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AncestralGraph


Overview


	
class causaldag.classes.ancestral_graph.AncestralGraph(nodes: Set[T] = frozenset(), directed: Set[T] = frozenset(), bidirected: Set[T] = frozenset(), undirected: Set[T] = frozenset())[source]

	Base class for ancestral graphs, used to represent causal models with latent variables.








Methods







	AncestralGraph.copy()

	Return a copy of this ancestral graph.



	AncestralGraph.to_amat()

	Convert the graph into an adjacency matrix.



	AncestralGraph.from_amat(amat)

	Create a graph from an adjacency matrix.







Graph modification







	AncestralGraph.add_node(node)

	Add a node to the ancestral graph.



	AncestralGraph.remove_node(node[, ignore_error])

	Remove node.



	AncestralGraph.add_directed(i, j)

	Add a directed edge from node i to node j.



	AncestralGraph.remove_directed(i, j[, …])

	Remove the directed edge from i to j.



	AncestralGraph.add_bidirected(i, j)

	Add a bidirected edge between nodes i and j.



	AncestralGraph.remove_bidirected(i, j[, …])

	Remove the bidirected edge between i and j.



	AncestralGraph.add_undirected(i, j)

	Add an undirected edge between nodes i and j.



	AncestralGraph.remove_undirected(i, j[, …])

	Remove the undirected edge between i and j.



	AncestralGraph.add_nodes_from(nodes)

	Add nodes to the ancestral graph.



	AncestralGraph.remove_edge(i, j[, ignore_error])

	Remove the edge between i and j, regardless of edge type.



	AncestralGraph.remove_edges(edges[, …])

	Remove all edges in edges from the graph, regardless of edge type.









Comparison to other AncestralGraphs







	AncestralGraph.shd_skeleton(other)

	Compute the structure Hamming distance between the skeleton of this graph and the skeleton of another graph.



	AncestralGraph.markov_equivalent(other)

	Check if this graph is Markov equivalent to the graph other.









Functions for nodes







	AncestralGraph.descendants_of(nodes, …[, …])

	Return the descendants of the node or set of nodes nodes.



	AncestralGraph.ancestors_of(nodes, …[, …])

	Return the ancestors of the node or set of nodes nodes.



	AncestralGraph.parents_of(nodes, Set[Hashable]])

	Return the parents of the node or set of nodes nodes.



	AncestralGraph.children_of(i, Set[Hashable]])

	Return the children of the node or set of nodes i.



	AncestralGraph.spouses_of(nodes, Set[Hashable]])

	Return the spouses of the node or set of nodes nodes.



	AncestralGraph.neighbors_of(nodes, …)

	Return the neighbors of the node or set of nodes nodes.














          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.copy


	
AncestralGraph.copy()[source]

	Return a copy of this ancestral graph.


	Returns

	A copy of the ancestral graph.



	Return type

	AncestralGraph













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.to_amat


	
AncestralGraph.to_amat() → numpy.ndarray[source]

	Convert the graph into an adjacency matrix.
TODO: meaning of numbers


	Returns

	The adjacency matrix of this graph.



	Return type

	amat





Examples

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.from_amat


	
static AncestralGraph.from_amat(amat: numpy.ndarray)[source]

	Create a graph from an adjacency matrix.
TODO: meaning of numbers


	Parameters

	amat – The adjacency matrix





Examples

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.add_node


	
AncestralGraph.add_node(node: Hashable)[source]

	Add a node to the ancestral graph.


	Parameters

	node – a hashable Python object






See also

add_nodes_from()



Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph()
>>> g.add_node(1)
>>> g.add_node(2)
>>> len(g.nodes)
2













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.remove_node


	
AncestralGraph.remove_node(node: Hashable, ignore_error=False)[source]

	Remove node.


	Parameters

	
	node – The node to be removed.


	ignore_error – If False, raises an error when the node does not belong to the graph.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
>>> g.remove_node(4)
>>> g
Directed edges: {(2, 3), (1, 3)}, Bidirected edges: {frozenset({1, 2})}, Undirected edges: set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.add_directed


	
AncestralGraph.add_directed(i: Hashable, j: Hashable)[source]

	Add a directed edge from node i to node j.


	Parameters

	
	i – source of directed edge.


	j – target of directed edge.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph()
>>> g.add_directed(1, 2)
>>> g.directed
{(1, 2)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.remove_directed


	
AncestralGraph.remove_directed(i: Hashable, j: Hashable, ignore_error=False)[source]

	Remove the directed edge from i to j.


	Parameters

	
	i – source of directed edge.


	j – target of directed edge.


	ignore_error – If False, raises an error when the directed edge does not belong to the graph.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
>>> g.remove_directed(1, 3)
>>> g
Directed edges: {(2, 3)}, Bidirected edges: {frozenset({1, 4}), frozenset({1, 2})}, Undirected edges: set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.add_bidirected


	
AncestralGraph.add_bidirected(i: Hashable, j: Hashable)[source]

	Add a bidirected edge between nodes i and j.


	Parameters

	
	i – first endpoint of bidirected edge.


	j – second endpoint of bidirected edge.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph()
>>> g.add_bidirected(1, 2)
>>> g.bidirected
{frozenset({i, j})}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.remove_bidirected


	
AncestralGraph.remove_bidirected(i: Hashable, j: Hashable, ignore_error=False)[source]

	Remove the bidirected edge between i and j.


	Parameters

	
	i – first endpoint of bidirected edge.


	j – second endpoint of bidirected edge.


	ignore_error – If False, raises an error when the bidirected edge does not belong to the graph.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
>>> g.remove_bidirected(1, 2)
>>> g
Directed edges: {(2, 3), (1, 3)}, Bidirected edges: {frozenset({1, 4})}, Undirected edges: set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.add_undirected


	
AncestralGraph.add_undirected(i: Hashable, j: Hashable)[source]

	Add an undirected edge between nodes i and j.


	Parameters

	
	i – first endpoint of undirected edge.


	j – second endpoint of undirected edge.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph()
>>> g.add_undirected(1, 2)
>>> g.undirected
{frozenset({i, j})}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.remove_undirected


	
AncestralGraph.remove_undirected(i: Hashable, j: Hashable, ignore_error=False)[source]

	Remove the undirected edge between i and j.


	Parameters

	
	i – first endpoint of undirected edge.


	j – second endpoint of undirected edge.


	ignore_error – If False, raises an error when the undirected edge does not belong to the graph.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(directed={(1, 2), (1, 3)}, undirected={(1, 4)})
>>> g.remove_undirected(1, 4)
>>> g
Directed edges: {(1, 2), (1, 3)}, Bidirected edges: set(), Undirected edges: set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.add_nodes_from


	
AncestralGraph.add_nodes_from(nodes: Iterable[Hashable])[source]

	Add nodes to the ancestral graph.


	Parameters

	nodes – an iterable of hashable Python objects






See also

add_node()



Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph()
>>> g.add_nodes_from({1, 2})
>>> len(g.nodes)
2













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.remove_edge


	
AncestralGraph.remove_edge(i: Hashable, j: Hashable, ignore_error=False)[source]

	Remove the edge between i and j, regardless of edge type.


	Parameters

	
	i – first endpoint of edge.


	j – second endpoint of edge.


	ignore_error – If False, raises an error when the edge does not belong to the graph.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(directed={(1, 2), (1, 3)}, undirected={(1, 4)})
>>> g.remove_edge(1, 4)
>>> g
Directed edges: {(1, 2), (1, 3)}, Bidirected edges: set(), Undirected edges: set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.remove_edges


	
AncestralGraph.remove_edges(edges: Iterable[T_co], ignore_error=False)[source]

	Remove all edges in edges from the graph, regardless of edge type.


	Parameters

	
	edges – The edges to be removed from the graph.


	ignore_error – If False, raises an error when any edge does not belong to the graph.








Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(directed={(1, 2), (1, 3)}, undirected={(1, 4)})
>>> g.remove_edges([(1, 4), (1, 2)])
>>> g
Directed edges: {(1, 3)}, Bidirected edges: set(), Undirected edges: set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.shd_skeleton


	
AncestralGraph.shd_skeleton(other) → int[source]

	Compute the structure Hamming distance between the skeleton of this graph and the skeleton of another graph.


	Parameters

	other – the graph to which the SHD of the skeleton will be computed.



	Returns

	The structural Hamming distance between [image: G_1] and [image: G_2] is the minimum number of arc additions,
deletions, and reversals required to transform [image: G_1] into [image: G_2] (and vice versa).



	Return type

	int





Example

>>> TODO













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.markov_equivalent


	
AncestralGraph.markov_equivalent(other) → bool[source]

	Check if this graph is Markov equivalent to the graph other. Two graphs are Markov equivalent iff.
they have the same skeleton, same v-structures, and if whenever there is the same discriminating path for some
node in both graphs, the node is a collider on that path in one graph iff. it is a collider on that path in
the other graph.


	Parameters

	other – another AncestralGraph.





Examples

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.descendants_of


	
AncestralGraph.descendants_of(nodes: Union[Hashable, Set[Hashable]], exclude_arcs={}) → Set[Hashable][source]

	Return the descendants of the node or set of nodes nodes.


	Parameters

	nodes – The nodes.






See also

ancestors_of()




	Returns

	Return all nodes j such that there is a directed path from node j.



	Return type

	Set[node]





Example

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.ancestors_of


	
AncestralGraph.ancestors_of(nodes: Union[Hashable, Set[Hashable]], exclude_arcs={}) → Set[Hashable][source]

	Return the ancestors of the node or set of nodes nodes.


	Parameters

	
	nodes – Set of nodes.


	exclude_arcs – TODO









See also

descendants_of()




	Returns

	Return all nodes j such that there is a directed path from j to node.



	Return type

	Set[node]





Example

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.parents_of


	
AncestralGraph.parents_of(nodes: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return the parents of the node or set of nodes nodes.


	Parameters

	nodes – Nodes.





Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(directed={(1, 2), (2, 3)}, undirected={(1, 4)})
>>> g.parents_of(2)
{1}
>>> g.parents_of({2, 3})
{1, 2}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.children_of


	
AncestralGraph.children_of(i: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return the children of the node or set of nodes i.


	Parameters

	i – Node.





Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(directed={(1, 2), (2, 3)}, undirected={(1, 4)})
>>> g.children_of(1)
{2}
>>> g.children_of({1, 2})
{2, 3}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.spouses_of


	
AncestralGraph.spouses_of(nodes: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return the spouses of the node or set of nodes nodes.


	Parameters

	nodes – Nodes.





Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(directed={(1, 2), (2, 3)}, bidirected={(1, 4), (2, 5)})
>>> g.spouses_of(1)
{4}
>>> g.spouses_of({1, 2})
{4, 5}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.ancestral_graph.AncestralGraph.neighbors_of


	
AncestralGraph.neighbors_of(nodes: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return the neighbors of the node or set of nodes nodes.


	Parameters

	nodes – Nodes.





Examples

>>> import causaldag as cd
>>> g = cd.AncestralGraph(directed={(1, 3), (2, 3)}, undirected={(1, 4), (2, 5)})
>>> g.neighbors_of(1)
{4}
>>> g.neighbors_of({1, 2})
{4, 5}













          

      

      

    

  

    
      
          
            
  
DAG


Copying







	DAG.copy()

	Return a copy of the current DAG.



	DAG.rename_nodes(name_map, VT])

	Rename the nodes in this graph according to name_map.



	DAG.induced_subgraph(nodes)

	Return the induced subgraph over only nodes









Information about nodes







	DAG.parents_of(nodes, Set[Hashable]])

	Return all nodes that are parents of the node or set of nodes nodes.



	DAG.children_of(nodes, Set[Hashable]])

	Return all nodes that are children of the node or set of nodes nodes.



	DAG.neighbors_of(nodes, Set[Hashable]])

	Return all nodes that are adjacent to the node or set of nodes node.



	DAG.markov_blanket_of(node)

	Return the Markov blanket of node, i.e., the parents of the node, its children, and the parents of its children.



	DAG.ancestors_of(nodes)

	Return the ancestors of nodes.



	DAG.descendants_of(nodes, Set[Hashable]])

	Return the descendants of node.



	DAG.indegree_of(node)

	Return the indegree of node.



	DAG.outdegree_of(node)

	Return the outdegree of node.



	DAG.incoming_arcs(node)

	Return all arcs with target node.



	DAG.outgoing_arcs(node)

	Return all arcs with source node.



	DAG.incident_arcs(node)

	Return all arcs with node as either source or target.









Graph modification







	DAG.add_node(node)

	Add node to the DAG.



	DAG.add_nodes_from(nodes)

	Add nodes to the graph from the collection nodes.



	DAG.remove_node(node[, ignore_error])

	Remove the node node from the graph.



	DAG.add_arc(i, j[, check_acyclic])

	Add the arc i -> j to the DAG



	DAG.add_arcs_from(arcs[, check_acyclic])

	Add arcs to the graph from the collection arcs.



	DAG.remove_arc(i, j[, ignore_error])

	Remove the arc i -> j.



	DAG.reverse_arc(i, j[, ignore_error, …])

	Reverse the arc i -> j to i <- j.









Graph properties







	DAG.has_arc(source, target)

	Check if this DAG has an arc source -> target.



	DAG.sources()

	Get all nodes in the graph that have no parents.



	DAG.sinks()

	Get all nodes in the graph that have no children.



	DAG.reversible_arcs()

	Get all reversible (aka covered) arcs in the DAG.



	DAG.is_reversible(i, j)

	Check if the arc i -> j is reversible (aka covered), i.e., if [image: pa(i) = pa(j) \setminus \{i\}]



	DAG.arcs_in_vstructures()

	Get all arcs in the graph that participate in a v-structure.



	DAG.vstructures()

	Get all v-structures in the graph, i.e., triples of the form (i, k, j) such that i->k<-j and i is not adjacent to j.



	DAG.triples()

	Return all triples of the form (i, j, k) such that i and k are both adjacent to j.



	DAG.upstream_most(s)

	Return the set of nodes which in s which have no ancestors in s.









Ordering







	DAG.topological_sort()

	Return a topological sort of the nodes in the graph.



	DAG.is_topological(order)

	Check that order is a topological order consistent with this DAG, i.e., if i->``j`` in the DAG, then i comes before j in the order.



	DAG.permutation_score(order)

	Return the number of “errors” in order with respect to the DAG, i.e., the number of times that i->``j`` in the DAG but i comes after j in order.









Comparison to other DAGs







	DAG.shd(other)

	Compute the structural Hamming distance between this DAG and the DAG other.



	DAG.shd_skeleton(other)

	Compute the structure Hamming distance between the skeleton of this DAG and the skeleton of the graph other.



	DAG.markov_equivalent(other[, interventions])

	Check if this DAG is (interventionally) Markov equivalent to the DAG other.



	DAG.is_imap(other)

	Check if this DAG is an IMAP of the DAG other, i.e., all d-separation statements in this graph are also d-separation statements in other.



	DAG.is_minimal_imap(other[, certify, check_imap])

	Check if this DAG is a minimal IMAP of other, i.e., it is an IMAP and no proper subgraph of this DAG is an IMAP of other.



	DAG.chickering_distance(other)

	Return the total number of edge reversals plus twice the number of edge additions/deletions required to turn this DAG into the DAG other.



	DAG.confusion_matrix(other[, rates_only])

	Return the “confusion matrix” associated with estimating the CPDAG of other instead of the CPDAG of this DAG.



	DAG.confusion_matrix_skeleton(other)

	Return the “confusion matrix” associated with estimating the skeleton of other instead of the skeleton of this DAG.









Separation statements







	DAG.dsep(A, Hashable], B, Hashable], C, …)

	Check if A and B are d-separated given C, using the Bayes ball algorithm.



	DAG.dsep_from_given(A, C, …)

	Find all nodes d-separated from A given C.



	DAG.is_invariant(A, intervened_nodes[, …])

	Check if the distribution of A given cond_set is invariant to an intervention on intervened_nodes.



	DAG.local_markov_statements()

	Return the local Markov statements of this DAG, i.e., those of the form i independent nondescendants(i) given the parents of i.









Conversion to other formats







	DAG.from_amat(amat)

	Return a DAG with arcs given by amat, i.e.



	DAG.to_amat([node_list])

	Return an adjacency matrix for this DAG.



	DAG.from_nx(nx_graph)

	Convert a networkx DiGraph into a DAG.



	DAG.to_nx()

	Convert DAG to a networkx DiGraph.



	DAG.from_dataframe(df)

	Create a DAG from a dataframe, where the indices and columns are node names and a nonzero entry indicates the presence of an edge.



	DAG.to_dataframe([node_list])

	Turn this DAG into a dataframe, where the indices and columns are node names and a nonzero entry indicates the presence of an edge.









Conversion to other graphs







	DAG.moral_graph()

	Return the (undirected) moral graph of this DAG, i.e., the graph with the parents of all nodes made adjacent.



	DAG.marginal_mag(latent_nodes[, relabel, new])

	Return the maximal ancestral graph (MAG) that results from marginalizing out latent_nodes.



	DAG.cpdag()

	Return the completed partially directed acyclic graph (CPDAG, aka essential graph) that represents the Markov equivalence class of this DAG.



	DAG.interventional_cpdag(interventions[, cpdag])

	Return the interventional essential graph (aka CPDAG) associated with this DAG.









Chickering Sequences







	DAG.resolved_sinks(other)

	Return the nodes in this graph which are “resolved sinks” with respect to the graph other.



	DAG.chickering_sequence(imap[, verbose])

	Return a Chickering sequence from this DAG to an I-MAP imap.



	DAG.apply_edge_operation(imap[, seed_sink, …])

	Identify an edge operation (covered edge reversal or edge addition) which decreases the Chickering distance from this DAG to imap.









Directed Clique Trees







	DAG.directed_clique_tree([verbose])

	Return the directed clique tree associated with this DAG.



	DAG.contracted_directed_clique_tree()

	Return the contracted directed clique tree associated with this DAG.



	DAG.residuals()

	Return the residuals associated with this DAG.



	DAG.residual_essential_graph()

	Return the residual essential graph associated with this DAG.









Intervention Design







	DAG.optimal_fully_orienting_single_node_interventions([…])

	Find the smallest set of interventions which fully orients the CPDAG into this DAG.



	DAG.greedy_optimal_single_node_intervention([…])

	Greedily pick num_interventions single node interventions based on how many edges they orient.



	DAG.greedy_optimal_fully_orienting_interventions([cpdag])

	Find a set of interventions which fully orients a CPDAG into this DAG, using greedy selection of the interventions.












          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.copy


	
DAG.copy()[source]

	Return a copy of the current DAG.









          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.rename_nodes


	
DAG.rename_nodes(name_map: Dict[KT, VT])[source]

	Rename the nodes in this graph according to name_map.


	Parameters

	name_map – A dictionary from the current name of each node to the desired name of each node.





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={('a', 'b'), ('b', 'c')})
>>> g2 = g.rename_nodes({'a': 1, 'b': 2, 'c': 3})
>>> g2.arcs
{(1, 2), (2, 3)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.induced_subgraph


	
DAG.induced_subgraph(nodes: Set[Hashable])[source]

	Return the induced subgraph over only nodes


	Parameters

	nodes – Set of nodes for the induced subgraph.



	Returns

	Induced subgraph over nodes.



	Return type

	DAG





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(1, 2), (2, 3), (1, 4)})
>>> d_induced = d.induced_subgraph({1, 2, 3})
>>> d_induced.arcs
{(1, 2), (2, 3)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.parents_of


	
DAG.parents_of(nodes: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return all nodes that are parents of the node or set of nodes nodes.


	Parameters

	nodes – A node or set of nodes.






See also

children_of(), neighbors_of(), markov_blanket_of()



Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g.parents_of(2)
{1}
>>> g.parents_of({2, 3})
{1, 2}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.children_of


	
DAG.children_of(nodes: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return all nodes that are children of the node or set of nodes nodes.


	Parameters

	nodes – A node or set of nodes.






See also

parents_of(), neighbors_of(), markov_blanket_of()



Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g.children_of(1)
{2}
>>> g.children_of({1, 2})
{2, 3}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.neighbors_of


	
DAG.neighbors_of(nodes: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return all nodes that are adjacent to the node or set of nodes node.


	Parameters

	nodes – A node or set of nodes.






See also

parents_of(), children_of(), markov_blanket_of()



Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(0,1), (0,2)})
>>> g.neighbors_of(0)
{1, 2}
>>> g.neighbors_of(2)
{0}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.markov_blanket_of


	
DAG.markov_blanket_of(node: Hashable) → set[source]

	Return the Markov blanket of node, i.e., the parents of the node, its children, and the parents of its children.


	Parameters

	node – Node whose Markov blanket to return.






See also

parents_of(), children_of(), neighbors_of()




	Returns

	the Markov blanket of node.



	Return type

	set





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(0, 1), (1, 3), (2, 3), (3, 4})
>>> g.markov_blanket_of(1)
{0, 2, 3}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.ancestors_of


	
DAG.ancestors_of(nodes: Hashable) → Set[Hashable][source]

	Return the ancestors of nodes.


	Parameters

	nodes – The node.






See also

descendants_of()




	Returns

	Return all nodes j such that there is a directed path from j to node.



	Return type

	Set[node]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g.ancestors_of(3)
{1, 2, 3}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.descendants_of


	
DAG.descendants_of(nodes: Union[Hashable, Set[Hashable]]) → Set[Hashable][source]

	Return the descendants of node.


	Parameters

	nodes – The node.






See also

ancestors_of()




	Returns

	Return all nodes j such that there is a directed path from node to j.



	Return type

	Set[node]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g.descendants_of(1)
{2, 3}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.indegree_of


	
DAG.indegree_of(node: Hashable) → int[source]

	Return the indegree of node.


	Parameters

	node – The node.






See also

outdegree_of()




	Returns

	The number of parents of node.



	Return type

	int





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.indegree_of(1)
0
>>> g.indegree_of(2)
2













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.outdegree_of


	
DAG.outdegree_of(node: Hashable) → int[source]

	Return the outdegree of node.


	Parameters

	node – The node.






See also

indegree_of()




	Returns

	The number of children of node.



	Return type

	int





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.outdegree_of(1)
2
>>> g.outdegree_of(3)
0













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.incoming_arcs


	
DAG.incoming_arcs(node: Hashable) → Set[Tuple[Hashable, Hashable]][source]

	Return all arcs with target node.


	Parameters

	node – The node.






See also

incident_arcs(), outgoing_arcs()




	Returns

	Return all arcs of the form i->``node``.



	Return type

	Set[arc]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.incoming_arcs(2)
{(1, 2)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.outgoing_arcs


	
DAG.outgoing_arcs(node: Hashable) → Set[Tuple[Hashable, Hashable]][source]

	Return all arcs with source node.


	Parameters

	node – The node.






See also

incident_arcs(), incoming_arcs()




	Returns

	Return all arcs of the form node->j.



	Return type

	Set[arc]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.outgoing_arcs(2)
{(2, 3)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.incident_arcs


	
DAG.incident_arcs(node: Hashable) → Set[Tuple[Hashable, Hashable]][source]

	Return all arcs with node as either source or target.


	Parameters

	node – The node.






See also

incoming_arcs(), outgoing_arcs()




	Returns

	Return all arcs i->j such that either i=``node`` of j=``node``.



	Return type

	Set[arc]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.incident_arcs(2)
{(1, 2), (2, 3)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.add_node


	
DAG.add_node(node: Hashable)[source]

	Add node to the DAG.


	Parameters

	node – a hashable Python object






See also

add_nodes_from()



Examples

>>> import causaldag as cd
>>> g = cd.DAG()
>>> g.add_node(1)
>>> g.add_node(2)
>>> len(g.nodes)
2













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.add_nodes_from


	
DAG.add_nodes_from(nodes: Iterable[T_co])[source]

	Add nodes to the graph from the collection nodes.


	Parameters

	nodes – collection of nodes to be added.






See also

add_node()



Examples

>>> import causaldag as cd
>>> g = cd.DAG({1, 2})
>>> g.add_nodes_from({'a', 'b'})
>>> g.add_nodes_from(range(3, 6))
>>> g.nodes
{1, 2, 'a', 'b', 3, 4, 5}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.remove_node


	
DAG.remove_node(node: Hashable, ignore_error=False)[source]

	Remove the node node from the graph.


	Parameters

	
	node – node to be removed.


	ignore_error – if True, ignore the KeyError raised when node is not in the DAG.








Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2)})
>>> g.remove_node(2)
>>> g.nodes
{1}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.add_arc


	
DAG.add_arc(i: Hashable, j: Hashable, check_acyclic=True)[source]

	Add the arc i -> j to the DAG


	Parameters

	
	i – source node of the arc


	j – target node of the arc


	check_acyclic – if True, check that the DAG remains acyclic after adding the edge.









See also

add_arcs_from()



Examples

>>> import causaldag as cd
>>> g = cd.DAG({1, 2})
>>> g.add_arc(1, 2)
>>> g.arcs
{(1, 2)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.add_arcs_from


	
DAG.add_arcs_from(arcs: Iterable[Tuple], check_acyclic=False)[source]

	Add arcs to the graph from the collection arcs.


	Parameters

	
	arcs – collection of arcs to be added.


	check_acyclic – if True, check that the DAG remains acyclic after adding the edge.









See also

add_arcs()



Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2)})
>>> g.add_arcs_from({(1, 3), (2, 3)})
>>> g.arcs
{(1, 2), (1, 3), (2, 3)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.remove_arc


	
DAG.remove_arc(i: Hashable, j: Hashable, ignore_error=False)[source]

	Remove the arc i -> j.


	Parameters

	
	i – source of arc to be removed.


	j – target of arc to be removed.


	ignore_error – if True, ignore the KeyError raised when arc is not in the DAG.








Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2)})
>>> g.remove_arc(1, 2)
>>> g.arcs
set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.reverse_arc


	
DAG.reverse_arc(i: Hashable, j: Hashable, ignore_error=False, check_acyclic=False)[source]

	Reverse the arc i -> j to i <- j.


	Parameters

	
	i – source of arc to be reversed.


	j – target of arc to be reversed.


	ignore_error – if True, ignore the KeyError raised when arc is not in the DAG.


	check_acyclic – if True, check that the DAG remains acyclic after adding the edge.








Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2)})
>>> g.reverse_arc(1, 2)
>>> g.arcs
{(2, 1)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.has_arc


	
DAG.has_arc(source: Hashable, target: Hashable) → bool[source]

	Check if this DAG has an arc source -> target.


	Parameters

	
	source – Source node of arc.


	target – Target node of arc.








Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(0,1), (0,2)})
>>> g.has_arc(0, 1)
True
>>> g.has_arc(1, 2)
False













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.sources


	
DAG.sources() → Set[Hashable][source]

	Get all nodes in the graph that have no parents.


	Returns

	Nodes in the graph that have no parents.



	Return type

	List[node]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.sources()
{1}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.sinks


	
DAG.sinks() → Set[Hashable][source]

	Get all nodes in the graph that have no children.


	Returns

	Nodes in the graph that have no children.



	Return type

	List[node]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.sinks()
{3}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.reversible_arcs


	
DAG.reversible_arcs() → Set[Tuple[Hashable, Hashable]][source]

	Get all reversible (aka covered) arcs in the DAG.


	Returns

	Return all reversible (aka covered) arcs in the DAG. An arc i -> j is covered if the [image: Pa(j) = Pa(i) \cup {i}].
Reversing a reversible arc results in a DAG in the same Markov equivalence class.



	Return type

	Set[arc]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.reversible_arcs()
{(1, 2), (2, 3)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.is_reversible


	
DAG.is_reversible(i: Hashable, j: Hashable) → bool[source]

	Check if the arc i -> j is reversible (aka covered), i.e., if [image: pa(i) = pa(j) \setminus \{i\}]


	Parameters

	
	i – source of the arc


	j – target of the arc






	Returns

	



	Return type

	True if the arc is reversible, otherwise False.





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.is_reversible(1, 2)
True
>>> g.is_reversible(1, 3)
False













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.arcs_in_vstructures


	
DAG.arcs_in_vstructures() → Set[Tuple][source]

	Get all arcs in the graph that participate in a v-structure.


	Returns

	Return all arcs in the graph in a v-structure (aka an immorality). A v-structure is formed when i->j<-k but
there is no arc between i and k. Arcs that participate in a v-structure are identifiable from observational
data.



	Return type

	Set[arc]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 3), (2, 3)})
>>> g.arcs_in_vstructures()
{(1, 3), (2, 3))













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.vstructures


	
DAG.vstructures() → Set[Tuple][source]

	Get all v-structures in the graph, i.e., triples of the form (i, k, j) such that i->k<-j and i
is not adjacent to j.


	Returns

	Return all triples in the graph in a v-structure (aka an immorality). A v-structure is formed when i->j<-k but
there is no arc between i and k. Arcs that participate in a v-structure are identifiable from observational
data.



	Return type

	Set[Tuple]





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 3), (2, 3)})
>>> g.vstructures()
{(1, 3, 2)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.triples


	
DAG.triples() → Set[Tuple][source]

	Return all triples of the form (i, j, k) such that i and k are both adjacent to j.


	Returns

	Triples in the graph.



	Return type

	Set[Tuple]





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 3), (2, 3), (1, 2)})
>>> g.triples()
{frozenset({1, 3, 2})}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.upstream_most


	
DAG.upstream_most(s: Set[Hashable]) → Set[Hashable][source]

	Return the set of nodes which in s which have no ancestors in s.


	Parameters

	s – Set of nodes



	Returns

	



	Return type

	The set of nodes in s with no ancestors in s.













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.topological_sort


	
DAG.topological_sort() → List[Hashable][source]

	Return a topological sort of the nodes in the graph.


	Returns

	A topological sort of the nodes in a graph.



	Return type

	List[Node]





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g.topological_sort
[1, 2, 3]













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.is_topological


	
DAG.is_topological(order: list) → bool[source]

	Check that order is a topological order consistent with this DAG, i.e., if i->``j`` in the DAG,
then i comes before j in the order.


	Parameters

	order – the order to check.





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3)})
>>> g.is_topological([1, 2, 3])
True
>>> g.is_topological([1, 3, 2])
True
>>> g.is_topological([2, 1, 3])
False













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.permutation_score


	
DAG.permutation_score(order: list) → int[source]

	Return the number of “errors” in order with respect to the DAG, i.e., the number of times that i->``j``
in the DAG but i comes after j in order.


	Parameters

	order – the order to check.





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3)})
>>> g.permutation_score([1, 2, 3])
0
>>> g.permutation_score([2, 1, 3])
1
>>> g.permutation_score([2, 3, 1])
2













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.shd


	
DAG.shd(other) → int[source]

	Compute the structural Hamming distance between this DAG and the DAG other.


	Parameters

	other – the DAG to which the SHD will be computed.



	Returns

	The structural Hamming distance between [image: G_1] and [image: G_2] is the minimum number of arc additions,
deletions, and reversals required to transform [image: G_1] into [image: G_2] (and vice versa).



	Return type

	int





Example

>>> import causaldag as cd
>>> g1 = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g2 = cd.DAG(arcs={(2, 1), (2, 3)})
>>> g1.shd(g2)
1













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.shd_skeleton


	
DAG.shd_skeleton(other) → int[source]

	Compute the structure Hamming distance between the skeleton of this DAG and the skeleton of the graph other.


	Parameters

	other – the DAG to which the SHD of the skeleton will be computed.



	Returns

	The structural Hamming distance between [image: G_1] and [image: G_2] is the minimum number of arc additions,
deletions, and reversals required to transform [image: G_1] into [image: G_2] (and vice versa).



	Return type

	int





Example

>>> import causaldag as cd
>>> g1 = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g2 = cd.DAG(arcs={(2, 1), (2, 3)})
>>> g1.shd_skeleton(g2)
0





>>> g1 = cd.DAG(arcs={(1, 2)})
>>> g2 = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g1.shd_skeleton(g2)
1













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.markov_equivalent


	
DAG.markov_equivalent(other, interventions=None) → bool[source]

	Check if this DAG is (interventionally) Markov equivalent to the DAG other.


	Parameters

	
	other – Another DAG.


	interventions – If not None, check whether the two DAGs are interventionally Markov equivalent under the interventions.








Examples

>>> import causaldag as cd
>>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
>>> d2 = cd.DAG(arcs={(2, 1), (1, 0)})
>>> d3 = cd.DAG(arcs={(0, 1), (2, 1)})
>>> d4 = cd.DAG(arcs={(1, 0), (1, 2)})
>>> d1.markov_equivalent(d2)
True
>>> d2.markov_equivalent(d1)
True
>>> d1.markov_equivalent(d3)
False
>>> d1.markov_equivalent(d2, [{2}])
False
>>> d1.markov_equivalent(d4, [{2}])
True













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.is_imap


	
DAG.is_imap(other) → bool[source]

	Check if this DAG is an IMAP of the DAG other, i.e., all d-separation statements in this graph
are also d-separation statements in other.


	Parameters

	other – Another DAG.






See also

is_minimal_imap()




	Returns

	True if other is an I-MAP of this DAG, otherwise False.



	Return type

	bool





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (3, 2)})
>>> other = cd.DAG(arcs={(1, 2)})
>>> g.is_imap(other)
True
>>> other = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g.is_imap(other)
False













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.is_minimal_imap


	
DAG.is_minimal_imap(other, certify=False, check_imap=True) → Union[bool, Tuple[bool, Any]][source]

	Check if this DAG is a minimal IMAP of other, i.e., it is an IMAP and no proper subgraph of this DAG
is an IMAP of other. Deleting the arc i->j retains IMAPness when i is d-separated from j in other
given the parents of j besides i in this DAG.


	Parameters

	
	other – Another DAG.


	certify – If True and this DAG is not an IMAP of other, return a certificate of non-minimality in the form
of an edge i->j that can be deleted while retaining IMAPness.


	check_imap – If True, first check whether this DAG is an IMAP of other, if False, this DAG is assumed to be an IMAP
of other.









See also

is_imap()




	Returns

	True if other is a minimal I-MAP of this DAG, otherwise False.



	Return type

	bool





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (3, 2)})
>>> other = cd.DAG(arcs={(1, 2)})
>>> g.is_minimal_imap(other)
False













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.chickering_distance


	
DAG.chickering_distance(other) → int[source]

	Return the total number of edge reversals plus twice the number of edge additions/deletions required
to turn this DAG into the DAG other.


	Parameters

	other – the DAG against which to compare the Chickering distance.



	Returns

	The Chickering distance between this DAG and the DAG other.



	Return type

	int





Examples

>>> import causaldag as cd
>>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
>>> d2 = cd.DAG(arcs={(0, 1), (2, 1), (3, 1)})
>>> d1.chickering_distance(d2)
3













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.confusion_matrix


	
DAG.confusion_matrix(other, rates_only=False)[source]

	Return the “confusion matrix” associated with estimating the CPDAG of other instead of the CPDAG of this DAG.


	Parameters

	
	other – The DAG against which to compare.


	rates_only – if True, the dictionary of results only contains the false positive rate, true positive rate, and precision.






	Returns

	Dictionary of results


	
	false_positive_arcs:

	the arcs in the CPDAG of other which are not arcs or edges in the CPDAG of this DAG.







	
	false_positive_edges:

	the edges in the CPDAG of other which are not arcs or edges in the CPDAG of this DAG.







	
	false_negative_arcs:

	the arcs in the CPDAG of this graph which are not arcs or edges in the CPDAG of other.







	
	true_positive_arcs:

	the arcs in the CPDAG of other which are arcs in the CPDAG of this DAG.







	
	reversed_arcs:

	the arcs in the CPDAG of other whose reversals are arcs in the CPDAG of this DAG.







	
	mistaken_arcs_for_edges:

	the arcs in the CPDAG of other whose reversals are arcs in the CPDAG of this DAG.







	
	false_negative_edges:

	the edges in the CPDAG of this DAG which are not arcs or edges in the CPDAG of other.







	
	true_positive_edges:

	the edges in the CPDAG of other which are edges in the CPDAG of this DAG.







	
	mistaken_edges_for_arcs:

	the edges in the CPDAG of other which are arcs in the CPDAG of this DAG.







	
	num_false_positives:

	the total number of: false_positive_arcs, false_positive_edges







	
	num_false_negatives:

	the total number of: false_negative_arcs, false_negative_edges, mistaken_arcs_for_edges, and reversed_arcs







	
	num_true_positives:

	the total number of: true_positive_arcs, true_positive_edges, and mistaken_edges_for_arcs







	
	num_true_negatives:

	the total number of missing arcs/edges in other which are actually missing in this DAG.







	
	fpr:

	the false positive rate, i.e., num_false_positives/(num_false_positives+num_true_negatives). If this DAG
is fully connected, defaults to 0.







	
	tpr:

	the true positive rate, i.e., num_true_positives/(num_true_positives+num_false_negatives). If this DAG
is empty, defaults to 1.







	
	precision:

	the precision, i.e., num_true_positives/(num_true_positives+num_false_positives). If other is
empty, defaults to 1.













