = 'True labels', shape=(10, 10), **kwargs)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/evaluate.py#L115]

	Plot a confusion matrix as a heatmap.


	Parameters:

	
	true_labels: array_like
	
True labels of the dataset





	pred_labels: array_like
	Predicted labels



	order_rows: List = None
	Order of the cell types (rows)



	order_cols: List = None
	Order of the cell types (cols)



	transpose: Boolean = False
	If True, the rows become the true labels instead of the columns.



	cmapString = ‘reds’
	Colormap to use. Can be any matplotlib colormap



	titleString = None
	Title of the plot.



	annotBoolean = False
	If true, the data value is added to each cell.



	xlabelString = ‘Predicted labels’
	Text of the x label



	ylabelString = ‘True labels’
	Text of the y label



	shape(float, float) = (10,10)
	Size of the plot



	**kwargs :
	Other keyword args for sns.heatmap().







	:rtype: None.
	












	
scHPL.evaluate.hierarchical_F1(true_labels, pred_labels, tree: TreeNode)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/evaluate.py#L16]

	Calculate the hierarchical F1-score


	Parameters:

	
	true_labels (array_like) – True labels


	pred_labels (array_like) – Predicted labels


	tree (TreeNode) – Classification tree used to predict the labels






	Returns:

	hF1



	Return type:

	hierarchical F1-score












            

          

      

      

    

  

    
      
          
            
  
Useful functions


	
class scHPL.utils.TreeNode(name=None, **kw)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L12]

	Bases: Node

This class is an extension of Node, but with the possibility
to add a classifier


	Attributes:

	
	is_binary
	

	is_leaf
	

	length
	

	newick
	The representation of the Node in Newick format.









Methods



	ascii_art([strict, show_internal])

	Return a unicode string representing a tree in ASCII art fashion.



	create([name, descendants])

	Create a new Node object.



	get_leaf_names()

	Get the names of all the leaf nodes of the subtree descending from this node.



	get_leaf_names_first()

	Get the names of all the leaf nodes of the subtree descending from this node.



	get_leaves()

	Get all the leaf nodes of the subtree descending from this node.



	get_node(label)

	Gets the specified node by name.



	prune(leaves[, inverse])

	Remove all those nodes in the specified list, or if inverse=True, remove all those nodes not in the specified list.



	prune_by_names(leaf_names[, inverse])

	Perform an (inverse) prune, with leaves specified by name.



	remove_internal_names()

	Set the name of all non-leaf nodes in the subtree to None.



	remove_leaf_names()

	Set the name of all leaf nodes in the subtree to None.



	remove_lengths()

	Set the length of all nodes in the subtree to None.



	remove_names()

	Set the name of all nodes in the subtree to None.



	remove_redundant_nodes([preserve_lengths])

	Remove all nodes which have only a single child, and attach their grandchildren to their parent.



	resolve_polytomies()

	Insert additional nodes with length=0 into the subtree in such a way that all non-leaf nodes have only 2 descendants, i.e. the tree becomes a fully resolved binary tree.



	set_classifier(classifier)

	Add a classifier to the node.



	visit(visitor[, predicate])

	Apply a function to matching nodes in the (sub)tree rooted at self.



	walk([mode])

	Traverses the (sub)tree rooted at self, yielding each visited Node.








	add_descendant

	


	get_RE

	


	get_classifier

	


	get_dimred

	


	get_maxDist

	


	get_pca

	


	set_RE

	


	set_dimred

	


	set_maxDist

	


	set_pca

	






	
classmethod create(name=None, descendants=None, **kw)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L27]

	Create a new Node object.


	Parameters:

	
	name – Node label.


	descendants – list of descendants or None.


	kw – Additonal keyword arguments are passed through to Node.__init__.






	Returns:

	Node instance.










	
get_RE()[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L77]

	




	
get_classifier()[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L58]

	




	
get_dimred()[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L64]

	




	
get_leaf_names_first()[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L42]

	Get the names of all the leaf nodes of the subtree descending from
this node.
:return: List of names of Nodes with no descendants.






	
get_maxDist()[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L83]

	




	
get_pca()[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L67]

	




	
set_RE(maxRE)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L74]

	




	
set_classifier(classifier)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L52]

	Add a classifier to the node.






	
set_dimred(value)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L61]

	




	
set_maxDist(maxDist)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L80]

	




	
set_pca(pca, explainingpc)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L70]

	








	
scHPL.utils.add_node(name: str [https://docs.python.org/3/library/stdtypes.html#str], tree: TreeNode, parent: str [https://docs.python.org/3/library/stdtypes.html#str], children: list [https://docs.python.org/3/library/stdtypes.html#list] | None [https://docs.python.org/3/library/constants.html#None] = None)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L260]

	Add a node to the tree manually.


Parameters:


	name: String
	Name of the cell population to add



	tree: TreeNode
	Tree the node should be added to



	parent: String
	Parent node the cell population should be added to. If the node
should be added to the root, this should be ‘root’



	children: List
	If the new node is an internal node, the child nodes should
also be defined. Format should be a list with strings e.g.
[‘child1’, ‘child2’]











	
scHPL.utils.create_tree(s, strip_comments=False, **kw)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L114]

	Load a list of trees from a Newick formatted string.


	Parameters:

	
	s – Newick formatted string.


	strip_comments – Flag signaling whether to strip comments enclosed in square     brackets.


	kw – Keyword arguments are passed through to Node.create.






	Returns:

	List of Node objects.










	
scHPL.utils.load(fp, strip_comments=False, **kw)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L100]

	Load a list of trees from an open Newick formatted file.


	Parameters:

	
	fp – open file handle.


	strip_comments – Flag signaling whether to strip comments enclosed in square     brackets.


	kw – Keyword arguments are passed through to Node.create.






	Returns:

	List of Node objects.










	
scHPL.utils.print_tree(tree: TreeNode, new_nodes: list [https://docs.python.org/3/library/stdtypes.html#list] = [])[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L335]

	Print the tree


	Parameters:

	
	tree (TreeNode) – Tree to print


	new_nodes (List = []) – Nodes recently added to the tree, these are printed in bold






	Return type:

	None.










	
scHPL.utils.read_tree(fname, encoding='utf8', strip_comments=False, **kw)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L86]

	Load a list of trees from a Newick formatted file.


	Parameters:

	
	fname – file path.


	strip_comments – Flag signaling whether to strip comments enclosed in square     brackets.


	kw – Keyword arguments are passed through to Node.create.






	Returns:

	List of Node objects.










	
scHPL.utils.remove_node(name, tree: TreeNode, children: bool [https://docs.python.org/3/library/functions.html#bool] = True)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L211]

	Remove a node from the tree


	Parameters:

	
	name (String or List) – name of the node to remove


	tree (TreeNode) – tree containing this node


	children (Boolean = True) – if True, children are also removed. If False: children are
rewired to parent node






	Returns:

	tree



	Return type:

	updated tree










	
scHPL.utils.rename_node(old_name, new_name: str [https://docs.python.org/3/library/stdtypes.html#str], tree: TreeNode)[source] [https://github.com/lcmmichielsen/scHPL/blob/master/scHPL/utils.py#L177]

	Rename a node in the tree manually.


Parameters:


	old_name:
	old name of the node (either a string of a list)



	new_name: String
	new_name of the node



	tree: TreeNode
	tree containing the node













            

          

      

      

    

  

    
      
          
            
  
A few tips for using scHPL

This page will be updated soon with more tips. If you have questions in the mean time, just open a GitHub issue [https://github.com/lcmmichielsen/scHPL/issues/new/choose] or send an email to l.c.m.michielsen ‘at’ tudelft.nl


Which classifier to use?

We advise to use:


	the linear SVM when your integrated data still has a lot of dimensions (e.g. when you have used Seurat to integrate the datasets)


	the kNN when your integrated data has less, 10-50, dimensions (e.g. when you have used scVI or Harmony to integrate the datasets)


	the one-class SVM when your main focus is to find unseen cell populations. A downside of the one-class SVM, however, is that the classification performance drops.






Preparing your AnnData object

The input for the learn function is an AnnData object where the labels and batch-indicators are a column in the metadata. If you integrated your data, it can be that it’s a different slot in the object. At the moment, it is NOT possible to indicate which slot to use for scHPL. Therefore, we advise to make a new AnnData object and copy the integrated data to the ‘.X’.



treeArches

One way to integrate your data is with treeArches [https://doi.org/10.1101/2022.07.07.499109]. treeArches is a wrapper around scHPL and scArches to easily create and update reference atlases and the corresponding hierarchy. There are two tutorials explaining how to use treeArches.





            

          

      

      

    

  

    
      
          
            
  
Basic tutorial


[1]:





import numpy as np
import pandas as pd
from sklearn.model_selection import train_test_split, StratifiedKFold
from scHPL import train, predict, update, learn, utils, evaluate
import anndata








Data loading


Reading a csv file

During this tutorial, we will work with the simulated data. This dataset can be downloaded from the Zenodo repository (https://doi.org/10.5281/zenodo.4557712)

For scHPL, the input format of the simulated data is a csv file, but easiest is to work with AnnData objects when using scHPL. Here, we will first show, how to load the data and convert it to an AnnData object.