	Return type

	dict





Examples

>>> import causaldag as cd
>>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
>>> d2 = cd.DAG(arcs={(0, 1), (2, 1)})
>>> cm = d1.confusion_matrix(d2)
>>> cm["mistaken_edges_for_arcs"]
{frozenset({0, 1}), frozenset({1, 2})},
>>> cm = d2.confusion_matrix(d1)
>>> cm["mistaken_arcs_for_edges"]
{(0, 1), (2, 1)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.confusion_matrix_skeleton


	
DAG.confusion_matrix_skeleton(other)[source]

	Return the “confusion matrix” associated with estimating the skeleton of other instead of the skeleton of
this DAG.


	Parameters

	other – The DAG against which to compare.



	Returns

	Dictionary of results


	
	false_positives:

	the edges in the skeleton of other which are not in the skeleton of this DAG.







	
	false_negatives:

	the edges in the skeleton of this graph which are not in the skeleton of other.







	
	true_positives:

	the edges in the skeleton of other which are acutally in the skeleton of this DAG.







	
	num_false_positives:

	the total number of false_positives







	
	num_false_negatives:

	the total number of false_negatives







	
	num_true_positives:

	the total number of true_positives







	
	num_true_negatives:

	the total number of missing edges in the skeleton of other which are actually missing in this DAG.







	
	fpr:

	the false positive rate, i.e., num_false_positives/(num_false_positives+num_true_negatives). If this DAG
is fully connected, defaults to 0.







	
	tpr:

	the true positive rate, i.e., num_true_positives/(num_true_positives+num_false_negatives). If this DAG
is empty, defaults to 1.







	
	precision:

	the precision, i.e., num_true_positives/(num_true_positives+num_false_positives). If other is
empty, defaults to 1.













	Return type

	dict





Examples

>>> import causaldag as cd
>>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
>>> d2 = cd.DAG(arcs={(0, 1), (2, 1)})
>>> cm = d1.confusion_matrix_skeleton(d2)
>>> cm["tpr"]
1.0
>>> d3 = cd.DAG(arcs={(0, 1), (0, 2)})
>>> cm = d2.confusion_matrix_skeleton(d3)
>>> cm["true_positives"]
{frozenset({0, 1})}
>>> cm["false_positives"]
{frozenset({0, 2})},
>>> cm["false_negatives"]
{frozenset({1, 2})}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.dsep


	
DAG.dsep(A: Union[Set[Hashable], Hashable], B: Union[Set[Hashable], Hashable], C: Union[Set[Hashable], Hashable] = {}, verbose=False, certify=False) → bool[source]

	Check if A and B are d-separated given C, using the Bayes ball algorithm.


	Parameters

	
	A – First set of nodes.


	B – Second set of nodes.


	C – Separating set of nodes.


	verbose – If True, print moves of the algorithm.









See also

dsep_from_given()




	Returns

	



	Return type

	is_dsep





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (3, 2)})
>>> g.dsep(1, 3)
True
>>> g.dsep(1, 3, 2)
False













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.dsep_from_given


	
DAG.dsep_from_given(A, C: Union[Hashable, Set[Hashable]] = frozenset()) → Set[Hashable][source]

	Find all nodes d-separated from A given C.

Uses algorithm in Geiger, D., Verma, T., & Pearl, J. (1990).
Identifying independence in Bayesian networks. Networks, 20(5), 507-534.


	Parameters

	
	A – set of nodes.


	C – set of conditioned nodes.






	Returns

	Nodes which are d-separated from A given C.



	Return type

	set





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1), (1, 2), (2, 3), (3, 4)})
>>> d.dsep_from_given(0, 1)
{2, 3, 4]













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.is_invariant


	
DAG.is_invariant(A, intervened_nodes, cond_set={}, verbose=False) → bool[source]

	
Check if the distribution of A given cond_set is invariant to an intervention on intervened_nodes.

[image: f^\emptyset(A|C) = f^I(A|C)] if the “intervention node” I with intervened_nodes as its children
is d-separated from A given C. Equivalently, the :math:`f^emptyset(A|C)




eq f^I(A|C)` if:



	
	there is an active path to an intervened node that ends in an arrowhead, and that intervened node

	or one of its descendants is conditioned on.







	
	there is an active path to an intervened node that ends in a tail, and that intervened node

	is not conditioned on.










	A:

	Set of nodes.



	intervened_nodes:

	Nodes on which an intervention has occurred.



	cond_set:

	Conditioning set for the tested distribution.



	verbose:

	If True, print moves of the algorithm.
















          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.local_markov_statements


	
DAG.local_markov_statements() → Set[Tuple[Any, FrozenSet[T_co], FrozenSet[T_co]]][source]

	Return the local Markov statements of this DAG, i.e., those of the form i independent nondescendants(i) given
the parents of i.


	Returns

	The set of tuples of the form (i, A, C) representing the local Markov statements of the DAG
via (i independent of A given C).



	Return type

	set





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (3, 2)})
>>> g.local_markov_statements()
{(1, frozenset({3}), frozenset()), (2, frozenset(), frozenset({1, 3})), (3, frozenset({1}), frozenset())}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.from_amat


	
classmethod DAG.from_amat(amat: numpy.ndarray)[source]

	Return a DAG with arcs given by amat, i.e. i->j if amat[i,j] != 0.


	Parameters

	amat – Numpy matrix representing arcs in the DAG.





Examples

>>> import causaldag as cd
>>> import numpy as np
>>> amat = np.array([[0, 0, 1], [0, 0, 1], [0, 0, 0]])
>>> d = cd.DAG.from_amat(amat)
>>> d.arcs
{(0, 2), (1, 2)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.to_amat


	
DAG.to_amat(node_list=None) -> (<class 'numpy.ndarray'>, <class 'list'>)[source]

	Return an adjacency matrix for this DAG.


	Parameters

	node_list – List indexing the rows/columns of the matrix.






See also

from_amat()




	Returns

	



	Return type

	(amat, node_list)





Example

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
>>> g.to_amat()[0]
array([[0, 1, 1],
       [0, 0, 1],
       [0, 0, 0]])
>>> g.to_amat()[1]
[1, 2, 3]













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.from_nx


	
classmethod DAG.from_nx(nx_graph: networkx.classes.digraph.DiGraph)[source]

	Convert a networkx DiGraph into a DAG.


	Parameters

	nx_graph – networkx DiGraph



	Returns

	The graph as a DAG object.



	Return type

	DAG





Examples

>>> import causaldag as cd
>>> import networkx as nx
>>> g = nx.DiGraph()
>>> g.add_edges_from([(0, 1)])
>>> d = cd.DAG.from_nx(g)
>>> d.arcs
{(0, 1)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.to_nx


	
DAG.to_nx() → networkx.classes.digraph.DiGraph[source]

	Convert DAG to a networkx DiGraph.


	Returns

	The graph as a networkx.DiGraph object.



	Return type

	networkx.DiGraph





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1)})
>>> g = d.to_nx()
>>> g.edges
OutEdgeView([(0, 1)])













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.from_dataframe


	
classmethod DAG.from_dataframe(df)[source]

	Create a DAG from a dataframe, where the indices and columns are node names and a nonzero entry indicates
the presence of an edge.


	Parameters

	df – The pandas dataframe.



	Returns

	The graph as a DAG object.



	Return type

	DAG





Examples

>>> import causaldag as cd
>>> import numpy as np
>>> import pandas as pd
>>> amat = np.array([[0, 1], [0, 0]])
>>> df = pd.DataFrame(amat, index=["a", "b"], columns=["a", "b"])
>>> d = cd.DAG.from_dataframe(df)
>>> d.arcs
{('a', 'b')}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.to_dataframe


	
DAG.to_dataframe(node_list=None)[source]

	Turn this DAG into a dataframe, where the indices and columns are node names and a nonzero entry indicates
the presence of an edge.


	Parameters

	node_list – Order to use when creating the dataframe. If None, uses a sorted order.



	Returns

	The graph as a DataFrame.



	Return type

	pandas.DataFrame





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1)})
>>> d.to_dataframe()
   0  1
0  0  1
1  0  0
>>> d.to_dataframe(node_list=[1, 0])
   1  0
1  0  0
0  1  0













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.moral_graph


	
DAG.moral_graph()[source]

	Return the (undirected) moral graph of this DAG, i.e., the graph with the parents of all nodes made adjacent.


	Returns

	Moral graph of this DAG.



	Return type

	UndirectedGraph





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(1, 3), (2, 3)})
>>> ug = d.moral_graph()
>>> ug.edges
{frozenset({1, 3}), frozenset({2, 3}), frozenset({1, 2})}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.marginal_mag


	
DAG.marginal_mag(latent_nodes, relabel=None, new=True)[source]

	Return the maximal ancestral graph (MAG) that results from marginalizing out latent_nodes.


	Parameters

	
	latent_nodes – nodes to marginalize over.


	relabel – if relabel=’default’, relabel the nodes to have labels 1,2,…,(#nodes).


	new – TODO - pick whether to use new or old implementation.






	Returns

	cd.AncestralGraph, the MAG resulting from marginalizing out latent_nodes.



	Return type

	m





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(1, 3), (1, 2)})
>>> mag = d.marginal_mag(latent_nodes={1})
>>> mag
Directed edges: set(), Bidirected edges: {frozenset({2, 3})}, Undirected edges: set()
>>> mag = d.marginal_mag(latent_nodes={1}, relabel="default")
Directed edges: set(), Bidirected edges: {frozenset({0, 1})}, Undirected edges: set()













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.cpdag


	
DAG.cpdag()[source]

	Return the completed partially directed acyclic graph (CPDAG, aka essential graph) that represents the
Markov equivalence class of this DAG.


	Returns

	CPDAG representing the MEC of this DAG.



	Return type

	causaldag.PDAG





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (2, 4), (3, 4)})
>>> cpdag = g.cpdag()
>>> cpdag.edges
{frozenset({1, 2})}
>>> cpdag.arcs
{(2, 4), (3, 4)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.interventional_cpdag


	
DAG.interventional_cpdag(interventions: List[set], cpdag=None)[source]

	Return the interventional essential graph (aka CPDAG) associated with this DAG.


	Parameters

	
	interventions – A list of the intervention targets.


	cpdag – The original (non-interventional) CPDAG of the graph. Faster when provided.






	Returns

	Interventional CPDAG representing the I-MEC of this DAG.



	Return type

	causaldag.PDAG





Examples

>>> import causaldag as cd
>>> g = cd.DAG(arcs={(1, 2), (2, 4), (3, 4)})
>>> cpdag = g.cpdag()
>>> icpdag = g.interventional_cpdag([{1}], cpdag=cpdag)
>>> icpdag.arcs
{(1, 2), (2, 4), (3, 4)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.resolved_sinks


	
DAG.resolved_sinks(other) → set[source]

	Return the nodes in this graph which are “resolved sinks” with respect to the graph other.

A “resolved sink” is a node which has the same parents in both graphs, and no children which are
not themselves resolved sinks.


	Parameters

	other – TODO





Examples

>>> import causaldag as cd
>>> d1 = cd.DAG(arcs={(1, 0), (1, 2), (2, 0)})
>>> d2 = cd.DAG(arcs={(2, 0), (2, 1), (1, 0)})
>>> res_sinks = d1.resolved_sinks(d2)
{0}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.chickering_sequence


	
DAG.chickering_sequence(imap, verbose=False)[source]

	Return a Chickering sequence from this DAG to an I-MAP imap.

A Chickering sequence from DAG D1 to a DAG D2 is a sequence of DAGs starting at D1 and ending at
D2, with consecutive DAGs differing by a single edge reversal or edge deletion, such that each DAG is an
IMAP of D1.

See Chickering, David Maxwell. “Optimal structure identification with greedy search.” (2002) for more details.


	Parameters

	imap (DAG) – The I-MAP of this DAG at which the Chickering sequence will end.





Examples

>>> import causaldag as cd
>>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
>>> d2 = cd.DAG(arcs={(2, 0), (2, 1), (1, 0)})
>>> sequence, moves = d1.chickering_sequence(d2)
>>> sequence[1].arcs
{(1, 0), (1, 2)}
>>> sequence[2].arcs
{(1, 0), (1, 2), (2, 0)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.apply_edge_operation


	
DAG.apply_edge_operation(imap, seed_sink=None, verbose=False)[source]

	Identify an edge operation (covered edge reversal or edge addition) which decreases the Chickering distance
from this DAG to imap.

See Chickering, David Maxwell. “Optimal structure identification with greedy search.” (2002), Fig. 2 for
more details.


	Parameters

	
	imap – The target I-MAP.


	seed_sink – If the algorithm reaches step 3, pick this node (if it is indeed a valid sink).


	verbose – If True, print out the steps of the algorithm.






	Returns

	
	The updated DAG


	The node picked for the operation


	The type of the edge operation (corresponding to the line of the algorithm in the above paper)








	Return type

	(DAG, Node, int)













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.directed_clique_tree


	
DAG.directed_clique_tree(verbose=False)[source]

	Return the directed clique tree associated with this DAG.

See the following for the definition of the directed clique tree:
Squires, Chandler, et al. “Active Structure Learning of Causal DAGs via Directed Clique Tree.” (2020)


	Parameters

	verbose – if True, print out the steps taken to compute the directed clique tree.



	Returns

	The directed clique tree of this DAG.



	Return type

	networkx.MultiDiGraph





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (2, 3)})
>>> dct = d.directed_clique_tree()
>>> dct.nodes
NodeView((frozenset({1, 2, 3}), frozenset({0, 1})))
>>> dct.edges
OutMultiEdgeView([(frozenset({0, 1}), frozenset({1, 2, 3}), 0)])













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.contracted_directed_clique_tree


	
DAG.contracted_directed_clique_tree()[source]

	Return the contracted directed clique tree associated with this DAG.

See the following for the definition of the contracted directed clique tree:
Squires, Chandler, et al. “Active Structure Learning of Causal DAGs via Directed Clique Tree.” (2020)


	Returns

	The directed clique tree of this DAG.



	Return type

	networkx.MultiDiGraph





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (1, 4), (3, 2), (3, 4)})
>>> cdct = d.contracted_directed_clique_tree()
>>> cdct.nodes
NodeView((frozenset({frozenset({1, 2, 3}), frozenset({1, 3, 4})}), frozenset({frozenset({0, 1})})))
>>> cdct.edges
OutEdgeView([(frozenset({frozenset({0, 1})}), frozenset({frozenset({1, 2, 3}), frozenset({1, 3, 4})}))])













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.residuals


	
DAG.residuals()[source]

	Return the residuals associated with this DAG.

See the following for the definition of residuals:
Squires, Chandler, et al. “Active Structure Learning of Causal DAGs via Directed Clique Tree.” (2020)


	Returns

	The directed clique tree of this DAG.



	Return type

	networkx.MultiDiGraph





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (1, 4), (3, 2), (3, 4)})
>>> residuals = d.residuals()
>>> residuals
[frozenset({2, 3, 4}), frozenset({0, 1})]













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.residual_essential_graph


	
DAG.residual_essential_graph()[source]

	Return the residual essential graph associated with this DAG.

See the following for the definition of the residual essential graph:
Squires, Chandler, et al. “Active Structure Learning of Causal DAGs via Directed Clique Tree.” (2020)


	Returns

	The directed clique tree of this DAG.



	Return type

	networkx.MultiDiGraph





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (1, 4), (3, 2), (3, 4)})
>>> r_eg = d.residual_essential_graph()
>>> r_eg.arcs
{(1, 2), (1, 3), (1, 4)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.optimal_fully_orienting_single_node_interventions


	
DAG.optimal_fully_orienting_single_node_interventions(cpdag=None, new=False, verbose=False) → Set[Hashable][source]

	Find the smallest set of interventions which fully orients the CPDAG into this DAG.


	Parameters

	
	cpdag – the starting CPDAG containing known orientations. If None, compute and use the observational essential graph.


	new – TODO: remove after checking that directed clique tree method works.


	verbose – TODO: describe.






	Returns

	A minimum-size set of interventions which fully orients the DAG.



	Return type

	interventions





Examples

>>> import causaldag as cd
>>> import itertools as itr
>>> d = cd.DAG(arcs=set(itr.combinations(range(5), 2)))
>>> ivs = d.optimal_fully_orienting_single_node_interventions()
>>> ivs
{1, 3}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.greedy_optimal_single_node_intervention


	
DAG.greedy_optimal_single_node_intervention(cpdag=None, num_interventions=1)[source]

	Greedily pick num_interventions single node interventions based on how many edges they orient.

By submodularity, this will orient at least (1 - 1/e) as many edges as the optimal intervention set
of size num_interventions.


	Parameters

	
	cpdag – the starting CPDAG containing known orientations. If None, use the observational essential graph.


	num_interventions – the number of single-node interventions used. Default is 1.






	Returns

	The selected interventions and the associated cpdags that they induce.



	Return type

	(interventions, cpdags)





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1), (1, 2), (0, 2)})
>>> ivs, icpdags = d.greedy_optimal_single_node_intervention()
>>> ivs
[1]
>>> icpdags[0].arcs
{(0, 1), (0, 2), (1, 2)}













          

      

      

    

  

    
      
          
            
  
causaldag.classes.dag.DAG.greedy_optimal_fully_orienting_interventions


	
DAG.greedy_optimal_fully_orienting_interventions(cpdag=None)[source]

	Find a set of interventions which fully orients a CPDAG into this DAG, using greedy selection of the
interventions. By submodularity, the number of interventions is a (1 + ln K) multiplicative approximation
to the true optimal number of interventions, where K is the number of undirected edges in the CPDAG.


	Parameters

	cpdag – the starting CPDAG containing known orientations. If None, use the observational essential graph.



	Returns

	The selected interventions and the associated cpdags that they induce.



	Return type

	(interventions, cpdags)





Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(0, 1), (1, 2), (0, 2), (0, 3), (1, 3), (2, 3)})
>>> ivs, icpdags = d.greedy_optimal_fully_orienting_interventions()
>>> ivs
[1, 2]
>>> icpdags[0].edges
{frozenset({2, 3})}
>>> icpdags[1].edges
set()













          

      

      

    

  

    
      
          
            
  
PDAG


Overview


	
class causaldag.classes.pdag.PDAG(nodes: Set[T] = {}, arcs: Set[T] = {}, edges: Set[T] = {}, known_arcs={}, new=False)[source]

	






Methods







	PDAG.copy()

	Return a copy of the graph



	PDAG.to_amat(node_list[, source_axis])

	Return an adjacency matrix for the graph



	PDAG.from_amat(amat[, source_axis])

	Return a PDAG with arcs/edges given by amat







Graph modification







	PDAG.remove_node(node)

	Remove a node from the graph



	PDAG.add_known_arc(i, j)

	









Graph properties







	PDAG.has_edge(i, j)

	Return True if the graph contains the edge i–j



	PDAG.has_edge_or_arc(i, j)

	Return True if the graph contains the edge i–j or an arc i->j or i<-j









Comparison to other PDAGs







	PDAG.shd(other)

	Return the structural Hamming distance between this PDAG and another.









Functions for







	PDAG.to_dag()

	Return a DAG that is consistent with this CPDAG.



	PDAG.all_dags([verbose])

	Return all DAGs consistent with this PDAG














          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.copy


	
PDAG.copy()[source]

	Return a copy of the graph









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.to_amat


	
PDAG.to_amat(node_list: list = None, source_axis=0) -> (<class 'numpy.ndarray'>, <class 'list'>)[source]

	Return an adjacency matrix for the graph









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.from_amat


	
classmethod PDAG.from_amat(amat: numpy.ndarray, source_axis=0)[source]

	Return a PDAG with arcs/edges given by amat









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.remove_node


	
PDAG.remove_node(node)[source]

	Remove a node from the graph









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.add_known_arc


	
PDAG.add_known_arc(i, j)[source]

	







          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.has_edge


	
PDAG.has_edge(i, j)[source]

	Return True if the graph contains the edge i–j









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.has_edge_or_arc


	
PDAG.has_edge_or_arc(i, j)[source]

	Return True if the graph contains the edge i–j or an arc i->j or i<-j









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.shd


	
PDAG.shd(other)[source]

	Return the structural Hamming distance between this PDAG and another.

For each pair of nodes, the SHD is incremented by 1 if the edge type/presence between the two nodes is different









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.to_dag


	
PDAG.to_dag()[source]

	Return a DAG that is consistent with this CPDAG.


	Returns

	



	Return type

	d





Examples

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.classes.pdag.PDAG.all_dags


	
PDAG.all_dags(verbose=False)[source]

	Return all DAGs consistent with this PDAG









          

      

      

    

  

    
      
          
            
  
GaussDAG


Overview

..autoclass:: GaussDAG







          

      

      

    

  

    
      
          
            
  
Utils



	Core Utils

	Conditional Independence Tests
	causaldag.utils.ci_tests.partial_correlation_test.partial_correlation_suffstat

	causaldag.utils.ci_tests.partial_correlation_test.partial_correlation_test

	causaldag.utils.ci_tests.partial_correlation_test.compute_partial_correlation





	Conditional Invariance Tests
	causaldag.utils.invariance_tests.gauss_invariance.gauss_invariance_suffstat

	causaldag.utils.invariance_tests.gauss_invariance.gauss_invariance_test





	Scores
	causaldag.utils.scores.local_gaussian_bic_score

	causaldag.utils.scores.local_gaussian_bge_score













          

      

      

    

  

    
      
          
            
  
Core Utils


	
causaldag.utils.core_utils.defdict2dict(defdict, keys)[source]

	




	
causaldag.utils.core_utils.is_symmetric(matrix, tol=1e-08)[source]

	




	
causaldag.utils.core_utils.iszero(a, atol=1e-08)[source]

	




	
causaldag.utils.core_utils.ix_map_from_list(l)[source]

	




	
causaldag.utils.core_utils.powerset(s: Iterable[T_co], r_min=0, r_max=None) → Iterable[T_co][source]

	




	
causaldag.utils.core_utils.powerset_predicate(s: Iterable[T_co], predicate: Callable[[Any], bool]) → Iterable[T_co][source]

	




	
causaldag.utils.core_utils.random_max(d, minimize=False)[source]

	




	
causaldag.utils.core_utils.to_list(o)[source]

	




	
causaldag.utils.core_utils.to_set(o) → set[source]

	







          

      

      

    

  

    
      
          
            
  
Conditional Independence Tests







	partial_correlation_suffstat(samples[, invert])

	Return the sufficient statistics for partial correlation testing.



	partial_correlation_test(suffstat, VT], i, j)

	Test the null hypothesis that i and j are conditionally independent given cond_set.



	compute_partial_correlation(suffstat, i, j)

	Compute the partial correlation between i and j given cond_set.










          

      

      

    

  

    
      
          
            
  
causaldag.utils.ci_tests.partial_correlation_test.partial_correlation_suffstat


	
causaldag.utils.ci_tests.partial_correlation_test.partial_correlation_suffstat(samples, invert=True) → Dict[KT, VT][source]

	Return the sufficient statistics for partial correlation testing.


	Parameters

	
	samples – (n x p) matrix, where n is the number of samples and p is the number of variables.


	invert – if True, compute the inverse correlation matrix, and normalize it into the partial correlation matrix. This
will generally speed up the gauss_ci_test if large conditioning sets are used.






	Returns

	dictionary of sufficient statistics



	Return type

	dict













          

      

      

    

  

    
      
          
            
  
causaldag.utils.ci_tests.partial_correlation_test.partial_correlation_test


	
causaldag.utils.ci_tests.partial_correlation_test.partial_correlation_test(suffstat: Dict[KT, VT], i, j, cond_set=None, alpha=None)[source]

	Test the null hypothesis that i and j are conditionally independent given cond_set.

Uses Fisher’s z-transform.


	Parameters

	
	suffstat – dictionary containing:


	n – number of samples


	C – correlation matrix


	K (optional) – inverse correlation matrix


	rho (optional) – partial correlation matrix (K, normalized so diagonals are 1).







	i – position of first variable in correlation matrix.


	j – position of second variable in correlation matrix.


	cond_set – positions of conditioning set in correlation matrix.


	alpha – Significance level.






	Returns

	dictionary containing:


	statistic


	p_value


	reject








	Return type

	dict













          

      

      

    

  

    
      
          
            
  
causaldag.utils.ci_tests.partial_correlation_test.compute_partial_correlation


	
causaldag.utils.ci_tests.partial_correlation_test.compute_partial_correlation(suffstat, i, j, cond_set=None)[source]

	Compute the partial correlation between i and j given cond_set.


	Parameters

	
	suffstat – dictionary containing:
‘n’ – number of samples
‘C’ – correlation matrix
‘K’ (optional) – inverse correlation matrix
‘rho’ (optional) – partial correlation matrix (K, normalized so diagonals are 1).


	i – position of first variable in correlation matrix.


	j – position of second variable in correlation matrix.


	cond_set – positions of conditioning set in correlation matrix.






	Returns

	partial correlation



	Return type

	float













          

      

      

    

  

    
      
          
            
  
Conditional Invariance Tests







	gauss_invariance_suffstat(obs_samples, …)

	Helper function to compute the sufficient statistics for the gauss_invariance_test from data.



	gauss_invariance_test(suffstat, context, i, …)

	Test the null hypothesis that two Gaussian distributions are equal.










          

      

      

    

  

    
      
          
            
  
causaldag.utils.invariance_tests.gauss_invariance.gauss_invariance_suffstat


	
causaldag.utils.invariance_tests.gauss_invariance.gauss_invariance_suffstat(obs_samples, context_samples_list)[source]

	Helper function to compute the sufficient statistics for the gauss_invariance_test from data.


	Parameters

	
	obs_samples – (n x p) matrix, where n is the number of samples and p is the number of variables.


	context_samples_list – list of (n x p) matrices, one for each context besides observational






	Returns

	dictionary of sufficient statistics



	Return type

	dict













          

      

      

    

  

    
      
          
            
  
causaldag.utils.invariance_tests.gauss_invariance.gauss_invariance_test


	
causaldag.utils.invariance_tests.gauss_invariance.gauss_invariance_test(suffstat, context, i: int, cond_set: Union[List[int], int, None] = None, alpha: float = 0.05, zero_mean=False, same_coeffs=False)[source]

	Test the null hypothesis that two Gaussian distributions are equal.


	Parameters

	
	suffstat – dictionary containing:


	obs – number of samples


	G – Gram matrix


	contexts







	context – which context to test.


	i – position of marginal distribution.


	cond_set – positions of conditioning set in correlation matrix.


	alpha – Significance level.


	zero_mean – If True, assume that the regression residual has zero mean.


	same_coeffs – If True, assume that the regression coefficients have not changed.






	Returns

	dictionary containing ttest_stat, ftest_stat, f_pvalue, t_pvalue, and reject.



	Return type

	dict













          

      

      

    

  

    
      
          
            
  
Scores







	local_gaussian_bic_score(node, parents, suffstat)

	



	local_gaussian_bge_score(node, parents, suffstat)

	Compute the BGE score of a node given its parents.










          

      

      

    

  

    
      
          
            
  
causaldag.utils.scores.local_gaussian_bic_score


	
causaldag.utils.scores.local_gaussian_bic_score(node, parents, suffstat, lambda_=None)[source]

	







          

      

      

    

  

    
      
          
            
  
causaldag.utils.scores.local_gaussian_bge_score


	
causaldag.utils.scores.local_gaussian_bge_score(node, parents, suffstat, alpha_mu=None, alpha_w=None, inverse_scale_matrix=None, parameter_mean=None, is_diagonal=True)[source]

	Compute the BGE score of a node given its parents.


	Parameters

	
	node – TODO - describe.


	parents – TODO - describe.


	suffstat – dictionary containing:


	n – number of samples


	S – sample covariance matrix


	mu – sample mean







	alpha_mu – TODO - describe. Default is the number of variables.


	alpha_w – TODO - describe. Default is the (number of variables) + alpha_mu + 1


	inverse_scale_matrix – TODO - describe. Default is the identity matrix.


	parameter_mean – TODO - describe. Default is the zero vector.


	is_diagonal – TODO - describe.






	Returns

	BGE score.



	Return type

	float













          

      

      

    

  

    
      
          
            
  
Structure Learning


Undirected Structure Learning







	partial_correlation_threshold

	



	threshold_ug(nodes, ci_tester)

	Estimate an undirected graph by testing whether each pair of nodes is independent given all others.









Covariance Structure Learning







	covariance_graph_gauss(ci_tester)

	Estimate a covariance graph by testing whether each pair of nodes is independent, which reduces to thresholding correlations (after the Fisher z-transform) for multivariate Gaussian data.









DAG Structure Learning







	permutation2dag(perm, ci_tester[, verbose, …])

	Estimate the minimal IMAP of a DAG which is consistent with the given permutation.



	sparsest_permutation(nodes, ci_tester[, …])

	Estimate the Markov equivalence class of a DAG using the Sparsest Permutations (SP) algorithm.



	gsp(nodes, ci_tester, depth, nruns, verbose, …)

	Estimate the Markov equivalence class of a DAG using the Greedy Sparsest Permutations (GSP) algorithm.












          

      

      

    

  

    
      
          
            
  
causaldag.structure_learning.threshold_ug


	
causaldag.structure_learning.threshold_ug(nodes: set, ci_tester: causaldag.utils.ci_tests.ci_tester.CI_Tester) → causaldag.classes.undirected_graph.UndirectedGraph[source]

	Estimate an undirected graph by testing whether each pair of nodes is independent given all others.


	Parameters

	
	nodes – Nodes in the graph.


	ci_tester – Conditional independence tester.








Examples

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.structure_learning.covariance_graph_gauss


	
causaldag.structure_learning.covariance_graph_gauss(ci_tester)[source]

	Estimate a covariance graph by testing whether each pair of nodes is independent, which reduces to
thresholding correlations (after the Fisher z-transform) for multivariate Gaussian data.


	Parameters

	ci_tester – Conditional independence tester.





Examples

TODO









          

      

      

    

  

    
      
          
            
  
causaldag.structure_learning.permutation2dag


	
causaldag.structure_learning.permutation2dag(perm: list, ci_tester: causaldag.utils.ci_tests.ci_tester.CI_Tester, verbose=False, fixed_adjacencies: Set[FrozenSet[Hashable]] = {}, fixed_gaps: Set[FrozenSet[Hashable]] = {}, progress=False)[source]

	Estimate the minimal IMAP of a DAG which is consistent with the given permutation.


	Parameters

	
	perm – list of nodes representing the permutation.


	ci_tester – object for testing conditional independence.


	verbose – if True, log each CI test.


	fixed_adjacencies – set of nodes known to be adjacent.


	fixed_gaps – set of nodes known not to be adjacent.








Examples

>>> from causaldag.utils.ci_tests import MemoizedCI_Tester, partial_correlation_test, partial_correlation_suffstat
>>> perm = [0,1,2]
>>> suffstat = partial_correlation_suffstat(samples)
>>> ci_tester = MemoizedCI_Tester(partial_correlation_test, suffstat)
>>> permutation2dag(perm, ci_tester, fixed_gaps={frozenset({1, 2})})













          

      

      

    

  

    
      
          
            
  
causaldag.structure_learning.sparsest_permutation


	
causaldag.structure_learning.sparsest_permutation(nodes, ci_tester, progress=False)[source]

	Estimate the Markov equivalence class of a DAG using the Sparsest Permutations (SP) algorithm.


	Parameters

	
	nodes – list of nodes.


	ci_tester – object for testing conditional independence.


	progress – if True, show a progress bar over the enumeration of permutations.








Examples

>>> from causaldag.utils.ci_tests import MemoizedCI_Tester, partial_correlation_test, partial_correlation_suffstat
>>> import causaldag as cd
>>> import random
>>> import numpy as np
>>> random.seed(1212)
>>> np.random.seed(12131)
>>> nnodes = 7
>>> d = cd.rand.directed_erdos(nnodes, exp_nbrs=2)
>>> g = cd.rand.rand_weights(d)
>>> samples = g.sample(1000)
>>> suffstat = partial_correlation_suffstat(samples)
>>> ci_tester = MemoizedCI_Tester(partial_correlation_test, suffstat, alpha=1e-3)
>>> est_dag = cd.sparsest_permutation(set(range(nnodes)), ci_tester, progress=True)
>>> true_cpdag = d.cpdag()
>>> est_cpdag = est_dag.cpdag()
>>> print(true_cpdag.shd(est_cpdag))
>>> 0













          

      

      

    

  

    
      
          
            
  
causaldag.structure_learning.gsp


	
causaldag.structure_learning.gsp(nodes: set, ci_tester: causaldag.utils.ci_tests.ci_tester.CI_Tester, depth: Optional[int] = 4, nruns: int = 5, verbose: bool = False, initial_undirected: Union[str, causaldag.classes.undirected_graph.UndirectedGraph, None] = 'threshold', initial_permutations: Optional[List[T]] = None, fixed_orders={}, fixed_adjacencies={}, fixed_gaps={}, use_lowest=True, max_iters=inf, factor=2, progress_bar=False, summarize=False) -> (<class 'causaldag.classes.dag.DAG'>, typing.List[typing.List[typing.Dict]])[source]

	Estimate the Markov equivalence class of a DAG using the Greedy Sparsest Permutations (GSP) algorithm.


	Parameters

	
	nodes – Labels of nodes in the graph.


	ci_tester – A conditional independence tester, which has a method is_ci taking two sets A and B, and a conditioning set C,
and returns True/False.


	depth – Maximum depth in depth-first search. Use None for infinite search depth.


	nruns – Number of runs of the algorithm. Each run starts at a random permutation and the sparsest DAG from all
runs is returned.


	verbose – TODO


	initial_undirected – Option to find the starting permutation by using the minimum degree algorithm on an undirected graph that is
Markov to the data. You can provide the undirected graph yourself, use the default ‘threshold’ to do simple
thresholding on the partial correlation matrix, or select ‘None’ to start at a random permutation.


	initial_permutations – A list of initial permutations with which to start the algorithm. This option is helpful when there is
background knowledge on orders. This option is mutually exclusive with initial_undirected.


	fixed_orders – Tuples (i, j) where i is known to come before j.


	fixed_adjacencies – Tuples (i, j) where i and j are known to be adjacent.


	fixed_gaps – Tuples (i, j) where i and j are known to be non-adjacent.









See also

pcalg(), igsp(), unknown_target_igsp()




	Returns

	



	Return type

	(est_dag, summaries)













          

      

      

    

  

    
      
          
            
  
Random Graphs







	directed_erdos(nnodes[, density, exp_nbrs, …])

	Generate random Erdos-Renyi DAG(s) on nnodes nodes with density density.



	rand_weights(dag, rand_weight_fn)

	Generate a GaussDAG from a DAG, with random edge weights independently drawn from rand_weight_fn.










          

      

      

    

  

    
      
          
            
  
causaldag.rand.directed_erdos


	
causaldag.rand.directed_erdos(nnodes, density=None, exp_nbrs=None, size=1, as_list=False, random_order=True) → Union[causaldag.classes.dag.DAG, List[causaldag.classes.dag.DAG]][source]

	Generate random Erdos-Renyi DAG(s) on nnodes nodes with density density.


	Parameters

	
	nnodes – Number of nodes in each graph.


	density – Probability of any edge.


	size – Number of graphs.


	as_list – If True, always return as a list, even if only one DAG is generated.