[2]:





data = pd.read_csv('Simulated_data.csv', index_col = 0)
data = data.T

labels = pd.read_csv('Simulated_labels.csv')
labels.columns=['labels']








[3]:





row = dict(obs_names=data.index.astype(str))
col = dict(var_names=data.columns.astype(str))

adata = anndata.AnnData(data.values, row, col)

adata.obs = labels













/tmp/ipykernel_1627501/3653877580.py:4: FutureWarning: X.dtype being converted to np.float32 from int64. In the next version of anndata (0.9) conversion will not be automatic. Pass dtype explicitly to avoid this warning. Pass `AnnData(X, dtype=X.dtype, ...)` to get the future behavour.
  adata = anndata.AnnData(data.values, row, col)
/exports/humgen/lmichielsen/miniconda3_v2/envs/scarches2/lib/python3.8/site-packages/anndata/_core/anndata.py:1830: UserWarning: Variable names are not unique. To make them unique, call `.var_names_make_unique`.
  utils.warn_names_duplicates("var")









scHPL without progressive learning

Here, we explain how to train a classifier without progressive learning, which can be used when the hierarchy is known beforehand.

First we split the dataset into a training and test set


[4]:





x_train, x_test, y_train, y_test = train_test_split(adata.X, adata.obs['labels'], test_size=0.2, random_state=42)








Creating a tree

We create a tree using the utils.create_tree() function. This function creates a tree based on the newick format.


[5]:





tree1_oc = utils.create_tree('((Group1, Group2)Group12, Group3,(Group4, (Group5, Group6)Group56)Group456)root')
tree1_knn = utils.create_tree('((Group1, Group2)Group12, Group3,(Group4, (Group5, Group6)Group56)Group456)root')
utils.print_tree(tree1_oc)












[image: _images/tutorial_8_0.png]






Training the tree

Next, we train this tree. This function requires three inputs: the data matrix (cells x genes), labels, and the tree. Furtermore, there are some optional arguments:


	classifier: this can be either svm_occ for the one_class svm, svm for the linear SVM, or knn for the kNearestNeighbor classier (default=kNN). We recommend to use the kNN when you apply scHPL to a latent space of a low number of dimensions (e.g. 10)


	dimred: whether to apply dimensionality reduction to select features (default = False). For the one-class SVM, this is recommended. For the linear SVM, it is recommended to turn off and rely on the built-in L2-regularization. We recommend to use the kNN only when applying scHPL on a low number of dimensions (e.g. a latent space of 10), so extra dimensionality is not needed in that case and we recommend to turn this off.


	useRE: whether cells are rejected based on the reconstruction error (default = True).


	FN: percentage of false negatives allowed when using the reconstruction error (default = 0.5).





[6]:





# We train one tree with the oneclass SVM and one with the kNN classifier
tree1_oc = train.train_tree(x_train, y_train, tree1_oc, classifier = 'svm_occ', dimred = True, useRE = True, FN = 0.5)
tree1_knn = train.train_tree(x_train, y_train, tree1_knn, classifier = 'knn', dimred = True, useRE = True, FN = 0.5)










scHPL with progressive learning

scHPL can be used to learn a hierarchy of cell populations by combining the annotations of different datasets. scHPL, however, is not robust to batch effects between the datasets. We recommend to align the datasets before using scHPL


Preprocessing the simulated data

We will again split the data in a train and test dataset. We will split the training dataset again in 3 batches to simulate different datasets. To simulate the effect of different resolutions in these batches, we have to relabel some of the populations (e.g. ‘Group1’ and ‘Group2’ are renamed as ‘Group12’)



Unique labels for the training data

We merge the labels and batch names to ensure that every training batch has unique cell type labels. Because of this, we can better see the perfect matches in the dataset.


[7]:





import copy as cp

sss = StratifiedKFold(n_splits = 3, shuffle = True, random_state = 0)
sss.get_n_splits(x_train, y_train)

adata_progressive = anndata.AnnData(x_train)
adata_progressive.obs = pd.DataFrame(y_train)
adata_progressive.obs['batch'] = 0
count = 0

for trainindex, testindex in sss.split(x_train, y_train):
    # Add the batch information
    adata_progressive.obs['batch'].iloc[testindex] = count
    count += 1

# In batch 1, we merge group1 and group2
xx = np.where((adata_progressive.obs['batch'] == 1) &
              ((adata_progressive.obs['labels'] == 'Group1') | (adata_progressive.obs['labels'] == 'Group2')))[0]
adata_progressive.obs['labels'].values[xx] = 'Group12'

# In batch 1, we merge group4 and group5 and group6
xx = np.where((adata_progressive.obs['batch'] == 1) &
              ((adata_progressive.obs['labels'] == 'Group4') | (adata_progressive.obs['labels'] == 'Group5') | (adata_progressive.obs['labels'] == 'Group6')))[0]
adata_progressive.obs['labels'].values[xx] = 'Group456'

# In batch 2, we merge group5 and group6
xx = np.where((adata_progressive.obs['batch'] == 2) &
              ((adata_progressive.obs['labels'] == 'Group5') | (adata_progressive.obs['labels'] == 'Group6')))[0]
adata_progressive.obs['labels'].values[xx] = 'Group56'

adata_progressive.obs['labels-batch'] = np.char.add(np.char.add(np.array(adata_progressive.obs['labels'], dtype= str), '-'),
                                                    np.array(adata_progressive.obs['batch'], dtype=str))













/exports/humgen/lmichielsen/miniconda3_v2/envs/scarches2/lib/python3.8/site-packages/anndata/_core/anndata.py:798: UserWarning:
AnnData expects .obs.index to contain strings, but got values like:
    [4607, 2233, 6328, 5815, 4333]

    Inferred to be: integer

  value_idx = self._prep_dim_index(value.index, attr)
/tmp/ipykernel_1627501/1670240449.py:13: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from a DataFrame

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#returning-a-view-versus-a-copy
  adata_progressive.obs['batch'].iloc[testindex] = count








Learning and training the tree

We learn the tree using the learn.learn_tree() function. There are different input parameters here: - data: AnnData object containing the different datasets - batch_key: Column name in adata.obs containing batch information - batch_order: List containing the order in which the batches should be added to the tree. - cell_type_key: Column name in adata.obs containing the celltype labels. - tree (default = None): Existing tree to update with the new datasets. If this is the
first iteration, enter None. - retrain (default = False): If ‘True’, the inputted tree will be retrained (needed if tree or datasets are changed after intial construction). - batch_added (default = None): List that indicates which batches were used to build the existing tree. - classifier (default = ‘knn’): Classifier to use (either ‘svm’, ‘svm_occ’ or ‘knn’). - n_neighbors (default = 50): Number of neighbors for the kNN classifier (only used when classifier=’knn’). - dimred
(default = False): If ‘True’ PCA is applied before training the classifier. - useRE (default = True): If ‘True’, cells are also rejected based on the reconstruction error. - FN (default = 0.5): Percentage of false negatives allowed when determining the threshold for the reconstruction error. - rej_threshold (default = 0.5): If prediction probability lower that this threshold, a cell is rejected (only used when using kNN classifier). - match_threshold (default = 0.25): Threshold
to use when matching the labels. - attach_missing (default = False): If ‘True’ missing nodes are attached to the root node. - print_conf (default = False): Whether to print the confusion matrices during the matching step.

The function will output the tree and the missing cell populations.

During the training process, the starting, intermediate and final hierarchies will be shown. The nodes that are added to the tree in the last iteration will be shown in bold.


[8]:





tree2, mp = learn.learn_tree(data = adata_progressive,
                                        batch_key = 'batch',
                                        batch_order = [0,1,2],
                                        cell_type_key = 'labels-batch',
                                        classifier = 'svm_occ',
                                        dimred = True)













Starting tree:
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Adding dataset 1 to the tree

Updated tree:
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Adding dataset 2 to the tree

Updated tree:
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Predict labels

A trained tree (with or without progressive learning) can be used to predict the labels of another dataset. When using the one-class SVM or linear SVM, this function only returns the predicted labels. For the kNN, the probabilities are also returned.


[9]:





y_pred1_oc, _ = predict.predict_labels(x_test, tree1_oc) # tree constructed without progressive learning
y_pred1_knn, y_prob1_knn = predict.predict_labels(x_test, tree1_knn) # tree constructed without progressive learning
y_pred2, _ = predict.predict_labels(x_test, tree2) # tree constructed with progressive








[10]:





print(y_pred1_knn[:10])
print(y_prob1_knn[:10])













['Group4' 'Group6' 'Group4' 'Group3' 'Group1' 'Group1' 'Group4' 'Group6'
 'Group1' 'Group5']
[[1.  ]
 [0.98]
 [1.  ]
 [0.92]
 [0.92]
 [0.84]
 [1.  ]
 [0.96]
 [0.86]
 [1.  ]]








Evaluate

Here, we evaluate the predictions based on the hierarchical F1-score and look at the confusion matrix.

For the progressive learning, we cannot look at the HF1-score since the names in the tree and not exactly the same as the names in the original dataset


[12]:





HF1_score1 = evaluate.hierarchical_F1(y_test.values, y_pred1_oc, tree1_oc)

print('Hierarchical F1-score without progressive learning: ',
      np.round(HF1_score1,2))

confmatrix1 = evaluate.heatmap(y_test, y_pred1_oc, shape=(6,4))
confmatrix2 = evaluate.heatmap(y_test, y_pred2, shape=(6,4))













Hierarchical F1-score without progressive learning:  0.96
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Other useful functions

Using the utils functions, nodes in the tree can be added, removed, or renamed. Note that after adding or removing a node, the tree has to be retrained.