Examples

>>> import causaldag as cd
>>> d = cd.rand.directed_erdos(5, .5)













          

      

      

    

  

    
      
          
            
  
causaldag.rand.rand_weights


	
causaldag.rand.rand_weights(dag, rand_weight_fn: Any = <function unif_away_zero>) → causaldag.classes.gaussdag.GaussDAG[source]

	Generate a GaussDAG from a DAG, with random edge weights independently drawn from rand_weight_fn.


	Parameters

	
	dag – DAG


	rand_weight_fn – Function to generate random weights.








Examples

>>> import causaldag as cd
>>> d = cd.DAG(arcs={(1, 2), (2, 3)})
>>> g = cd.rand.rand_weights(d)
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	causaldag.classes.dag

	causaldag.classes.pdag

	causaldag.rand.graphs

	causaldag.structure_learning.covariance

	causaldag.structure_learning.dag.gsp

	causaldag.structure_learning.undirected

	causaldag.utils.ci_tests.partial_correlation_test

	causaldag.utils.core_utils

	causaldag.utils.invariance_tests.gauss_invariance

	causaldag.utils.scores.gaussian_bge_score

	causaldag.utils.scores.gaussian_bic_score




          

      

      

    

  

    
      
          
            
  Source code for causaldag.classes.ancestral_graph

from collections import defaultdict
from causaldag.utils import core_utils
import itertools as itr
import numpy as np
import random
from typing import List, Iterable, Set, Dict, Hashable, Tuple, FrozenSet, Union
from causaldag.classes.custom_types import Node, DirectedEdge, BidirectedEdge, UndirectedEdge, NodeSet, warn_untested


class CycleError(Exception):
    def __init__(self):
        super().__init__()
        # def __init__(self, source, target):
        #     self.source = source
        #     self.target = target
        #     message = '%s -> %s will cause a cycle' % (source, target)
        #     super().__init__(message)


class SpouseError(Exception):
    def __init__(self):
        super().__init__()
        # def __init__(self, ancestor, desc):
        #     self.ancestor = ancestor
        #     self.desc = desc
        #     message = '%s <-> %s cannot be added since %s is an ancestor of %s' % (ancestor, desc, ancestor, desc)
        #     super().__init__(message)


class AdjacentError(Exception):
    def __init__(self, node1, node2, arrow_type):
        self.node1 = node1
        self.node2 = node2
        self.arrow_type = arrow_type
        message = '%s %s %s cannot be added since %s and %s are already adjacent' % (
            node1, arrow_type, node2, node1, node2)
        super().__init__(message)


class NeighborError(Exception):
    def __init__(self, node, neighbors=None, parents=None, spouses=None):
        self.node = node
        self.neighbors = neighbors
        self.parents = parents
        self.spouses = spouses
        if self.neighbors:
            message = 'The node %s has neighbors %s. Nodes cannot have neighbors and parents/spouses.' % (
                node, ','.join(map(str, neighbors)))
        elif self.parents:
            message = 'The node %s has parents %s. Nodes cannot have neighbors and parents/spouses.' % (
                node, ','.join(map(str, parents)))
        elif self.spouses:
            message = 'The node %s has spouses %s. Nodes cannot have neighbors and parents/spouses.' % (
                node, ','.join(map(str, spouses)))
        super().__init__(message)


def path2str(path):
    return '->'.join(map(str, path))


[docs]class AncestralGraph:
    """
    Base class for ancestral graphs, used to represent causal models with latent variables.
    """

    def __init__(
            self,
            nodes: Set = frozenset(),
            directed: Set = frozenset(),
            bidirected: Set = frozenset(),
            undirected: Set = frozenset()
    ):
        self._nodes = nodes.copy()
        self._directed = set()
        self._bidirected = set()
        self._undirected = set()

        self._neighbors = defaultdict(set)
        self._spouses = defaultdict(set)
        self._parents = defaultdict(set)
        self._children = defaultdict(set)
        self._adjacent = defaultdict(set)

        for i, j in directed:
            self._add_directed(i, j)
        for i, j in bidirected:
            self._add_bidirected(i, j)
        for i, j in undirected:
            self._add_undirected(i, j)

    def __eq__(self, other):
        if not isinstance(other, AncestralGraph):
            return False

        same_nodes = self._nodes == other._nodes
        same_directed = self._directed == other._directed
        same_bidirected = self._bidirected == other._bidirected
        same_undirected = self._undirected == other._undirected
        return same_nodes and same_directed and same_bidirected and same_undirected

[docs]    def copy(self):
        """
        Return a copy of this ancestral graph.

        Returns
        -------
        AncestralGraph:
            A copy of the ancestral graph.
        """
        return AncestralGraph(self.nodes, self.directed, self.bidirected, self.undirected)


    def induced_subgraph(self, nodes: Set[Node]):
        """
        Return the induced subgraph over only ``nodes``

        Parameters
        ----------
        nodes:
            Set of nodes for the induced subgraph.

        Returns
        -------
        AncestralGraph:
            Induced subgraph over ``nodes``.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
        >>> g.induced_subgraph({1, 2, 3})
        Directed edges: {(2, 3), (1, 3)}, Bidirected edges: {frozenset({1, 2})}, Undirected edges: set()
        """
        new_directed = {(i, j) for i, j in self._directed if i in nodes and j in nodes}
        new_bidirected = {(i, j) for i, j in self._bidirected if i in nodes and j in nodes}
        new_undirected = {(i, j) for i, j in self._undirected if i in nodes and j in nodes}

        return AncestralGraph(nodes, directed=new_directed, bidirected=new_bidirected, undirected=new_undirected)

    def __str__(self):
        return 'Directed edges: %s, Bidirected edges: %s, Undirected edges: %s' % (
        self._directed, self._bidirected, self._undirected)

    def __repr__(self):
        return str(self)

    # === MUTATORS
[docs]    def add_node(self, node: Node):
        """
        Add a node to the ancestral graph.

        Parameters
        ----------
        node:
            a hashable Python object

        See Also
        --------
        add_nodes_from

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph()
        >>> g.add_node(1)
        >>> g.add_node(2)
        >>> len(g.nodes)
        2
        """
        self._nodes.add(node)


[docs]    def add_nodes_from(self, nodes: Iterable[Node]):
        """
        Add nodes to the ancestral graph.

        Parameters
        ----------
        nodes:
            an iterable of hashable Python objects

        See Also
        --------
        add_node

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph()
        >>> g.add_nodes_from({1, 2})
        >>> len(g.nodes)
        2
        """
        for node in nodes:
            self._nodes.add(node)


    def _check_ancestral(self):
        self.topological_sort()

    def _mark_children_visited(self, node, any_visited, curr_path_visited, curr_path, stack):
        any_visited[node] = True
        curr_path_visited[node] = True
        curr_path.append(node)
        for child in self._children[node]:
            if not any_visited[child]:
                self._mark_children_visited(child, any_visited, curr_path_visited, curr_path, stack)
            elif curr_path_visited[child]:
                cycle = curr_path + [child]
                raise CycleError
        for spouse in self._spouses[node]:
            if curr_path_visited[spouse]:
                raise SpouseError
        curr_path.pop()
        curr_path_visited[node] = False
        stack.append(node)

    def topological_sort(self) -> list:
        """
        Return a linear order that is consistent with the partial order implied by ancestral relations of this graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
        >>> g.topological_sort()
        [4, 2, 1, 3]
        """
        any_visited = {node: False for node in self._nodes}
        curr_path_visited = {node: False for node in self._nodes}
        curr_path = []
        stack = []
        for node in self._nodes:
            if not any_visited[node]:
                self._mark_children_visited(node, any_visited, curr_path_visited, curr_path, stack)
        return list(reversed(stack))

[docs]    def add_directed(self, i: Node, j: Node):
        """
        Add a directed edge from node ``i`` to node ``j``.

        Parameters
        ----------
        i:
            source of directed edge.
        j:
            target of directed edge.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph()
        >>> g.add_directed(1, 2)
        >>> g.directed
        {(1, 2)}
        """
        self._add_directed(i, j)
        try:
            self._check_ancestral()
        except CycleError as e:
            self.remove_directed(i, j)
            raise e


[docs]    def add_bidirected(self, i: Node, j: Node):
        """
        Add a bidirected edge between nodes ``i`` and ``j``.

        Parameters
        ----------
        i:
            first endpoint of bidirected edge.
        j:
            second endpoint of bidirected edge.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph()
        >>> g.add_bidirected(1, 2)
        >>> g.bidirected
        {frozenset({i, j})}
        """
        self._add_bidirected(i, j)
        try:
            self._add_bidirected(i, j)
        except CycleError as e:
            self.remove_bidirected(i, j)
            raise e


[docs]    def add_undirected(self, i: Node, j: Node):
        """
        Add an undirected edge between nodes `i` and `j`.

        Parameters
        ----------
        i:
            first endpoint of undirected edge.
        j:
            second endpoint of undirected edge.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph()
        >>> g.add_undirected(1, 2)
        >>> g.undirected
        {frozenset({i, j})}
        """
        self._add_undirected(i, j)


    def _add_directed(self, i: Node, j: Node, ignore_error=False):
        if self.has_directed(i, j):
            return

        # === CHECK REMAINS ANCESTRAL
        if not ignore_error and self._neighbors[j]:
            raise NeighborError(j, self._neighbors[j])

        # === CHECK i AND j NOT ALREADY ADJACENT
        if i in self._adjacent[j]:
            if ignore_error:
                if self.has_directed(j, i):
                    self.remove_directed(j, i)
                elif self.has_bidirected(i, j):
                    self.remove_bidirected(i, j)
                else:
                    self.remove_undirected(i, j)
            else:
                raise AdjacentError(i, j, '->')

        self._nodes.add(i)
        self._nodes.add(j)
        self._directed.add((i, j))
        self._parents[j].add(i)
        self._children[i].add(j)

        self._adjacent[i].add(j)
        self._adjacent[j].add(i)

    def _add_bidirected(self, i: Node, j: Node, ignore_error=False):
        if self.has_bidirected(i, j):
            return

        # === CHECK REMAINS ANCESTRAL
        if not ignore_error and self._neighbors[i]:
            raise NeighborError(i, neighbors=self._neighbors[i])
        if not ignore_error and self._neighbors[j]:
            raise NeighborError(j, neighbors=self._neighbors[j])

        # === CHECK i AND j NOT ALREADY ADJACENT
        if i in self._adjacent[j]:
            if ignore_error:
                if self.has_directed(i, j):
                    self.remove_directed(i, j)
                elif self.has_directed(j, i):
                    self.remove_directed(j, i)
                else:
                    self.remove_undirected(i, j)
            else:
                raise AdjacentError(i, j, '<->')

        self._nodes.add(i)
        self._nodes.add(j)
        self._bidirected.add(frozenset({i, j}))
        self._spouses[j].add(i)
        self._spouses[i].add(j)

        self._adjacent[i].add(j)
        self._adjacent[j].add(i)

    def _add_undirected(self, i: Node, j: Node, ignore_error=False):
        if self.has_undirected(i, j):
            return

        # === CHECK REMAINS ANCESTRAL
        if self._parents[i]:
            raise NeighborError(i, parents=self._parents[i])
        if self._spouses[i]:
            raise NeighborError(i, spouses=self._spouses[i])
        if self._parents[j]:
            raise NeighborError(j, parents=self._parents[j])
        if self._spouses[j]:
            raise NeighborError(j, spouses=self._spouses[j])

        # === CHECK i AND j NOT ALREADY ADJACENT
        if i in self._adjacent[j]:
            if ignore_error:
                if self.has_directed(i, j):
                    self.remove_directed(i, j)
                elif self.has_directed(j, i):
                    self.remove_directed(j, i)
                else:
                    self.remove_bidirected(i, j)
            else:
                raise AdjacentError(i, j, '-')

        self._nodes.add(i)
        self._nodes.add(j)
        self._undirected.add(frozenset({i, j}))
        self._neighbors[j].add(i)
        self._neighbors[i].add(j)

        self._adjacent[i].add(j)
        self._adjacent[j].add(i)

[docs]    def remove_node(self, node: Node, ignore_error=False):
        """
        Remove ``node``.

        Parameters
        ----------
        node
            The node to be removed.
        ignore_error:
            If False, raises an error when the node does not belong to the graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
        >>> g.remove_node(4)
        >>> g
        Directed edges: {(2, 3), (1, 3)}, Bidirected edges: {frozenset({1, 2})}, Undirected edges: set()
        """
        try:
            self._nodes.remove(node)
            for parent in self._parents[node]:
                self._children[parent].remove(node)
                self._adjacent[parent].remove(node)
                self._directed.remove((parent, node))
            for child in self._children[node]:
                self._parents[child].remove(node)
                self._adjacent[child].remove(node)
                self._directed.remove((node, child))
            for spouse in self._spouses[node]:
                self._spouses[spouse].remove(node)
                self._adjacent[spouse].remove(node)
                self._bidirected.remove(frozenset({spouse, node}))
            for nbr in self._neighbors[node]:
                self._neighbors[nbr].remove(node)
                self._adjacent[nbr].remove(node)
                self._undirected.remove(frozenset({nbr, node}))

            del self._children[node]
            del self._parents[node]
            del self._spouses[node]
            del self._neighbors[node]
            del self._adjacent[node]
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e


[docs]    def remove_directed(self, i: Node, j: Node, ignore_error=False):
        """
        Remove the directed edge from ``i`` to ``j``.

        Parameters
        ----------
        i:
            source of directed edge.
        j:
            target of directed edge.
        ignore_error:
            If False, raises an error when the directed edge does not belong to the graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
        >>> g.remove_directed(1, 3)
        >>> g
        Directed edges: {(2, 3)}, Bidirected edges: {frozenset({1, 4}), frozenset({1, 2})}, Undirected edges: set()
        """
        try:
            self._directed.remove((i, j))
            self._children[i].remove(j)
            self._parents[j].remove(i)
            self._adjacent[i].remove(j)
            self._adjacent[j].remove(i)
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e


[docs]    def remove_bidirected(self, i: Node, j: Node, ignore_error=False):
        """
        Remove the bidirected edge between ``i`` and ``j``.

        Parameters
        ----------
        i:
            first endpoint of bidirected edge.
        j:
            second endpoint of bidirected edge.
        ignore_error:
            If False, raises an error when the bidirected edge does not belong to the graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(bidirected={(1, 2), (1, 4)}, directed={(1, 3), (2, 3)})
        >>> g.remove_bidirected(1, 2)
        >>> g
        Directed edges: {(2, 3), (1, 3)}, Bidirected edges: {frozenset({1, 4})}, Undirected edges: set()
        """
        try:
            self._bidirected.remove(frozenset({i, j}))
            self._spouses[i].remove(j)
            self._spouses[j].remove(i)
            self._adjacent[i].remove(j)
            self._adjacent[j].remove(i)
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e


[docs]    def remove_undirected(self, i: Node, j: Node, ignore_error=False):
        """
        Remove the undirected edge between ``i`` and ``j``.

        Parameters
        ----------
        i:
            first endpoint of undirected edge.
        j:
            second endpoint of undirected edge.
        ignore_error:
            If False, raises an error when the undirected edge does not belong to the graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(1, 2), (1, 3)}, undirected={(1, 4)})
        >>> g.remove_undirected(1, 4)
        >>> g
        Directed edges: {(1, 2), (1, 3)}, Bidirected edges: set(), Undirected edges: set()
        """
        try:
            self._undirected.remove(frozenset({i, j}))
            self._neighbors[i].remove(j)
            self._neighbors[j].remove(i)
            self._adjacent[i].remove(j)
            self._adjacent[j].remove(i)
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e


[docs]    def remove_edge(self, i: Node, j: Node, ignore_error=False):
        """
        Remove the edge between ``i`` and ``j``, regardless of edge type.

        Parameters
        ----------
        i:
            first endpoint of edge.
        j:
            second endpoint of edge.
        ignore_error:
            If False, raises an error when the edge does not belong to the graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(1, 2), (1, 3)}, undirected={(1, 4)})
        >>> g.remove_edge(1, 4)
        >>> g
        Directed edges: {(1, 2), (1, 3)}, Bidirected edges: set(), Undirected edges: set()
        """
        if self.has_bidirected(i, j):
            self.remove_bidirected(i, j)
        elif self.has_directed(i, j):
            self.remove_directed(i, j)
        elif self.has_directed(j, i):
            self.remove_directed(j, i)
        elif self.has_undirected(i, j):
            self.remove_undirected(i, j)
        elif not ignore_error:
            raise KeyError


[docs]    def remove_edges(self, edges: Iterable, ignore_error=False):
        """
        Remove all edges in ``edges`` from the graph, regardless of edge type.

        Parameters
        ----------
        edges
            The edges to be removed from the graph.
        ignore_error:
            If False, raises an error when any edge does not belong to the graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(1, 2), (1, 3)}, undirected={(1, 4)})
        >>> g.remove_edges([(1, 4), (1, 2)])
        >>> g
        Directed edges: {(1, 3)}, Bidirected edges: set(), Undirected edges: set()
        """
        for i, j in edges:
            self.remove_edge(i, j, ignore_error=ignore_error)


    # === PROPERTIES
    @property
    def nodes(self) -> Set[Node]:
        return self._nodes.copy()

    @property
    def nnodes(self) -> int:
        return len(self._nodes)

    @property
    def directed(self) -> Set[DirectedEdge]:
        return self._directed.copy()

    @property
    def num_directed(self) -> int:
        return len(self._directed)

    @property
    def bidirected(self) -> Set[BidirectedEdge]:
        return self._bidirected.copy()

    @property
    def num_bidirected(self) -> int:
        return len(self._bidirected)

    @property
    def undirected(self) -> Set[UndirectedEdge]:
        return self._undirected.copy()

    @property
    def num_undirected(self) -> int:
        return len(self._undirected)

    @property
    def num_edges(self) -> int:
        return self.num_directed + self.num_bidirected + self.num_undirected

    @property
    def skeleton(self) -> Set[UndirectedEdge]:
        return {frozenset({i, j}) for i, j in self._bidirected | self._undirected | self._directed}

[docs]    def children_of(self, i: NodeSet) -> Set[Node]:
        """
        Return the children of the node or set of nodes ``i``.

        Parameters
        ----------
        i
            Node.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(1, 2), (2, 3)}, undirected={(1, 4)})
        >>> g.children_of(1)
        {2}
        >>> g.children_of({1, 2})
        {2, 3}
        """
        if isinstance(i, set):
            return set.union(*(self._children[n] for n in i))
        else:
            return self._children[i].copy()


[docs]    def parents_of(self, nodes: NodeSet) -> Set[Node]:
        """
        Return the parents of the node or set of nodes ``nodes``.

        Parameters
        ----------
        nodes
            Nodes.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(1, 2), (2, 3)}, undirected={(1, 4)})
        >>> g.parents_of(2)
        {1}
        >>> g.parents_of({2, 3})
        {1, 2}
        """
        if isinstance(nodes, set):
            return set.union(*(self._parents[n] for n in nodes))
        else:
            return self._parents[nodes].copy()


[docs]    def spouses_of(self, nodes: NodeSet) -> Set[Node]:
        """
        Return the spouses of the node or set of nodes ``nodes``.

        Parameters
        ----------
        nodes
            Nodes.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(1, 2), (2, 3)}, bidirected={(1, 4), (2, 5)})
        >>> g.spouses_of(1)
        {4}
        >>> g.spouses_of({1, 2})
        {4, 5}
        """
        if isinstance(nodes, set):
            return set.union(*(self._spouses[n] for n in nodes))
        else:
            return self._spouses[nodes].copy()


[docs]    def neighbors_of(self, nodes: NodeSet) -> Set[Node]:
        """
        Return the neighbors of the node or set of nodes ``nodes``.

        Parameters
        ----------
        nodes
            Nodes.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(1, 3), (2, 3)}, undirected={(1, 4), (2, 5)})
        >>> g.neighbors_of(1)
        {4}
        >>> g.neighbors_of({1, 2})
        {4, 5}
        """
        if isinstance(nodes, set):
            return set.union(*(self._neighbors[n] for n in nodes))
        else:
            return self._neighbors[nodes].copy()


    def _add_ancestors(self, ancestors, node, exclude_arcs=set()):
        for parent in self._parents[node]:
            if parent not in ancestors and (parent, node) not in exclude_arcs:
                ancestors.add(parent)
                self._add_ancestors(ancestors, parent, exclude_arcs=exclude_arcs)

    def _add_descendants(self, descendants, node, exclude_arcs=set()):
        for child in self._children[node]:
            if child not in descendants and (child, node) not in exclude_arcs:
                descendants.add(child)
                self._add_descendants(descendants, child, exclude_arcs=exclude_arcs)

[docs]    def ancestors_of(self, nodes: NodeSet, exclude_arcs=set()) -> Set[Node]:
        """
        Return the ancestors of the node or set of nodes ``nodes``.

        Parameters
        ----------
        nodes:
            Set of nodes.
        exclude_arcs:
            TODO

        See Also
        --------
        descendants_of

        Return
        ------
        Set[node]
            Return all nodes j such that there is a directed path from j to node.

        Example
        -------
        TODO
        """
        ancestors = set()
        if not isinstance(nodes, set):
            self._add_ancestors(ancestors, nodes, exclude_arcs=exclude_arcs)
        else:
            return set.union(*(self.ancestors_of(node) for node in nodes))
        return ancestors


    def ancestor_dict(self) -> dict:
        """
        Return a dictionary from each node to its ancestors.

        See Also
        --------
        ancestors_of

        Return
        ------
        Dict[node,Set]
            Mapping node to ancestors

        Example
        -------
        TODO
        """
        top_sort = self.topological_sort()

        node2ancestors_plus_self = defaultdict(set)
        for node in top_sort:
            node2ancestors_plus_self[node].add(node)
            for child in self._children[node]:
                node2ancestors_plus_self[child].update(node2ancestors_plus_self[node])

        for node in self._nodes:
            node2ancestors_plus_self[node] -= {node}

        return core_utils.defdict2dict(node2ancestors_plus_self, self._nodes)

    def descendant_dict(self) -> dict:
        """
        Return a dictionary from each node to its descendants.

        See Also
        --------
        ancestors_of

        Return
        ------
        Dict[node,Set]
            Mapping node to ancestors

        Example
        -------
        TODO
        """
        top_sort = self.topological_sort()

        node2descendants_plus_self = defaultdict(set)
        for node in reversed(top_sort):
            node2descendants_plus_self[node].add(node)
            for parent in self._parents[node]:
                node2descendants_plus_self[parent].update(node2descendants_plus_self[node])

        for node in self._nodes:
            node2descendants_plus_self[node] -= {node}

        return core_utils.defdict2dict(node2descendants_plus_self, self._nodes)

[docs]    def descendants_of(self, nodes: NodeSet, exclude_arcs=set()) -> Set[Node]:
        """
        Return the descendants of the node or set of nodes ``nodes``.

        Parameters
        ----------
        nodes:
            The nodes.

        See Also
        --------
        ancestors_of

        Return
        ------
        Set[node]
            Return all nodes j such that there is a directed path from node j.

        Example
        -------
        TODO
        """
        descendants = set()
        if not isinstance(nodes, set):
            self._add_descendants(descendants, nodes, exclude_arcs=exclude_arcs)
        else:
            return set.union(*(self.descendants_of(node) for node in nodes))
        return descendants


    def has_directed(self, i: Node, j: Node) -> bool:
        """
        Check if this graph has the directed edge ``i``->``j``.

        See Also
        --------
        has_bidirected
        has_undirected
        has_any_edge

        Parameters
        ----------
        i:
            Node.
        j:
            Node.

        Examples
        --------
        TODO
        """
        return (i, j) in self._directed

    def has_bidirected(self, i: Node, j: Node) -> bool:
        """
        Check if this graph has a bidirected edge between ``i`` and ``j``.

        See Also
        --------
        has_directed
        has_undirected
        has_any_edge

        Parameters
        ----------
        i:
            Node.
        j:
            Node.

        Examples
        --------
        TODO
        """
        return frozenset({i, j}) in self._bidirected

    def has_undirected(self, i: Node, j: Node) -> bool:
        """
        Check if this graph has an undirected edge between ``i`` and ``j``.

        See Also
        --------
        has_directed
        has_bidirected
        has_any_edge

        Parameters
        ----------
        i:
            Node.
        j:
            Node.

        Examples
        --------
        TODO
        """
        return frozenset({i, j}) in self._undirected

    def has_any_edge(self, i: Node, j: Node) -> bool:
        """
        Check if ``i`` and ``j`` are adjacent in this graph.

        See Also
        --------
        has_directed
        has_bidirected
        has_undirected

        Parameters
        ----------
        i:
            Node.
        j:
            Node.

        Examples
        --------
        TODO
        """
        return self.has_directed(i, j) or self.has_directed(j, i) or self.has_bidirected(i, j) or self.has_undirected(i,
                                                                                                                      j)

    def vstructures(self) -> Set[Tuple]:
        """
        TODO

        Examples
        --------
        TODO
        """
        vstructs = set()
        for node in self._nodes:
            for p1, p2 in itr.combinations(self._parents[node] | self._spouses[node], 2):
                if not self.has_any_edge(p1, p2):
                    p1_, p2_ = sorted((p1, p2))
                    vstructs.add((p1_, node, p2_))
        return vstructs

    def colliders(self) -> set:
        """
        TODO

        Examples
        --------
        TODO
        """
        return {node for node in self._nodes if len(self._parents[node] | self._spouses[node]) >= 2}

    def _bidirected_reachable(self, node, tmp: Set[Node], visited: Set[Node], node_subset=None) -> Set[Node]:
        node_subset = self._nodes if node_subset is None else node_subset
        visited.add(node)
        tmp.add(node)
        for spouse in filter(lambda spouse: spouse not in visited, self._spouses[node] & node_subset):
            tmp = self._bidirected_reachable(spouse, tmp, visited, node_subset=node_subset)
        return tmp

    def c_components(self) -> List[set]:
        """
        Return the c-components of this graph.

        Return
        ------
        List[Set[node]]
            Return the partition of nodes coming from the relation of reachability by bidirected edges.

        Examples
        --------
        TODO
        """
        node_queue = self._nodes.copy()
        components = []
        visited_nodes = set()

        while node_queue:
            node = node_queue.pop()
            if node not in visited_nodes:
                components.append(self._bidirected_reachable(node, set(), visited_nodes))

        return components

    def district_of(self, node: Node, node_subset=None) -> Set[Node]:
        """
        Return the district of a node, i.e., the set of nodes reachable by bidirected edges. If ``node_subset`` is
        provided, do this on the induced subgraph on that subset of nodes.

        Return
        ------
        Set[node]
            The district of node.

        Examples
        --------
        TODO
        """
        return self._bidirected_reachable(node, set(), set(), node_subset=node_subset)

    def discriminating_paths(self, verbose=False) -> Dict[Tuple, str]:
        """
        TODO

        Parameters
        ----------
        TODO

        Examples
        --------
        TODO
        """
        colliders = self.colliders()
        discriminating_paths = {}
        if verbose: print("Checking discriminating paths")
        for j, parents in self._parents.items():  # potential endpoints of discriminating paths
            if verbose: print(j)
            if not parents:
                continue
            nonadjacent = self._nodes - parents - self._children[j] - self._spouses[j] - {j}
            if verbose: print(f"Checking node {j} and non-adjacent nodes {nonadjacent}")
            for i in nonadjacent:  # potential start points of discriminating paths
                # search all paths that satisfy discriminating path criteria
                path_queue = [
                    [i, k]
                    for k in self._spouses[i] | self._children[i]
                    if k in colliders and j in self._children[k]
                ]
                while path_queue:
                    path = path_queue.pop(0)
                    final_node = path[-1]
                    # check if path is discriminating for the next node
                    for k in filter(lambda k: k not in path, self._spouses[final_node]):
                        if j in self._spouses[k]:
                            full_path = path.copy()
                            full_path.extend([k, j])
                            discriminating_paths[tuple(full_path)] = 'c'
                        elif j in self._children[k]:
                            full_path = path.copy()
                            full_path.extend([k, j])
                            discriminating_paths[tuple(full_path)] = 'n'
                    for k in filter(lambda k: k not in path, self._parents[final_node]):
                        if j in self._children[k]:
                            full_path = path.copy()
                            full_path.extend([k, j])
                            discriminating_paths[tuple(full_path)] = 'n'

                    # extend path
                    for k in self._spouses[final_node]:
                        if k not in path and k in colliders and j in self._children[k]:
                            new_path = path.copy()
                            new_path.append(k)
                            path_queue.append(new_path)
        return discriminating_paths

    def _reachable(self, start_node, end_node, visited=set(), allowed_edges={'b', 'u', 'c', 'p'},
                   predicate=lambda node: True, verbose=False):
        allowed_nbrs = set()
        if 'b' in allowed_edges:
            allowed_nbrs.update(self._spouses[start_node])
        if 'u' in allowed_edges:
            allowed_nbrs.update(self._neighbors[start_node])
        if 'c' in allowed_edges:
            allowed_nbrs.update(self._children[start_node])
        if 'p' in allowed_edges:
            allowed_nbrs.update(self._parents[start_node])

        allowed_nbrs = {nbr for nbr in allowed_nbrs if predicate(nbr)}
        if verbose: print(f"Allowed neighbors of {start_node}: {allowed_nbrs}")
        if verbose: print(f"Visited: {visited}")

        results = []
        for nbr in allowed_nbrs:
            if nbr in visited:
                continue
            visited.add(nbr)
            if nbr == end_node:
                if verbose: print("Reached end node")
                return True
            results.append(
                self._reachable(nbr, end_node, visited=visited, allowed_edges=allowed_edges, predicate=predicate,
                                verbose=verbose))

        if verbose: print("reachability results:", results)
        return any(results)

    # === ???
    def pairwise_markov_statements(self) -> Set[Tuple[Node, Node, FrozenSet[Node]]]:
        """
        TODO

        Examples
        --------
        TODO
        """
        statements = set()
        for i, j in itr.combinations(self._nodes, 2):
            if not self.has_any_edge(i, j):
                statements.add((i, j, frozenset(self.ancestors_of(i) | self.ancestors_of(j) - {i, j})))
        return statements

    def is_imap(self, other, certify: bool = False) -> bool:
        """
        Check if this graph is an IMAP of the graph ``other``, i.e., all m-separation statements in this graph
        are also m-separation statements in ``other``.

        Parameters
        ----------
        other:
            Another DAG.
        certify:
            TODO

        See Also
        --------
        is_minimal_imap

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(arcs={(1, 2), (3, 2)})
        TODO
        """
        if not self.is_maximal():
            raise Exception("Your graph is not maximal")

        certificate = next(
            ((i, j, S) for i, j, S in self.pairwise_markov_statements() if not other.msep(i, j, S)),
            None)
        is_imap_ = certificate is None
        if certify:
            return is_imap_, certificate
        else:
            return is_imap_

    # def is_minimal_imap(self, other, certify=False):
    #     print("THIS HAS NOT BEEN TESTED")
    #     certificate = next((
    #         i, j for i, j in self._directed | self._bidirected
    #         if other.msep(i, j, self.ancestors_of(i) | self.ancestors_of(j) - {i, j})
    #     ), False)
    #     res = not certificate and self.is_imap(other)
    #     if not certify:
    #         return res
    #     else:
    #         return res, certificate

    def is_minimal_imap(self, other, certify: bool = False, check_imap=True) -> bool:
        """
        TODO

        Parameters
        ----------
        TODO

        Examples
        --------
        TODO
        """
        if check_imap and not self.is_imap(other):
            return False, None

        for i, j in random.sample(list(self._directed) + list(self._bidirected),
                                  self.num_bidirected + self.num_directed):
            new_mag = self.copy()
            if self.has_bidirected(i, j):
                new_mag.remove_bidirected(i, j)
            if self.has_directed(i, j):
                new_mag.remove_directed(i, j)
            if new_mag.is_maximal() and new_mag.is_imap(other):
                if certify:
                    return False, (i, j)
                else:
                    return False
        if certify:
            return True, None
        else:
            return True

    def is_minimal_imap2(self, other, certify=False, check_imap=True, validate=False):
        if check_imap and not self.is_imap(other):
            return False, None

        for i, j in random.sample(list(self._directed) + list(self._bidirected),
                                  self.num_directed + self.num_bidirected):
            if other.msep(i, j, self.ancestors_of(i) | self.ancestors_of(j) - {i, j}):
                new_mag = self.copy()
                if self.has_bidirected(i, j):
                    new_mag.remove_bidirected(i, j)
                else:
                    new_mag.remove_directed(i, j)
                if new_mag.is_maximal():
                    if validate:
                        if not new_mag.is_imap(other):
                            raise Exception
                    if certify:
                        return False, (i, j)
                    else:
                        return False
        if certify:
            return True, None
        else:
            return True

    def is_minimal_imap3(self, other, certify=False, check_imap=True, validate=False, verbose=False):
        if check_imap and not self.is_imap(other):
            return False, None

        for i, j in random.sample(list(self._directed) + list(self._bidirected),
                                  self.num_directed + self.num_bidirected):
            new_mag = self.copy()
            if self.has_bidirected(i, j):
                new_mag.remove_bidirected(i, j)
            else:
                new_mag.remove_directed(i, j)
            current_markov_blanket = set.union(*(set(v) for v in self.markov_blanket(j).values())) | self.district_of(j)
            new_markov_blanket = set.union(*(set(v) for v in new_mag.markov_blanket(j).values())) | new_mag.district_of(
                j)
            mb_difference = (current_markov_blanket - new_markov_blanket - {j}) | {i}
            rest = new_markov_blanket - {i, j}
            if verbose: print(f'i={i}, j={j}, mb_diff={mb_difference}, rest={rest}')
            if verbose: print("H", self)
            if verbose: print("G", other)

            if other.msep(i, mb_difference, rest) and new_mag.is_maximal():
                print('here')
                if validate:
                    if not new_mag.is_imap(other):
                        raise Exception
                if certify:
                    return False, (i, j)
                else:
                    return False
        if certify:
            return True, None
        else:
            return True

    def is_minimal_imap4(self, other, certify=False, check_imap=True, validate=False, extra_validate=False,
                         verbose=False):
        if check_imap and not self.is_imap(other):
            raise Exception("Not an IMAP")
            print("isn't imap")
            return False, None

        if extra_validate:
            for i, j in self._directed | self._bidirected:
                new_mag = self.copy()
                new_mag.remove_edge(i, j)
                s = new_mag.induced_subgraph(new_mag.ancestors_of({i, j}) | {i, j}).markov_blanket(j, flat=True) - {j}
                if other.msep(i, j, s) and new_mag.is_maximal():
                    if not new_mag.is_imap(other):
                        raise Exception("CI test not sufficient", new_mag, other, i, j, s)
            print('extra validated')

        for i, j in random.sample(list(self._directed) + list(self._bidirected),
                                  self.num_directed + self.num_bidirected):
            change = False
            new_mag = self.copy()
            new_mag.remove_edge(i, j)

            # works:
            set1 = (new_mag.markov_blanket(j, flat=True) & new_mag.ancestors_of(i)) | new_mag.parents_of(j)
            remove_edge = other.msep(i, j, set1)

            # new:
            set2 = new_mag.induced_subgraph(new_mag.ancestors_of({i, j}) | {i, j}).markov_blanket(j, flat=True) - {i, j}
            remove_edge2 = other.msep(i, j, set2)
            # print(i, j, set2)
            set3 = new_mag.markov_blanket(j, flat=True) & new_mag.ancestors_of({j}) - {j}

            # if set2 != set3:
            #     print(new_mag, j, set2, set3)

            if remove_edge2:
                change = True
            # if self.has_bidirected(i, j) and other.msep(i, j, self.parents_of(j)) and other.msep(i, j, self.parents_of(i)):
            #     new_mag = self.copy()
            #     new_mag.remove_bidirected(i, j)
            #     change = True
            # elif self.has_directed(i, j) and other.msep(i, j, self.parents_of(j) - {i}):
            #     new_mag = self.copy()
            #     new_mag.remove_directed(i, j)
            #     change = True
            if change and new_mag.is_maximal():
                if validate:
                    if not new_mag.is_imap(other):
                        raise Exception("CI test isn't sufficient: new MAG is not an IMAP")
                if certify:
                    return False, (i, j)
                else:
                    return False

        if certify:
            return True, None
        else:
            return True

    def markov_blanket(self, node, flat: bool = False) -> Union[Set[Node], Dict]:
        """
        Return the Markov blanket of a node with respect to the whole graph.