[13]:





tree = utils.create_tree('((Group1, Group2)Group12, Group3,(Group4, (Group5, Group6)Group56)Group456)root')

print('Original tree:')
utils.print_tree(tree)














Original tree:
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[14]:





# Now we add a node to the tree
tree = utils.add_node(name = 'extra node', tree = tree, parent = 'Group2')
print('Tree after adding the new node:')
utils.print_tree(tree)













Tree after adding the new node:











[image: _images/tutorial_22_1.png]





[15]:





# Now we remove a node from the tree
# Children = False, indicates that the children should not be removed
tree = utils.remove_node(name = 'Group56', tree = tree, children = False)
print('Tree after removing the node:')
utils.print_tree(tree)













Tree after removing the node:
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[16]:





# We rename a node
tree = utils.rename_node(old_name = 'Group12', new_name = 'new name', tree = tree)
print('Tree after renaming the node:')
utils.print_tree(tree)













Tree after renaming the node:
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treeArches: learning and updating a cell-type hierarchy (basic tutorial)

In this tutorial, we explain the different functionalities of treeArches. We show how to:


	Step 1: Integrate reference datasets using scVI


	Step 2: Match the cell-types in the reference datasets to learn the cell-type hierarchy of the reference datasets using scHPL


	Step 3: Apply architural surgery to extend the reference dataset using scArches


	Step 4a: Update the learned hierarchy with the cell-types from the query dataset using scHPL (useful when the query dataset is labeled)


	Step 4b: Predict the labels of the cells in the query dataset using scHPL (useful when the query dataset is unlabeled)





[1]:





import os
import warnings
warnings.simplefilter(action='ignore', category=FutureWarning)
warnings.simplefilter(action='ignore', category=UserWarning)








[2]:





import scanpy as sc
import torch
import scarches as sca
from scarches.dataset.trvae.data_handling import remove_sparsity
import matplotlib.pyplot as plt
import numpy as np
import gdown
import copy as cp
import seaborn as sns













Global seed set to 0







[3]:





sc.settings.set_figure_params(dpi=1000, frameon=False)
sc.set_figure_params(dpi=1000)
sc.set_figure_params(figsize=(7,7))
torch.set_printoptions(precision=3, sci_mode=False, edgeitems=7)

import matplotlib
matplotlib.rcParams['pdf.fonttype'] = 42








Download raw Dataset


[4]:





url = 'https://drive.google.com/uc?id=1Vh6RpYkusbGIZQC8GMFe3OKVDk5PWEpC'
output = 'pbmc.h5ad'
gdown.download(url, output, quiet=False)













Downloading...
From: https://drive.google.com/uc?id=1Vh6RpYkusbGIZQC8GMFe3OKVDk5PWEpC
To: /exports/humgen/lmichielsen/scArches-scHPL/PBMC/pbmc.h5ad
100%|█████████████████████████████████████████████| 2.06G/2.06G [01:37<00:00, 21.1MB/s]







[4]:







'pbmc.h5ad'







[5]:





adata = sc.read('pbmc.h5ad')








[6]:





adata.X = adata.layers["counts"].copy()








[7]:





adata = adata[adata.obs.study != "Villani"]







We now split the data into reference and query dataset to simulate the building process. Here we use the ‘10X’ batch as query data.


[8]:





target_conditions = ["10X"]
source_adata = adata[~adata.obs.study.isin(target_conditions)].copy()
target_adata = adata[adata.obs.study.isin(target_conditions)].copy()
print(source_adata)
print(target_adata)













AnnData object with n_obs × n_vars = 21757 × 12303
    obs: 'batch', 'chemistry', 'data_type', 'dpt_pseudotime', 'final_annotation', 'mt_frac', 'n_counts', 'n_genes', 'sample_ID', 'size_factors', 'species', 'study', 'tissue'
    layers: 'counts'
AnnData object with n_obs × n_vars = 10727 × 12303
    obs: 'batch', 'chemistry', 'data_type', 'dpt_pseudotime', 'final_annotation', 'mt_frac', 'n_counts', 'n_genes', 'sample_ID', 'size_factors', 'species', 'study', 'tissue'
    layers: 'counts'






For a better model performance it is necessary to select HVGs. We are doing this by applying the function scanpy.pp.highly_variable_genes(). The parameter n_top_genes is set to 2000 here. However, for more complicated datasets you might have to increase number of genes to capture more diversity in the data.


[9]:





source_adata.raw = source_adata








[10]:





source_adata








[10]:







AnnData object with n_obs × n_vars = 21757 × 12303
    obs: 'batch', 'chemistry', 'data_type', 'dpt_pseudotime', 'final_annotation', 'mt_frac', 'n_counts', 'n_genes', 'sample_ID', 'size_factors', 'species', 'study', 'tissue'
    layers: 'counts'







[11]:





sc.pp.normalize_total(source_adata)








[12]:





sc.pp.log1p(source_adata)








[13]:





sc.pp.highly_variable_genes(
    source_adata,
    n_top_genes=2000,
    batch_key="study",
    subset=True)







For consistency we set adata.X to be raw counts. In other datasets that may be already the case


[14]:





source_adata.X = source_adata.raw[:, source_adata.var_names].X









Create scVI model and train it on reference dataset


Remember: The adata object has to have count data in adata.X for scVI/scANVI if not further specified.




[15]:





sca.models.SCVI.setup_anndata(source_adata, batch_key="batch")







The scVI model uses the zero-inflated negative binomial (ZINB) loss by default. Insert gene_likelihood='nb' to change the reconstruction loss to negative binomial (NB) loss.


[16]:





vae = sca.models.SCVI(
    source_adata,
    n_layers=2,
    encode_covariates=True,
    deeply_inject_covariates=True,
    use_layer_norm="both",
    use_batch_norm="none",
)








[17]:





vae.train(max_epochs=80)













GPU available: True, used: True
TPU available: False, using: 0 TPU cores
IPU available: False, using: 0 IPUs
LOCAL_RANK: 0 - CUDA_VISIBLE_DEVICES: [0]












Epoch 80/80: 100%|██████████████████| 80/80 [01:34<00:00,  1.18s/it, loss=565, v_num=1]






The resulting latent representation of the data can then be visualized with UMAP


[18]:





reference_latent = sc.AnnData(vae.get_latent_representation())
reference_latent.obs["cell_type"] = source_adata.obs["final_annotation"].tolist()
reference_latent.obs["batch"] = source_adata.obs["batch"].tolist()
reference_latent.obs["study"] = source_adata.obs["study"].tolist()








[19]:





sc.pp.neighbors(reference_latent, n_neighbors=8)
sc.tl.leiden(reference_latent)
sc.tl.umap(reference_latent)









[20]:





reference_latent.obs['study'] = reference_latent.obs['study'].astype('category')

# Reorder categories, so smallest dataset is plotted on top
reference_latent.obs['study'].cat.reorder_categories(['Oetjen', 'Sun', 'Freytag'], inplace=True)








[21]:





sc.pl.umap(reference_latent,
           color=['study'],
           frameon=False,
           wspace=0.6, s=25,
           palette=sns.color_palette('colorblind', as_cmap=True)[:3]
           )
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The colorblind color map only contains 10 different colors. To visualize the different cell-types, we rename some cells to a lower resolution.


[22]:





reference_latent.obs['ct_low'] = 0

idx = ((reference_latent.obs.cell_type == 'CD4+ T cells') |
       (reference_latent.obs.cell_type == 'CD8+ T cells'))
reference_latent.obs['ct_low'][idx] = 'T cells'

idx = ((reference_latent.obs.cell_type == 'CD10+ B cells') |
       (reference_latent.obs.cell_type == 'CD20+ B cells'))
reference_latent.obs['ct_low'][idx] = 'B cells'

idx = ((reference_latent.obs.cell_type == 'CD14+ Monocytes') |
       (reference_latent.obs.cell_type == 'CD16+ Monocytes') |
       (reference_latent.obs.cell_type == 'Monocyte progenitors'))
reference_latent.obs['ct_low'][idx] = 'Monocytes'

idx = ((reference_latent.obs.cell_type == 'Erythrocytes') |
       (reference_latent.obs.cell_type == 'Erythroid progenitors'))
reference_latent.obs['ct_low'][idx] = 'Erythrocytes'

idx = ((reference_latent.obs.cell_type == 'Monocyte-derived dendritic cells') |
       (reference_latent.obs.cell_type == 'Plasmacytoid dendritic cells'))
reference_latent.obs['ct_low'][idx] = 'Dendritic cells'

idx = reference_latent.obs.cell_type == 'HSPCs'
reference_latent.obs['ct_low'][idx] = 'HSPCs'

idx = reference_latent.obs.cell_type == 'Megakaryocyte progenitors'
reference_latent.obs['ct_low'][idx] = 'Megakaryocyte progenitors'

idx = reference_latent.obs.cell_type == 'NK cells'
reference_latent.obs['ct_low'][idx] = 'NK cells'

idx = reference_latent.obs.cell_type == 'NKT cells'
reference_latent.obs['ct_low'][idx] = 'NKT cells'

idx = reference_latent.obs.cell_type == 'Plasma cells'
reference_latent.obs['ct_low'][idx] = 'Plasma cells'














/tmp/ipykernel_1063462/4260835584.py:5: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from a DataFrame

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#returning-a-view-versus-a-copy
  reference_latent.obs['ct_low'][idx] = 'T cells'







[23]:





sc.pl.umap(reference_latent,
           color=['ct_low'],
           frameon=False,
           wspace=0.6, s=60,
           palette=sns.color_palette('colorblind', as_cmap=True)
           )
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We can also visualize the cell-types per dataset.


[24]:





for s in np.unique(reference_latent.obs.study):
    ref_s = cp.deepcopy(reference_latent)
    ref_s.obs.ct_low[reference_latent.obs.study != s] = np.nan

    sc.pl.umap(ref_s,
               color=['ct_low'],
               frameon=False,
               wspace=0.6, s=60,
               palette=sns.color_palette('colorblind', as_cmap=True), title=s,
               save=s+'.pdf'
               )













WARNING: saving figure to file figures/umapFreytag.pdf
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WARNING: saving figure to file figures/umapOetjen.pdf
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WARNING: saving figure to file figures/umapSun.pdf











[image: _images/treeArches_pbmc_34_5.png]




After pretraining the model can be saved for later use or also be uploaded for other researchers with via Zenodo. For the second option please also have a look at the Zenodo notebook.


[25]:





ref_path = 'ref_model/'
vae.save(ref_path, overwrite=True)
reference_latent.write(ref_path + 'ref_latent.h5ad')









Construct hierarchy for the reference using scHPL

First, we concatenate all cell type labels with the study labels. This way, we ensure that the cell types of the different studies are seen as unique.


Warning: Always ensure that the cell type labels of each dataset are unique!




[26]:





reference_latent.obs['celltype_batch'] = np.char.add(np.char.add(np.array(reference_latent.obs['cell_type'], dtype= str), '-'),
                                             np.array(reference_latent.obs['study'], dtype=str))







Now, we are ready to learn the cell-type hierarchy. In this example we use the classifier='knn', this can be changed to either a linear SVM ('svm') or a one-class SVM ('svm_occ'). We recommend to use the kNN classifier when the dimensionality is low since the cell-types are not linearly separable anymore.

The option dynamic_neighbors=True implies that the number of neighbors changes depending on the number of cells in the dataset. If a cell-type is small, the number of neighbors used will also be lower. The number of neighbors can also be set manually using n_neighbors.

During each step of scHPL, a classifier is trained on the datasets we want to match and the labels are cross-predicted. If you’re interested in the confusion matrices used for the matching, set print_conf=True. The confusion matrices are also saved to .csv files then.

For more details about other parameters, take a look at the scHPL GitHub [https://github.com/lcmmichielsen/scHPL]


[27]:





tree_ref, mp_ref = sca.classifiers.scHPL.learn_tree(data = reference_latent,
                batch_key = 'study',
                batch_order = ['Freytag', 'Oetjen', 'Sun'],
                cell_type_key='celltype_batch',
                classifier = 'knn', dynamic_neighbors=True,
                dimred = False, print_conf= False)














Starting tree:
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Adding dataset Oetjen to the tree

Updated tree:
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Adding dataset Sun to the tree

Updated tree:
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Use pretrained reference model and apply surgery with a new query dataset to get a bigger reference atlas

Since the model requires the datasets to have the same genes we also filter the query dataset to have the same genes as the reference dataset.


[28]:





target_adata = target_adata[:, source_adata.var_names]
target_adata








[28]:







View of AnnData object with n_obs × n_vars = 10727 × 2000
    obs: 'batch', 'chemistry', 'data_type', 'dpt_pseudotime', 'final_annotation', 'mt_frac', 'n_counts', 'n_genes', 'sample_ID', 'size_factors', 'species', 'study', 'tissue'
    layers: 'counts'






We then can apply the model surgery with the new query dataset:


[29]:





target_adata = target_adata.copy()








[30]:





model = sca.models.SCVI.load_query_data(
    target_adata,
    ref_path,
    freeze_dropout = True,
)













INFO     File ref_model/model.pt already downloaded







[31]:





model.train(max_epochs=50)













GPU available: True, used: True
TPU available: False, using: 0 TPU cores
IPU available: False, using: 0 IPUs
LOCAL_RANK: 0 - CUDA_VISIBLE_DEVICES: [0]












Epoch 50/50: 100%|██████████████████| 50/50 [00:26<00:00,  1.89it/s, loss=975, v_num=1]







[32]:





query_latent = sc.AnnData(model.get_latent_representation())
query_latent.obs['cell_type'] = target_adata.obs["final_annotation"].tolist()
query_latent.obs['batch'] = target_adata.obs["batch"].tolist()







And again we can save or upload the retrained model for later use or additional extensions.


[33]:





surgery_path = 'surgery_model'
model.save(surgery_path, overwrite=True)
query_latent.write('query_latent.h5ad')







Get latent representation of reference + query dataset and compute UMAP


[34]:





target_adata.obs.study = "10X"








[35]:





target_adata








[35]:







AnnData object with n_obs × n_vars = 10727 × 2000
    obs: 'batch', 'chemistry', 'data_type', 'dpt_pseudotime', 'final_annotation', 'mt_frac', 'n_counts', 'n_genes', 'sample_ID', 'size_factors', 'species', 'study', 'tissue', '_scvi_batch', '_scvi_labels'
    uns: '_scvi_uuid', '_scvi_manager_uuid'
    layers: 'counts'







[36]:





adata_full = source_adata.concatenate(target_adata, batch_key="ref_query")
adata_full








[36]:







AnnData object with n_obs × n_vars = 32484 × 2000
    obs: 'batch', 'chemistry', 'data_type', 'dpt_pseudotime', 'final_annotation', 'mt_frac', 'n_counts', 'n_genes', 'sample_ID', 'size_factors', 'species', 'study', 'tissue', '_scvi_batch', '_scvi_labels', 'ref_query'
    var: 'highly_variable-0', 'means-0', 'dispersions-0', 'dispersions_norm-0', 'highly_variable_nbatches-0', 'highly_variable_intersection-0'
    layers: 'counts'







[37]:





full_latent = sc.AnnData(model.get_latent_representation(adata=adata_full))
full_latent.obs['cell_type'] = adata_full.obs["final_annotation"].tolist()
full_latent.obs['batch'] = adata_full.obs["batch"].tolist()
full_latent.obs['study'] = adata_full.obs["study"].tolist()













INFO     Input AnnData not setup with scvi-tools. attempting to transfer AnnData setup







[38]:





sc.pp.neighbors(full_latent)
sc.tl.leiden(full_latent)
sc.tl.umap(full_latent)








[39]:





full_latent.obs['study'] = full_latent.obs['study'].astype('category')
full_latent.obs['study'].cat.add_categories(['0'], inplace=True)
full_latent.obs['study'].cat.reorder_categories(['Oetjen', 'Sun', 'Freytag', '0', '10X'], inplace=True)

sc.pl.umap(full_latent,
           color=['study'],
           frameon=False,
           wspace=0.6, s=25,
           palette=sns.color_palette('colorblind', as_cmap=True)[:5],
           save='study_query.pdf'
           )













WARNING: saving figure to file figures/umapstudy_query.pdf
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[40]:





full_latent.obs['ct_low'] = 0

idx = ((full_latent.obs.cell_type == 'CD4+ T cells') |
       (full_latent.obs.cell_type == 'CD8+ T cells'))
full_latent.obs['ct_low'][idx] = 'T cells'

idx = ((full_latent.obs.cell_type == 'CD10+ B cells') |
       (full_latent.obs.cell_type == 'CD20+ B cells'))
full_latent.obs['ct_low'][idx] = 'B cells'

idx = ((full_latent.obs.cell_type == 'CD14+ Monocytes') |
       (full_latent.obs.cell_type == 'CD16+ Monocytes') |
       (full_latent.obs.cell_type == 'Monocyte progenitors'))
full_latent.obs['ct_low'][idx] = 'Monocytes'

idx = ((full_latent.obs.cell_type == 'Erythrocytes') |
       (full_latent.obs.cell_type == 'Erythroid progenitors'))
full_latent.obs['ct_low'][idx] = 'Erythrocytes'

idx = ((full_latent.obs.cell_type == 'Monocyte-derived dendritic cells') |
       (full_latent.obs.cell_type == 'Plasmacytoid dendritic cells'))
full_latent.obs['ct_low'][idx] = 'Dendritic cells'

idx = full_latent.obs.cell_type == 'HSPCs'
full_latent.obs['ct_low'][idx] = 'HSPCs'

idx = full_latent.obs.cell_type == 'Megakaryocyte progenitors'
full_latent.obs['ct_low'][idx] = 'Megakaryocyte progenitors'

idx = full_latent.obs.cell_type == 'NK cells'
full_latent.obs['ct_low'][idx] = 'NK cells'

idx = full_latent.obs.cell_type == 'NKT cells'
full_latent.obs['ct_low'][idx] = 'NKT cells'

idx = full_latent.obs.cell_type == 'Plasma cells'
full_latent.obs['ct_low'][idx] = 'Plasma cells'














/tmp/ipykernel_1063462/1546695568.py:5: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from a DataFrame

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#returning-a-view-versus-a-copy
  full_latent.obs['ct_low'][idx] = 'T cells'







[41]:





sc.pl.umap(full_latent,
           color=['ct_low'],
           frameon=False,
           wspace=0.6, s=60,
           palette=sns.color_palette('colorblind', as_cmap=True),
           save='cp_query.pdf'
           )














WARNING: saving figure to file figures/umapcp_query.pdf
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[42]:





for s in np.unique(full_latent.obs.study):
    ref_s = cp.deepcopy(full_latent)
    ref_s.obs.ct_low[full_latent.obs.study != s] = np.nan

    sc.pl.umap(ref_s,
               color=['ct_low'],
               frameon=False,
               wspace=0.6, s=60,
               palette=sns.color_palette('colorblind', as_cmap=True), title=s,
               save=s+'_query.pdf'
               )














WARNING: saving figure to file figures/umap10X_query.pdf
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WARNING: saving figure to file figures/umapFreytag_query.pdf
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WARNING: saving figure to file figures/umapOetjen_query.pdf
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WARNING: saving figure to file figures/umapSun_query.pdf
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Updating the hierarchy using scHPL

If the cells in the query dataset are labeled, we can update the hierarchy using scHPL. If the cells are unlabeled, we can predict their label (see section below).