        Parameters
        ----------
        node:
            The node whose Markov blanket to find.
        flat:
            if ``True``, return the Markov blanket as a set, otherwise return a dictionary mapping nodes in the district
            of node to their parents.

        Returns
        -------
        The Markov blanket of node, including the node itself.
        """
        if not flat:
            return {d: self._parents[d] for d in self.district_of(node)}
        else:
            district = self.district_of(node)
            return district | set.union(*(self._parents[d] for d in district)) | {node}

    def resolved_quasisinks(self, other):
        res_qsinks = set()
        while True:
            new_resolved = {
                node for node in self._nodes - res_qsinks
                if not (self._children[node] - res_qsinks) and
                                 not (other._children[node] - res_qsinks) and
                                 self.markov_blanket(node) == other.markov_blanket_of(node)
            }
            res_qsinks.update(new_resolved)
            if not new_resolved:
                break

        return res_qsinks

    def is_maximal(self, new=True, verbose=False) -> bool:
        """
        TODO

        Parameters
        ----------
        TODO

        Examples
        --------
        TODO
        """
        new_mag = self.copy()
        new_mag.to_maximal(new=new, verbose=verbose)
        return new_mag == self

    def to_maximal(self, new=True, verbose=False):
        """
        TODO

        Parameters
        ----------
        TODO

        Examples
        --------
        TODO
        """
        if new:
            converged = False
            while not converged:
                # === NEED DICTIONARY OF ANCESTORS AND C-COMPONENTS TO CHECK INDUCING PATHS
                ancestor_dict = self.ancestor_dict()
                c_components = self.c_components()
                node2component = dict()
                for ix, component in enumerate(c_components):
                    for node in component:
                        node2component[node] = ix
                if verbose: print('==========')
                if verbose: print('Ancestor dict:', ancestor_dict)
                if verbose: print('C components', c_components)

                # === FIND INDUCING PATHS BETWEEN PAIRS OF NODE
                induced_pairs = []

                non_adjacent_pairs = ((i, j) for i, j in itr.combinations(self._nodes, 2) if
                                      not self.has_any_edge(i, j))
                for node1, node2 in non_adjacent_pairs:
                    check_ancestry = lambda node: node in ancestor_dict[node1] or node in ancestor_dict[node2]
                    nbrs1 = self._children[node1] | self._spouses[node1]
                    nbrs2 = self._children[node2] | self._spouses[node2]
                    if verbose: print(f"-------------\nChecking {node1} and {node2}")

                    # ONLY CHECK PATHS BETWEEN SPOUSES/CHILDREN THAT ARE IN THE SAME C-COMPONENT
                    for nbr1, nbr2 in itr.product(nbrs1, nbrs2):
                        same_component = node2component[nbr1] == node2component[nbr2]
                        if same_component and nbr1 in ancestor_dict[node2] and nbr2 in ancestor_dict[node1]:
                            if verbose: print(f"Checking neighbors {nbr1} (for {node1}) and {nbr2} (for {node2})")
                            if self._reachable(nbr1, nbr2, visited=set(), allowed_edges={'b'}, predicate=check_ancestry,
                                               verbose=verbose):
                                if verbose: print("Reachable")
                                induced_pairs.append((node1, node2))
                                continue
                            elif verbose:
                                print("No path")
                if verbose: print(f"found induced pairs: {induced_pairs}")
                for node1, node2 in induced_pairs:
                    self.add_bidirected(node1, node2)

                converged = len(induced_pairs) == 0
                # print('converged:', converged)
        else:
            for i, j in itr.combinations(self._nodes, r=2):
                if not self.has_any_edge(i, j):
                    never_msep = not any(self.msep(i, j, S) for S in core_utils.powerset(self._nodes - {i, j}))
                    if never_msep: self.add_bidirected(i, j)

    def to_pag(self):
        raise NotImplementedError

    # === CONVERTERS
[docs]    def to_amat(self) -> np.ndarray:
        """
        Convert the graph into an adjacency matrix.
        TODO: meaning of numbers

        Returns
        -------
        amat
            The adjacency matrix of this graph.

        Examples
        --------
        TODO
        """
        amat = np.zeros([self.nnodes, self.nnodes])
        for i, j in self.directed:
            amat[i, j] = 2
            amat[j, i] = 3
        for i, j in self.bidirected:
            amat[i, j] = 2
            amat[j, i] = 2
        for i, j in self.undirected:
            amat[i, j] = 3
            amat[j, i] = 3
        return amat


[docs]    @staticmethod
    def from_amat(amat: np.ndarray):
        """
        Create a graph from an adjacency matrix.
        TODO: meaning of numbers

        Parameters
        ----------
        amat
            The adjacency matrix

        Examples
        --------
        TODO
        """
        p = amat.shape[0]
        directed = set()
        bidirected = set()
        undirected = set()
        for i, j in itr.combinations(set(range(p)), 2):
            vij = amat[i, j]
            vji = amat[j, i]
            if vij == 2 and vji == 3:  # arrowhead at j
                directed.add((i, j))
            elif vij == 3 and vji == 2:  # arrowhead at i
                directed.add((j, i))
            elif vij == 2 and vji == 2:  # arrowheads at both
                bidirected.add((i, j))
            elif vij == 3 and vji == 3:  # no arrowhead
                undirected.add((i, j))
        return AncestralGraph(set(range(p)), directed, bidirected, undirected)


    # === COMPARISON
[docs]    def markov_equivalent(self, other) -> bool:
        """
        Check if this graph is Markov equivalent to the graph ``other``. Two graphs are Markov equivalent iff.
        they have the same skeleton, same v-structures, and if whenever there is the same discriminating path for some
        node in both graphs, the node is a collider on that path in one graph iff. it is a collider on that path in
        the other graph.

        Parameters
        ----------
        other:
            another AncestralGraph.

        Examples
        --------
        TODO
        """
        same_skeleton = self.skeleton == other.skeleton
        same_vstructures = self.vstructures() == other.vstructures()

        self_discriminating_paths = self.discriminating_paths()
        other_discriminating_paths = other.discriminating_paths()
        shared_disc_paths = set(self_discriminating_paths.keys()) & set(other_discriminating_paths)
        same_discriminating = all(
            self_discriminating_paths[path] == other_discriminating_paths[path]
            for path in shared_disc_paths
        )

        return same_skeleton and same_vstructures and same_discriminating


    def fast_markov_equivalent(self, other) -> bool:
        """
        Use Algorithm 1 of "Faster algorithms for Markov equivalence" (Hu and Evans, 2020) to check for Markov
        equivalence between two graphs.
        """
        if self.skeleton != other.skeleton:
            return False
        if self.vstructures() != other.vstructures():
            return False
        if self.discriminating_triples() != other.discriminating_triples():
            return False
        return True

    def _tail_of(self, v: Node, w: Node, ancestor_dict: dict):
        ancestors = ancestor_dict[v] | ancestor_dict[w] | {v, w}
        d = self.district_of(v, ancestors)
        p = self.parents_of(d)
        return p | d - {v, w}

    def discriminating_triples(self, verbose=False):
        """
        Return the discriminating triples of the graph, which are triples of nodes that determine the discriminating
        paths.
        """
        d_triples = set()
        ancestor_dict = self.ancestor_dict()
        desc_dict = self.descendant_dict()

        for v, w in self._bidirected:
            tail_vw = self._tail_of(v, w, ancestor_dict)

            # LINES 10-12
            for z in tail_vw:
                if not (self.has_any_edge(v, z) and self.has_any_edge(w, z)):
                    if verbose: print(f"{z} in tail of ({v, w})")
                    d_triples.add(frozenset({v, w, z}))

            # LINES 13-17
            a = ancestor_dict[v] | ancestor_dict[w] | {v, w}
            d = desc_dict[v] | desc_dict[w] | {v, w}
            for z in self.spouses_of(a) & self.district_of(v) - (a | d):
                if not (self.has_any_edge(v, z) and self.has_any_edge(w, z)):
                    dis = self.district_of(v, a | ancestor_dict[z] | {z})
                    if z in dis:
                        if verbose: print(f"{z} in district of {v} restricted to spouses, district")
                        d_triples.add(frozenset({v, w, z}))

        return d_triples | {frozenset(vstruct) for vstruct in self.vstructures()}

    def get_all_mec(self):
        """
        TODO

        Examples
        --------
        TODO
        """
        visited = set()
        queue = [self]
        mags = []

        while queue:
            mag = queue.pop()
            mags.append(mag)
            curr_dir, curr_bidir = frozenset(mag._directed), frozenset({frozenset({*e}) for e in mag._bidirected})
            visited.add((curr_dir, curr_bidir))
            lmcs_dir, lmcs_bidir = mag.legitimate_mark_changes()
            for i, j in lmcs_dir:
                new_dir = curr_dir - {(i, j)}
                new_bidir = curr_bidir | {frozenset({i, j})}
                if (new_dir, new_bidir) not in visited:
                    new_mag = mag.copy()
                    new_mag.remove_directed(i, j)
                    new_mag.add_bidirected(i, j)
                    queue.append(new_mag)
            for i, j in lmcs_bidir:
                new_dir = curr_dir | {(i, j)}
                new_bidir = curr_bidir - {frozenset({i, j})}
                if (new_dir, new_bidir) not in visited:
                    new_mag = mag.copy()
                    new_mag.remove_bidirected(i, j)
                    new_mag.add_directed(i, j)
                    queue.append(new_mag)

        return mags

[docs]    def shd_skeleton(self, other) -> int:
        """
        Compute the structure Hamming distance between the skeleton of this graph and the skeleton of another graph.

        Parameters
        ----------
        other:
            the graph to which the SHD of the skeleton will be computed.

        Return
        ------
        int
            The structural Hamming distance between :math:`G_1` and :math:`G_2` is the minimum number of arc additions,
            deletions, and reversals required to transform :math:`G_1` into :math:`G_2` (and vice versa).

        Example
        -------
        >>> TODO
        """
        return len(self.skeleton.symmetric_difference(other.skeleton))


    def as_hashed(self):
        """
        TODO

        Examples
        --------
        TODO
        """
        return frozenset(self._directed), frozenset(self._bidirected), frozenset(self._undirected)

    # === Algorithms
    def _add_upstream(self, upstream: set, node: Node):
        for parent in self._parents[node]:
            if parent not in upstream:
                upstream.add(parent)
                self._add_upstream(upstream, parent)

    def _is_collider(self, u: Node, v: Node, w: Node) -> bool:
        """return True if u-v-w is a collider"""
        if v in self._children[u] and v in self._children[w]:
            return True
        elif v in self._children[u] and v in self._spouses[w]:
            return True
        elif v in self._spouses[u] and v in self._children[w]:
            return True
        elif v in self._spouses[u] and v in self._spouses[w]:
            return True
        else:
            return False

    def _no_other_path(self, i: Node, j: Node, ancestor_dict: dict) -> bool:
        """
        Check if there is any path from ``i`` to ``j`` other than possibly the direct edge i->j.
        """
        other_ancestors_j = ancestor_dict[j] - {i}
        return (other_ancestors_j & self._children[i]) == set()

    def legitimate_mark_changes(self, verbose=False, strict=True):
        """
        Return directed edges that can be changed to bidirected edges, and bidirected edges that can be changed to
        directed edges.

        Parameters
        ----------
        verbose:
            If True, print each possible mark change and which condition it fails, if any.
        strict:
            If True, check discriminating path condition. Otherwise, check only equality of parents and spouses.

        Return
        ------
        (mark_changes_dir, mark_changes_bidir)
            Directed edges that can be changed to bidirected edges, and bidirected edges that can be changed to directed
            edges (which will be the new directed edge).

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.AncestralGraph(directed={(0, 1)}, bidirected={(1, 2)})
        >>> g.legitimate_mark_changes()
        ({(0, 1)}, {(2, 1)})
        """
        if self._undirected:
            raise ValueError('Only defined for DMAGs')

        if not strict:
            # print("TODO: CHECK")
            ancestor_dict = self.ancestor_dict()
            mark_changes_dir = {
                (i, j) for i, j in self._directed
                if self._parents[i] - self._parents[j] == set() and
                   self._spouses[i] - self._parents[j] - self._spouses[j] == set()
                   and self._no_other_path(i, j, ancestor_dict)
            }
            bidirected = [tuple(e) for e in self._bidirected]
            bidirected_reversed = [tuple(reversed(e)) for e in self._bidirected]
            mark_changes_bidir = {
                (i, j) for i, j in bidirected + bidirected_reversed
                if self._parents[i] - self._parents[j] == set() and
                                   self._spouses[i] - {j} - self._parents[j] - self._spouses[j] == set()
            }
            return mark_changes_dir, mark_changes_bidir

        if strict:
            disc_paths = self.discriminating_paths()
            ancestor_dict = self.ancestor_dict()

            mark_changes_dir = set()
            for i, j in self._directed:
                if verbose: print(f'{i}->{j} => {i}<->{j} ?')
                parents_condition = self._parents[i] - self._parents[j]
                if parents_condition != set():
                    if verbose: print(f'Failed parents condition on {parents_condition}')
                    continue
                spouses_condition = self._spouses[i] - self._spouses[j] - self._parents[j]
                if spouses_condition != set():
                    if verbose: print(f'Failed spouses condition on {spouses_condition}')
                    continue
                ancestral_condition = self._no_other_path(i, j, ancestor_dict)
                # ancestral_condition2 = i not in self.ancestors_of(j, exclude_arcs={(i, j)})
                # print(ancestral_condition == ancestral_condition2)
                # if ancestral_condition != ancestral_condition2:
                #     print(self, i, j, (ancestor_dict[j] - {i}) & self._children[i], ancestor_dict[j], self._children[i])
                if not ancestral_condition:
                    if verbose: print(f'Failed ancestral condition')
                    continue

                # SECOND CONDITION
                disc_paths_for_i = [path for path in disc_paths.keys() if path[-2] == i]
                disc_paths_condition = next((path for path in disc_paths_for_i if path[-1] == j),
                                            None) if disc_paths_for_i else None
                if disc_paths_condition is not None:
                    if verbose: print(f'Failed discriminating path condition on {disc_paths_condition}')
                    continue

                if verbose: print('Passed')
                mark_changes_dir.add((i, j))

            mark_changes_bidir = set()
            forward_edges = {(i, j) for i, j in self._bidirected}
            for i, j in forward_edges | set(map(reversed, forward_edges)):
                if verbose: print(f'{i}<->{j} => {i}->{j} ?')
                parents_condition = self._parents[i] - self._parents[j]
                if parents_condition != set():
                    if verbose: print(f'Failed parents condition on {parents_condition}')
                    continue
                spouses_condition = self._spouses[i] - {j} - self._spouses[j] - self._parents[j]
                if spouses_condition != set():
                    if verbose: print(f'Failed spouses condition on {spouses_condition}')
                    continue
                ancestral_condition = self._no_other_path(i, j, ancestor_dict)

                if not ancestral_condition:
                    if verbose: print('failed ancestral condition')
                    continue

                # SECOND CONDITION
                disc_paths_for_i = [path for path in disc_paths.keys() if path[-2] == i]
                disc_paths_condition = next((path for path in disc_paths_for_i if path[-1] == j),
                                            None) if disc_paths_for_i else None
                if disc_paths_condition is not None:
                    if verbose: print(f'Failed discriminating path condition on {disc_paths_condition}')
                    continue

                if verbose: print('Passed')
                mark_changes_bidir.add((i, j))

            return mark_changes_dir, mark_changes_bidir

    def msep(self, A: Set[Node], B: Set[Node], C: Set[Node]=set()) -> bool:
        """
        Check whether ``A`` and ``B`` are m-separated given ``C``, using the Bayes ball algorithm.

        Parameters
        ----------
        A:
            Set
        B:
            Set
        C:
            Set

        See Also
        --------
        msep_from_given

        Examples
        --------
        TODO
        """
        # type coercion
        A = core_utils.to_set(A)
        B = core_utils.to_set(B)
        C = core_utils.to_set(C)

        # shade ancestors of C
        shaded_nodes = set(C)
        for node in C:
            self._add_upstream(shaded_nodes, node)

        visited = set()
        # marks whether the node has been encountered along a path where it has a tail or an arrowhead
        _t = 'tail'  # tail
        _a = 'arrowhead'  # arrowhead

        schedule = {(node, _t) for node in A}
        while schedule:
            node, _dir = schedule.pop()
            if node in B: return False
            if (node, _dir) in visited: continue
            visited.add((node, _dir))
            # print(node, _dir)

            # if coming through a tail, won't encounter v-structure
            if _dir == _t and node not in C:
                schedule.update({(parent, _t) for parent in self._parents[node]})
                schedule.update({(child, _a) for child in self._children[node]})
                schedule.update({(spouse, _a) for spouse in self._spouses[node]})
                schedule.update({(nbr, _t) for nbr in self._neighbors[node]})

            if _dir == _a:
                # if coming through an arrowhead and see shaded node, can go through v-structure
                if node in shaded_nodes:
                    schedule.update({(parent, _t) for parent in self._parents[node]})
                    schedule.update({(spouse, _a) for spouse in self._spouses[node]})

                # if coming through an arrowhead and see unconditioned node, can go through children and neighbors
                if node not in C:
                    schedule.update({(child, _a) for child in self._children[node]})
                    schedule.update({(nbr, _a) for nbr in self._neighbors[node]})

        return True

    def msep_from_given(self, A: Set[Node], C: Set[Node]=set()) -> Set[Node]:
        """
        Find all nodes m-separated from ``A`` given ``C``.

        Uses algorithm similar to that in Geiger, D., Verma, T., & Pearl, J. (1990).
        Identifying independence in Bayesian networks. Networks, 20(5), 507-534.

        Parameters
        ----------
        A:
            Set
        B:
            Set

        See Also
        --------
        msep

        Examples
        --------
        TODO
        """
        warn_untested()

        A = core_utils.to_set(A)
        C = core_utils.to_set(C)

        determined = set()
        descendants = set()

        for c in C:
            determined.add(c)
            descendants.add(c)
            self._add_upstream(descendants, c)

        reachable = set()
        i_links = set()
        labeled_links = set()

        for a in A:
            i_links.add((None, a))
            reachable.add(a)

        while True:
            i_p_1_links = set()
            # Find all unlabled links v->w adjacent to at least one link u->v labeled i, such that (u->v,v->w) is a legal pair.
            for link in i_links:
                u, v = link
                for w in self._adjacent[v]:
                    if not u == w and (v, w) not in labeled_links:
                        if self._is_collider(u, v, w):  # Is collider?
                            if v in descendants:
                                i_p_1_links.add((v, w))
                                reachable.add(w)
                        else:  # Not collider
                            if v not in determined:
                                i_p_1_links.add((v, w))
                                reachable.add(w)

            if len(i_p_1_links) == 0:
                break

            labeled_links = labeled_links.union(i_links)
            i_links = i_p_1_links

        return self._nodes.difference(A).difference(C).difference(reachable)



if __name__ == '__main__':
    g = AncestralGraph(nodes=set(range(1, 5)), directed={(1, 2), (2, 4), (3, 2), (3, 4)})
    disc_paths = g.discriminating_paths()




          

      

      

    

  

    
      
          
            
  Source code for causaldag.classes.dag

# Author: Chandler Squires
"""Base class for causal DAGs
"""

from collections import defaultdict
import numpy as np
import itertools as itr
from causaldag.utils import core_utils
import operator as op
from causaldag.classes.custom_types import Node, DirectedEdge, NodeSet, warn_untested
from typing import Set, Union, Tuple, Any, Iterable, Dict, FrozenSet, List
import networkx as nx
from networkx.utils import UnionFind
import random
import csv
import ipdb
from scipy.special import comb


class CycleError(Exception):
    def __init__(self, cycle):
        self.cycle = cycle
        message = 'Adding arc(s) causes the cycle ' + path2str(cycle)
        super().__init__(message)


def path2str(path):
    return '->'.join(map(str, path))


class DAG:
    """
    Base class for causal DAGs.
    """

    def __init__(self, nodes: Set = frozenset(), arcs: Set = frozenset(), dag=None):
        if dag is not None:
            self._nodes = set(dag._nodes)
            self._arcs = set(dag._arcs)
            self._neighbors = defaultdict(set)
            for node, nbrs in dag._neighbors.items():
                self._neighbors[node] = set(nbrs)
            self._parents = defaultdict(set)
            for node, par in dag._parents.items():
                self._parents[node] = set(par)
            self._children = defaultdict(set)
            for node, ch in dag._children.items():
                self._children[node] = set(ch)
        else:
            self._nodes = set(nodes)
            self._arcs = set()
            self._neighbors = defaultdict(set)
            self._parents = defaultdict(set)
            self._children = defaultdict(set)
            # print('before call to add arcs from')
            self.add_arcs_from(arcs, check_acyclic=True)

    def __eq__(self, other):
        if not isinstance(other, DAG):
            return False
        return self._nodes == other._nodes and self._arcs == other._arcs

    def __str__(self):
        t = self.topological_sort()
        substrings = []
        for node in t:
            if self._parents[node]:
                parents_str = ','.join(map(str, self._parents[node]))
                substrings.append('[%s|%s]' % (node, parents_str))
            else:
                substrings.append('[%s]' % node)
        return ''.join(substrings)

    def __repr__(self):
        return str(self)

[docs]    def copy(self):
        """
        Return a copy of the current DAG.
        """
        # return DAG(nodes=self._nodes, arcs=self._arcs)
        return DAG(dag=self)


[docs]    def rename_nodes(self, name_map: Dict):
        """
        Rename the nodes in this graph according to ``name_map``.

        Parameters
        ----------
        name_map:
            A dictionary from the current name of each node to the desired name of each node.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={('a', 'b'), ('b', 'c')})
        >>> g2 = g.rename_nodes({'a': 1, 'b': 2, 'c': 3})
        >>> g2.arcs
        {(1, 2), (2, 3)}
        """
        return DAG(
            nodes={name_map[n] for n in self._nodes},
            arcs={(name_map[i], name_map[j]) for i, j in self._arcs}
        )


[docs]    def induced_subgraph(self, nodes: Set[Node]):
        """
        Return the induced subgraph over only ``nodes``

        Parameters
        ----------
        nodes:
            Set of nodes for the induced subgraph.

        Returns
        -------
        DAG:
            Induced subgraph over ``nodes``.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(1, 2), (2, 3), (1, 4)})
        >>> d_induced = d.induced_subgraph({1, 2, 3})
        >>> d_induced.arcs
        {(1, 2), (2, 3)}
        """
        return DAG(nodes, {(i, j) for i, j in self._arcs if i in nodes and j in nodes})


    # === PROPERTIES
    @property
    def nodes(self) -> Set[Node]:
        return set(self._nodes)

    @property
    def nnodes(self) -> int:
        return len(self._nodes)

    @property
    def arcs(self) -> Set[DirectedEdge]:
        return set(self._arcs)

    @property
    def num_arcs(self) -> int:
        return len(self._arcs)

    @property
    def neighbors(self) -> Dict[Node, Set[Node]]:
        return core_utils.defdict2dict(self._neighbors, self._nodes)

    @property
    def parents(self) -> Dict[Node, Set[Node]]:
        return core_utils.defdict2dict(self._parents, self._nodes)

    @property
    def children(self) -> Dict[Node, Set[Node]]:
        return core_utils.defdict2dict(self._children, self._nodes)

    @property
    def skeleton(self) -> Set[FrozenSet]:
        return {frozenset({i, j}) for i, j in self._arcs}

    @property
    def in_degrees(self) -> Dict[Node, int]:
        return {node: len(self._parents[node]) for node in self._nodes}

    @property
    def out_degrees(self) -> Dict[Node, int]:
        return {node: len(self._children[node]) for node in self._nodes}

    @property
    def max_in_degree(self) -> int:
        return max(len(self._parents[node]) for node in self._nodes)

    @property
    def max_out_degree(self) -> int:
        return max(len(self._parents[node]) for node in self._nodes)

    @property
    def sparsity(self) -> float:
        p = len(self._nodes)
        return len(self._arcs) / p / (p - 1) * 2

    # === NODE PROPERTIES
[docs]    def parents_of(self, nodes: NodeSet) -> Set[Node]:
        """
        Return all nodes that are parents of the node or set of nodes ``nodes``.

        Parameters
        ----------
        nodes
            A node or set of nodes.

        See Also
        --------
        children_of, neighbors_of, markov_blanket_of

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g.parents_of(2)
        {1}
        >>> g.parents_of({2, 3})
        {1, 2}
        """
        if isinstance(nodes, set):
            return set.union(*(self._parents[n] for n in nodes))
        else:
            return self._parents[nodes].copy()


[docs]    def children_of(self, nodes: NodeSet) -> Set[Node]:
        """
        Return all nodes that are children of the node or set of nodes ``nodes``.

        Parameters
        ----------
        nodes
            A node or set of nodes.

        See Also
        --------
        parents_of, neighbors_of, markov_blanket_of

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g.children_of(1)
        {2}
        >>> g.children_of({1, 2})
        {2, 3}
        """
        if isinstance(nodes, set):
            return set.union(*(self._children[n] for n in nodes))
        else:
            return self._children[nodes].copy()


[docs]    def neighbors_of(self, nodes: NodeSet) -> Set[Node]:
        """
        Return all nodes that are adjacent to the node or set of nodes ``node``.

        Parameters
        ----------
        nodes
            A node or set of nodes.

        See Also
        --------
        parents_of, children_of, markov_blanket_of

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(0,1), (0,2)})
        >>> g.neighbors_of(0)
        {1, 2}
        >>> g.neighbors_of(2)
        {0}
        """
        if isinstance(nodes, set):
            return set.union(*(self._neighbors[n] for n in nodes))
        else:
            return self._neighbors[nodes].copy()


[docs]    def markov_blanket_of(self, node: Node) -> set:
        """
        Return the Markov blanket of ``node``, i.e., the parents of the node, its children, and the parents of its children.

        Parameters
        ----------
        node:
            Node whose Markov blanket to return.

        See Also
        --------
        parents_of, children_of, neighbors_of

        Returns
        -------
        set:
            the Markov blanket of ``node``.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(0, 1), (1, 3), (2, 3), (3, 4})
        >>> g.markov_blanket_of(1)
        {0, 2, 3}
        """
        parents_of_children = set.union(*(self._parents[c] for c in self._children[node])) if self._children[
            node] else set()
        return self._parents[node] | self._children[node] | parents_of_children - {node}


    def is_ancestor_of(self, anc: Node, desc: Node) -> bool:
        """
        Check if ``anc`` is an ancestor of ``desc``

        Return
        ------
        bool
            True if ``anc`` is an ancestor  of ``desc``

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.is_ancestor_of(1, 3)
        True
        >>> g.is_ancestor_of(3, 1)
        False
        """
        return desc in self._children[anc] or desc in self.descendants_of(anc)

    def _add_descendants(self, descendants, node):
        for child in self._children[node]:
            if child not in descendants:
                descendants.add(child)
                self._add_descendants(descendants, child)

[docs]    def descendants_of(self, nodes: NodeSet) -> Set[Node]:
        """
        Return the descendants of ``node``.

        Parameters
        ----------
        nodes:
            The node.

        See Also
        --------
        ancestors_of

        Return
        ------
        Set[node]
            Return all nodes j such that there is a directed path from ``node`` to j.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g.descendants_of(1)
        {2, 3}
        """
        descendants = set()
        if not isinstance(nodes, set):
            self._add_descendants(descendants, nodes)
        else:
            return set.union(*(self.descendants_of(node) for node in nodes))
        return descendants


    def _add_ancestors(self, ancestors, node):
        for parent in self._parents[node]:
            if parent not in ancestors:
                ancestors.add(parent)
                self._add_ancestors(ancestors, parent)

[docs]    def ancestors_of(self, nodes: Node) -> Set[Node]:
        """
        Return the ancestors of ``nodes``.

        Parameters
        ----------
        nodes:
            The node.

        See Also
        --------
        descendants_of

        Return
        ------
        Set[node]
            Return all nodes j such that there is a directed path from j to ``node``.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g.ancestors_of(3)
        {1, 2, 3}
        """
        ancestors = set()
        if not isinstance(nodes, set):
            self._add_ancestors(ancestors, nodes)
        else:
            return set.union(*(self.ancestors_of(node) for node in nodes))
        return ancestors


[docs]    def incident_arcs(self, node: Node) -> Set[DirectedEdge]:
        """
        Return all arcs with ``node`` as either source or target.

        Parameters
        ----------
        node:
            The node.

        See Also
        --------
        incoming_arcs, outgoing_arcs

        Return
        ------
        Set[arc]
            Return all arcs i->j such that either i=``node`` of j=``node``.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.incident_arcs(2)
        {(1, 2), (2, 3)}
        """
        incident_arcs = set()
        for child in self._children[node]:
            incident_arcs.add((node, child))
        for parent in self._parents[node]:
            incident_arcs.add((parent, node))
        return incident_arcs


[docs]    def incoming_arcs(self, node: Node) -> Set[DirectedEdge]:
        """
        Return all arcs with target ``node``.

        Parameters
        ----------
        node:
            The node.

        See Also
        --------
        incident_arcs, outgoing_arcs

        Return
        ------
        Set[arc]
            Return all arcs of the form i->``node``.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.incoming_arcs(2)
        {(1, 2)}
        """
        incoming_arcs = set()
        for parent in self._parents[node]:
            incoming_arcs.add((parent, node))
        return incoming_arcs


[docs]    def outgoing_arcs(self, node: Node) -> Set[DirectedEdge]:
        """
        Return all arcs with source ``node``.

        Parameters
        ----------
        node:
            The node.

        See Also
        --------
        incident_arcs, incoming_arcs

        Return
        ------
        Set[arc]
            Return all arcs of the form ``node``->j.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.outgoing_arcs(2)
        {(2, 3)}
        """
        outgoing_arcs = set()
        for child in self._children[node]:
            outgoing_arcs.add((node, child))
        return outgoing_arcs


[docs]    def outdegree_of(self, node: Node) -> int:
        """
        Return the outdegree of ``node``.

        Parameters
        ----------
        node:
            The node.

        See Also
        --------
        indegree_of

        Return
        ------
        int
            The number of children of ``node``.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.outdegree_of(1)
        2
        >>> g.outdegree_of(3)
        0
        """
        return len(self._children[node])


[docs]    def indegree_of(self, node: Node) -> int:
        """
        Return the indegree of ``node``.

        Parameters
        ----------
        node:
            The node.

        See Also
        --------
        outdegree_of

        Return
        ------
        int
            The number of parents of ``node``.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.indegree_of(1)
        0
        >>> g.indegree_of(2)
        2
        """
        return len(self._parents[node])


    # ==== ORDERS
[docs]    def topological_sort(self) -> List[Node]:
        """
        Return a topological sort of the nodes in the graph.

        Returns
        -------
        List[Node]
            A topological sort of the nodes in a graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g.topological_sort
        [1, 2, 3]
        """
        any_visited = {node: False for node in self._nodes}
        curr_path_visited = {node: False for node in self._nodes}
        curr_path = []
        stack = []
        for node in self._nodes:
            if not any_visited[node]:
                self._mark_children_visited(node, any_visited, curr_path_visited, curr_path, stack)
        return list(reversed(stack))


[docs]    def is_topological(self, order: list) -> bool:
        """
        Check that ``order`` is a topological order consistent with this DAG, i.e., if ``i``->``j`` in the DAG,
        then ``i`` comes before ``j`` in the order.

        Parameters
        ----------
        order:
            the order to check.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3)})
        >>> g.is_topological([1, 2, 3])
        True
        >>> g.is_topological([1, 3, 2])
        True
        >>> g.is_topological([2, 1, 3])
        False
        """
        node2ix = {node: ix for ix, node in enumerate(order)}
        return all(node2ix[i] < node2ix[j] for i, j in self._arcs)


[docs]    def permutation_score(self, order: list) -> int:
        """
        Return the number of "errors" in ``order`` with respect to the DAG, i.e., the number of times that ``i``->``j``
        in the DAG but ``i`` comes *after* ``j`` in ``order``.

        Parameters
        ----------
        order:
            the order to check.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3)})
        >>> g.permutation_score([1, 2, 3])
        0
        >>> g.permutation_score([2, 1, 3])
        1
        >>> g.permutation_score([2, 3, 1])
        2
        """
        node2ix = {node: ix for ix, node in enumerate(order)}
        return sum(node2ix[i] > node2ix[j] for i, j in self._arcs)


    # === GRAPH MODIFICATION
[docs]    def add_node(self, node: Node):
        """
        Add ``node`` to the DAG.

        Parameters
        ----------
        node:
            a hashable Python object

        See Also
        --------
        add_nodes_from

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG()
        >>> g.add_node(1)
        >>> g.add_node(2)
        >>> len(g.nodes)
        2
        """
        self._nodes.add(node)


[docs]    def add_nodes_from(self, nodes: Iterable):
        """
        Add nodes to the graph from the collection ``nodes``.

        Parameters
        ----------
        nodes:
            collection of nodes to be added.

        See Also
        --------
        add_node

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG({1, 2})
        >>> g.add_nodes_from({'a', 'b'})
        >>> g.add_nodes_from(range(3, 6))
        >>> g.nodes
        {1, 2, 'a', 'b', 3, 4, 5}
        """
        for node in nodes:
            self.add_node(node)


[docs]    def remove_node(self, node: Node, ignore_error=False):
        """
        Remove the node ``node`` from the graph.

        Parameters
        ----------
        node:
            node to be removed.
        ignore_error:
            if True, ignore the KeyError raised when node is not in the DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2)})
        >>> g.remove_node(2)
        >>> g.nodes
        {1}
        """
        try:
            self._nodes.remove(node)
            for parent in self._parents[node]:
                self._children[parent].remove(node)
                self._neighbors[parent].remove(node)
            for child in self._children[node]:
                self._parents[child].remove(node)
                self._neighbors[child].remove(node)
            self._neighbors.pop(node, None)
            self._parents.pop(node, None)
            self._children.pop(node, None)
            self._arcs = {(i, j) for i, j in self._arcs if i != node and j != node}

        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e


[docs]    def add_arc(self, i: Node, j: Node, check_acyclic=True):
        """
        Add the arc ``i`` -> ``j`` to the DAG

        Parameters
        ----------
        i:
            source node of the arc
        j:
            target node of the arc
        check_acyclic:
            if True, check that the DAG remains acyclic after adding the edge.

        See Also
        --------
        add_arcs_from

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG({1, 2})
        >>> g.add_arc(1, 2)
        >>> g.arcs
        {(1, 2)}
        """
        self._nodes.add(i)
        self._nodes.add(j)
        self._arcs.add((i, j))

        self._neighbors[i].add(j)
        self._neighbors[j].add(i)

        self._children[i].add(j)
        self._parents[j].add(i)

        if check_acyclic:
            try:
                self._check_acyclic()
            except CycleError as e:
                self.remove_arc(i, j)
                raise e


[docs]    def add_arcs_from(self, arcs: Iterable[Tuple], check_acyclic=False):
        """
        Add arcs to the graph from the collection ``arcs``.

        Parameters
        ----------
        arcs:
            collection of arcs to be added.
        check_acyclic:
            if True, check that the DAG remains acyclic after adding the edge.

        See Also
        --------
        add_arcs

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2)})
        >>> g.add_arcs_from({(1, 3), (2, 3)})
        >>> g.arcs
        {(1, 2), (1, 3), (2, 3)}
        """
        if not isinstance(arcs, set):
            arcs = {(i, j) for i, j in arcs}
        if len(arcs) == 0:
            return

        sources, sinks = zip(*arcs)
        self._nodes.update(sources)
        self._nodes.update(sinks)
        self._arcs.update(arcs)
        for i, j in arcs:
            self._neighbors[i].add(j)
            self._neighbors[j].add(i)
            self._children[i].add(j)
            self._parents[j].add(i)

        if check_acyclic:
            try:
                self._check_acyclic()
            except CycleError as e:
                for i, j in arcs:
                    self.remove_arc(i, j)
                raise e


[docs]    def remove_arc(self, i: Node, j: Node, ignore_error=False):
        """
        Remove the arc ``i`` -> ``j``.