Again, we first have to ensure that the labels of the cell-types are unique


[43]:





full_latent.obs['celltype_batch'] = np.char.add(np.char.add(np.array(full_latent.obs['cell_type'], dtype= str), '-'),
                                             np.array(full_latent.obs['study'], dtype=str))







Now, we are ready to update the cell-type hierarchy. It is important to use the same classifier settings here as used before. Furthermore, it is important to indicate which batches are already in the tree (batch_added) and which you want to add to the tree (batch_order).


[44]:





# First make a deep copy of the original classifier to ensure we do not overwrite it
tree_rq = cp.deepcopy(tree_ref)

tree_rq, mp_rq = sca.classifiers.scHPL.learn_tree(data = full_latent, batch_key = 'study',
                 batch_order = ['10X'],
                 batch_added = ['Oetjen', 'Freytag', 'Sun'],
                 cell_type_key='celltype_batch',
                 tree = tree_rq, retrain = False,
                classifier = 'knn',
                dimred = False)













Starting tree:
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Adding dataset 10X to the tree

Updated tree:
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Predicting cell-type labels using scHPL

If the cells in the query dataset are unlabeled or if you’re interested in comparing the transferred labels to your own annotations without updating the hierarchy, you can predict the labels with scHPL.


[45]:





query_pred = sca.classifiers.scHPL.predict_labels(query_latent.X, tree=tree_ref)







Using the evaluate.heatmap() function, the predictions can be compared to other annotations


[46]:





sca.classifiers.scHPL.evaluate.heatmap(query_latent.obs['cell_type'], query_pred, shape=[8,5])
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treeArches: identifying new cell types (advanced tutorial)

In this more advanced tutorial, we will show how to use a reference atlas and corresponding cell type hierarchy to detect new cell types in your query dataset. Here, we assume that the query dataset is labeled. If the query dataset is unlabeled, you can just predict the labels of the cells (see previous basic tutorial) and check which cells are rejected. Here, we’ll focus more on complete cell types or clusters instead of individual cells.

In this tutorial we’ll show two ways to detect new (sub)types: - Option 1: detecting a complete new cell type. We will update the reference cell type hierarchy with the query labels. A new cell type is detected if a cell type from the query is not matched to a cell type in the reference hierarchy. - Option 2: detecting a new subtype. Sometimes a query cell type matches a cell type in the hierarchy, but still a lot of cells are rejected. This could indicate that part of that query cell type is a
different subtype that is not detected yet. We will show that you can detect this by comparing the updated hierarchy to the predictions made.


[1]:





import scanpy as sc
import scHPL
import numpy as np
import pickle
import time as tm
import copy as cp
import pandas as pd
import matplotlib
import seaborn as sns








[2]:





sc.settings.set_figure_params(dpi=1000, frameon=False)
sc.set_figure_params(dpi=1000)
sc.set_figure_params(figsize=(7,7))

matplotlib.rcParams['pdf.fonttype'] = 42








Load reference and cell type hierarchy

In this tutorial, we will use the human lung cell atlas (HLCA) as reference. The embeddings for the reference and IPF (query) data we use, can be downloaded here [https://zenodo.org/record/6337966#.YqrznidBx3h]. These embeddings were created with scArches. The trained classifier can be downloaded from Zenodo [https://doi.org/10.5281/zenodo.6786357]. There are two classifier here: one trained with the FAISS library and one without. The FAISS library makes the model faster but only works
on Linux and with a gpu. More information about installation can be found here [https://anaconda.org/pytorch/faiss-gpu].

If you want to train the classifier for the cell type hierarchy yourself, you can find a tutorial here [https://github.com/lcmmichielsen/treeArches-reproducibility/blob/main/Figure2-HLCA%20healthy/Figure2%2C%20S3-5.ipynb].


[3]:





LCA = sc.read('HLCA_emb_and_metadata.h5ad')
file_to_read = open("tree_HCLA_FAISS_withRE.pickle", "rb")
HLCA_tree = pickle.load(file_to_read)
file_to_read.close()










Load query embedding and annotations

We will use a dataset consisting of healthy and IPF (Idiopathic Pulmonary Fibrosis) cells as query dataset. The query embeddings can be downloaded here [https://zenodo.org/record/6337966#.YqrznidBx3h]. The data with annotations can be downloaded here [https://doi.org/10.5281/zenodo.6786357].


[4]:





emb_ipf = sc.read('HLCA_extended_models_and_embs/surgery_output_embeddings/Sheppard_2020_emb_LCAv2.h5ad')








[5]:





data_IPF = sc.read('Sheppard_2020_noSC_finalAnno.h5ad')









Updating the cell type hierarchy

Before we can update the cell-type hierarchy. We have to preprocess the reference and query embeddings a bit. First, we concatenate the cell type labels with the condition labels. This way, we ensure that we can differentiate between the healthy and IPF cells.


[6]:





data_IPF.obs['ct-batch'] = np.char.add(np.char.add(np.array(data_IPF.obs['anno_final'], dtype=str), '-'), np.array(data_IPF.obs['condition']))







Prepare query embeddings


[35]:





emb_ipf = emb_ipf[data_IPF.obs_names]
emb_ipf.obs['ct-batch'] = data_IPF.obs['ct-batch']
emb_ipf.obs['batch'] = 'Query'
emb_ipf.obs['batch2'] = data_IPF.obs['condition']













/tmp/ipykernel_2427513/1399860873.py:2: ImplicitModificationWarning: Trying to modify attribute `.obs` of view, initializing view as actual.
  emb_ipf.obs['ct-batch'] = data_IPF.obs['ct-batch']






Prepare reference embeddings


[36]:





LCA.obs['ct-batch'] = LCA.obs['ann_finest_level']
LCA.obs['batch'] = 'Reference'
LCA.obs['batch2'] = 'Reference'







Concatenate the reference and query data


[37]:





LCA_IPF = sc.concat([LCA, emb_ipf])
LCA_IPF.obs['ct-batch'] = LCA_IPF.obs['ct-batch'].str.replace('_',' ')







Remove cell types that are smaller than 10 cells from the data.


[38]:





xx = LCA_IPF.obs.groupby(['ct-batch']).count()
cp_toremove = xx[xx['batch'] < 10].index
idx_tokeep = np.isin(LCA_IPF.obs['ct-batch'], cp_toremove) == False
LCA_IPF = LCA_IPF[idx_tokeep]
LCA_IPF









[38]:







View of AnnData object with n_obs × n_vars = 646445 × 30
    obs: 'ct-batch', 'batch', 'batch2'






Before updating the hierarchy, we subsample the data (otherwise it takes long to run) and make a UMAP.


[39]:





LCA_IPF_subs = sc.pp.subsample(LCA_IPF, fraction=0.25, copy=True)

sc.pp.neighbors(LCA_IPF_subs)
sc.tl.leiden(LCA_IPF_subs)
sc.tl.umap(LCA_IPF_subs)








In the UMAP, we can for instance see where the healthy and IPF cells are with respect to the reference


[40]:





sc.pl.umap(LCA_IPF_subs,
           color=['batch2'], groups = ['Healthy', 'IPF'],
           frameon=False,
           wspace=0.6, s=10, palette=sns.color_palette('colorblind', as_cmap=True)
           )














/exports/humgen/lmichielsen/miniconda3_v2/envs/scarches2/lib/python3.8/site-packages/scanpy/plotting/_tools/scatterplots.py:1171: FutureWarning: Categorical.replace is deprecated and will be removed in a future version. Use Series.replace directly instead.
  values = values.replace(values.categories.difference(groups), np.nan)
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The reference data contains many cell types. Therefore, we visualize the second annotation level here instead of the most detailed level.


[43]:





LCA_IPF_subs.obs['ann_level_2'] = LCA.obs.ann_level_2

sc.pl.umap(LCA_IPF_subs, color=['ann_level_2'],
           groups = ['Airway epithelium', 'Alveolar epithelium',
                     'Blood vessels', 'Fibroblast lineage', 'Lymphatic EC',
                     'Lymphoid', 'Mesothelium', 'Myeloid', 'Smooth muscle',
                     'Submucosal Gland'],
           frameon=False,
           wspace=0.6, s=10, palette=sns.color_palette('colorblind', as_cmap=True)
           )














/exports/humgen/lmichielsen/miniconda3_v2/envs/scarches2/lib/python3.8/site-packages/scanpy/plotting/_tools/scatterplots.py:1171: FutureWarning: Categorical.replace is deprecated and will be removed in a future version. Use Series.replace directly instead.
  values = values.replace(values.categories.difference(groups), np.nan)
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Update the cell type hierarchy with the query cell types. In the updated hierarchy, we see that for instance the ‘Transitioning epithelial cells’ are added as a new cell type to the tree. This cell type was indeed not in the reference and thus correctly discovered as new.


[11]:





## Since the data contains >600.000 cells, this step can take a while to run (~1 hour)
HLCA_tree = scHPL.learn.learn_tree(LCA_IPF,
                                     batch_key = 'batch',
                                     batch_order = ['Query'],
                                     cell_type_key = 'ct-batch',
                                     tree = HLCA_tree,
                                     retrain = False, useRE=True,
                                     batch_added = ['Reference']
                                    )














Starting tree:
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Adding dataset Query to the tree
These populations are missing from the tree:
['2 Smooth muscle-Healthy']

Updated tree:
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Predict cell type labels

In this part, we will show how to detect a subtype. First, we use the original tree to predict the labels of the query data.


[12]:





file_to_read = open("tree_HCLA_FAISS_withRE.pickle", "rb")
HLCA_ref = pickle.load(file_to_read)
file_to_read.close()

y_pred = scHPL.predict.predict_labels(emb_ipf.X,
               tree = HLCA_ref,
               threshold = 0.5)

emb_ipf.obs['scHPL_pred'] = y_pred








Here, we will zoom in on the macrophages to see how they are predicted. Since, we’re also interested in marker genes, we need the count data. The count data for the reference can be downloaded here [https://cellxgene.cziscience.com/collections/6f6d381a-7701-4781-935c-db10d30de293].


[13]:





data_LCA = sc.read_h5ad('local.h5ad')
data_LCA.var_names = np.asarray(data_LCA.var['feature_name'], dtype=str)







We normalize the IPF data


[14]:





sc.pp.normalize_total(data_IPF)
sc.pp.log1p(data_IPF)







Concatenate the data


[15]:





data_all = sc.concat([data_LCA, data_IPF])
data_all













/exports/humgen/lmichielsen/miniconda3_v2/envs/scarches2/lib/python3.8/site-packages/anndata/_core/merge.py:942: UserWarning: Only some AnnData objects have `.raw` attribute, not concatenating `.raw` attributes.
  warn(







[15]:







AnnData object with n_obs × n_vars = 646487 × 1897
    obs: 'sample', 'study', 'subject_ID', 'smoking_status', 'BMI', 'condition', 'sample_type', 'dataset', 'age', 'original_ann_level_1', 'original_ann_level_2', 'original_ann_level_3', 'original_ann_level_4', 'original_ann_level_5', 'original_ann_nonharmonized', 'sex', 'ethnicity'
    obsm: 'X_scanvi_emb'






Prepare the metadata


[23]:





data_all.obs['ann_level_3'] = data_LCA.obs.ann_level_3
data_all.obs['ann_finest_level'] = data_LCA.obs.ann_finest_level
data_all.obs['anno_final'] = data_IPF.obs.anno_final
data_all.obs['scHPL_pred'] = data_IPF.obs.scHPL_pred
data_all.obs['condition'] = data_IPF.obs.condition







Select the macrophages


[24]:





idx_macro = ((data_all.obs['ann_level_3'] == 'Macrophages') |
             np.isin(data_all.obs.anno_final, ['4_Alveolar macrophages', 'Alveolar Mφ CCL3+',
                                               'Alveolar Mφ proliferating',
                                                'Interstitial Mφ perivascular', 'Md-M (fibrosis)']))
data_macro = data_all[idx_macro]
data_macro








[24]:







View of AnnData object with n_obs × n_vars = 117425 × 1897
    obs: 'sample', 'study', 'subject_ID', 'smoking_status', 'BMI', 'condition', 'sample_type', 'dataset', 'age', 'original_ann_level_1', 'original_ann_level_2', 'original_ann_level_3', 'original_ann_level_4', 'original_ann_level_5', 'original_ann_nonharmonized', 'sex', 'ethnicity', 'ann_level_3', 'anno_final', 'scHPL_pred', 'ann_finest_level'
    obsm: 'X_scanvi_emb'






treeArches contains three types of rejection options (based on the distance, posterior probability and the reconstruction error). Here, we will rename these different types all to ‘Rejected’.


[25]:





idx_rej = ((data_macro.obs['scHPL_pred'] == 'Rejection (dist)') | (data_macro.obs['scHPL_pred'] == 'Rejected (RE)'))
data_macro.obs['scHPL_pred'] = data_macro.obs['scHPL_pred'].cat.add_categories('Rejected')
data_macro.obs['scHPL_pred'].values[idx_rej] = 'Rejected'













/tmp/ipykernel_2427513/617128616.py:2: ImplicitModificationWarning: Trying to modify attribute `.obs` of view, initializing view as actual.
  data_macro.obs['scHPL_pred'] = data_macro.obs['scHPL_pred'].cat.add_categories('Rejected')






Here, we visualize the predictions for the IPF and healthy data separately using a Sankey diagram. The python function can be found here [https://github.com/lcmmichielsen/treeArches-reproducibility/blob/main/Figure3-HLCA%20diseased/sankey.py]. An alternative would be to visualize the predictions using scHPL.evaluate.heatmap() (see the treeArches basic tutorial).

In the Sankey plot, we notice that many of the Md-M fibrosis IPF cells are rejected, but that this is not the case for the healthy cells.


[26]:





import sankey

idx1 = (data_macro.obs.study == 'Sheppard_2020') & (data_macro.obs.condition == 'IPF')
idx2 = (data_macro.obs.study == 'Sheppard_2020') & (data_macro.obs.condition == 'Healthy')

x = sankey.sankey( data_macro.obs['anno_final'][idx1],
                  data_macro.obs['scHPL_pred'][idx1], save=True,
                  name_file='sankey_IPF', title="IPF", title_left="Annotated",
                  title_right="Predicted", alpha=0.7,
                  left_order=['Md-M (fibrosis)',
                             '4_Alveolar macrophages',
                              'Alveolar Mφ CCL3+',
                              'Alveolar Mφ MT-positive',
                              'Alveolar Mφ proliferating',
                              'Interstitial Mφ perivascular'
                             ], fontsize='medium')

x = sankey.sankey( data_macro.obs['anno_final'][idx2],
                  data_macro.obs['scHPL_pred'][idx2], save=True,
                  name_file='sankey_NML', title="Healthy", title_left="Annotated",
                  title_right="Predicted", alpha=0.7,
                  left_order=['Md-M (fibrosis)',
                             '4_Alveolar macrophages',
                              'Alveolar Mφ CCL3+',
                              'Alveolar Mφ MT-positive',
                              'Alveolar Mφ proliferating',
                              'Interstitial Mφ perivascular'
                             ], fontsize='medium')












[image: _images/treeArches_identifying_new_ct_41_0.png]
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Next, we show how to verify the results by doing some downstream analysis. We split the Md-M fibrosis IPF cells in two groups: the rejected and not rejected cells, and we find differentially expression genes between the two.


[27]:





### Do DE
# Group 1: anno_final = Md-M (fibrosis), scHPL_pred = Monocyte-derived macro, condition=IPF
# Group 2: anno_final = Md-M (fibrosis), scHPL_pred = Rejected, condition=IPF
MdM = (data_macro.obs.condition == 'IPF') & (data_macro.obs.anno_final == 'Md-M (fibrosis)') & ((data_macro.obs.scHPL_pred == 'Rejected') | (data_macro.obs.scHPL_pred == 'Monocyte-derived Mφ'))
data_MdM = data_macro[MdM]

sc.pp.normalize_total(data_MdM)
sc.pp.log1p(data_MdM)

sc.tl.rank_genes_groups(data_MdM, 'scHPL_pred', method='t-test')
sc.pl.rank_genes_groups(data_MdM, n_genes=25, sharey=False)














/exports/humgen/lmichielsen/miniconda3_v2/envs/scarches2/lib/python3.8/site-packages/scanpy/preprocessing/_normalization.py:170: UserWarning: Received a view of an AnnData. Making a copy.
  view_to_actual(adata)
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[28]:





data_macro.obs['ann_toplot'] = np.char.add(np.array(data_macro.obs.ann_finest_level, dtype=str),'-Reference')
data_macro.obs.ann_toplot[data_macro.obs.study == 'Sheppard_2020'] = np.char.add(np.char.add(np.array(data_macro.obs.anno_final, dtype=str), '-'), np.array(data_macro.obs.condition, dtype=str))
idx = (data_macro.obs.ann_toplot == 'Md-M (fibrosis)-IPF') & (data_macro.obs.scHPL_pred == 'Rejected')
data_macro.obs['ann_toplot'][idx] = 'Md-M (fibrosis)-IPF-(Rejected)'













/tmp/ipykernel_2427513/3849917173.py:2: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from a DataFrame

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#returning-a-view-versus-a-copy
  data_macro.obs.ann_toplot[data_macro.obs.study == 'Sheppard_2020'] = np.char.add(np.char.add(np.array(data_macro.obs.anno_final, dtype=str), '-'), np.array(data_macro.obs.condition, dtype=str))
/tmp/ipykernel_2427513/3849917173.py:4: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from a DataFrame

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#returning-a-view-versus-a-copy
  data_macro.obs['ann_toplot'][idx] = 'Md-M (fibrosis)-IPF-(Rejected)'






When we visualize this marker gene, we see that it is only expressed in the Md-M IPF rejected cells. According to literature, SPP1 is known to be a hallmark for IPF pathogenesis 1 [https://doi.org/10.1371/journal.pone.0248889], 2 [https://erj.ersjournals.com/content/54/2/1802441.long].