        Parameters
        ----------
        i:
            source of arc to be removed.
        j:
            target of arc to be removed.
        ignore_error:
            if True, ignore the KeyError raised when arc is not in the DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2)})
        >>> g.remove_arc(1, 2)
        >>> g.arcs
        set()
        """
        try:
            self._arcs.remove((i, j))
            self._parents[j].remove(i)
            self._children[i].remove(j)
            self._neighbors[j].remove(i)
            self._neighbors[i].remove(j)
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e


    def remove_arcs_from(self, arcs: Iterable, ignore_error=False):
        """
        Remove each arc in ``arcs`` from the DAG.

        Parameters
        ----------
        arcs
            The arcs to be removed from the DAG.
        ignore_error:
            if True, ignore the KeyError raised when an arc is not in the DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 3), (3, 4)})
        >>> g.remove_arcs_from({(1, 2), (2, 3)})
        >>> g.arcs
        {(3, 4)}
        """
        for i, j in arcs:
            self.remove_arc(i, j, ignore_error=ignore_error)

[docs]    def reverse_arc(self, i: Node, j: Node, ignore_error=False, check_acyclic=False):
        """
        Reverse the arc ``i`` -> ``j`` to ``i`` <- ``j``.

        Parameters
        ----------
        i:
            source of arc to be reversed.
        j:
            target of arc to be reversed.
        ignore_error:
            if True, ignore the KeyError raised when arc is not in the DAG.
        check_acyclic:
            if True, check that the DAG remains acyclic after adding the edge.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2)})
        >>> g.reverse_arc(1, 2)
        >>> g.arcs
        {(2, 1)}
        """
        self.remove_arc(i, j, ignore_error=ignore_error)
        self.add_arc(j, i, check_acyclic=check_acyclic)


    def _check_acyclic(self):
        self.topological_sort()

    def _mark_children_visited(self, node, any_visited, curr_path_visited, curr_path, stack):
        any_visited[node] = True
        curr_path_visited[node] = True
        curr_path.append(node)
        for child in self._children[node]:
            if not any_visited[child]:
                self._mark_children_visited(child, any_visited, curr_path_visited, curr_path, stack)
            elif curr_path_visited[child]:
                cycle = curr_path + [child]
                raise CycleError(cycle)
        curr_path.pop()
        curr_path_visited[node] = False
        stack.append(node)

    # === GRAPH PROPERTIES
[docs]    def has_arc(self, source: Node, target: Node) -> bool:
        """
        Check if this DAG has an arc ``source`` -> ``target``.

        Parameters
        ----------
        source:
            Source node of arc.
        target:
            Target node of arc.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(0,1), (0,2)})
        >>> g.has_arc(0, 1)
        True
        >>> g.has_arc(1, 2)
        False
        """
        return (source, target) in self._arcs


[docs]    def sources(self) -> Set[Node]:
        """
        Get all nodes in the graph that have no parents.

        Return
        ------
        List[node]
            Nodes in the graph that have no parents.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.sources()
        {1}
        """
        return {node for node in self._nodes if len(self._parents[node]) == 0}


[docs]    def sinks(self) -> Set[Node]:
        """
        Get all nodes in the graph that have no children.

        Return
        ------
        List[node]
            Nodes in the graph that have no children.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.sinks()
        {3}
        """
        return {node for node in self._nodes if len(self._children[node]) == 0}


[docs]    def reversible_arcs(self) -> Set[DirectedEdge]:
        """
        Get all reversible (aka covered) arcs in the DAG.

        Return
        ------
        Set[arc]
            Return all reversible (aka covered) arcs in the DAG. An arc i -> j is *covered* if the :math:`Pa(j) = Pa(i) \cup {i}`.
            Reversing a reversible arc results in a DAG in the same Markov equivalence class.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.reversible_arcs()
        {(1, 2), (2, 3)}
        """
        reversible_arcs = set()
        for i, j in self._arcs:
            if self._parents[i] == (self._parents[j] - {i}):
                reversible_arcs.add((i, j))
        return reversible_arcs


[docs]    def is_reversible(self, i: Node, j: Node) -> bool:
        """
        Check if the arc ``i`` -> ``j`` is reversible (aka covered), i.e., if :math:`pa(i) = pa(j) \setminus \{i\}`

        Parameters
        ----------
        i:
            source of the arc
        j:
            target of the arc

        Returns
        -------
        True if the arc is reversible, otherwise False.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.is_reversible(1, 2)
        True
        >>> g.is_reversible(1, 3)
        False
        """
        return self._parents[i] == self._parents[j] - {i}


[docs]    def arcs_in_vstructures(self) -> Set[Tuple]:
        """
        Get all arcs in the graph that participate in a v-structure.

        Return
        ------
        Set[arc]
            Return all arcs in the graph in a v-structure (aka an immorality). A v-structure is formed when i->j<-k but
            there is no arc between i and k. Arcs that participate in a v-structure are identifiable from observational
            data.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 3), (2, 3)})
        >>> g.arcs_in_vstructures()
        {(1, 3), (2, 3))
        """
        return {(i, j) for i, j in self._arcs if self._parents[j] - self._neighbors[i] - {i}}


[docs]    def vstructures(self) -> Set[Tuple]:
        """
        Get all v-structures in the graph, i.e., triples of the form (i, k, j) such that ``i``->k<-``j`` and ``i``
        is not adjacent to ``j``.

        Return
        ------
        Set[Tuple]
            Return all triples in the graph in a v-structure (aka an immorality). A v-structure is formed when i->j<-k but
            there is no arc between i and k. Arcs that participate in a v-structure are identifiable from observational
            data.

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 3), (2, 3)})
        >>> g.vstructures()
        {(1, 3, 2)}
        """
        vstructs = set()
        for node in self._nodes:
            for p1, p2 in itr.combinations(self._parents[node], 2):
                if p1 not in self._parents[p2] and p2 not in self._parents[p1]:
                    vstructs.add((p1, node, p2))
        return vstructs


[docs]    def triples(self) -> Set[Tuple]:
        """
        Return all triples of the form (``i``, ``j``, ``k``) such that ``i`` and ``k`` are both adjacent to ``j``.

        Returns
        -------
        Set[Tuple]
            Triples in the graph.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 3), (2, 3), (1, 2)})
        >>> g.triples()
        {frozenset({1, 3, 2})}
        """
        t = set()
        for node in self._nodes:
            t |= {frozenset({n1, node, n2}) for n1, n2 in itr.combinations(self._neighbors[node], 2)}
        return t


[docs]    def upstream_most(self, s: Set[Node]) -> Set[Node]:
        """
        Return the set of nodes which in ``s`` which have no ancestors in ``s``.

        Parameters
        ----------
        s:
            Set of nodes

        Returns
        -------
        The set of nodes in ``s`` with no ancestors in ``s``.
        """
        return {node for node in s if not self.ancestors_of(node) & s}


    # === COMPARISON
[docs]    def shd(self, other) -> int:
        """
        Compute the structural Hamming distance between this DAG and the DAG ``other``.

        Parameters
        ----------
        other:
            the DAG to which the SHD will be computed.

        Return
        ------
        int
            The structural Hamming distance between :math:`G_1` and :math:`G_2` is the minimum number of arc additions,
            deletions, and reversals required to transform :math:`G_1` into :math:`G_2` (and vice versa).

        Example
        -------
        >>> import causaldag as cd
        >>> g1 = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g2 = cd.DAG(arcs={(2, 1), (2, 3)})
        >>> g1.shd(g2)
        1
        """
        if isinstance(other, DAG):
            self_arcs_reversed = {(j, i) for i, j in self._arcs}
            other_arcs_reversed = {(j, i) for i, j in other._arcs}

            additions = other._arcs - self._arcs - self_arcs_reversed
            deletions = self._arcs - other._arcs - other_arcs_reversed
            reversals = self.arcs & other_arcs_reversed
            return len(additions) + len(deletions) + len(reversals)


[docs]    def shd_skeleton(self, other) -> int:
        """
        Compute the structure Hamming distance between the skeleton of this DAG and the skeleton of the graph ``other``.

        Parameters
        ----------
        other:
            the DAG to which the SHD of the skeleton will be computed.

        Return
        ------
        int
            The structural Hamming distance between :math:`G_1` and :math:`G_2` is the minimum number of arc additions,
            deletions, and reversals required to transform :math:`G_1` into :math:`G_2` (and vice versa).

        Example
        -------
        >>> import causaldag as cd
        >>> g1 = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g2 = cd.DAG(arcs={(2, 1), (2, 3)})
        >>> g1.shd_skeleton(g2)
        0

        >>> g1 = cd.DAG(arcs={(1, 2)})
        >>> g2 = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g1.shd_skeleton(g2)
        1
        """
        return len(self.skeleton.symmetric_difference(other.skeleton))


[docs]    def markov_equivalent(self, other, interventions=None) -> bool:
        """
        Check if this DAG is (interventionally) Markov equivalent to the DAG ``other``.

        Parameters
        ----------
        other:
            Another DAG.
        interventions:
            If not None, check whether the two DAGs are interventionally Markov equivalent under the interventions.

        Examples
        --------
        >>> import causaldag as cd
        >>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
        >>> d2 = cd.DAG(arcs={(2, 1), (1, 0)})
        >>> d3 = cd.DAG(arcs={(0, 1), (2, 1)})
        >>> d4 = cd.DAG(arcs={(1, 0), (1, 2)})
        >>> d1.markov_equivalent(d2)
        True
        >>> d2.markov_equivalent(d1)
        True
        >>> d1.markov_equivalent(d3)
        False
        >>> d1.markov_equivalent(d2, [{2}])
        False
        >>> d1.markov_equivalent(d4, [{2}])
        True
        """
        if interventions is None:
            return self.cpdag() == other.cpdag()
        else:
            return self.interventional_cpdag(interventions, self.cpdag()) == other.interventional_cpdag(interventions,
                                                                                                        other.cpdag())


[docs]    def is_imap(self, other) -> bool:
        """
        Check if this DAG is an IMAP of the DAG ``other``, i.e., all d-separation statements in this graph
        are also d-separation statements in ``other``.

        Parameters
        ----------
        other:
            Another DAG.

        See Also
        --------
        is_minimal_imap

        Returns
        -------
        bool
            True if ``other`` is an I-MAP of this DAG, otherwise False.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (3, 2)})
        >>> other = cd.DAG(arcs={(1, 2)})
        >>> g.is_imap(other)
        True
        >>> other = cd.DAG(arcs={(1, 2), (2, 3)})
        >>> g.is_imap(other)
        False
        """
        return all(other.dsep(node, nondesc, parents) for node, nondesc, parents in self.local_markov_statements())


[docs]    def is_minimal_imap(self, other, certify=False, check_imap=True) -> Union[bool, Tuple[bool, Any]]:
        """
        Check if this DAG is a minimal IMAP of `other`, i.e., it is an IMAP and no proper subgraph of this DAG
        is an IMAP of other. Deleting the arc i->j retains IMAPness when `i` is d-separated from `j` in `other`
        given the parents of `j` besides `i` in this DAG.

        Parameters
        ----------
        other:
            Another DAG.
        certify:
            If True and this DAG is not an IMAP of other, return a certificate of non-minimality in the form
            of an edge i->j that can be deleted while retaining IMAPness.
        check_imap:
            If True, first check whether this DAG is an IMAP of other, if False, this DAG is assumed to be an IMAP
            of other.

        See Also
        --------
        is_imap

        Returns
        -------
        bool
            True if ``other`` is a minimal I-MAP of this DAG, otherwise False.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (3, 2)})
        >>> other = cd.DAG(arcs={(1, 2)})
        >>> g.is_minimal_imap(other)
        False
        """
        if check_imap and not self.is_imap(other):
            if certify:
                return False, None
            else:
                return False

        certificate = next(((i, j) for i, j in self._arcs if other.dsep(i, j, self._parents[j] - {i})), None)
        if certify:
            return certificate is None, certificate
        else:
            return certificate is None


[docs]    def chickering_distance(self, other) -> int:
        """
        Return the total number of edge reversals plus twice the number of edge additions/deletions required
        to turn this DAG into the DAG ``other``.

        Parameters
        ----------
        other:
            the DAG against which to compare the Chickering distance.

        Returns
        -------
        int
            The Chickering distance between this DAG and the DAG ``other``.

        Examples
        --------
        >>> import causaldag as cd
        >>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
        >>> d2 = cd.DAG(arcs={(0, 1), (2, 1), (3, 1)})
        >>> d1.chickering_distance(d2)
        3
        """
        reversals = self._arcs & {tuple(reversed(arc)) for arc in other._arcs}
        return len(reversals) + 2 * self.shd_skeleton(other)


[docs]    def confusion_matrix(self, other, rates_only=False):
        """
        Return the "confusion matrix" associated with estimating the CPDAG of ``other`` instead of the CPDAG of this DAG.

        Parameters
        ----------
        other:
            The DAG against which to compare.
        rates_only:
            if True, the dictionary of results only contains the false positive rate, true positive rate, and precision.

        Returns
        -------
        dict
            Dictionary of results

            * false_positive_arcs:
                the arcs in the CPDAG of ``other`` which are not arcs or edges in the CPDAG of this DAG.
            * false_positive_edges:
                the edges in the CPDAG of ``other`` which are not arcs or edges in the CPDAG of this DAG.
            * false_negative_arcs:
                the arcs in the CPDAG of this graph which are not arcs or edges in the CPDAG of ``other``.
            * true_positive_arcs:
                the arcs in the CPDAG of ``other`` which are arcs in the CPDAG of this DAG.
            * reversed_arcs:
                the arcs in the CPDAG of ``other`` whose reversals are arcs in the CPDAG of this DAG.
            * mistaken_arcs_for_edges:
                the arcs in the CPDAG of ``other`` whose reversals are arcs in the CPDAG of this DAG.
            * false_negative_edges:
                the edges in the CPDAG of this DAG which are not arcs or edges in the CPDAG of ``other``.
            * true_positive_edges:
                the edges in the CPDAG of ``other`` which are edges in the CPDAG of this DAG.
            * mistaken_edges_for_arcs:
                the edges in the CPDAG of ``other`` which are arcs in the CPDAG of this DAG.
            * num_false_positives:
                the total number of: false_positive_arcs, false_positive_edges
            * num_false_negatives:
                the total number of: false_negative_arcs, false_negative_edges, mistaken_arcs_for_edges, and reversed_arcs
            * num_true_positives:
                the total number of: true_positive_arcs, true_positive_edges, and mistaken_edges_for_arcs
            * num_true_negatives:
                the total number of missing arcs/edges in ``other`` which are actually missing in this DAG.
            * fpr:
                the false positive rate, i.e., num_false_positives/(num_false_positives+num_true_negatives). If this DAG
                is fully connected, defaults to 0.
            * tpr:
                the true positive rate, i.e., num_true_positives/(num_true_positives+num_false_negatives). If this DAG
                is empty, defaults to 1.
            * precision:
                the precision, i.e., num_true_positives/(num_true_positives+num_false_positives). If ``other`` is
                empty, defaults to 1.

        Examples
        --------
        >>> import causaldag as cd
        >>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
        >>> d2 = cd.DAG(arcs={(0, 1), (2, 1)})
        >>> cm = d1.confusion_matrix(d2)
        >>> cm["mistaken_edges_for_arcs"]
        {frozenset({0, 1}), frozenset({1, 2})},
        >>> cm = d2.confusion_matrix(d1)
        >>> cm["mistaken_arcs_for_edges"]
        {(0, 1), (2, 1)}
        """
        self_cpdag = self.cpdag()

        from causaldag.classes.pdag import PDAG
        if isinstance(other, PDAG):
            other_cpdag = other
        else:
            other_cpdag = other.cpdag()

        # HELPER SETS SELF
        self_arcs_as_edges = {frozenset(arc) for arc in self_cpdag._arcs}
        self_edges_as_arcs1 = {(i, j) for i, j in self_cpdag._edges}
        self_edges_as_arcs2 = {(j, i) for i, j in self_edges_as_arcs1}

        # HELPER SETS OTHER
        other_arcs_reversed = {(j, i) for i, j in other_cpdag._arcs}
        other_arcs_as_edges = {frozenset(arc) for arc in other_cpdag._arcs}
        other_edges_as_arcs1 = {(i, j) for i, j in other_cpdag._edges}
        other_edges_as_arcs2 = {(j, i) for i, j in other_edges_as_arcs1}

        # MISSING IN TRUE GRAPH
        false_positive_arcs = other_cpdag._arcs - self_cpdag._arcs - self_edges_as_arcs1 - self_edges_as_arcs2
        false_positive_edges = other_cpdag._edges - self_cpdag._edges - self_arcs_as_edges

        # ARC IN TRUE GRAPH
        false_negative_arcs = self_cpdag._arcs - other_cpdag._arcs - other_edges_as_arcs1 - other_edges_as_arcs2
        true_positive_arcs = self_cpdag._arcs & other_cpdag._arcs
        reversed_arcs = self_cpdag._arcs & other_arcs_reversed
        mistaken_arcs_for_edges = self_cpdag._arcs & (other_edges_as_arcs1 | other_edges_as_arcs2)

        # EDGE IN TRUE GRAPH
        false_negative_edges = self_cpdag._edges - other_cpdag._edges - other_arcs_as_edges
        true_positive_edges = self_cpdag._edges & other_cpdag._edges
        mistaken_edges_for_arcs = self_cpdag._edges & other_arcs_as_edges

        # COMBINED_RESULTS
        num_false_positives = len(false_positive_edges) + len(false_negative_arcs)
        num_false_negatives = len(false_negative_arcs) + len(false_negative_edges) + len(mistaken_arcs_for_edges) + len(
            reversed_arcs)
        num_true_positives = len(true_positive_edges) + len(true_positive_arcs) + len(mistaken_edges_for_arcs)
        num_true_negatives = comb(self.nnodes, 2) - num_false_positives - num_false_negatives - num_true_positives

        # RATES
        num_negatives = comb(self.nnodes, 2) - self.num_arcs
        num_positives = self.num_arcs
        num_returned_positives = (num_true_positives + num_false_positives)
        fpr = num_false_positives / num_negatives if num_negatives != 0 else 0
        tpr = num_true_positives / num_positives if num_positives != 0 else 1
        precision = num_true_positives / num_returned_positives if num_returned_positives != 0 else 1

        if rates_only:
            return dict(
                fpr=fpr,
                tpr=tpr,
                precision=precision
            )

        res = dict(
            false_positive_arcs=false_positive_arcs,
            false_positive_edges=false_positive_edges,
            false_negative_arcs=false_negative_arcs,
            true_positive_arcs=true_positive_arcs,
            reversed_arcs=reversed_arcs,
            mistaken_arcs_for_edges=mistaken_arcs_for_edges,
            false_negative_edges=false_negative_edges,
            true_positive_edges=true_positive_edges,
            mistaken_edges_for_arcs=mistaken_edges_for_arcs,
            num_false_positives=num_false_positives,
            num_false_negatives=num_false_negatives,
            num_true_positives=num_true_positives,
            num_true_negatives=num_true_negatives,
            fpr=fpr,
            tpr=tpr,
            precision=precision
        )

        return res


[docs]    def confusion_matrix_skeleton(self, other):
        """
        Return the "confusion matrix" associated with estimating the skeleton of ``other`` instead of the skeleton of
        this DAG.

        Parameters
        ----------
        other:
            The DAG against which to compare.

        Returns
        -------
        dict
            Dictionary of results

            * false_positives:
                the edges in the skeleton of ``other`` which are not in the skeleton of this DAG.
            * false_negatives:
                the edges in the skeleton of this graph which are not in the skeleton of ``other``.
            * true_positives:
                the edges in the skeleton of ``other`` which are acutally in the skeleton of this DAG.
            * num_false_positives:
                the total number of false_positives
            * num_false_negatives:
                the total number of false_negatives
            * num_true_positives:
                the total number of true_positives
            * num_true_negatives:
                the total number of missing edges in the skeleton of ``other`` which are actually missing in this DAG.
            * fpr:
                the false positive rate, i.e., num_false_positives/(num_false_positives+num_true_negatives). If this DAG
                is fully connected, defaults to 0.
            * tpr:
                the true positive rate, i.e., num_true_positives/(num_true_positives+num_false_negatives). If this DAG
                is empty, defaults to 1.
            * precision:
                the precision, i.e., num_true_positives/(num_true_positives+num_false_positives). If ``other`` is
                empty, defaults to 1.

        Examples
        --------
        >>> import causaldag as cd
        >>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
        >>> d2 = cd.DAG(arcs={(0, 1), (2, 1)})
        >>> cm = d1.confusion_matrix_skeleton(d2)
        >>> cm["tpr"]
        1.0
        >>> d3 = cd.DAG(arcs={(0, 1), (0, 2)})
        >>> cm = d2.confusion_matrix_skeleton(d3)
        >>> cm["true_positives"]
        {frozenset({0, 1})}
        >>> cm["false_positives"]
        {frozenset({0, 2})},
        >>> cm["false_negatives"]
        {frozenset({1, 2})}
        """
        self_skeleton = self.skeleton
        other_skeleton = other.skeleton

        true_positives = self_skeleton & other_skeleton
        false_positives = other_skeleton - self_skeleton
        false_negatives = self_skeleton - other_skeleton

        num_true_positives = len(true_positives)
        num_false_positives = len(false_positives)
        num_false_negatives = len(false_negatives)
        num_true_negatives = comb(self.nnodes, 2) - num_true_positives - num_false_positives - num_false_negatives

        num_positives = len(self_skeleton)
        num_negatives = comb(self.nnodes, 2) - num_positives

        tpr = num_true_positives / num_positives if num_positives != 0 else 1
        fpr = num_false_positives / num_negatives if num_negatives != 0 else 0

        res = dict(
            true_positives=true_positives,
            false_positives=false_positives,
            false_negatives=false_negatives,
            num_true_positives=num_true_positives,
            num_false_positives=num_false_positives,
            num_true_negatives=num_true_negatives,
            num_false_negatives=num_false_negatives,
            tpr=tpr,
            fpr=fpr
        )

        return res


    # === WRITING TO FILES
    @classmethod
    def from_gml(cls, filename):
        raise NotImplementedError

    @classmethod
    def from_csv(cls, filename):
        raise NotImplementedError

    def save_gml(self, filename):
        """
        TODO
        """
        raise NotImplementedError
        warn_untested()  # TODO: ADD TEST

        tab = '  '
        indent = 0
        newline = lambda indent: '\n' + (tab * indent)
        with open(filename, 'w') as f:
            f.write('graph [')
            indent += 1
            f.write(newline(indent))
            f.write('directed 1')
            f.write(newline(indent))
            node2ix = core_utils.ix_map_from_list(self._nodes)
            for node, ix in node2ix.items():
                f.write('node [')
                indent += 1
                f.write(newline(indent))
                f.write('id %s' % ix)
                f.write(newline(indent))
                f.write('label "%s"' % node)
                indent -= 1
                f.write(newline(indent))
                f.write(']')
                f.write(newline(indent))
            for source, target in self._arcs:
                f.write('edge [')
                indent += 1
                f.write(newline(indent))
                f.write('source %s' % source)
                f.write(newline(indent))
                f.write('target %s' % target)
                indent -= 1
                f.write(newline(indent))
                f.write(']')
                f.write(newline(indent))
            f.write(']')

    def to_csv(self, filename):
        """
        TODO
        """
        raise NotImplementedError
        warn_untested()  # TODO: ADD TEST

        with open(filename, 'w', newline='\n') as file:
            writer = csv.writer(file)
            for source, target in self._arcs:
                writer.writerow([source, target])

    # === NUMPY CONVERSION
[docs]    @classmethod
    def from_amat(cls, amat: np.ndarray):
        """
        Return a DAG with arcs given by ``amat``, i.e. i->j if ``amat[i,j] != 0``.

        Parameters
        ----------
        amat:
            Numpy matrix representing arcs in the DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> import numpy as np
        >>> amat = np.array([[0, 0, 1], [0, 0, 1], [0, 0, 0]])
        >>> d = cd.DAG.from_amat(amat)
        >>> d.arcs
        {(0, 2), (1, 2)}
        """
        nodes = set(range(amat.shape[0]))
        arcs = {(i, j) for i, j in itr.permutations(nodes, 2) if amat[i, j] != 0}
        return DAG(nodes=nodes, arcs=arcs)


[docs]    def to_amat(self, node_list=None) -> (np.ndarray, list):
        """
        Return an adjacency matrix for this DAG.

        Parameters
        ----------
        node_list:
            List indexing the rows/columns of the matrix.

        See Also
        --------
        from_amat

        Return
        ------
        (amat, node_list)

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (1, 3), (2, 3)})
        >>> g.to_amat()[0]
        array([[0, 1, 1],
               [0, 0, 1],
               [0, 0, 0]])
        >>> g.to_amat()[1]
        [1, 2, 3]
        """
        if not node_list:
            node_list = sorted(self._nodes)
        node2ix = {node: i for i, node in enumerate(node_list)}

        shape = (len(self._nodes), len(self._nodes))
        amat = np.zeros(shape, dtype=int)

        for source, target in self._arcs:
            amat[node2ix[source], node2ix[target]] = 1

        return amat, node_list


    # === NETWORKX CONVERSION
[docs]    @classmethod
    def from_nx(cls, nx_graph: nx.DiGraph):
        """
        Convert a networkx DiGraph into a DAG.

        Parameters
        ----------
        nx_graph:
            networkx DiGraph

        Returns
        -------
        DAG:
            The graph as a DAG object.

        Examples
        --------
        >>> import causaldag as cd
        >>> import networkx as nx
        >>> g = nx.DiGraph()
        >>> g.add_edges_from([(0, 1)])
        >>> d = cd.DAG.from_nx(g)
        >>> d.arcs
        {(0, 1)}
        """
        if not isinstance(nx_graph, nx.DiGraph):
            raise ValueError("Must be a DiGraph")
        return DAG(nodes=set(nx_graph.nodes), arcs=set(nx_graph.edges))


[docs]    def to_nx(self) -> nx.DiGraph:
        """
        Convert DAG to a networkx DiGraph.

        Returns
        -------
        networkx.DiGraph:
            The graph as a networkx.DiGraph object.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1)})
        >>> g = d.to_nx()
        >>> g.edges
        OutEdgeView([(0, 1)])
        """
        g = nx.DiGraph()
        g.add_nodes_from(self._nodes)
        g.add_edges_from(self._arcs)
        return g


    # === PANDAS CONVERSION
[docs]    @classmethod
    def from_dataframe(cls, df):
        """
        Create a DAG from a dataframe, where the indices and columns are node names and a nonzero entry indicates
        the presence of an edge.

        Parameters
        ----------
        df:
            The pandas dataframe.

        Returns
        -------
        DAG:
            The graph as a DAG object.

        Examples
        --------
        >>> import causaldag as cd
        >>> import numpy as np
        >>> import pandas as pd
        >>> amat = np.array([[0, 1], [0, 0]])
        >>> df = pd.DataFrame(amat, index=["a", "b"], columns=["a", "b"])
        >>> d = cd.DAG.from_dataframe(df)
        >>> d.arcs
        {('a', 'b')}
        """
        warn_untested()  # TODO: ADD TEST

        g = DAG(nodes=set(df.index) | set(df.columns))
        for (i, j), val in np.ndenumerate(df.values):
            if val != 0:
                g.add_arc(df.index[i], df.columns[j])
        return g


[docs]    def to_dataframe(self, node_list=None):
        """
        Turn this DAG into a dataframe, where the indices and columns are node names and a nonzero entry indicates
        the presence of an edge.

        Parameters
        ----------
        node_list:
            Order to use when creating the dataframe. If None, uses a sorted order.

        Returns
        -------
        pandas.DataFrame:
            The graph as a DataFrame.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1)})
        >>> d.to_dataframe()
           0  1
        0  0  1
        1  0  0
        >>> d.to_dataframe(node_list=[1, 0])
           1  0
        1  0  0
        0  1  0
        """
        warn_untested()  # TODO: ADD TEST

        if not node_list:
            node_list = sorted(self._nodes)
        node2ix = {node: i for i, node in enumerate(node_list)}

        shape = (len(self._nodes), len(self._nodes))
        amat = np.zeros(shape, dtype=int)
        for source, target in self._arcs:
            amat[node2ix[source], node2ix[target]] = 1

        from pandas import DataFrame
        return DataFrame(amat, index=node_list, columns=node_list)


    # === SCIPY CONVERSION
    def to_sparse(self):
        raise NotImplementedError

    # === SEPARATIONS
[docs]    def dsep(self, A: Union[Set[Node], Node], B: Union[Set[Node], Node], C: Union[Set[Node], Node] = set(),
             verbose=False, certify=False) -> bool:
        """
        Check if ``A`` and ``B`` are d-separated given ``C``, using the Bayes ball algorithm.

        Parameters
        ----------
        A:
            First set of nodes.
        B:
            Second set of nodes.
        C:
            Separating set of nodes.
        verbose:
            If True, print moves of the algorithm.

        See Also
        --------
        dsep_from_given

        Return
        ------
        is_dsep

        Example
        -------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (3, 2)})
        >>> g.dsep(1, 3)
        True
        >>> g.dsep(1, 3, 2)
        False
        """
        warn_untested()  # TODO: ADD TEST

        # type coercion
        A = core_utils.to_set(A)
        B = core_utils.to_set(B)
        C = core_utils.to_set(C)

        # shade ancestors of C
        shaded_nodes = set(C)
        for node in C:
            self._add_ancestors(shaded_nodes, node)

        visited = set()
        # marks for which direction the path is traveling through the node
        _c = '_c'  # child
        _p = '_p'  # parent

        schedule = {(node, _c) for node in A}
        while schedule:
            if verbose:
                print('Current schedule:', schedule)

            node, _dir = schedule.pop()
            if node in B and not certify: return False
            if node in B and certify: return False, node
            if (node, _dir) in visited: continue
            visited.add((node, _dir))

            if verbose:
                print('Going through node', node, 'in direction', _dir)

            # if coming from child, won't encounter v-structure
            if _dir == _c and node not in C:
                schedule.update({(parent, _c) for parent in self._parents[node]})
                schedule.update({(child, _p) for child in self._children[node]})

            if _dir == _p:
                # if coming from parent and see shaded node, can go through v-structure
                if node in shaded_nodes:
                    schedule.update({(parent, _c) for parent in self._parents[node]})

                # if coming from parent and see unconditioned node, can go through children
                if node not in C:
                    schedule.update({(child, _p) for child in self._children[node]})

        return True


[docs]    def dsep_from_given(self, A, C: NodeSet = frozenset()) -> Set[Node]:
        """
        Find all nodes d-separated from ``A`` given ``C``.

        Uses algorithm in Geiger, D., Verma, T., & Pearl, J. (1990).
        Identifying independence in Bayesian networks. Networks, 20(5), 507-534.

        Parameters
        ----------
        A:
            set of nodes.
        C:
            set of conditioned nodes.

        Returns
        -------
        set
            Nodes which are d-separated from ``A`` given ``C``.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1), (1, 2), (2, 3), (3, 4)})
        >>> d.dsep_from_given(0, 1)
        {2, 3, 4]
        """
        warn_untested()  # TODO: ADD TEST

        A = core_utils.to_set(A)
        C = core_utils.to_set(C)

        determined = set()
        descendants = set()

        for c in C:
            determined.add(c)
            descendants.add(c)
            self._add_ancestors(descendants, c)

        reachable = set()
        i_links = set()
        labeled_links = set()

        for a in A:
            i_links.add((None, a))
            reachable.add(a)

        while True:
            i_p_1_links = set()
            # Find all unlabled links v->w adjacent to at least one link u->v labeled i, such that (u->v,v->w) is a legal pair.
            for link in i_links:
                u, v = link
                for w in self._neighbors[v]:
                    if not u == w and (v, w) not in labeled_links:
                        if v in self._children[u] and v in self._children[w]:  # Is collider?
                            if v in descendants:
                                i_p_1_links.add((v, w))
                                reachable.add(w)
                        else:  # Not collider
                            if v not in determined:
                                i_p_1_links.add((v, w))
                                reachable.add(w)

            if len(i_p_1_links) == 0:
                break

            labeled_links = labeled_links.union(i_links)
            i_links = i_p_1_links

        return self._nodes.difference(A).difference(C).difference(reachable)


[docs]    def is_invariant(self, A, intervened_nodes, cond_set=set(), verbose=False) -> bool:
        """
        Check if the distribution of ``A`` given cond_set is invariant to an intervention on intervened_nodes.

        :math:`f^\emptyset(A|C) = f^I(A|C)` if the "intervention node" I with intervened_nodes as its children
        is d-separated from A given C. Equivalently, the :math:`f^\emptyset(A|C) \neq f^I(A|C)` if:

        - there is an active path to an intervened node that ends in an arrowhead, and that intervened node
            or one of its descendants is conditioned on.
        - there is an active path to an intervened node that ends in a tail, and that intervened node
            is not conditioned on.

        Parameters
        ----------
        A:
            Set of nodes.
        intervened_nodes:
            Nodes on which an intervention has occurred.
        cond_set:
            Conditioning set for the tested distribution.
        verbose:
            If True, print moves of the algorithm.
        """
        warn_untested()  # TODO: ADD TEST

        # type coercion
        A = core_utils.to_set(A)
        I = core_utils.to_set(intervened_nodes)
        C = core_utils.to_set(cond_set)

        # shade ancestors of C
        shaded_nodes = set(C)
        for node in C:
            self._add_ancestors(shaded_nodes, node)

        visited = set()
        # marks for which direction the path is traveling through the node
        _c = '_c'  # child
        _p = '_p'  # parent

        schedule = {(node, _c) for node in A}
        while schedule:
            if verbose:
                print('Current schedule:', schedule)

            node, _dir = schedule.pop()
            if node in I and _dir == _p and node in shaded_nodes: return False
            if node in I and _dir == _c and node not in C: return False
            if (node, _dir) in visited: continue
            visited.add((node, _dir))

            if verbose:
                print('Going through node', node, 'in direction', _dir)

            # if coming from child, won't encounter v-structure
            if _dir == _c and node not in C:
                schedule.update({(parent, _c) for parent in self._parents[node]})
                schedule.update({(child, _p) for child in self._children[node]})

            if _dir == _p:
                # if coming from parent and see shaded node, can go through v-structure
                if node in shaded_nodes:
                    schedule.update({(parent, _c) for parent in self._parents[node]})

                # if coming from parent and see unconditioned node, can go through children
                if node not in C:
                    schedule.update({(child, _p) for child in self._children[node]})

        return True


[docs]    def local_markov_statements(self) -> Set[Tuple[Any, FrozenSet, FrozenSet]]:
        """
        Return the local Markov statements of this DAG, i.e., those of the form ``i`` independent nondescendants(i) given
        the parents of ``i``.

        Returns
        -------
        set
            The set of tuples of the form (``i``, ``A``, ``C``) representing the local Markov statements of the DAG
            via (``i`` independent of ``A`` given ``C``).

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (3, 2)})
        >>> g.local_markov_statements()
        {(1, frozenset({3}), frozenset()), (2, frozenset(), frozenset({1, 3})), (3, frozenset({1}), frozenset())}
        """
        statements = set()
        for node in self._nodes:
            parents = self._parents[node]
            nondescendants = self._nodes - {node} - self.descendants_of(node) - parents
            statements.add((node, frozenset(nondescendants), frozenset(parents)))
        return statements


    # === CONVERSION TO OTHER GRAPHS
[docs]    def moral_graph(self):
        """
        Return the (undirected) moral graph of this DAG, i.e., the graph with the parents of all nodes made adjacent.

        Returns
        -------
        UndirectedGraph:
            Moral graph of this DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(1, 3), (2, 3)})
        >>> ug = d.moral_graph()
        >>> ug.edges
        {frozenset({1, 3}), frozenset({2, 3}), frozenset({1, 2})}
        """
        warn_untested()  # TODO: ADD TEST

        from causaldag import UndirectedGraph
        edges = {(i, j) for i, j in self._arcs} | {(p1, p2) for p1, node, p2 in self.vstructures()}
        return UndirectedGraph(self._nodes, edges)


[docs]    def marginal_mag(self, latent_nodes, relabel=None, new=True):
        """
        Return the maximal ancestral graph (MAG) that results from marginalizing out ``latent_nodes``.