[29]:





sc.pl.dotplot(data_macro, ['SPP1'], groupby='ann_toplot',
             categories_order=[
                 'Alveolar macrophages-Reference',
                 'Alveolar Mφ CCL3+-Reference',
                 'Alveolar Mφ MT-positive-Reference',
                 'Alveolar Mφ proliferating-Reference',
                 'Interstitial Mφ perivascular-Reference',
                 'Monocyte-derived Mφ-Reference',

                 '4_Alveolar macrophages-Healthy',
                 'Alveolar Mφ CCL3+-Healthy',
                 'Alveolar Mφ proliferating-Healthy',
                 'Interstitial Mφ perivascular-Healthy',
                 'Md-M (fibrosis)-Healthy',

                 '4_Alveolar macrophages-IPF',
                 'Alveolar Mφ CCL3+-IPF',
                 'Alveolar Mφ proliferating-IPF',
                 'Interstitial Mφ perivascular-IPF',
                 'Md-M (fibrosis)-IPF',
                 'Md-M (fibrosis)-IPF-(Rejected)'
             ], figsize=(2,5), save='_IPF_SPP1.pdf')














WARNING: saving figure to file figures/dotplot__IPF_SPP1.pdf
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AMB inter-dataset

Warning: vignette for scHPL v. 0.0.2, this should be updated


[1]:





import os
import pandas as pd
import numpy as np
import time as tm
from scHPL import progressive_learning







During this vignette we will repeat the AMB inter-dataset experiment. We use the AMB2016 an AMB2018 datasets to construct a tree for neuronal cell populations. The aligned datasets and labels can be downloaded from https://doi.org/10.5281/zenodo.4557712


Read the data

We start with reading the different datasets, corresponding labels and them to a list.

In the datasets, the rows represent different cells and columns represent the genes


[2]:





data0 = 'integrated16.csv'
labels0 = 'Labels16.csv'

data1 = 'integrated18.csv'
labels1 = 'Labels18.csv'

data = []
labels = []

data.append((pd.read_csv(data0, index_col=0, sep=',').transpose()))
labels.append(pd.read_csv(labels0, header=0, index_col=None, sep=',', usecols = [1]))

data.append((pd.read_csv(data1, index_col=0, sep=',').transpose()))
labels.append(pd.read_csv(labels1, header=0, index_col=None, sep=',', usecols = [2]))










Construct and train the classification tree

Next, we use hierarchical progressive learning to construct and train a classification tree. After each iteration, an updated tree will be printed. If two labels have a perfect match, one of the labels will not be visible in the tree. Therefore, we will also indicate these perfect matches using a print statement

During this experiment, we used the linear SVM, didn’t apply dimensionality reduction and used the default threshold of 0.25. In you want to use a one-class SVM instead of a linear, the following can be used: classifier = ‘svm_occ’.

When matching the two datasets, there are three populations from the AMB2018 dataset that cause a complex scenario and could not be added to the tree. Here, we used return_missing = True, such that these populations are returned to the user. By using return_missing = False, these populations are attached to the root.


[3]:





start = tm.time()
classifier = 'svm'
dimred = False
threshold = 0.25
tree = progressive_learning.learn_tree(data, labels,
                                       classifier = classifier,
                                       dimred = dimred,
                                       threshold = threshold,
                                       return_missing = True)

training_time = tm.time()-start

print('Training time: ', training_time)













Iteration  1

Perfect match:  Lamp5 Lhx6 is now: Igtp
Perfect match:  L2/3 IT VISp Adamts2 is now: L2 Ngb
Perfect match:  L5 PT VISp Chrna6 is now: L5 Chrna6
Perfect match:  Lamp5 Plch2 Dock5 is now: Ndnf Car4
Perfect match:  Pvalb Vipr2 is now: Pvalb Cpne5
Perfect match:  Lamp5 Lsp1 is now: Smad3
Perfect match:  Sst Chodl is now: Sst Chodl
Perfect match:  L5 IT VISp Col27a1 is now: L5 Ucma
Perfect match:  L5 IT VISp Hsd11b1 Endou is now: L5a Hsd11b1
Perfect match:  Sst Chrna2 Ptgdr is now: Sst Cdk6
These populations are missing from the tree:
Index(['Pvalb Sema3e Kank4', 'Sst Hpse Sema3c', 'Sst Tac1 Tacr3'], dtype='object')

Updated tree:
root
        Igtp
        L2 Ngb
        L2/3 Ptgs2
                L2/3 IT VISp Agmat
                L2/3 IT VISp Rrad
        L5 Chrna6
        L5 Ucma
        L5a Hsd11b1
        L5a Tcerg1l
                L5 IT VISp Whrn Tox2
        L5b Cdh13
                L5 PT VISp C1ql2 Cdh13
                L5 PT VISp Krt80
        L5b Tph2
                L5 PT VISp C1ql2 Ptgfr
                L5 PT VISp Lgr5
        L6a Car12
                L6 IT VISp Penk Col27a1
                L6 IT VISp Penk Fst
        L6a Mgp
                L6 CT ALM Nxph2 Sla
                L6 CT VISp Ctxn3 Brinp3
                L6 CT VISp Gpr139
        L6a Sla
                L5 NP VISp Trhr Cpne7
                L5 NP VISp Trhr Met
                L6 CT VISp Ctxn3 Sla
                L6 CT VISp Krt80 Sla
                L6 CT VISp Nxph2 Wls
                L6b VISp Col8a1 Rprm
        L6a Syt17
                L6 IT VISp Col18a1
                L6 IT VISp Col23a1 Adamts2
        L6b Rgs12
                L6b VISp Col8a1 Rxfp1
                L6b VISp Mup5
        L6b Serpinb11
                L6b P2ry12
                L6b VISp Crh
        Ndnf Car4
        Ndnf Cxcl14
                Lamp5 Fam19a1 Pax6
                Lamp5 Fam19a1 Tmem182
                Lamp5 Krt73
                Lamp5 Ntn1 Npy2r
                Vip Igfbp6 Pltp
        Pvalb Cpne5
        Pvalb Gpx3
                Pvalb Gpr149 Islr
                Pvalb Reln Tac1
                Pvalb Th Sst
        Pvalb Obox3
        Pvalb Rspo2
                Pvalb Akr1c18 Ntf3
        Pvalb Wt1
                Pvalb Reln Itm2a
        Smad3
        Sst Cbln4
                Sst Calb2 Necab1
                Sst Calb2 Pdlim5
                Sst Crh 4930553C11Rik
                Sst Crhr2 Efemp1
                Sst Hpse Cbln4
                Sst Mme Fam114a1
                Sst Tac1 Htr1d
        Sst Cdk6
        Sst Chodl
        Sst Myh8
                Sst Chrna2 Glra3
                Sst Myh8 Etv1
                Sst Myh8 Fibin
        Sst Tacstd2
                Sst Rxfp1 Eya1
                Sst Rxfp1 Prdm8
                Sst Tac2 Tacstd2
        Sst Th
                Pvalb Gabrg1
                Sst Esm1
                Sst Nts
        Vip Chat
                Vip Lect1 Oxtr
                Vip Lmo1 Myl1
                Vip Ptprt Pkp2
        Vip Gpc3
                Vip Arhgap36 Hmcn1
                Vip Gpc3 Slc18a3
                Vip Lmo1 Fam159b
        Vip Mybpc1
                Vip Crispld2 Htr2c
                Vip Crispld2 Kcne4
        Vip Parm1
                Vip Chat Htr1f
                Vip Pygm C1ql1
                Vip Rspo1 Itga4
        Vip Sncg
                Sncg Gpr50
                Sncg Vip Itih5
                Sncg Vip Nptx2
                Vip Col15a1 Pde1a
        L4 IT VISp Rspo1
                L4 Arf5
                L4 Ctxn3
                L4 Scnn1a
        L5 IT VISp Batf3
                L5a Batf3
                L5a Pde1c
        Pvalb Tpbg 2018
                Pvalb Tacr3
                Pvalb Tpbg 2016
        Astro Aqp4
        L5 IT VISp Col6a1 Fezf2
        L6 IT VISp Car3
        Pvalb Calb1 Sst
        Serpinf1 Aqp5 Vip
        Sncg Slc17a8
        Sst Nr2f2 Necab1
        Sst Tac2 Myh4
        Vip Igfbp4 Mab21l1
        Vip Igfbp6 Car10
        Vip Rspo4 Rxfp1 Chat
Training time:  360.18609166145325










            

          

      

      

    

  

    
      
          
            
  
Brain inter-dataset

Warning: vignette for scHPL v. 0.0.2, this should be updated


[1]:





import os
import pandas as pd
import time as tm
import scanpy as sc
from scHPL import progressive_learning, predict, evaluate







During this vignette we will repeat the brain inter-dataset experiment. We use the three datasets to construct a tree for brain cell populations. The aligned datasets and labels can be downloaded from https://doi.org/10.5281/zenodo.4557712


Read the data

We start with reading the different datasets and corresponding labels. Here we use an Anndata object and transform this into a pandas dataframe.