        Parameters
        ----------
        latent_nodes:
            nodes to marginalize over.
        relabel:
            if relabel='default', relabel the nodes to have labels 1,2,...,(#nodes).
        new:
            TODO - pick whether to use new or old implementation.

        Returns
        -------
        m:
            cd.AncestralGraph, the MAG resulting from marginalizing out `latent_nodes`.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(1, 3), (1, 2)})
        >>> mag = d.marginal_mag(latent_nodes={1})
        >>> mag
        Directed edges: set(), Bidirected edges: {frozenset({2, 3})}, Undirected edges: set()
        >>> mag = d.marginal_mag(latent_nodes={1}, relabel="default")
        Directed edges: set(), Bidirected edges: {frozenset({0, 1})}, Undirected edges: set()
        """
        warn_untested()  # TODO: ADD TEST

        from .ancestral_graph import AncestralGraph

        if not new:
            latent_nodes = core_utils.to_set(latent_nodes)

            new_nodes = self._nodes - latent_nodes
            directed = set()
            bidirected = set()
            for i, j in itr.combinations(self._nodes - latent_nodes, r=2):
                adjacent = all(not self.dsep(i, j, S) for S in core_utils.powerset(self._nodes - {i, j} - latent_nodes))
                if adjacent:
                    if self.is_ancestor_of(i, j):
                        directed.add((i, j))
                    elif self.is_ancestor_of(j, i):
                        directed.add((j, i))
                    else:
                        bidirected.add((i, j))

            if relabel is not None:
                t = self.topological_sort()
                t_new = [node for node in t if node not in latent_nodes]
                node2new_label = dict(map(reversed, enumerate(t_new)))
                new_nodes = {node2new_label[node] for node in new_nodes}
                directed = {(node2new_label[i], node2new_label[j]) for i, j in directed}
                bidirected = {(node2new_label[i], node2new_label[j]) for i, j in bidirected}

            return AncestralGraph(nodes=new_nodes, directed=directed, bidirected=bidirected)

        else:
            # ag = AncestralGraph(nodes=self._nodes, directed=self._arcs)
            # curr_directed = ag.directed
            # curr_bidirected = ag.bidirected
            #
            # while True:
            #     for node in latent_nodes:
            #         parents = ag._parents[node]
            #         children = ag._children[node]
            #         spouses = ag._spouses[node]
            #         for j, i in itr.product(parents, children):
            #             ag._add_directed(j, i, ignore_error=True)
            #         for i, j in itr.combinations(children, 2):
            #             ag._add_bidirected(i, j, ignore_error=True)
            #         for i, j in itr.product(children, spouses):
            #             ag._add_bidirected(i, j, ignore_error=True)
            #
            #     last_directed = curr_directed
            #     last_bidirected = curr_bidirected
            #     curr_directed = ag.directed
            #     curr_bidirected = ag.bidirected
            #     if curr_directed == last_directed and curr_bidirected == last_bidirected:
            #         break
            # for node in latent_nodes:
            #     ag.remove_node(node, ignore_error=True)

            ag = AncestralGraph(nodes=self._nodes, directed=self._arcs)
            ancestor_dict = ag.ancestor_dict()
            for i, j in itr.combinations(self._nodes - latent_nodes, 2):
                S = (ancestor_dict[i] | ancestor_dict[j]) - {i, j} - latent_nodes
                if not ag.has_any_edge(i, j) and not ag.msep(i, j, S):
                    if i in ancestor_dict[j]:
                        ag._add_directed(i, j)
                    elif j in ancestor_dict[i]:
                        ag._add_directed(j, i)
                    else:
                        ag._add_bidirected(i, j)
            for node in latent_nodes:
                ag.remove_node(node, ignore_error=True)

            if relabel is not None:
                if relabel == 'default':
                    relabel = {node: ix for ix, node in enumerate(sorted(self._nodes - set(latent_nodes)))}
                new_nodes = {relabel[node] for node in self._nodes - set(latent_nodes)}
                directed = {(relabel[i], relabel[j]) for i, j in ag.directed}
                bidirected = {(relabel[i], relabel[j]) for i, j in ag.bidirected}
                return AncestralGraph(new_nodes, directed=directed, bidirected=bidirected)

            return ag


[docs]    def cpdag(self):
        """
        Return the completed partially directed acyclic graph (CPDAG, aka essential graph) that represents the
        Markov equivalence class of this DAG.

        Return
        ------
        causaldag.PDAG:
            CPDAG representing the MEC of this DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 4), (3, 4)})
        >>> cpdag = g.cpdag()
        >>> cpdag.edges
        {frozenset({1, 2})}
        >>> cpdag.arcs
        {(2, 4), (3, 4)}
        """
        from causaldag import PDAG
        pdag = PDAG(nodes=self._nodes, arcs=self._arcs, known_arcs=self.arcs_in_vstructures())
        pdag.remove_unprotected_orientations()
        return pdag


    def cpdag_new(self, new=False):
        from causaldag import PDAG
        vstruct = self.arcs_in_vstructures()
        pdag = PDAG(nodes=self._nodes, arcs=vstruct, edges=self._arcs - vstruct)
        if new:
            pdag.to_complete_pdag_new()
        else:
            pdag.to_complete_pdag()
        return pdag

[docs]    def interventional_cpdag(self, interventions: List[set], cpdag=None):
        """
        Return the interventional essential graph (aka CPDAG) associated with this DAG.

        Parameters
        ----------
        interventions:
            A list of the intervention targets.
        cpdag:
            The original (non-interventional) CPDAG of the graph. Faster when provided.

        Return
        ------
        causaldag.PDAG:
            Interventional CPDAG representing the I-MEC of this DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> g = cd.DAG(arcs={(1, 2), (2, 4), (3, 4)})
        >>> cpdag = g.cpdag()
        >>> icpdag = g.interventional_cpdag([{1}], cpdag=cpdag)
        >>> icpdag.arcs
        {(1, 2), (2, 4), (3, 4)}
        """
        warn_untested()  # TODO: ADD TEST

        from causaldag import PDAG

        if cpdag is None:
            raise ValueError('Need the CPDAG')
            # dag_cut = self.copy()
            # known_arcs = set()
            # for node in intervened_nodes:
            #     for i, j in dag_cut.incoming_arcs(node):
            #         dag_cut.remove_arc(i, j)
            #         known_arcs.update(self.outgoing_arcs(node))
            # known_arcs.update(dag_cut.vstructs())
            # pdag = PDAG(dag_cut._nodes, dag_cut._arcs, known_arcs=known_arcs)
        else:
            cut_edges = set()
            for iv_nodes in interventions:
                cut_edges.update({(i, j) for i, j in self._arcs if len({i, j} & set(iv_nodes)) == 1})
            known_arcs = cut_edges | cpdag._known_arcs
            pdag = PDAG(self._nodes, self._arcs, known_arcs=known_arcs)

        pdag.remove_unprotected_orientations()
        return pdag


    # === CHICKERING SEQUENCE
    def _is_resolved_sink(self, other, node, res_sinks):
        no_children = not (self._children[node] - res_sinks)
        no_children_other = not (other._children[node] - res_sinks)
        same_parents = self._parents[node] == other._parents[node]
        return no_children and no_children_other and same_parents

[docs]    def resolved_sinks(self, other) -> set:
        """
        Return the nodes in this graph which are "resolved sinks" with respect to the graph ``other``.

        A "resolved sink" is a node which has the same parents in both graphs, and no children which are
        not themselves resolved sinks.

        Parameters
        ----------
        other
            TODO

        Examples
        --------
        >>> import causaldag as cd
        >>> d1 = cd.DAG(arcs={(1, 0), (1, 2), (2, 0)})
        >>> d2 = cd.DAG(arcs={(2, 0), (2, 1), (1, 0)})
        >>> res_sinks = d1.resolved_sinks(d2)
        {0}
        """
        warn_untested()  # TODO: ADD TEST

        res_sinks = set()
        while True:
            new_resolved = {node for node in self._nodes - res_sinks if self._is_resolved_sink(other, node, res_sinks)}
            res_sinks.update(new_resolved)
            if not new_resolved:
                break

        return res_sinks


[docs]    def chickering_sequence(self, imap, verbose=False):
        """
        Return a *Chickering sequence* from this DAG to an I-MAP ``imap``.

        A Chickering sequence from DAG ``D1`` to a DAG ``D2`` is a sequence of DAGs starting at ``D1`` and ending at
        ``D2``, with consecutive DAGs differing by a single edge reversal or edge deletion, such that each DAG is an
        IMAP of ``D1``.

        See Chickering, David Maxwell. "Optimal structure identification with greedy search." (2002) for more details.

        Parameters
        ----------
        imap: DAG
            The I-MAP of this DAG at which the Chickering sequence will end.

        Examples
        --------
        >>> import causaldag as cd
        >>> d1 = cd.DAG(arcs={(0, 1), (1, 2)})
        >>> d2 = cd.DAG(arcs={(2, 0), (2, 1), (1, 0)})
        >>> sequence, moves = d1.chickering_sequence(d2)
        >>> sequence[1].arcs
        {(1, 0), (1, 2)}
        >>> sequence[2].arcs
        {(1, 0), (1, 2), (2, 0)}
        """
        warn_untested()  # TODO: ADD TEST

        curr_graph = self

        ch_seq = []
        moves = []
        last_sink = None
        while curr_graph != imap:
            ch_seq.append(curr_graph)
            curr_graph, last_sink, move = curr_graph.apply_edge_operation(imap, seed_sink=last_sink, verbose=verbose)
            moves.append(move)

        ch_seq.append(imap)
        return ch_seq, moves


[docs]    def apply_edge_operation(self, imap, seed_sink=None, verbose=False):
        """
        Identify an edge operation (covered edge reversal or edge addition) which decreases the Chickering distance
        from this DAG to ``imap``.

        See Chickering, David Maxwell. "Optimal structure identification with greedy search." (2002), Fig. 2 for
        more details.

        Parameters
        ----------
        imap:
            The target I-MAP.
        seed_sink:
            If the algorithm reaches step 3, pick this node (if it is indeed a valid sink).
        verbose:
            If ``True``, print out the steps of the algorithm.

        Returns
        -------
        (DAG, Node, int)
            * The updated DAG
            * The node picked for the operation
            * The type of the edge operation (corresponding to the line of the algorithm in the above paper)
        """
        warn_untested()  # TODO: ADD TEST

        new_graph = self.copy()

        # STEP 2: REMOVE RESOLVED SINKS
        resolved_sinks = self.resolved_sinks(imap)
        self_subgraph = self.induced_subgraph(self._nodes - resolved_sinks)
        imap_subgraph = imap.induced_subgraph(imap._nodes - resolved_sinks)

        # STEP 3: PICK A SINK IN THE IMAP
        imap_sinks = imap_subgraph.sinks()
        sink = random.choice(list(imap_sinks)) if seed_sink is None or seed_sink not in imap_sinks else seed_sink
        if verbose: print(f"Step 3: Picked {sink}")

        # STEP 4: ADD A PARENT IF Y IS A SINK IN G
        if sink in self_subgraph.sinks():
            x = random.choice(list(imap_subgraph._parents[sink] - self_subgraph._parents[sink]))
            new_graph.add_arc(x, sink)
            if verbose: print(f"Step 4: Added {x}->{sink}")
            return new_graph, sink, 4

        # STEP 5: PICK A SPECIFIC CHILD OF Y IN G
        d = list(imap_subgraph.upstream_most(self_subgraph.descendants_of(sink)))[0]
        valid_children = self_subgraph.upstream_most(self_subgraph._children[sink]) & (
                self_subgraph.ancestors_of(d) | {d})
        z = random.choice(list(valid_children))
        if verbose: print(f"Step 5: Picked z={z}")

        # STEP 6
        if self_subgraph.is_reversible(sink, z):
            new_graph.reverse_arc(sink, z)
            if verbose: print(f"Step 6: Reversing {sink}->{z}")
            return new_graph, sink, 6

        # STEP 7
        par_z = self_subgraph._parents[z] - self_subgraph._parents[sink] - {sink}
        if par_z:
            x = random.choice(list(par_z))
            if verbose: print(f"Step 7: Picked x={x}")
            new_graph.add_arc(x, sink)
            if verbose: print(f"Step 7: Adding {x}->{sink}")
            return new_graph, sink, 7

        # STEP 8
        par_sink = self_subgraph._parents[sink] - self_subgraph._parents[z]
        x = random.choice(list(par_sink))
        if verbose: print(f"Step 8: Picked x={x}")
        new_graph.add_arc(x, z)
        if verbose: print(f"Step 8: Adding {x}->{z}")
        return new_graph, sink, 8


    # === DIRECTED CLIQUE TREES
[docs]    def directed_clique_tree(self, verbose=False):
        """
        Return the directed clique tree associated with this DAG.

        See the following for the definition of the directed clique tree:
        Squires, Chandler, et al. "Active Structure Learning of Causal DAGs via Directed Clique Tree." (2020)

        Parameters
        ----------
        verbose
            if True, print out the steps taken to compute the directed clique tree.

        Returns
        -------
        networkx.MultiDiGraph
            The directed clique tree of this DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (2, 3)})
        >>> dct = d.directed_clique_tree()
        >>> dct.nodes
        NodeView((frozenset({1, 2, 3}), frozenset({0, 1})))
        >>> dct.edges
        OutMultiEdgeView([(frozenset({0, 1}), frozenset({1, 2, 3}), 0)])
        """
        warn_untested()  # TODO: ADD TEST

        cliques = nx.chordal_graph_cliques(self.to_nx().to_undirected())
        ct = nx.MultiDiGraph()
        ct.add_nodes_from(cliques)
        edges = {(c1, c2): c1 & c2 for c1, c2 in itr.combinations(cliques, 2) if c1 & c2}
        subtrees = UnionFind()
        bidirected_components = UnionFind()
        for c1, c2 in sorted(edges, key=lambda e: len(edges[e]), reverse=True):
            if verbose: print(f"Considering edge {c1}-{c2}")
            if subtrees[c1] != subtrees[c2]:
                shared = c1 & c2
                all_into_c1 = all((s, c) in self._arcs for s, c in itr.product(shared, c1 - shared))
                all_into_c2 = all((s, c) in self._arcs for s, c in itr.product(shared, c2 - shared))
                if all_into_c1 and all_into_c2:
                    c1_parent = bidirected_components[c1]
                    c2_parent = bidirected_components[c2]
                    b1 = [c for c, parent in bidirected_components.parents.items() if parent == c1_parent]
                    b2 = [c for c, parent in bidirected_components.parents.items() if parent == c2_parent]
                    b1_source = any(set(ct.predecessors(c)) - set(ct.successors(c)) for c in b1)
                    b2_source = any(set(ct.predecessors(c)) - set(ct.successors(c)) for c in b2)
                    if not (b1_source and b2_source):
                        if verbose: print(f"Adding edge {c1}<->{c2}")
                        subtrees.union(c1, c2)
                        bidirected_components.union(c1, c2)
                        ct.add_edge(c1, c2)
                        ct.add_edge(c2, c1)
                else:
                    c1, c2 = (c1, c2) if all_into_c2 else (c2, c1)
                    c2_parent = bidirected_components[c2]
                    bidirected_component = [
                        c for c, parent in bidirected_components.parents.items()
                        if parent == c2_parent
                    ]
                    has_source = any(
                        set(ct.predecessors(c)) - set(ct.successors(c))
                        for c in bidirected_component
                    )
                    if not has_source:
                        if verbose: print(f"{c1}->{c2}")
                        ct.add_edge(c1, c2)
                        subtrees.union(c1, c2)

        labels = {(c1, c2, 0): c1 & c2 for c1, c2 in ct.edges()}
        nx.set_edge_attributes(ct, labels, name='label')

        return ct


[docs]    def contracted_directed_clique_tree(self):
        """
        Return the contracted directed clique tree associated with this DAG.

        See the following for the definition of the contracted directed clique tree:
        Squires, Chandler, et al. "Active Structure Learning of Causal DAGs via Directed Clique Tree." (2020)

        Returns
        -------
        networkx.MultiDiGraph
            The directed clique tree of this DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (1, 4), (3, 2), (3, 4)})
        >>> cdct = d.contracted_directed_clique_tree()
        >>> cdct.nodes
        NodeView((frozenset({frozenset({1, 2, 3}), frozenset({1, 3, 4})}), frozenset({frozenset({0, 1})})))
        >>> cdct.edges
        OutEdgeView([(frozenset({frozenset({0, 1})}), frozenset({frozenset({1, 2, 3}), frozenset({1, 3, 4})}))])
        """
        warn_untested()  # TODO: ADD TEST

        dct = self.directed_clique_tree()

        # find bidirected connected components
        all_edges = set(dct.edges())
        bidirected_graph = nx.Graph()
        bidirected_graph.add_nodes_from(dct.nodes())
        bidirected_graph.add_edges_from({(c1, c2) for c1, c2 in all_edges if (c2, c1) in all_edges})
        components = [frozenset(component) for component in nx.connected_components(bidirected_graph)]
        clique2component = {clique: component for component in components for clique in component}

        # contract bidirected connected components
        g = nx.DiGraph()
        g.add_nodes_from(components)
        g.add_edges_from({
            (clique2component[c1], clique2component[c2]) for c1, c2 in all_edges
            if clique2component[c1] != clique2component[c2]
        })

        return g


[docs]    def residuals(self):
        """
        Return the residuals associated with this DAG.

        See the following for the definition of residuals:
        Squires, Chandler, et al. "Active Structure Learning of Causal DAGs via Directed Clique Tree." (2020)

        Returns
        -------
        networkx.MultiDiGraph
            The directed clique tree of this DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (1, 4), (3, 2), (3, 4)})
        >>> residuals = d.residuals()
        >>> residuals
        [frozenset({2, 3, 4}), frozenset({0, 1})]
        """
        warn_untested()  # TODO: ADD TEST

        sdct = self.contracted_directed_clique_tree()
        sdct_nodes = list(sdct.nodes)
        sdct_components = [frozenset.union(*component) for component in sdct_nodes]
        sdct_parents = [list(sdct.predecessors(component)) for component in sdct_nodes]
        sdct_parents = [frozenset.union(*p[0]) if p else set() for p in sdct_parents]
        return [component - parent for component, parent in zip(sdct_components, sdct_parents)]


[docs]    def residual_essential_graph(self):
        """
        Return the residual essential graph associated with this DAG.

        See the following for the definition of the residual essential graph:
        Squires, Chandler, et al. "Active Structure Learning of Causal DAGs via Directed Clique Tree." (2020)

        Returns
        -------
        networkx.MultiDiGraph
            The directed clique tree of this DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1), (1, 2), (1, 3), (1, 4), (3, 2), (3, 4)})
        >>> r_eg = d.residual_essential_graph()
        >>> r_eg.arcs
        {(1, 2), (1, 3), (1, 4)}
        """
        warn_untested()  # TODO: ADD TEST

        from causaldag import PDAG

        sdct = self.contracted_directed_clique_tree()
        sdct_nodes = list(sdct.nodes)
        sdct_components = [frozenset.union(*component) for component in sdct_nodes]
        sdct_parents = [list(sdct.predecessors(component)) for component in sdct_nodes]
        sdct_parents = [frozenset.union(*p[0]) if p else set() for p in sdct_parents]
        sdct_residuals = [component - parent for component, parent in zip(sdct_components, sdct_parents)]
        arcs = {
            (p, r) for parent, residual, component in zip(sdct_parents, sdct_residuals, sdct_components)

            for p, r in itr.product(parent & component, residual)
        }
        g = PDAG(nodes=self._nodes, arcs=arcs & self._arcs, edges=self._arcs - arcs)
        return g


    # === INTERVENTION DESIGN
[docs]    def optimal_fully_orienting_single_node_interventions(self, cpdag=None, new=False, verbose=False) -> Set[Node]:
        """
        Find the smallest set of interventions which fully orients the CPDAG into this DAG.

        Parameters
        ----------
        cpdag
            the starting CPDAG containing known orientations. If None, compute and use the observational essential graph.
        new:
            TODO: remove after checking that directed clique tree method works.
        verbose:
            TODO: describe.

        Returns
        -------
        interventions
            A minimum-size set of interventions which fully orients the DAG.

        Examples
        --------
        >>> import causaldag as cd
        >>> import itertools as itr
        >>> d = cd.DAG(arcs=set(itr.combinations(range(5), 2)))
        >>> ivs = d.optimal_fully_orienting_single_node_interventions()
        >>> ivs
        {1, 3}
        """
        if new:
            sdct = self.contracted_directed_clique_tree()
            top_sort = nx.topological_sort(sdct)

            intervened_nodes = set()
            for component in top_sort:
                parent = list(sdct.predecessors(component))
                parent_nodes = frozenset.union(*parent[0]) if len(parent) != 0 else set()
                if verbose: print(f"orienting component {component}, parent={parent}")
                component_intervened_nodes = self._verification_optimal_helper(component, parent_nodes, verbose=verbose)
                if verbose: print(f"intervened: {component_intervened_nodes}")
                intervened_nodes.update(component_intervened_nodes)
            return intervened_nodes
        else:
            cpdag = self.cpdag() if cpdag is None else cpdag
            node2oriented = {
                node: self.interventional_cpdag([{node}], cpdag=cpdag).arcs
                for node in self._nodes - cpdag.dominated_nodes
            }
            for ss in core_utils.powerset(self._nodes - cpdag.dominated_nodes, r_min=1):
                oriented = set.union(*(node2oriented[node] for node in ss))
                if len(oriented) == len(cpdag.edges) + len(cpdag.arcs):
                    return ss


[docs]    def greedy_optimal_single_node_intervention(self, cpdag=None, num_interventions=1):
        """
        Greedily pick ``num_interventions`` single node interventions based on how many edges they orient.

        By submodularity, this will orient at least (1 - 1/e) as many edges as the optimal intervention set
        of size ``num_interventions``.

        Parameters
        ----------
        cpdag:
            the starting CPDAG containing known orientations. If None, use the observational essential graph.
        num_interventions:
            the number of single-node interventions used. Default is 1.

        Return
        ------
        (interventions, cpdags)
            The selected interventions and the associated cpdags that they induce.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1), (1, 2), (0, 2)})
        >>> ivs, icpdags = d.greedy_optimal_single_node_intervention()
        >>> ivs
        [1]
        >>> icpdags[0].arcs
        {(0, 1), (0, 2), (1, 2)}
        """
        warn_untested()  # TODO: ADD TEST

        if cpdag is None:
            cpdag = self.cpdag()
        if len(cpdag.edges) == 0:
            return [None] * num_interventions, [cpdag] * num_interventions

        nodes2icpdags = {
            node: self.interventional_cpdag([{node}], cpdag=cpdag)
            for node in self._nodes - cpdag.dominated_nodes
        }
        nodes2num_oriented = {
            node: len(icpdag._arcs)
            for node, icpdag in nodes2icpdags.items()
        }

        best_iv = max(nodes2num_oriented.items(), key=op.itemgetter(1))[0]
        icpdag = nodes2icpdags[best_iv]

        if num_interventions == 1:
            return [best_iv], [icpdag]
        else:
            best_ivs, icpdags = self.greedy_optimal_single_node_intervention(cpdag=icpdag,
                                                                             num_interventions=num_interventions - 1)
            return [best_iv] + best_ivs, [icpdag] + icpdags


[docs]    def greedy_optimal_fully_orienting_interventions(self, cpdag=None):
        """
        Find a set of interventions which fully orients a CPDAG into this DAG, using greedy selection of the
        interventions. By submodularity, the number of interventions is a (1 + ln K) multiplicative approximation
        to the true optimal number of interventions, where K is the number of undirected edges in the CPDAG.

        Parameters
        ----------
        cpdag
            the starting CPDAG containing known orientations. If None, use the observational essential graph.

        Returns
        -------
        (interventions, cpdags)
            The selected interventions and the associated cpdags that they induce.

        Examples
        --------
        >>> import causaldag as cd
        >>> d = cd.DAG(arcs={(0, 1), (1, 2), (0, 2), (0, 3), (1, 3), (2, 3)})
        >>> ivs, icpdags = d.greedy_optimal_fully_orienting_interventions()
        >>> ivs
        [1, 2]
        >>> icpdags[0].edges
        {frozenset({2, 3})}
        >>> icpdags[1].edges
        set()
        """
        warn_untested()  # TODO: ADD TEST

        if cpdag is None: cpdag = self.cpdag()
        curr_cpdag = cpdag
        ivs = []
        icpdags = []
        while len(curr_cpdag.edges) != 0:
            iv, icpdag = self.greedy_optimal_single_node_intervention(cpdag=curr_cpdag)
            iv = iv[0]
            icpdag = icpdag[0]
            curr_cpdag = icpdag
            ivs.append(iv)
            icpdags.append(icpdag)
        return ivs, icpdags


    def _verification_optimal_helper(self, component, parent_component, verbose=False) -> set:
        # for a clique, select every other node
        if len(component) == 1:
            if verbose: print('component is clique')
            residual = list(component)[0] - parent_component
            if verbose: print(f"residual: {residual}")
            sorted_nodes = self.induced_subgraph(residual).topological_sort()
            return set(sorted_nodes[1::2])
        else:
            sorted_nodes = self.induced_subgraph(frozenset.union(*component)).topological_sort()

            # determine common head
            intersections = [c1 & c2 for c1, c2 in itr.combinations(component, 2)]
            common_head = frozenset.union(*intersections) - parent_component
            max_intersection = max(intersections, key=len)
            # if max_intersection != frozenset.union(*intersections):
            #     raise RuntimeError
            sorted_common_head = [node for node in sorted_nodes if node in common_head]
            if verbose: print(f'component contains multiple cliques, common head = {sorted_common_head}')

            # determine heads and tails
            heads = [clique & common_head for clique in component]
            tails = [clique - common_head - parent_component for clique in component]
            sorted_heads = [[node for node in sorted_nodes if node in head] for head in heads]
            sorted_tails = [[node for node in sorted_nodes if node in tail] for tail in tails]

            # add nodes from tails
            intervened_nodes = set()
            for head, tail in zip(sorted_heads, sorted_tails):
                if verbose: print(f"tail={tail}, head={head}")
                intervened_nodes.update(tail[-2::-2])
                if len(tail) % 2 == 1 and len(head) > 0:
                    intervened_nodes.add(head[-1])

            # add remaining nodes from common head
            counter = 0
            for node in sorted_common_head:
                if node in intervened_nodes:
                    counter = 0
                else:
                    counter += 1
                    if counter == 2:
                        intervened_nodes.add(node)
                        counter = 0

            return intervened_nodes
            # TODO: test!

    # === ADJUSTMENT SETS
    def backdoor(self, i, j):
        """
        Return a set of nodes S satisfying the backdoor criterion if such an S exists, otherwise False.

        S satisfies the backdoor criterion if
        (i) S blocks every path from i to j with an arrow into i
        (ii) no node in S is a descendant of i


        """
        raise NotImplementedError
        pass

    def frontdoor(self, i, j):
        """
        Return a set of nodes S satisfying the frontdoor criterion if such an S exists, otherwise False.

        S satisfies the frontdoor criterion if
        (i) S blocks all directed paths from i to j
        (ii) there are no unblocked backdoor paths from i to S
        (iii) i blocks all backdoor paths from S to j

        """
        raise NotImplementedError()


if __name__ == '__main__':
    d = DAG(arcs={(1, 2), (1, 3), (3, 4), (2, 4), (3, 5)})
    d.save_gml('test_mine.gml')




          

      

      

    

  

    
      
          
            
  Source code for causaldag.classes.pdag

# Author: Chandler Squires
"""
Base class for partially directed acyclic graphs
"""

from collections import defaultdict
from causaldag.utils import core_utils
import itertools as itr
import numpy as np
from typing import Set
from collections import namedtuple
from scipy.special import factorial
import networkx as nx
from typing import Set, FrozenSet, Iterable
import csv

SmallDag = namedtuple('SmallDag', ['arcs', 'reversible_arcs', 'parents_dict', 'children_dict', 'level'])


[docs]class PDAG:
    def __init__(
            self,
            nodes: Set = set(),
            arcs: Set = set(),
            edges: Set = set(),
            known_arcs=set(),
            new=False
    ):
        self._nodes = set(nodes)
        self._arcs = set()
        self._edges = set()
        self._parents = defaultdict(set)
        self._children = defaultdict(set)
        self._neighbors = defaultdict(set)
        self._undirected_neighbors = defaultdict(set)
        if new:  # for some reason this is slower than the old way. memory?
            self._add_arcs_from(arcs)
            self._add_edges_from(edges)
        else:
            for arc in arcs:
                self._add_arc(*arc)
            for edge in edges:
                self._add_edge(*edge)

        self._known_arcs = known_arcs.copy()

    @classmethod
    def from_df(cls, df, source_axis=0):
        arcs = set()
        edges = set()

        amat = df.values
        nodes = set(df.index)
        name_map = dict(enumerate(df.index))

        for i, j in zip(*np.triu_indices_from(amat, k=1)):
            if amat[i, j] != 0 and amat[j, i] != 0:
                edges.add((i, j))
            elif amat[i, j] != 0:
                arcs.add((i, j) if source_axis == 0 else (j, i))
            elif amat[j, i] != 0:
                arcs.add((j, i) if source_axis == 0 else (i, j))

        arcs = {(name_map[i], name_map[j]) for i, j in arcs}
        edges = {(name_map[i], name_map[j]) for i, j in edges}

        return PDAG(nodes, arcs, edges)

    @classmethod
    def from_sparse(cls, sparse_amat, source_axis=0):
        raise NotImplementedError

    @classmethod
    def from_csv(cls, filename):
        raise NotImplementedError

[docs]    @classmethod
    def from_amat(cls, amat: np.ndarray, source_axis=0):
        """Return a PDAG with arcs/edges given by amat
        """
        nrows, ncols = amat.shape
        arcs = set()
        edges = set()

        for i, j in zip(*np.triu_indices_from(amat, k=1)):
            if amat[i, j] != 0 and amat[j, i] != 0:
                edges.add((i, j))
            elif amat[i, j] != 0:
                arcs.add((i, j) if source_axis == 0 else (j, i))
            elif amat[j, i] != 0:
                arcs.add((j, i) if source_axis == 0 else (j, i))

        return PDAG(set(range(nrows)), arcs, edges)


    @classmethod
    def from_nx(cls, nx_graph):
        return PDAG(nodes=nx_graph.nodes, edges=nx_graph.edges)

    # CONVERTERS
    def to_nx(self):
        if self._arcs:
            raise NotImplementedError
        g = nx.Graph()
        g.add_edges_from(self._edges)
        return g

    def to_csv(self, filename):
        with open(filename, 'w', newline='\n') as file:
            writer = csv.writer(file)
            for source, target in self._arcs:
                writer.writerow([source, target])
            for node1, node2 in self._edges:
                writer.writerow([node1, node2])
                writer.writerow([node2, node1])

    def to_df(self, node_list=None, source_axis=0):
        if node_list is None:
            node_list = sorted(self._nodes)
        node2ix = {node: i for i, node in enumerate(node_list)}

        shape = (len(self._nodes), len(self._nodes))
        amat = np.zeros(shape, dtype=int)

        for source, target in self._arcs:
            if source_axis == 0:
                amat[node2ix[source], node2ix[target]] = 1
            else:
                amat[node2ix[target], node2ix[source]] = 1
        for i, j in self._edges:
            amat[node2ix[i], node2ix[j]] = 1
            amat[node2ix[j], node2ix[i]] = 1

        from pandas import DataFrame
        return DataFrame(amat, index=node_list, columns=node_list)

    def to_sparse(self, node_list: list = None, source_axis=0):
        from scipy.sparse import lil_matrix
        shape = (len(self._nodes), len(self._nodes))

        amat = lil_matrix(shape, dtype=int)

        if node_list is None:
            node_list = sorted(self._nodes)
        node2ix = {node: i for i, node in enumerate(node_list)}

        for source, target in self._arcs:
            if source_axis == 0:
                amat[node2ix[source], node2ix[target]] = 1
            else:
                amat[node2ix[target], node2ix[source]] = 1
        for i, j in self._edges:
            amat[node2ix[i], node2ix[j]] = 1
            amat[node2ix[j], node2ix[i]] = 1

        return amat, node_list

[docs]    def to_amat(self, node_list: list = None, source_axis=0) -> (np.ndarray, list):
        """Return an adjacency matrix for the graph
        """
        if node_list is None:
            node_list = sorted(self._nodes)
        node2ix = {node: i for i, node in enumerate(node_list)}

        shape = (len(self._nodes), len(self._nodes))
        amat = np.zeros(shape, dtype=int)

        for source, target in self._arcs:
            if source_axis == 0:
                amat[node2ix[source], node2ix[target]] = 1
            else:
                amat[node2ix[target], node2ix[source]] = 1
        for i, j in self._edges:
            amat[node2ix[i], node2ix[j]] = 1
            amat[node2ix[j], node2ix[i]] = 1

        return amat, node_list


    def __eq__(self, other):
        same_nodes = self._nodes == other._nodes
        same_arcs = self._arcs == other._arcs
        same_edges = self._edges == other._edges

        return same_nodes and same_arcs and same_edges

    def __str__(self):
        substrings = []
        for node in self._nodes:
            parents = self._parents[node]
            nbrs = self._undirected_neighbors[node]
            parents_str = ','.join(map(str, parents)) if len(parents) != 0 else ''
            nbrs_str = ','.join(map(str, nbrs)) if len(nbrs) != 0 else ''

            if len(parents) == 0 and len(nbrs) == 0:
                substrings.append('[{node}]'.format(node=node))
            else:
                substrings.append('[{node}|{parents}:{nbrs}]'.format(node=node, parents=parents_str, nbrs=nbrs_str))
        return ''.join(substrings)

[docs]    def copy(self):
        """Return a copy of the graph
        """
        return PDAG(nodes=self._nodes, arcs=self._arcs, edges=self._edges, known_arcs=self._known_arcs)


    def rename_nodes(self, name_map):
        return PDAG(
            nodes={name_map[n] for n in self._nodes},
            arcs={(name_map[i], name_map[j]) for i, j in self._arcs},
            edges={(name_map[i], name_map[j]) for i, j in self._edges}
        )

    # === PROPERTIES
    @property
    def nodes(self):
        return set(self._nodes)

    @property
    def nnodes(self):
        return len(self._nodes)

    @property
    def num_arcs(self):
        return len(self._arcs)

    @property
    def num_edges(self):
        return len(self._edges)

    @property
    def num_adjacencies(self):
        return self.num_arcs + self.num_edges

    @property
    def arcs(self):
        return set(self._arcs)

    @property
    def edges(self):
        return set(self._edges)

    @property
    def parents(self):
        return core_utils.defdict2dict(self._parents, self._nodes)

    @property
    def children(self):
        return core_utils.defdict2dict(self._children, self._nodes)

    @property
    def neighbors(self):
        return core_utils.defdict2dict(self._neighbors, self._nodes)

    @property
    def undirected_neighbors(self):
        return core_utils.defdict2dict(self._undirected_neighbors, self._nodes)

    @property
    def skeleton(self):
        return {frozenset({i, j}) for i, j in self._arcs | self._edges}

    @property
    def dominated_nodes(self):
        dominated_nodes = set()
        for node in self._nodes:
            num_nbrs = self.undirected_degree_of(node)
            if num_nbrs == 0:
                dominated_nodes.add(node)
            elif num_nbrs == 1:
                max_nbrs_of_nbrs = max(len(self._undirected_neighbors[nbr]) for nbr in self._undirected_neighbors[node])
                if max_nbrs_of_nbrs > 1:
                    dominated_nodes.add(node)
        return dominated_nodes

    def clique_size(self):
        if len(self._arcs) == 0:
            g = self.to_nx()
            return nx.chordal_graph_treewidth(g) + 1
        else:
            return max(cc.clique_size() for cc in self.chain_components())

    def max_cliques(self):
        if len(self._arcs) == 0:
            g = self.to_nx()
            m_cliques = nx.chordal_graph_cliques(g)
            return {frozenset(c) for c in m_cliques}
        else:
            return set.union(*(cc.max_cliques() for cc in self.chain_components()))

    # === PROPERTIES W/ ARGUMENTS
    def indegree_of(self, node):
        return len(self._parents[node])

    def outdegree_of(self, node):
        return len(self._children[node])

    def undirected_degree_of(self, node):
        return len(self._undirected_neighbors[node])

    def total_degree_of(self, node):
        return len(self._neighbors[node])

    def parents_of(self, node):
        return set(self._parents[node])

    def children_of(self, node):
        return set(self._children[node])

    def neighbors_of(self, node):
        return set(self._neighbors[node])

    def undirected_neighbors_of(self, node):
        return set(self._undirected_neighbors[node])

[docs]    def has_edge(self, i, j):
        """Return True if the graph contains the edge i--j
        """
        return frozenset({i, j}) in self._edges


    def has_arc(self, i, j):
        """Return True if the graph contains the arc i->j"""
        return (i, j) in self._arcs

[docs]    def has_edge_or_arc(self, i, j):
        """Return True if the graph contains the edge i--j or an arc i->j or i<-j
        """
        return (i, j) in self._arcs or (j, i) in self._arcs or self.has_edge(i, j)


    def vstructs(self):
        vstructs = set()
        for node in self._nodes:
            for p1, p2 in itr.combinations(self._parents[node], 2):
                if p1 not in self._parents[p2] and p2 not in self._parents[p1]:
                    vstructs.add((p1, node))
                    vstructs.add((p2, node))
        return vstructs

    def _undirected_reachable(self, node, tmp, visited):
        visited.add(node)
        tmp.add(node)
        for nbr in filter(lambda nbr: nbr not in visited, self._undirected_neighbors[node]):
            tmp = self._undirected_reachable(nbr, tmp, visited)
        return tmp

    def chain_components(self, rename=False):
        """Return the chain components of this graph.