In the datasets, the rows represent different cells and columns represent the genes


[2]:





adata = sc.read('brain_downsampled5000_integrated.h5ad')

groups = adata.obs.groupby('dataset').indices

TM = adata[groups['TM']]
RO = adata[groups['Rosenberg']]
ZE = adata[groups['Zeisel']]
SA = adata[groups['Saunders']]

data = []
labels = []

data.append(pd.DataFrame(data = SA.X, index = SA.obs_names, columns=SA.var_names))
labels.append(pd.DataFrame(data = SA.obs['original2'].values).stack().str.replace(',','_').unstack())

data.append(pd.DataFrame(data = ZE.X, index = ZE.obs_names, columns=ZE.var_names))
labels.append(pd.DataFrame(data = ZE.obs['original2'].values).stack().str.replace(',','_').unstack())

data.append(pd.DataFrame(data = TM.X, index = TM.obs_names, columns=TM.var_names))
labels.append(pd.DataFrame(data = TM.obs['original'].values))

testdata = pd.DataFrame(data = RO.X, index = RO.obs_names, columns=RO.var_names)
testlabels = pd.DataFrame(data = RO.obs['original'].values)









Construct and train the classification tree

Next, we use hierarchical progressive learning to construct and train a classification tree. After each iteration, an updated tree will be printed. If two labels have a perfect match, one of the labels will not be visible in the tree. Therefore, we will also indicate these perfect matches using a print statement

In this vignette, we use the one-class SVM, apply dimensionality reduction and use the default threshold of 0.25. In you want to use a linear SVM, the following can be used: classifier = ‘svm’. When using a linear SVM, we advise to set dimred to False.


[3]:





start = tm.time()
classifier = 'svm_occ'
dimred = True
threshold = 0.25
tree = progressive_learning.learn_tree(data, labels, classifier = classifier, dimred = dimred, threshold = threshold)

training_time = tm.time()-start

print('Training time:', training_time)













Iteration  1

Perfect match:  Ependymal-Zeisel is now: EPENDYMAL-Saunders
Perfect match:  Neurons-Zeisel is now: NEURON-Saunders

Updated tree:
root
        ASTROCYTE-Saunders
                Astrocyte-Zeisel
                Bergmann-glia-Zeisel
                OEC-Zeisel
        EPENDYMAL-Saunders
        NEUROGENESIS-Saunders
                Neurons_Cycling-Zeisel
        NEURON-Saunders
        Vascular-Zeisel
                ENDOTHELIAL_STALK-Saunders
                ENDOTHELIAL_TIP-Saunders
                MURAL-Saunders
        Immune-Zeisel
                MACROPHAGE-Saunders
                MICROGLIA-Saunders
        Oligos-Zeisel
                OLIGODENDROCYTE-Saunders
                POLYDENDROCYTE-Saunders
        Oligos_Cycling-Zeisel
        Ttr-Zeisel
Iteration  2

Perfect match:  endothelial cell-TM is now: ENDOTHELIAL_STALK-Saunders
Perfect match:  microglial cell-TM is now: Immune-Zeisel
Perfect match:  brain pericyte-TM is now: MURAL-Saunders
Perfect match:  Bergmann glial cell-TM is now: Bergmann-glia-Zeisel
Perfect match:  oligodendrocyte-TM is now: OLIGODENDROCYTE-Saunders
Perfect match:  oligodendrocyte precursor cell-TM is now: POLYDENDROCYTE-Saunders

Updated tree:
root
        ASTROCYTE-Saunders
                Bergmann-glia-Zeisel
                astrocyte of the cerebral cortex-TM
                        Astrocyte-Zeisel
                        OEC-Zeisel
        EPENDYMAL-Saunders
        Vascular-Zeisel
                ENDOTHELIAL_STALK-Saunders
                ENDOTHELIAL_TIP-Saunders
                MURAL-Saunders
        Immune-Zeisel
                MACROPHAGE-Saunders
                MICROGLIA-Saunders
        Oligos-Zeisel
                OLIGODENDROCYTE-Saunders
                POLYDENDROCYTE-Saunders
        Oligos_Cycling-Zeisel
        Ttr-Zeisel
        neuron-TM
                NEUROGENESIS-Saunders
                        Neurons_Cycling-Zeisel
                NEURON-Saunders
        macrophage-TM
Training time: 17915.45694875717








Predict the labels of the fourth dataset

In this last step, we use the learned tree to predict the labels of the Rosenberg dataset


[4]:





start = tm.time()
ypred = predict.predict_labels(testdata, tree)
test_time = tm.time()-start
print('Predict time:', test_time)













Predict time: 1220.4297716617584










            

          

      

      

    

  

    
      
          
            
  
PBMC inter-dataset

Warning: vignette for scHPL v. 0.0.2, this should be updated


[1]:





import os
import pandas as pd
import numpy as np
import time as tm
from scHPL import progressive_learning, predict, evaluate







During this vignette we will repeat the PBMC inter-dataset experiment. We use three datasets to construct a classification tree and use this tree to predict the labels of a fourth dataset. The aligned datasets and labels can be downloaded from https://doi.org/10.5281/zenodo.4557712


Read the data

We start with reading the different datasets, corresponding labels and them to a list.

In the datasets, the rows represent different cells and columns represent the genes


[2]:





data0 = 'Data_EQTL.csv'
labels0 = 'Labels_EQTL.csv'

data1 = 'Data_10Xv2.csv'
labels1 = 'Labels_10Xv2.csv'

data2 = 'Data_FACS.csv'
labels2 = 'Labels_FACS.csv'

data = []
labels = []

data.append((pd.read_csv(data0, index_col=0, sep=',')))
labels.append(pd.read_csv(labels0, header=0, index_col=None, sep=','))

data.append((pd.read_csv(data1, index_col=0, sep=',')))
labels.append(pd.read_csv(labels1, header=0, index_col=None, sep=','))

data.append((pd.read_csv(data2, index_col=0, sep=',')))
labels.append(pd.read_csv(labels2, header=0, index_col=None, sep=','))









Construct and train the classification tree

Next, we use hierarchical progressive learning to construct and train a classification tree. After each iteration, an updated tree will be printed. If two labels have a perfect match, one of the labels will not be visible in the tree. Therefore, we will also indicate these perfect matches using a print statement

During this experiment, we used the linear SVM, didn’t apply dimensionality reduction and used the default threshold of 0.25. In you want to use a one-class SVM instead of a linear, the following can be used: classifier = ‘svm_occ’


[3]:





start = tm.time()

classifier = 'svm'
dimred = False
threshold = 0.25
tree = progressive_learning.learn_tree(data, labels,
                                       classifier = classifier,
                                       dimred = dimred,
                                       threshold = threshold)

training_time = tm.time()-start
print('Time to train scHPL on a normal desktop:', training_time)













Iteration  1

Perfect match:  B cell - B-10Xv2 is now: B cell - eQTL
Perfect match:  Megakaryocyte - B-10Xv2 is now: Megakaryocyte - eQTL
Perfect match:  CD4+ T cell - B-10Xv2 is now: CD4+ T cell - eQTL
Perfect match:  CD8+ T cell - B-10Xv2 is now: CD8+ T cell - eQTL

Updated tree:
root
        B cell - eQTL
        CD4+ T cell - eQTL
        CD8+ T cell - eQTL
        Megakaryocyte - eQTL
        pDC - eQTL
        Monocyte - B-10Xv2
                CD14+ Monocyte - eQTL
                CD16+ Monocyte - eQTL
                mDC - eQTL
        NK cell - B-10Xv2
                CD56+ bright NK cell - eQTL
                CD56+ dim NK cell - eQTL
Iteration  2

Perfect match:  B cell - FACS is now: B cell - eQTL
Perfect match:  CD14+ Monocyte - FACS is now: Monocyte - B-10Xv2
Perfect match:  CD34+ cell - FACS is now: pDC - eQTL

Updated tree:
root
        B cell - eQTL
        CD4+ T cell - eQTL
                CD4+/CD25 T Reg - FACS
                CD4+/CD45RA+/CD25- Naive T - FACS
                CD4+/CD45RO+ Memory - FACS
                CD8+/CD45RA+ Naive Cytotoxic - FACS
        Megakaryocyte - eQTL
        pDC - eQTL
        Monocyte - B-10Xv2
                CD14+ Monocyte - eQTL
                CD16+ Monocyte - eQTL
                mDC - eQTL
        NK cell - FACS
                CD8+ T cell - eQTL
                NK cell - B-10Xv2
                        CD56+ bright NK cell - eQTL
                        CD56+ dim NK cell - eQTL
Time to train scHPL on a normal desktop: 632.8667893409729








Predict the labels of the fourth dataset

In this last step, we use the learned tree to predict the labels of another dataset


[4]:





data3 = 'Data_10Xv3.csv'
data_test = pd.read_csv(data3, index_col=0, sep=',')

start = tm.time()
pred_test = predict.predict_labels(data_test, tree)
pred_time = tm.time()-start
print('Time to make predictions with scHPL on a normal desktop:', pred_time)













Time to make predictions with scHPL on a normal desktop: 4.310481309890747






We compare these true and predicted labels by constructing a confusion matrix


[5]:





labels3 = 'Labels_10Xv3.csv'
y_true = pd.read_csv(labels3, header=0, index_col=None, sep=',')
y_pred = pd.DataFrame(data = pred_test)

confmatrix = evaluate.confusion_matrix(y_true, y_pred)
confmatrix = confmatrix / np.sum(confmatrix.values, axis = 1, keepdims=True) #Normalize







This confusion matrix can be visualized using a heatmap.

In this heatmap, we notice that the predictions of the CD16+ Monocytes and mDC are switched, which is caused by the mislabeling of the cells in the eQTL dataset.


[7]:





import seaborn as sns
import matplotlib.pyplot as plt

plt.figure(figsize=(12,4.5))
sns.heatmap(round(confmatrix,2), vmin = 0, vmax = 1, annot=True)
plt.show()












[image: _images/pbmc-inter-dataset_12_0.png]
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