        Return
        ------
        List[Set[node]]
            Return the partition of nodes coming from the relation of reachability by undirected edges.
        """
        node_queue = self._nodes.copy()
        components = []
        visited_nodes = set()

        while node_queue:
            node = node_queue.pop()
            if node not in visited_nodes:
                reachable = self._undirected_reachable(node, set(), visited_nodes)
                if len(reachable) > 1: components.append(reachable)

        return [self.induced_subgraph(c, rename=rename) for c in components]

    def induced_subgraph(self, nodes, rename=False):
        if rename:
            ixs = dict(map(reversed, enumerate(nodes)))
            new_nodes = set(range(len(nodes)))
            arcs = {(ixs[i], ixs[j]) for i, j in self._arcs if i in nodes and j in nodes}
            edges = {(ixs[i], ixs[j]) for i, j in self._edges if i in nodes and j in nodes}
        else:
            new_nodes = nodes
            arcs = {(i, j) for i, j in self._arcs if i in nodes and j in nodes}
            edges = {(i, j) for i, j in self._edges if i in nodes and j in nodes}
        return PDAG(nodes=new_nodes, arcs=arcs, edges=edges)

    def interventional_cpdag(self, dag, intervened_nodes):
        cut_edges = set()
        for node in intervened_nodes:
            cut_edges.update(dag.incident_arcs(node))
        p = PDAG(self._nodes, self._arcs | cut_edges, self._edges - {frozenset({i, j}) for i, j in cut_edges})
        p.to_complete_pdag()
        return p

    # === MUTATORS
    def _add_arc(self, i, j):
        self._nodes.add(i)
        self._nodes.add(j)
        self._arcs.add((i, j))

        self._neighbors[i].add(j)
        self._neighbors[j].add(i)

        self._children[i].add(j)
        self._parents[j].add(i)

    def _add_arcs_from(self, arcs):
        if not arcs:
            return
        sources, sinks = zip(*arcs)
        self._nodes.update(sources)
        self._nodes.update(sinks)
        self._arcs.update(arcs)
        for i, j in arcs:
            self._neighbors[i].add(j)
            self._neighbors[j].add(i)
            self._children[i].add(j)
            self._parents[j].add(i)

    def _add_edges_from(self, edges):
        if not edges:
            return
        s1, s2 = zip(*edges)
        self._nodes.update(s1)
        self._nodes.update(s2)
        self._edges.update(map(frozenset, edges))
        for i, j in edges:
            self._undirected_neighbors[i].add(j)
            self._undirected_neighbors[j].add(i)
            self._neighbors[i].add(j)
            self._neighbors[j].add(i)

    def _add_edge(self, i, j):
        self._nodes.add(i)
        self._nodes.add(j)
        self._edges.add(frozenset({i, j}))

        self._neighbors[i].add(j)
        self._neighbors[j].add(i)

        self._undirected_neighbors[i].add(j)
        self._undirected_neighbors[j].add(i)

    def remove_edge(self, i, j, ignore_error=False):
        try:
            self._edges.remove(frozenset({i, j}))
            self._neighbors[i].remove(j)
            self._neighbors[j].remove(i)
            self._undirected_neighbors[i].remove(j)
            self._undirected_neighbors[j].remove(i)
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e

    def remove_edges_from(self, edges):
        for i, j in edges:
            self.remove_edge(i, j)

    def remove_arc(self, i, j, ignore_error=False):
        try:
            self._arcs.remove((i, j))
            self._children[i].remove(j)
            self._parents[j].remove(i)
            self._neighbors[i].remove(j)
            self._neighbors[j].remove(i)
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e

    def remove_arcs_from(self, arcs):
        for i, j in arcs:
            self.remove_arc(i, j)

[docs]    def remove_node(self, node):
        """Remove a node from the graph
        """
        self._nodes.remove(node)
        self._arcs = {(i, j) for i, j in self._arcs if i != node and j != node}
        self._edges = {frozenset({i, j}) for i, j in self._edges if i != node and j != node}
        for child in self._children[node]:
            self._parents[child].remove(node)
            self._neighbors[child].remove(node)
        for parent in self._parents[node]:
            self._children[parent].remove(node)
            self._neighbors[parent].remove(node)
        for u_nbr in self._undirected_neighbors[node]:
            self._undirected_neighbors[u_nbr].remove(node)
            self._neighbors[u_nbr].remove(node)
        del self._parents[node]
        del self._children[node]
        del self._neighbors[node]
        del self._undirected_neighbors[node]


    def remove_nodes_from(self, nodes):
        for node in nodes:
            self.remove_node(node)

    def remove_all_arcs(self):
        self.remove_arcs_from(set(self._arcs))

    def replace_edge_with_arc(self, arc, ignore_error=False):
        try:
            self._replace_edge_with_arc(arc)
        except KeyError as e:
            if ignore_error:
                pass
            else:
                raise e

    def _replace_arc_with_edge(self, arc):
        self._arcs.remove(arc)
        self._edges.add(frozenset({*arc}))
        i, j = arc
        self._parents[j].remove(i)
        self._children[i].remove(j)
        self._undirected_neighbors[i].add(j)
        self._undirected_neighbors[j].add(i)

    def _replace_edge_with_arc(self, arc):
        self._edges.remove(frozenset({*arc}))
        self._arcs.add(arc)
        i, j = arc
        self._parents[j].add(i)
        self._children[i].add(j)
        self._undirected_neighbors[i].remove(j)
        self._undirected_neighbors[j].remove(i)

    def assign_parents(self, node, parents, verbose=False):
        for p in parents:
            self._replace_edge_with_arc((p, node))
        for c in self._undirected_neighbors[node] - parents:
            self._replace_edge_with_arc((node, c))
        self.to_complete_pdag(verbose=verbose)

    def to_complete_pdag_new(self, verbose=False):
        protected_parents = defaultdict(set)
        protected_children = defaultdict(set)
        undecided_edges = {(i, j) for i, j in self._edges}
        neighbors = self._undirected_neighbors.copy()

        while True:
            chain_arcs1 = {(i, j) for i, j in undecided_edges if protected_parents[i] - self._neighbors[j]}
            undecided_edges -= chain_arcs1
            chain_arcs2 = {(j, i) for i, j in undecided_edges if protected_parents[j] - self._neighbors[i]}
            undecided_edges -= set(map(reversed, chain_arcs2))

            cycle_arcs1 = {(i, j) for i, j in undecided_edges if protected_children[i] & protected_parents[j]}
            undecided_edges -= cycle_arcs1
            cycle_arcs2 = {(j, i) for i, j in undecided_edges if protected_children[j] & protected_parents[i]}
            undecided_edges -= set(map(reversed, cycle_arcs2))

            a1 = {
                (i, j) for i, j in undecided_edges
                if any((not self.has_edge_or_arc(k1, k2)) for k1, k2 in
                       itr.combinations(neighbors[i] & protected_parents[j], 2))
            }
            undecided_edges -= a1
            a2 = {
                (j, i) for i, j in undecided_edges
                if any((not self.has_edge_or_arc(k1, k2)) for k1, k2 in
                       itr.combinations(neighbors[j] & protected_parents[i], 2))
            }
            undecided_edges -= a1

            new_arcs = chain_arcs1 | chain_arcs2 | cycle_arcs1 | cycle_arcs2 | a1 | a2
            if len(new_arcs) == 0:
                break
            for i, j in new_arcs:
                protected_children[i].add(j)
                protected_parents[j].add(i)
                neighbors[i].remove(j)
                neighbors[j].remove(i)

    def to_complete_pdag(self, verbose=False, solve_conflict=False):
        """
        Replace with arcs those edges whose orientations can be determined by Meek rules:
        =====
        See Koller & Friedman, Algorithm 3.5

        """
        if solve_conflict:
            raise NotImplementedError

        PROTECTED = 'P'  # indicates that some configuration definitely exists to protect the edge
        UNDECIDED = 'U'  # indicates that some configuration exists that could protect the edge
        NOT_PROTECTED = 'N'  # indicates no possible configuration that could protect the edge

        edges1 = {(i, j) for i, j in self._edges}
        undecided_arcs = edges1 | {(j, i) for i, j in edges1}
        arc_flags = {arc: PROTECTED for arc in self._arcs}
        arc_flags.update({arc: UNDECIDED for arc in undecided_arcs})

        while undecided_arcs:
            for arc in undecided_arcs:
                i, j = arc
                flag = NOT_PROTECTED

                # check configuration (a) -- causal chain
                s = ''
                for k in self._parents[i]:
                    if not self.has_edge_or_arc(k, j):
                        if arc_flags[(k, i)] == PROTECTED:
                            flag = PROTECTED
                            s = f': {k}->{i}-{j}'
                            break
                        else:
                            flag = UNDECIDED
                if verbose: print(f'{arc} marked {flag} by (a){s}')

                # check configuration (b) -- acyclicity
                s = ''
                if flag != PROTECTED:
                    for k in self._parents[j]:
                        if i in self._parents[k]:
                            if arc_flags[(i, k)] == PROTECTED and arc_flags[(k, j)] == PROTECTED:
                                flag = PROTECTED
                                s = f': {k}->{j}-{i}->{k}'
                                break
                            else:
                                flag = UNDECIDED
                    if verbose: print(f'{arc} marked {flag} by (b){s}')

                # check configuration (d)
                s = ''
                if flag != PROTECTED:
                    for k1, k2 in itr.combinations(self._parents[j], 2):
                        if self.has_edge(i, k1) and self.has_edge(i, k2) and not self.has_edge_or_arc(k1, k2):
                            if arc_flags[(k1, j)] == PROTECTED and arc_flags[(k2, j)] == PROTECTED:
                                flag = PROTECTED
                                s = f': {i}-{k1}->{j}<-{k2}-{i}'
                                break
                            else:
                                flag = UNDECIDED
                    if verbose: print(f'{arc} marked {flag} by (c){s}')

                arc_flags[arc] = flag

            if all(arc_flags[arc] == NOT_PROTECTED for arc in undecided_arcs): break

            for arc in undecided_arcs.copy():
                if arc_flags[arc] == PROTECTED:
                    if not solve_conflict:
                        if self.has_arc(arc[1], arc[0]):  # arc has already been oriented the opposite way
                            continue
                    undecided_arcs.remove(arc)
                    undecided_arcs.remove((arc[1], arc[0]))
                    self._replace_edge_with_arc(arc)

    def remove_unprotected_orientations(self, verbose=False):
        """
        Replace with edges those arcs whose orientations cannot be determined by either:
        - prior knowledge, or
        - Meek rules

        =====
        See Koller & Friedman, Algorithm 3.5

        """
        PROTECTED = 'P'  # indicates that some configuration definitely exists to protect the edge
        UNDECIDED = 'U'  # indicates that some configuration exists that could protect the edge
        NOT_PROTECTED = 'N'  # indicates no possible configuration that could protect the edge

        undecided_arcs = self._arcs - self._known_arcs
        arc_flags = {arc: PROTECTED for arc in self._known_arcs}
        arc_flags.update({arc: UNDECIDED for arc in undecided_arcs})

        while undecided_arcs:
            for arc in undecided_arcs:
                i, j = arc
                flag = NOT_PROTECTED

                # check configuration (a) -- causal chain
                for k in self._parents[i]:
                    if not self.has_edge_or_arc(k, j):
                        if arc_flags[(k, i)] == PROTECTED:
                            flag = PROTECTED
                            break
                        else:
                            flag = UNDECIDED
                        if verbose: print('{edge} marked {flag} by (a)'.format(edge=arc, flag=flag))

                # check configuration (b) -- acyclicity
                if flag != PROTECTED:
                    for k in self._parents[j]:
                        if i in self._parents[k]:
                            if arc_flags[(i, k)] == PROTECTED and arc_flags[(k, j)] == PROTECTED:
                                flag = PROTECTED
                                break
                            else:
                                flag = UNDECIDED
                            if verbose: print('{edge} marked {flag} by (b)'.format(edge=arc, flag=flag))

                # check configuration (d)
                if flag != PROTECTED:
                    for k1, k2 in itr.combinations(self._parents[j], 2):
                        if self.has_edge(i, k1) and self.has_edge(i, k2) and not self.has_edge_or_arc(k1, k2):
                            if arc_flags[(k1, j)] == PROTECTED and arc_flags[(k2, j)] == PROTECTED:
                                flag = PROTECTED
                            else:
                                flag = UNDECIDED
                            if verbose: print('{edge} marked {flag} by (c)'.format(edge=arc, flag=flag))

                arc_flags[arc] = flag

            for arc in undecided_arcs.copy():
                if arc_flags[arc] != UNDECIDED:
                    undecided_arcs.remove(arc)
                if arc_flags[arc] == NOT_PROTECTED:
                    self._replace_arc_with_edge(arc)

[docs]    def add_known_arc(self, i, j):
        if (i, j) in self._known_arcs:
            return
        self._known_arcs.add((i, j))
        self._edges.remove(frozenset({i, j}))
        self.remove_unprotected_orientations()


    def add_known_arcs(self, arcs):
        raise NotImplementedError

    # === MUTATORS

    def _possible_sinks(self):
        return {node for node in self._nodes if len(self._children[node]) == 0}

    def _neighbors_covered(self, node):
        return {node2: self.neighbors[node2] - {node} == self.neighbors[node] for node2 in self._nodes}

[docs]    def to_dag(self):
        """
        Return a DAG that is consistent with this CPDAG.

        Returns
        -------
        d

        Examples
        --------
        TODO
        """
        from causaldag import DAG

        pdag2 = self.copy()
        arcs = set()
        while len(pdag2._edges) + len(pdag2._arcs) != 0:
            is_sink = lambda n: len(pdag2._children[n]) == 0
            no_vstructs = lambda n: all(
                (pdag2._neighbors[n] - {u_nbr}).issubset(pdag2._neighbors[u_nbr])
                for u_nbr in pdag2._undirected_neighbors[n]
            )
            sink = next((n for n in pdag2._nodes if is_sink(n) and no_vstructs(n)), None)
            if sink is None:
                break
            arcs.update((nbr, sink) for nbr in pdag2._neighbors[sink])
            pdag2.remove_node(sink)

        return DAG(arcs=arcs)


    # === MEC
    def mec_size(self):
        """Return the number of DAGs in the MEC represented by this PDAG
        """
        if self.num_arcs > 0:
            return len(self.all_dags())

        if self.num_edges == self.nnodes:
            return 2*self.nnodes
        elif self.num_edges == self.nnodes - 1:
            return self.nnodes
        elif self.num_edges == self.nnodes * (self.nnodes - 1) / 2:
            return factorial(self.nnodes)
        else:
            return len(self.all_dags())

    def exact_sample(self, save_sampler=True, nsamples=1):
        """Return a DAG sampled uniformly at random from the MEC represented by this PDAG
        """
        raise NotImplementedError

[docs]    def all_dags(self, verbose=False):
        """Return all DAGs consistent with this PDAG
        """
        dag = self.to_dag()
        arcs = dag._arcs
        all_arcs = set()

        orig_reversible_arcs = dag.reversible_arcs() - self._arcs
        orig_parents_dict = dag.parents
        orig_children_dict = dag.children

        level = 0
        q = [SmallDag(arcs, orig_reversible_arcs, orig_parents_dict, orig_children_dict, level)]
        while q:
            dag = q.pop()
            all_arcs.add(frozenset(dag.arcs))
            for i, j in dag.reversible_arcs:
                new_arcs = frozenset({arc for arc in dag.arcs if arc != (i, j)} | {(j, i)})
                if new_arcs not in all_arcs:
                    new_parents_dict = {}
                    new_children_dict = {}
                    for node in dag.parents_dict.keys():
                        parents = set(dag.parents_dict[node])
                        children = set(dag.children_dict[node])
                        if node == i:
                            new_parents_dict[node] = parents | {j}
                            new_children_dict[node] = children - {j}
                        elif node == j:
                            new_parents_dict[node] = parents - {i}
                            new_children_dict[node] = children | {i}
                        else:
                            new_parents_dict[node] = parents
                            new_children_dict[node] = children

                    new_reversible_arcs = dag.reversible_arcs.copy()
                    for k in dag.parents_dict[j]:
                        if (new_parents_dict[j] - {k}) == new_parents_dict[k] and (k, j) not in self._arcs:
                            new_reversible_arcs.add((k, j))
                        else:
                            new_reversible_arcs.discard((k, j))
                    for k in dag.children_dict[j]:
                        if new_parents_dict[j] == (new_parents_dict[k] - {j}) and (j, k) not in self._arcs:
                            new_reversible_arcs.add((j, k))
                        else:
                            new_reversible_arcs.discard((j, k))
                    for k in dag.parents_dict[i]:
                        if (new_parents_dict[i] - {k}) == new_parents_dict[k] and (k, i) not in self._arcs:
                            new_reversible_arcs.add((k, i))
                        else:
                            new_reversible_arcs.discard((k, i))
                    for k in dag.children_dict[i]:
                        if new_parents_dict[i] == (new_parents_dict[k] - {i}) and (i, k) not in self._arcs:
                            new_reversible_arcs.add((i, k))
                        else:
                            new_reversible_arcs.discard((i, k))

                    q.append(
                        SmallDag(new_arcs, new_reversible_arcs, new_parents_dict, new_children_dict, dag.level + 1))

        return all_arcs


    def is_edge_clique(self, s):
        """
        Check if every pair of nodes in s is adjacent.
        """
        return all(self.has_edge(i, j) for i, j in itr.combinations(s, 2))

    def possible_parents(self, node) -> Iterable:
        return core_utils.powerset_predicate(self._undirected_neighbors[node], self.is_edge_clique)

    # === COMPARISON
[docs]    def shd(self, other):
        """Return the structural Hamming distance between this PDAG and another.

        For each pair of nodes, the SHD is incremented by 1 if the edge type/presence between the two nodes is different
        """
        self_undirected = {frozenset({*arc}) for arc in self._arcs} | self._edges
        other_undirected = {frozenset({*arc}) for arc in other._arcs} | other._edges
        num_additions = len(self_undirected - other_undirected)
        num_deletions = len(other_undirected - self_undirected)
        diff_type = {
            (i, j) for i, j in self_undirected & other_undirected
            if ((i, j) in self._arcs and (i, j) not in other._arcs) or
                               ((j, i) in self._arcs and (j, i) not in other._arcs) or
                               (frozenset({i, j}) in self._edges and frozenset({i, j}) not in other._edges)
        }
        return num_additions + num_deletions + len(diff_type)


    def shd_skeleton(self, other) -> int:
        return len(self.skeleton.symmetric_difference(other.skeleton))



if __name__ == '__main__':
    from causaldag.rand import directed_erdos

    g = directed_erdos(10, .5)
    c = g.cpdag()
    a1 = c.to_amat()
    a2, _ = c.to_amat(mode='numpy')
    a3, _ = c.to_amat(mode='sparse')




          

      

      

    

  

    
      
          
            
  Source code for causaldag.rand.graphs

import numpy as np
from collections import defaultdict
import random
from causaldag import DAG, GaussDAG, SampleDAG, CamDAG
import itertools as itr
from typing import Union, List, Callable, Optional, Any, Dict
from networkx import barabasi_albert_graph, fast_gnp_random_graph
from scipy.special import comb
from tqdm import tqdm
from functools import partial
import ipdb

# class RandWeightFn(Protocol):
#     def __call__(self, size: int) -> Union[float, List[float]]: ...


RandWeightFn = Any


def _coin(p, size=1):
    return np.random.binomial(1, p, size=size)


def unif_away_zero(low=.25, high=1, size=1, all_positive=False):
    if all_positive:
        return np.random.uniform(low, high, size=size)
    signs = (_coin(.5, size) - .5) * 2
    return signs * np.random.uniform(low, high, size=size)


def unif_away_original(original, dist_original=.25, low=.25, high=1):
    if dist_original < low:
        raise ValueError(
            "the lowest absolute value of weights must be larger than the distance between old weights and new weights")
    regions = []
    if original < 0:
        regions.append((low, high))
        if original - dist_original >= -high:
            regions.append((-high, original - dist_original))
        if original + dist_original <= -low:
            regions.append((original + dist_original, -low))
    else:
        regions.append((-high, -low))
        if original + dist_original <= high:
            regions.append((original + dist_original, high))
        if original - dist_original >= low:
            regions.append((low, original - dist_original))
    a, b = random.choices(regions, weights=[b - a for a, b in regions])[0]
    return np.random.uniform(a, b)


[docs]def directed_erdos(
        nnodes,
        density=None,
        exp_nbrs=None,
        size=1,
        as_list=False,
        random_order=True
) -> Union[DAG, List[DAG]]:
    """
    Generate random Erdos-Renyi DAG(s) on `nnodes` nodes with density `density`.

    Parameters
    ----------
    nnodes:
        Number of nodes in each graph.
    density:
        Probability of any edge.
    size:
        Number of graphs.
    as_list:
        If True, always return as a list, even if only one DAG is generated.

    Examples
    --------
    >>> import causaldag as cd
    >>> d = cd.rand.directed_erdos(5, .5)
    """
    assert density is not None or exp_nbrs is not None
    density = density if density is not None else exp_nbrs / (nnodes - 1)
    if size == 1:
        # if density < .01:
        #     print('here')
        #     random_nx = fast_gnp_random_graph(nnodes, density, directed=True)
        #     d = DAG(nodes=set(range(nnodes)), arcs=random_nx.edges)
        #     return [d] if as_list else d
        bools = _coin(density, size=int(nnodes * (nnodes - 1) / 2))
        arcs = {(i, j) for (i, j), b in zip(itr.combinations(range(nnodes), 2), bools) if b}
        d = DAG(nodes=set(range(nnodes)), arcs=arcs)
        if random_order:
            nodes = list(range(nnodes))
            d = d.rename_nodes(dict(enumerate(np.random.permutation(nodes))))
        return [d] if as_list else d
    else:
        return [directed_erdos(nnodes, density, random_order=random_order) for _ in range(size)]



def directed_erdos_with_confounders(
        nnodes: int,
        density: Optional[float] = None,
        exp_nbrs: Optional[float] = None,
        num_confounders: int = 1,
        confounder_pervasiveness: float = 1,
        size=1,
        as_list=False,
        random_order=True
) -> Union[DAG, List[DAG]]:
    assert density is not None or exp_nbrs is not None
    density = density if density is not None else exp_nbrs / (nnodes - 1)

    if size == 1:
        confounders = list(range(num_confounders))
        nonconfounders = list(range(num_confounders, nnodes+num_confounders))
        bools = _coin(confounder_pervasiveness, size=int(num_confounders*nnodes))
        confounder_arcs = {(i, j) for (i, j), b in zip(itr.product(confounders, nonconfounders), bools) if b}
        bools = _coin(density, size=int(nnodes * (nnodes - 1) / 2))
        local_arcs = {(i, j) for (i, j), b in zip(itr.combinations(nonconfounders, 2), bools) if b}
        d = DAG(nodes=set(range(nnodes)), arcs=confounder_arcs|local_arcs)

        if random_order:
            nodes = list(range(nnodes+num_confounders))
            d = d.rename_nodes(dict(enumerate(np.random.permutation(nodes))))

        return [d] if as_list else d
    else:
        return [
            directed_erdos_with_confounders(
                nnodes,
                density,
                num_confounders=num_confounders,
                confounder_pervasiveness=confounder_pervasiveness,
                random_order=random_order
            )
            for _ in range(size)
        ]


[docs]def rand_weights(dag, rand_weight_fn: RandWeightFn = unif_away_zero) -> GaussDAG:
    """
    Generate a GaussDAG from a DAG, with random edge weights independently drawn from `rand_weight_fn`.

    Parameters
    ----------
    dag:
        DAG
    rand_weight_fn:
        Function to generate random weights.

    Examples
    --------
    >>> import causaldag as cd
    >>> d = cd.DAG(arcs={(1, 2), (2, 3)})
    >>> g = cd.rand.rand_weights(d)
    """
    weights = rand_weight_fn(size=len(dag.arcs))
    return GaussDAG(nodes=list(range(len(dag.nodes))), arcs=dict(zip(dag.arcs, weights)))



def _leaky_relu(vals):
    return np.where(vals > 0, vals, vals * .01)


def rand_nn_functions(
        dag: DAG,
        num_layers=3,
        nonlinearity=_leaky_relu,
        noise=lambda: np.random.laplace(0, 1)
) -> SampleDAG:
    s = SampleDAG(dag._nodes, arcs=dag._arcs)

    # for each node, create the conditional
    for node in dag._nodes:
        nparents = dag.indegree_of(node)
        layer_mats = [np.random.rand(nparents, nparents) * 2 for _ in range(num_layers)]

        def conditional(parent_vals):
            vals = parent_vals
            for a in layer_mats:
                vals = a @ vals
                vals = nonlinearity(vals)
            return vals + noise()

        s.set_conditional(node, conditional)

    return s


def _cam_conditional(parent_vals, c_node, parent_weights, parent_bases, noise):
    return sum([
        c_node * weight * base(val) for weight, base, val in zip(parent_weights, parent_bases, parent_vals)
    ]) + noise()


def _cam_mean_function(
        parent_vals: np.ndarray,
        parents: list,
        c_node: float,
        parent_weights: np.ndarray,
        parent2base: dict
):
    assert parent_vals.shape[1] == len(parents)
    assert len(parent_weights) == len(parents)
    assert all(parent in parent2base for parent in parents)

    if len(parents) == 0:
        return np.zeros(parent_vals.shape[0])
    parent_contribs = np.array([parent2base[parent](parent_vals[:, ix]) for ix, parent in enumerate(parents)]).T
    parent_contribs = parent_contribs * parent_weights
    parent_contrib = parent_contribs.sum(axis=1)
    return c_node * parent_contrib


def rand_additive_basis(
        dag: DAG,
        basis: list,
        r2_dict: Optional[Union[Dict[int, float], float]] = None,
        rand_weight_fn: RandWeightFn = unif_away_zero,
        noise=lambda size: np.random.normal(0, 1, size=size),
        internal_variance: int = 1,
        num_monte_carlo: int = 10000,
        progress=False
):
    """
    Generate a random structural causal model (SCM), using `dag` as the structure, and with each variable
    being a general additive model (GAM) of its parents.

    Parameters
    ----------
    dag:
        A DAG to use as the structure for the model.
    basis:
        Basis functions for the GAM.
    r2_dict:
        A dictionary mapping each number of parents to the desired signal-to-noise ratio (SNR) for nodes
        with that many parents. By default, 1/2 for any number of parents.
    rand_weight_fn:
        A function to generate random weights for each parent.
    noise:
        A function to generate random internal noise for each node.
    internal_variance:
        The variance of the above noise function.
    num_monte_carlo:
        The number of Monte Carlo samples used when computing coefficients to achieve the desired SNR.

    Examples
    --------
    >>> import causaldag as cd
    >>> import numpy as np
    >>> d = cd.DAG(arcs={(1, 2), (2, 3), (1, 3)})
    >>> basis = [np.sin, np.cos, np.exp]
    >>> r2_dict = {1: 1/2, 2: 2/3}
    >>> g = cd.rand.rand_additive_basis(d, basis, r2_dict)
    """
    if r2_dict is None:
        r2_dict = {nparents: 1/2 for nparents in range(dag.nnodes)}
    if isinstance(r2_dict, float):
        r2_dict = {nparents: r2_dict for nparents in range(dag.nnodes)}

    cam_dag = CamDAG(dag._nodes, arcs=dag._arcs)
    top_order = dag.topological_sort()
    sample_dict = dict()

    # for each node, create the conditional
    node_iterator = top_order if not progress else tqdm(top_order)
    for node in node_iterator:
        parents = dag.parents_of(node)
        nparents = dag.indegree_of(node)
        parent2base = dict(zip(parents, random.choices(basis, k=nparents)))
        parent_weights = rand_weight_fn(size=nparents)
        parent_vals = np.array([sample_dict[parent] for parent in parents]).T if nparents > 0 else np.zeros([num_monte_carlo, 0])

        c_node = 1
        if nparents > 0:
            mean_function_no_c = partial(_cam_mean_function, c_node=1, parent_weights=parent_weights, parent2base=parent2base)
            values_from_parents = mean_function_no_c(parent_vals, parents)
            variance_from_parents = np.var(values_from_parents)

            try:
                desired_r2 = r2_dict[nparents]
            except ValueError:
                raise Exception(f"`snr_dict` does not specify a desired R^2 for nodes with {nparents} parents")
            c_node = internal_variance / variance_from_parents * desired_r2 / (1 - desired_r2)
            if np.isnan(c_node):
                raise ValueError
            print(node, parents, variance_from_parents, parent_weights, c_node)

        mean_function = partial(_cam_mean_function, c_node=c_node, parent_weights=parent_weights, parent2base=parent2base)

        mean_vals = mean_function(parent_vals, parents)
        sample_dict[node] = mean_vals + noise(size=num_monte_carlo)

        cam_dag.set_mean_function(node, mean_function)
        cam_dag.set_noise(node, noise)

    return cam_dag


# OPTION 1
# - equally predictable given parents (signal to noise ratio): internal variance \propto variance from the parents
# - compute variance of each parent. add up. set my internal noise variance \propto variance from parents
# - always keep noise variance same, scale signal coefficients

# OPTION 2
# - bound each variable

# OPTION 3


def directed_random_graph(nnodes: int, random_graph_model: Callable, size=1, as_list=False) -> Union[DAG, List[DAG]]:
    if size == 1:
        # generate a random undirected graph
        edges = random_graph_model(nnodes).edges

        # generate a random permutation
        random_permutation = np.arange(nnodes)
        np.random.shuffle(random_permutation)

        arcs = []
        for edge in edges:
            node1, node2 = edge
            node1_position = np.where(random_permutation == node1)[0][0]
            node2_position = np.where(random_permutation == node2)[0][0]
            if node1_position < node2_position:
                source = node1
                endpoint = node2
            else:
                source = node2
                endpoint = node1
            arcs.append((source, endpoint))
        d = DAG(nodes=set(range(nnodes)), arcs=arcs)
        return [d] if as_list else d
    else:
        return [directed_random_graph(nnodes, random_graph_model) for _ in range(size)]


def directed_barabasi(nnodes: int, nattach: int, size=1, as_list=False) -> Union[DAG, List[DAG]]:
    random_graph_model = lambda nnodes: barabasi_albert_graph(nnodes, nattach)
    return directed_random_graph(nnodes, random_graph_model, size=size, as_list=as_list)


def alter_weights(
        gdag: GaussDAG,
        prob_altered: float = None,
        num_altered: int = None,
        prob_added: float = None,
        num_added: int = None,
        prob_removed: float = None,
        num_removed: int = None,
        rand_weight_fn=unif_away_zero,
        rand_change_fn=unif_away_original
):
    """
    Return a copy of a GaussDAG with some of its arc weights randomly altered by `rand_weight_fn`.

    Parameters
    ----------
    gdag:
        GaussDAG
    prob_altered:
        Probability each arc has its weight altered.
    num_altered:
        Number of arcs whose weights are altered.
    prob_added:
        Probability that each missing arc is added.
    num_added:
        Number of missing arcs added.
    prob_removed:
        Probability that each arc is removed.
    num_removed:
        Number of arcs removed.
    rand_weight_fn:
        Function that returns a random weight for each new edge.
    rand_change_fn:
        Function that takes the current weight of an edge and returns the new weight.
    """
    if num_altered is None and prob_altered is None:
        raise ValueError("Must specify at least one of `prob_altered` or `num_altered`.")
    if num_added is None and prob_added is None:
        raise ValueError("Must specify at least one of `prob_added` or `num_added`.")
    if num_removed is None and prob_removed is None:
        raise ValueError("Must specify at least one of `prob_removed` or `num_removed`.")
    if num_altered + num_removed > gdag.num_arcs:
        raise ValueError(
            f"Tried altering {num_altered} arcs and removing {num_removed} arcs, but there are only {gdag.num_arcs} arcs in this DAG.")
    num_missing_arcs = comb(gdag.nnodes, 2) - gdag.num_arcs
    if num_added > num_missing_arcs:
        raise ValueError(
            f"Tried adding {num_added} arcs but there are only {num_missing_arcs} arcs missing from the DAG.")

    # GET NUMBER ADDED/CHANGED/REMOVED
    num_altered = num_altered if num_altered is not None else np.random.binomial(gdag.num_arcs, prob_altered)
    num_removed = num_removed if num_removed is not None else np.random.binomial(gdag.num_arcs, prob_removed)
    num_removed = min(num_removed, gdag.num_arcs - num_altered)
    num_added = num_added if num_added is not None else np.random.binomial(num_missing_arcs, prob_added)

    # GET ACTUAL ARCS THAT ARE ADDED/CHANGED/REMOVED
    altered_arcs = random.sample(list(gdag.arcs), num_altered)
    removed_arcs = random.sample(list(gdag.arcs - set(altered_arcs)), num_removed)
    valid_arcs_to_add = set(itr.combinations(gdag.topological_sort(), 2)) - gdag.arcs
    added_arcs = random.sample(list(valid_arcs_to_add), num_added)

    # CREATE NEW DAG
    new_gdag = gdag.copy()
    weights = gdag.arc_weights
    for i, j in altered_arcs:
        new_gdag.set_arc_weight(i, j, rand_change_fn(weights[(i, j)]))
    for i, j in removed_arcs:
        new_gdag.remove_arc(i, j)
    new_weights = rand_weight_fn(size=num_added)
    for (i, j), val in zip(added_arcs, new_weights):
        new_gdag.set_arc_weight(i, j, val)

    return new_gdag


__all__ = [
    'directed_erdos',
    'directed_erdos_with_confounders',
    'rand_weights',
    'unif_away_zero',
    'directed_barabasi',
    'directed_random_graph',
    'rand_nn_functions',
    'unif_away_original',
    'alter_weights',
    'rand_additive_basis'
]


if __name__ == '__main__':
    d = directed_erdos(10, .5, random_order=False)
    cam_dag = rand_additive_basis(d, [np.sin])
    samples = cam_dag.sample(100)
    cond_means = cam_dag.conditional_mean(cond_values=np.ones([10, 1]), cond_nodes=[0])




          

      

      

    

  

    
      
          
            
  Source code for causaldag.structure_learning.covariance

from numpy import sqrt, log1p, ndenumerate, errstate
from scipy.special import erf


[docs]def covariance_graph_gauss(ci_tester):
    """
    Estimate a covariance graph by testing whether each pair of nodes is independent, which reduces to
    thresholding correlations (after the Fisher z-transform) for multivariate Gaussian data.

    Parameters
    ----------
    ci_tester:
        Conditional independence tester.

    Examples
    --------
    TODO
    """
    corr = ci_tester.suffstat['C']

    n = ci_tester.suffstat['n']

    # note: log1p(2r/(1-r)) = log((1+r)/(1-r)) but is more numerically stable for r near 0
    # r = 1 causes warnings but gives the correct answer
    with errstate(divide='ignore', invalid='ignore'):
        statistic = sqrt(n - 3) * abs(.5 * log1p(2*corr/(1 - corr)))

    p_values = 1 - .5*(1 + erf(statistic/sqrt(2)))
    alpha = ci_tester.kwargs.get('alpha')
    alpha = alpha if alpha is not None else 1e-5
    edges = {(i, j) for (i, j), p in ndenumerate(p_values) if p < alpha if i != j}







          

      

      

    

  

    
      
          
            
  Source code for causaldag.structure_learning.undirected

import itertools as itr
from causaldag.classes import UndirectedGraph
from causaldag.utils.ci_tests import CI_Tester, partial_correlation_test
from numpy import sqrt, log1p, ndenumerate, errstate, diagonal, fill_diagonal
from scipy.special import erf


[docs]def threshold_ug(nodes: set, ci_tester: CI_Tester) -> UndirectedGraph:
    """
    Estimate an undirected graph by testing whether each pair of nodes is independent given all others.

    Parameters
    ----------
    nodes:
        Nodes in the graph.
    ci_tester:
        Conditional independence tester.

    Examples
    --------
    TODO
    """
    if hasattr(ci_tester, 'ci_test') and ci_tester.ci_test == partial_correlation_test:
        return threshold_ug_gauss(ci_tester)
    edges = {(i, j) for i, j in itr.combinations(nodes, 2) if not ci_tester.is_ci(i, j, nodes - {i, j})}
    return UndirectedGraph(nodes, edges)



def partial_correlation_threshold(precision, n=None, alpha=None):
    if n is None:
        return precision

    assert(len(precision.shape) == 2)
    r = precision/sqrt(diagonal(precision))/sqrt(diagonal(precision))[:, None]
    p = r.shape[0]
    n_cond = p - 2

    # note: log1p(2r/(1-r)) = log((1+r)/(1-r)) but is more numerically stable for r near 0
    # r = 1 causes warnings but gives the correct answer
    with errstate(divide='ignore', invalid='ignore'):
        statistic = sqrt(n - n_cond - 3) * abs(.5 * log1p(2*r/(1 - r)))

    p_values = 1 - .5*(1 + erf(statistic/sqrt(2)))

    zero_ixs = p_values > alpha
    fill_diagonal(zero_ixs, False)
    r[zero_ixs] = 0

    return r * sqrt(diagonal(precision))*sqrt(diagonal(precision))[:, None]


def threshold_ug_gauss(ci_tester):
    """
    Estimate an undirected graph by testing whether each pair of nodes is independent given all others,
    which reduces to thresholding partial correlations (after the Fisher z-transform) for multivariate Gaussian
    data.

    Parameters
    ----------
    ci_tester:
        Conditional independence tester.

    Examples
    --------
    TODO
    """
    r = partial_correlation_threshold(ci_tester.suffstat["P"], ci_tester.suffstat['n'], ci_tester.kwargs.get('alpha'))
    edges = {(i, j) for (i, j), val in ndenumerate(r) if val != 0 and i != j}

    return UndirectedGraph(set(range(ci_tester.suffstat["P"].shape[0])), edges)






          

      

      

    

  

    
      
          
            
  Source code for causaldag.structure_learning.dag.gsp

from typing import Dict, Optional, Any, List, Set, Union
from causaldag import DAG
import itertools as itr
from causaldag.utils.ci_tests import CI_Tester, partial_correlation_test
from causaldag.classes.custom_types import UndirectedEdge
from causaldag.utils.invariance_tests import InvarianceTester
from causaldag.utils.core_utils import powerset, iszero
import random
from causaldag.structure_learning.undirected import threshold_ug, partial_correlation_threshold
from causaldag import UndirectedGraph
import numpy as np
from tqdm import trange, tqdm
from causaldag.utils.core_utils import powerset
from math import factorial


def perm2dag_precision(perm, precision, alpha=.01, num_samples=None):
    perm = np.array(perm)
    current_precision = precision.copy()
    current_precision[:, :] = current_precision[perm, :]
    current_precision[:, :] = current_precision[:, perm]
    nnodes = precision.shape[0]
    arcs = set()
    for node in range(nnodes-1, -1, -1):
        if num_samples is not None:
            current_precision_thresholded = partial_correlation_threshold(current_precision, n=num_samples, alpha=alpha)
            parents = np.nonzero(current_precision_thresholded[-1])[0]
        else:
            parents = np.nonzero(~iszero(current_precision[-1]))[0]
        label = perm[node]
        new_arcs = set(itr.product(perm[parents], [label])) - {(label, label)}
        arcs.update(new_arcs)
        current_precision = current_precision[:-1, :-1] - current_precision[-1, -1]**-1 * np.outer(current_precision[:-1, -1], current_precision[:-1, -1])

    return DAG(nodes=set(perm), arcs=arcs)


[docs]def permutation2dag(
        perm: list,
        ci_tester: CI_Tester,
        verbose=False,
        fixed_adjacencies: Set[UndirectedEdge]=set(),
        fixed_gaps: Set[UndirectedEdge]=set(),
        progress=False
):
    """
    Estimate the minimal IMAP of a DAG which is consistent with the given permutation.

    Parameters
    ----------
    perm:
        list of nodes representing the permutation.
    ci_tester:
        object for testing conditional independence.
    verbose:
        if True, log each CI test.
    fixed_adjacencies:
        set of nodes known to be adjacent.
    fixed_gaps:
        set of nodes known not to be adjacent.

    Examples
    --------
    >>> from causaldag.utils.ci_tests import MemoizedCI_Tester, partial_correlation_test, partial_correlation_suffstat
    >>> perm = [0,1,2]
    >>> suffstat = partial_correlation_suffstat(samples)
    >>> ci_tester = MemoizedCI_Tester(partial_correlation_test, suffstat)
    >>> permutation2dag(perm, ci_tester, fixed_gaps={frozenset({1, 2})})
    """
    if hasattr(ci_tester, "ci_test") and ci_tester.ci_test == partial_correlation_test and "P" in ci_tester.suffstat:
        return perm2dag_precision(perm, ci_tester.suffstat["P"], ci_tester.kwargs.get('alpha'), ci_tester.suffstat['n'])

    if fixed_adjacencies:
        adj = next(iter(fixed_adjacencies))
        if not isinstance(adj, frozenset):
            raise ValueError('fixed_adjacencies should contain frozensets')
    if fixed_gaps:
        adj = next(iter(fixed_gaps))
        if not isinstance(adj, frozenset):
            raise ValueError('fixed_gaps should contain frozensets')

    d = DAG(nodes=set(perm))
    ixs = list(itr.chain.from_iterable(((f, s) for f in range(s)) for s in range(len(perm))))
    ixs = ixs if not progress else tqdm(ixs)
    for i, j in ixs:
        pi_i, pi_j = perm[i], perm[j]

        # === IF FIXED, DON'T TEST
        if frozenset({pi_i, pi_j}) in fixed_adjacencies:
            d.add_arc(pi_i, pi_j)
            continue
        if frozenset({pi_i, pi_j}) in fixed_gaps:
            continue

        # === TEST MARKOV BLANKET
        mb = d.markov_blanket_of(pi_i)

        is_ci = ci_tester.is_ci(pi_i, pi_j, mb)
        if not is_ci:
            d.add_arc(pi_i, pi_j, check_acyclic=True)
        if verbose: print(f"{pi_i} is independent of {pi_j} given {mb}: {is_ci}")

    return d



[docs]def sparsest_permutation(nodes, ci_tester, progress=False):
    """
    Estimate the Markov equivalence class of a DAG using the Sparsest Permutations (SP) algorithm.

    Parameters
    ----------
    nodes:
        list of nodes.
    ci_tester:
        object for testing conditional independence.
    progress:
        if True, show a progress bar over the enumeration of permutations.

    Examples
    --------
    >>> from causaldag.utils.ci_tests import MemoizedCI_Tester, partial_correlation_test, partial_correlation_suffstat
    >>> import causaldag as cd
    >>> import random
    >>> import numpy as np
    >>> random.seed(1212)
    >>> np.random.seed(12131)
    >>> nnodes = 7
    >>> d = cd.rand.directed_erdos(nnodes, exp_nbrs=2)
    >>> g = cd.rand.rand_weights(d)
    >>> samples = g.sample(1000)
    >>> suffstat = partial_correlation_suffstat(samples)
    >>> ci_tester = MemoizedCI_Tester(partial_correlation_test, suffstat, alpha=1e-3)
    >>> est_dag = cd.sparsest_permutation(set(range(nnodes)), ci_tester, progress=True)
    >>> true_cpdag = d.cpdag()
    >>> est_cpdag = est_dag.cpdag()
    >>> print(true_cpdag.shd(est_cpdag))
    >>> 0
    """
    permutations = itr.permutations(nodes, len(nodes))
    permutations = tqdm(permutations, total=factorial(len(nodes))) if progress else permutations
    min_dag, min_num_arcs = None, float('inf')
    for perm in permutations:
        dag = permutation2dag(list(perm), ci_tester)
        if dag.num_arcs < min_num_arcs:
            min_dag, min_num_arcs = dag, dag.num_arcs
    return min_dag



def perm2dag_subsets(perm, ci_tester, max_subset_size=None):
    """
    Not recommended unless max_subset_size set very small. Not thoroughly tested.
    """
    arcs = set()
    nodes = set(perm)
    for i, pi_i in enumerate(perm):
        for candidate_parent_set in powerset(perm[:i], r_max=max_subset_size):
            print(candidate_parent_set)
            if all(ci_tester.is_ci(i, j, candidate_parent_set) for j in nodes - {i} - candidate_parent_set):
            # if ci_tester.is_ci(i, nodes - {i} - candidate_parent_set, candidate_parent_set):
                arcs.update({(parent, i) for parent in candidate_parent_set})
                break
    return DAG(nodes=nodes, arcs=arcs)


def perm2dag2(perm, ci_tester, node2nbrs=None):
    arcs = set()
    for (i, pi_i), (j, pi_j) in itr.combinations(enumerate(perm), 2):
        c = set(perm[:j]) - {pi_i}
        c = c if node2nbrs is None else c & (node2nbrs[pi_i] | node2nbrs[pi_j])
        print(pi_i, pi_j, c)
        if not ci_tester.is_ci(pi_i, pi_j, c):
            arcs.add((pi_i, pi_j))
    return DAG(nodes=set(perm), arcs=arcs)


def update_minimal_imap(dag, i, j, ci_tester, fixed_adjacencies=set(), fixed_gaps=set()):
    """
    TODO

    Parameters
    ----------
    TODO

    Examples
    --------
    TODO
    """
    removed_arcs = set()
    parents = dag.parents_of(i)
    for parent in parents:
        rest = parents - {parent}
        if (i, parent) not in fixed_adjacencies | fixed_gaps and (parent, i) not in fixed_adjacencies | fixed_gaps:
            if ci_tester.is_ci(i, parent, rest):
                removed_arcs.add((parent, i))
        if (j, parent) not in fixed_adjacencies | fixed_gaps and (parent, j) not in fixed_adjacencies | fixed_gaps:
            if ci_tester.is_ci(j, parent, rest | {i}):
                removed_arcs.add((parent, j))
    return removed_arcs


# def min_degree_alg(undirected_graph, ci_tester: CI_Tester, delete=False):
#     permutation = []
#     curr_undirected_graph = undirected_graph.copy()
#     while curr_undirected_graph._nodes:
#         min_degree = min(curr_undirected_graph.degrees.values())
#         min_degree_nodes = {node for node, degree in curr_undirected_graph.degrees.items() if degree == min_degree}
#         k = random.choice(list(min_degree_nodes))
#         nbrs_k = curr_undirected_graph._neighbors[k]
#
#         curr_undirected_graph.delete_node(k)
#         curr_undirected_graph.add_edges_from(itr.combinations(nbrs_k, 2))
#         # for nbr1, nbr2 in itr.combinations(nbrs_k, 2):
#         #     # if not curr_undirected_graph.has_edge(nbr1, nbr2):
#         #     curr_undirected_graph.add_edge(nbr1, nbr2)
#             # elif delete and ci_tester.is_ci(nbr1, nbr2, curr_undirected_graph._nodes - {nbr1, nbr2, k}):
#             #     curr_undirected_graph.delete_edge(nbr1, nbr2)
#
#         permutation.append(k)
#
#     return list(reversed(permutation))


def min_degree_alg_amat(amat, rnd=True):
    """
    TODO

    Parameters
    ----------
    TODO

    Examples
    --------
    TODO
    """
    amat = amat.copy()
    remaining_nodes = list(range(amat.shape[0]))
    permutation = []
    while remaining_nodes:
        # === PICK A NODE OF MINIMUM DEGREE
        curr_amat = amat[np.ix_(remaining_nodes, remaining_nodes)]
        degrees = curr_amat.sum(axis=0)
        min_degree = degrees.min()
        min_degree_ixs = np.where(degrees == min_degree)[0]
        min_degree_ix = random.choice(min_degree_ixs)

        # === ATTACH ITS NEIGHBORS
        nbrs = {remaining_nodes[ix] for ix in curr_amat[min_degree_ix].nonzero()[0]}
        for i in nbrs:
            amat[i, list(nbrs - {i})] = 1

        # === REMOVE IT
        permutation.append(remaining_nodes[min_degree_ix])
        del remaining_nodes[min_degree_ix]

    return list(reversed(permutation))


# def min_degree_alg2(undirected_graph, ci_tester: CI_Tester, delete=False):
#     permutation = []
#     curr_undirected_graph = undirected_graph.copy()
#     while curr_undirected_graph._nodes:
#         nodes2added = {node: set() for node in curr_undirected_graph._nodes}
#         nodes2removed = {node: set() for node in curr_undirected_graph._nodes}
#         for k in curr_undirected_graph._nodes:
#             nbrs_k = curr_undirected_graph._neighbors[k]
#             for nbr1, nbr2 in itr.combinations(nbrs_k, 2):
#                 if not curr_undirected_graph.has_edge(nbr1, nbr2):
#                     nodes2added[k].add((nbr1, nbr2))
#                 elif delete and ci_tester.is_ci(nbr1, nbr2, curr_undirected_graph._nodes - {nbr1, nbr2, k}):
#                     nodes2removed[k].add((nbr1, nbr2))
#
#         # === PICK A NODE
#         min_added = min(map(len, nodes2added.values()))
#         min_added_nodes = {node for node, added in nodes2added.items() if len(added) == min_added}
#         removed_node = random.choice(list(min_added_nodes))
#
#         # === UPDATE GRAPH
#         curr_undirected_graph.delete_node(removed_node)
#         curr_undirected_graph.add_edges_from(nodes2added[removed_node])
#         if delete:
#             curr_undirected_graph.delete_edges_from(nodes2removed[removed_node])
#
#         permutation.append(removed_node)
#
#     return list(reversed(permutation))


# def min_degree_alg2(undirected_graph):
#     amat = undirected_graph.to_amat(sparse=True)
#     return list(reversed(list(amd.order(amat))))


def jci_gsp(
        setting_list: List[Dict],
        nodes: set,
        combined_ci_tester: CI_Tester,
        depth: int = 4,
        nruns: int = 5,
        verbose: bool = False,
        initial_undirected: Optional[Union[str, UndirectedGraph]] = 'threshold',
):
    """
    TODO

    Parameters
    ----------
    TODO

    Examples
    --------
    TODO
    """
    # CREATE NEW NODES AND OTHER INPUT TO ALGORITHM
    context_nodes = ['c%d' % i for i in range(len(setting_list))]
    context_adjacencies = set(itr.permutations(context_nodes, r=2))
    known_iv_adjacencies = set.union(*(
        {('c%s' % i, node) for node in setting['known_interventions']} for i, setting in enumerate(setting_list)
    ))
    fixed_orders = set(itr.combinations(context_nodes, 2)) | set(itr.product(context_nodes, nodes))

    # === DO SMART INITIALIZATION
    if isinstance(initial_undirected, str):
        if initial_undirected == 'threshold':
            initial_undirected = threshold_ug(set(nodes), combined_ci_tester)
        else:
            raise ValueError("initial_undirected must be one of 'threshold', or an UndirectedGraph")
    if initial_undirected:
        amat = initial_undirected.to_amat()
        initial_permutations = [context_nodes + min_degree_alg_amat(amat) for _ in range(nruns)]
    else:
        initial_permutations = [context_nodes + random.sample(list(nodes), len(nodes)) for _ in range(nruns)]

    # === RUN GSP ON FULL DAG
    est_meta_dag, _ = gsp(
        nodes | set(context_nodes),
        combined_ci_tester,
        depth=depth,
        nruns=nruns,
        initial_permutations=initial_permutations,
        fixed_orders=fixed_orders,
        fixed_adjacencies=context_adjacencies | known_iv_adjacencies,
        verbose=verbose
    )

    # === PROCESS OUTPUT
    learned_intervention_targets = {
        int(node[1:]): {child for child in est_meta_dag.children_of(node) if not isinstance(child, str)}
        for node in est_meta_dag.nodes
        if isinstance(node, str)
    }
    learned_intervention_targets = [learned_intervention_targets[i] for i in range(len(setting_list))]
    est_dag = est_meta_dag.induced_subgraph({node for node in est_meta_dag.nodes if not isinstance(node, str)})

    return est_dag, learned_intervention_targets


[docs]def gsp(
        nodes: set,
        ci_tester: CI_Tester,
        depth: Optional[int] = 4,
        nruns: int = 5,
        verbose: bool = False,
        initial_undirected: Optional[Union[str, UndirectedGraph]] = 'threshold',
        initial_permutations: Optional[List] = None,
        fixed_orders=set(),
        fixed_adjacencies=set(),
        fixed_gaps=set(),
        use_lowest=True,
        max_iters=float('inf'),
        factor=2,
        progress_bar=False,
        summarize=False
) -> (DAG, List[List[Dict]]):
    """
    Estimate the Markov equivalence class of a DAG using the Greedy Sparsest Permutations (GSP) algorithm.

    Parameters
    ----------
    nodes:
        Labels of nodes in the graph.
    ci_tester:
        A conditional independence tester, which has a method is_ci taking two sets A and B, and a conditioning set C,
        and returns True/False.
    depth:
        Maximum depth in depth-first search. Use None for infinite search depth.
    nruns:
        Number of runs of the algorithm. Each run starts at a random permutation and the sparsest DAG from all
        runs is returned.
    verbose:
        TODO
    initial_undirected:
        Option to find the starting permutation by using the minimum degree algorithm on an undirected graph that is
        Markov to the data. You can provide the undirected graph yourself, use the default 'threshold' to do simple
        thresholding on the partial correlation matrix, or select 'None' to start at a random permutation.
    initial_permutations:
        A list of initial permutations with which to start the algorithm. This option is helpful when there is
        background knowledge on orders. This option is mutually exclusive with initial_undirected.
    fixed_orders:
        Tuples (i, j) where i is known to come before j.
    fixed_adjacencies:
        Tuples (i, j) where i and j are known to be adjacent.
    fixed_gaps:
        Tuples (i, j) where i and j are known to be non-adjacent.

    See Also
    --------
    pcalg, igsp, unknown_target_igsp

    Return
    ------
    (est_dag, summaries)
    """
    if initial_permutations is not None:
        nruns = len(initial_permutations)

    if initial_permutations is None and isinstance(initial_undirected, str):
        if initial_undirected == 'threshold':
            initial_undirected = threshold_ug(nodes, ci_tester)
        else:
            raise ValueError("initial_undirected must be one of 'threshold', or an UndirectedGraph")

    # === GENERATE CANDIDATE STARTING PERMUTATIONS
    if initial_permutations is None:
        if initial_undirected:
            amat = initial_undirected.to_amat()
            initial_permutations = [min_degree_alg_amat(amat) for _ in range(factor * nruns)]
        else:
            initial_permutations = [random.sample(nodes, len(nodes)) for _ in range(nruns)]

    # === FIND CANDIDATE STARTING DAGS
    starting_dags = []
    for perm in initial_permutations:
        d = permutation2dag(perm, ci_tester, fixed_adjacencies=fixed_adjacencies, fixed_gaps=fixed_gaps)
        starting_dags.append(d)
    starting_dags = sorted(starting_dags, key=lambda d: d.num_arcs)

    summaries = []
    min_dag = None
    # all_kept_dags = set()
    range_fn = range if not progress_bar else trange
    for r in range_fn(nruns):
        summary = []
        current_dag = starting_dags[r]
        if verbose: print("=== STARTING DAG:", current_dag)

        # === FIND NEXT POSSIBLE MOVES
        current_covered_arcs = current_dag.reversible_arcs() - fixed_orders
        if verbose: print(f"Current covered arcs: {current_covered_arcs}")
        covered_arcs2removed_arcs = [
            (i, j, update_minimal_imap(current_dag, i, j, ci_tester))
            for i, j in current_covered_arcs
        ]
        covered_arcs2removed_arcs = sorted(covered_arcs2removed_arcs, key=lambda c: len(c[2]))

        # === RECORDS FOR DEPTH-FIRST SEARCH
        all_visited_dags = set()
        trace = []
        graph_counter = 0

        # === SEARCH!
        iters_since_improvement = 0
        it_count = 0
        while True:
            it_count += 1
            if iters_since_improvement > max_iters:
                break

            if summarize:
                summary.append({'dag': current_dag, 'depth': len(trace), 'num_arcs': len(current_dag.arcs)})
            all_visited_dags.add(frozenset(current_dag.arcs))
            max_arcs_removed = len(covered_arcs2removed_arcs[-1][2]) if len(covered_arcs2removed_arcs) > 0 else 0

            if (len(covered_arcs2removed_arcs) > 0 and len(trace) != depth) or max_arcs_removed > 0:
                graph_counter += 1
                if max_arcs_removed > 0:  # start over at sparser DAG
                    iters_since_improvement = 0
                    # all_visited_dags = set()
                    trace = []

                    # === CHOOSE A SPARSER I-MAP
                    if use_lowest:
                        candidate_ixs = [
                            ix for ix, (i, j, rem) in enumerate(covered_arcs2removed_arcs)
                            if len(rem) == max_arcs_removed
                        ]
                    else:
                        candidate_ixs = [ix for ix, (i, j, rem) in enumerate(covered_arcs2removed_arcs) if len(rem) > 0]
                    selected_ix = random.choice(candidate_ixs)

                    # === FIND THE DAG CORRESPONDING TO THE SPARSER IMAP
                    i, j, rem_arcs = covered_arcs2removed_arcs.pop(selected_ix)
                    current_dag.reverse_arc(i, j, check_acyclic=True)
                    current_dag.remove_arcs_from(rem_arcs)
                    current_covered_arcs = current_dag.reversible_arcs() - fixed_orders

                    # if frozenset(current_dag.arcs) in all_kept_dags:  # CHECK IF THIS MAKES SENSE
                    #     print('Break')
                    #     break
                    # all_kept_dags.add(frozenset(current_dag.arcs))
                    if verbose: print("=== FOUND DAG WITH FEWER ARCS:", current_dag)
                else:
                    iters_since_improvement += 1
                    trace.append((current_dag.copy(), current_covered_arcs, covered_arcs2removed_arcs))
                    i, j, _ = covered_arcs2removed_arcs.pop(random.randrange(len(covered_arcs2removed_arcs)))
                    current_dag.reverse_arc(i, j, check_acyclic=True)
                    current_covered_arcs = current_dag.reversible_arcs() - fixed_orders

                # === FIND NEXT POSSIBLE MOVES
                covered_arcs2removed_arcs = [
                    (i, j, update_minimal_imap(current_dag, i, j, ci_tester))
                    for i, j in current_covered_arcs
                ]
                covered_arcs2removed_arcs = sorted(covered_arcs2removed_arcs, key=lambda c: len(c[2]))
                # === REMOVE ANY MOVES WHICH LEAD TO ALREADY-EXPLORED DAGS
                current_arcs = frozenset(current_dag.arcs)
                covered_arcs2removed_arcs = [
                    (i, j, rem_arcs) for i, j, rem_arcs in covered_arcs2removed_arcs if
                    current_arcs - {(i, j)} | {(j, i)} - rem_arcs not in all_visited_dags
                ]
            else:
                if len(trace) == 0:  # reached minimum within search depth
                    break
                else:  # backtrack
                    current_dag, current_covered_arcs, covered_arcs2removed_arcs = trace.pop()

        # === END OF RUN
        if summarize:
            summaries.append(summary)
        if min_dag is None or len(current_dag.arcs) < len(min_dag.arcs):
            min_dag = current_dag

    if summarize:
        return min_dag, summaries
    else:
        return min_dag



def igsp(
        setting_list: List[Dict],
        nodes: set,
        ci_tester: CI_Tester,
        invariance_tester: InvarianceTester,
        depth: Optional[int] = 4,
        nruns: int = 5,
        initial_undirected: Optional[Union[str, UndirectedGraph]] = 'threshold',
        initial_permutations: Optional[List] = None,
        verbose: bool = False,
):
    """
    TODO

    Parameters
    ----------
    TODO

    Examples
    --------
    TODO
    """
    only_single_node = all(len(setting['interventions']) <= 1 for setting in setting_list)
    interventions2setting_nums = {
        frozenset(setting['interventions']): setting_num
        for setting_num, setting in enumerate(setting_list)
    }

    def _is_icovered(i, j):
        """
        i -> j is I-covered if:
        1) if {i} is an intervention, then f^{i}(j) = f(j)
        """
        setting_num = interventions2setting_nums.get(frozenset({i}))
        if setting_num is not None and not invariance_tester.is_invariant(j, context=setting_num):
            return False
        # for iv_nodes in samples.keys():
        #     if j in iv_nodes and i not in iv_nodes:
        #         if not _get_is_variant(iv_nodes, i, None):
        #             return False
        return True

    def _reverse_arc(dag, i, j):
        new_dag = dag.copy()
        parents = dag.parents_of(i)

        new_dag.reverse_arc(i, j)
        if parents:
            for parent in parents:
                rest = parents - {parent}
                if ci_tester.is_ci(i, parent, [*rest, j]):
                    new_dag.remove_arc(parent, i)
                if ci_tester.is_ci(j, parent, cond_set=[*rest]):
                    new_dag.remove_arc(parent, j)

        new_covered_arcs = new_dag.reversible_arcs()
        new_icovered_arcs = [(i, j) for i, j in new_covered_arcs if _is_icovered(i, j)]
        new_contradicting = _get_contradicting_arcs(new_dag)

        return new_dag, new_icovered_arcs, new_contradicting

    def _is_i_contradicting(i, j, dag):
        """
        i -> j is I-contradicting if either:
        1) there exists S, a subset of the neighbors of j besides i, s.t. f^I(j|S) = f(j|S) for all I
            containing i but not j
        2) there exists I with j \in I but i \not\in I, s.t. f^I(i|S) \not\eq f(i|S) for all subsets S
            of the neighbors of i besides j

        If there are only single node interventions, this condition becomes:
        1) {i} \in I and f^{i}(j) = f(j)
        or
        2) {j} \in I and f^{j}(i) \neq f(i)
        """
        if only_single_node:
            setting_num_i = interventions2setting_nums.get(frozenset({i}))
            if setting_num_i is not None and invariance_tester.is_invariant(j, context=setting_num_i):
                return True
            setting_num_j = interventions2setting_nums.get(frozenset({j}))
            if setting_num_j is not None and not invariance_tester.is_invariant(i, context=setting_num_j):
                return True
            return False
        else:
            # === TEST CONDITION 1
            neighbors_j = dag.neighbors_of(j) - {i}
            for s in powerset(neighbors_j):
                for setting_num, setting in enumerate(setting_list):
                    if i in setting['interventions'] and j not in setting['interventions']:
                        if not invariance_tester.is_invariant(j, context=setting_num, cond_set=s):
                            return True

            neighbors_i = dag.neighbors_of(i) - {j}
            for setting_num, setting in enumerate(setting_list):
                if j in setting['interventions'] and i not in setting['interventions']:
                    i_always_varies = all(
                        invariance_tester.is_invariant(i, context=setting_num, cond_set=s) for s in
                        powerset(neighbors_i)
                    )
                    if i_always_varies: return True
            return False

    def _get_contradicting_arcs(dag):
        """
        Count the number of I-contradicting arcs in the DAG dag
        """
        contradicting_arcs = {(i, j) for i, j in dag.arcs if _is_icovered(i, j) and _is_i_contradicting(i, j, dag)}
        return contradicting_arcs

    summaries = []
    # === LIST OF DAGS FOUND BY EACH RUN
    finishing_dags = []

    if initial_permutations is None and isinstance(initial_undirected, str):
        if initial_undirected == 'threshold':
            initial_undirected = threshold_ug(nodes, ci_tester)
        else:
            raise ValueError("initial_undirected must be one of 'threshold', or an UndirectedGraph")

    # === DO MULTIPLE RUNS
    for r in range(nruns):
        summary = []
        # === STARTING VALUES
        if initial_permutations is not None:
            starting_perm = initial_permutations[r]
        elif initial_undirected:
            starting_perm = min_degree_alg_amat(initial_undirected.to_amat())
        else:
            starting_perm = random.sample(nodes, len(nodes))

        current_dag = permutation2dag(starting_perm, ci_tester)
        if verbose: print("=== STARTING RUN %s/%s" % (r + 1, nruns))
        current_covered_arcs = current_dag.reversible_arcs()
        current_icovered_arcs = [(i, j) for i, j in current_covered_arcs if _is_icovered(i, j)]
        current_contradicting = _get_contradicting_arcs(current_dag)
        next_dags = [_reverse_arc(current_dag, i, j) for i, j in current_icovered_arcs]
        random.shuffle(next_dags)

        # === RECORDS FOR DEPTH-FIRST SEARCH
        all_visited_dags = set()
        trace = []
        min_dag_run = (current_dag, current_contradicting)

        # === SEARCH
        while True:
            summary.append({
                'dag': current_dag,
                'num_arcs': len(current_dag.arcs),
                'num_contradicting': len(current_contradicting)
            })
            all_visited_dags.add(frozenset(current_dag.arcs))
            lower_dags = [
                (d, icovered_arcs, contradicting_arcs)
                for d, icovered_arcs, contradicting_arcs in next_dags
                if len(d.arcs) < len(current_dag.arcs)
            ]

            if verbose:
                desc = f'({len(current_dag.arcs)} arcs'
                desc += f', I-covered: {current_icovered_arcs}'
                desc += f', I-contradicting: {current_contradicting})'
                print('-' * len(trace), current_dag, desc)
            if (len(next_dags) > 0 and len(trace) != depth) or len(lower_dags) > 0:
                if len(lower_dags) > 0:  # restart at a lower DAG
                    all_visited_dags = set()
                    trace = []
                    current_dag, current_icovered_arcs, current_contradicting = lower_dags.pop()
                    min_dag_run = (current_dag, current_contradicting)
                    if verbose: print(f"FOUND DAG WITH {len(current_dag.arcs)}) ARCS: {current_dag}")
                else:
                    trace.append((current_dag, current_icovered_arcs, current_contradicting))
                    current_dag, current_icovered_arcs, current_contradicting = next_dags.pop()
                    if len(current_contradicting) < len(min_dag_run[1]):
                        min_dag_run = (current_dag, current_contradicting)
                        if verbose:
                            print(f"FOUND DAG WITH {current_contradicting} CONTRADICTING ARCS: {current_dag}")
                next_dags = [_reverse_arc(current_dag, i, j) for i, j in current_icovered_arcs]
                next_dags = [
                    (d, icovered_arcs, contradicting_arcs)
                    for d, icovered_arcs, contradicting_arcs in next_dags
                    if frozenset(d.arcs) not in all_visited_dags
                ]
                random.shuffle(next_dags)
            # === DEAD END
            else:
                if len(trace) == 0:
                    break
                else:  # len(lower_dags) == 0, len(next_dags) > 0, len(trace) == depth
                    current_dag, current_icovered_arcs, current_contradicting = trace.pop()

        # === END OF RUN
        summaries.append(summary)
        finishing_dags.append(min_dag_run)

    min_dag = min(finishing_dags, key=lambda dag_n: (len(dag_n[0].arcs), len(dag_n[1])))
    # print(min_dag)
    return min_dag[0]


def is_icovered(
        setting_list: List[Dict],
        i: int,
        j: int,
        dag: DAG,
        invariance_tester: InvarianceTester,
):
    """
    Tell if an edge i->j is I-covered with respect to the invariance tests.

    True if, for all I s.t. i \in I, the distribution of j given its parents varies between the observational and
    interventional data.

    setting_list:
        A list of dictionaries that provide meta-information about each setting.
        The first setting must be observational.
    i:
        Source of the edge being tested.
    j:
        Target of the edge being tested.
    """
    parents_j = list(dag.parents_of(j))

    for setting_num, setting in enumerate(setting_list):
        if i in setting['interventions']:
            if invariance_tester.is_invariant(j, context=setting_num, cond_set=parents_j):
                return False

    return True


def unknown_target_igsp(
        setting_list: List[Dict],
        nodes: set,
        ci_tester: CI_Tester,
        invariance_tester: InvarianceTester,
        depth: Optional[int] = 4,
        nruns: int = 5,
        initial_undirected: Optional[Union[str, UndirectedGraph]] = 'threshold',
        initial_permutations: Optional[List] = None,
        verbose: bool = False,
        use_lowest=True,
        tup_score=True,
        no_targets=False
) -> (DAG, List[Set[int]]):
    """
    Use the Unknown Target Interventional Greedy Sparsest Permutation algorithm to estimate a DAG in the I-MEC of the
    data-generating DAG.

    Parameters
    ----------
    setting_list:
        A list of dictionaries that provide meta-information about each non-observational setting.
    nodes:
        Nodes in the graph.
    ci_tester:
        A conditional independence tester object, which has a method is_ci taking two sets A and B, and a conditioning
        set C, and returns True/False.
    invariance_tester:
        An invariance tester object, which has a method is_invariant taking a node, two settings, and a conditioning
        set C, and returns True/False.
    depth:
        Maximum depth in depth-first search. Use None for infinite search depth.
    nruns:
        Number of runs of the algorithm. Each run starts at a random permutation and the sparsest DAG from all
        runs is returned.
    initial_undirected:
        Option to find the starting permutation by using the minimum degree algorithm on an undirected graph that is
        Markov to the data. You can provide the undirected graph yourself, use the default 'threshold' to do simple
        thresholding on the partial correlation matrix, or select 'None' to start at a random permutation.
    initial_permutations:
        A list of initial permutations with which to start the algorithm. This option is helpful when there is
        background knowledge on orders. This option is mutually exclusive with initial_undirected.
    no_targets:
        if True, leave out information on known intervention targets.

    """
    if no_targets:
        setting_list = [{'known_interventions': []} for _ in setting_list]

    def _is_icovered(i, j, dag):
        """
        Check if the edge i->j is I-covered in the DAG dag
        """
        parents_j = frozenset(dag.parents_of(j))
        for setting_num, setting in enumerate(setting_list):
            if i in setting['known_interventions']:
                if invariance_tester.is_invariant(j, context=setting_num, cond_set=parents_j):
                    return False
        return True

    def _get_variants(dag):
        """
        Count the number of variances for the DAG dag
        """
        variants = set()

        for i in dag.nodes:
            parents_i = frozenset(dag.parents_of(i))
            for setting_num, setting in enumerate(setting_list):
                if not invariance_tester.is_invariant(i, context=setting_num, cond_set=parents_i):
                    variants.add((setting_num, i, parents_i))

        return variants

    def _reverse_arc_igsp(dag, i_covered_arcs, i, j):
        """
        Return the DAG that comes from reversing the arc i->j, as well as its I-covered arcs and its score
        """
        new_dag = dag.copy()
        parents = dag.parents_of(i)

        new_dag.reverse_arc(i, j)
        if parents:
            for parent in parents:
                rest = parents - {parent}
                if ci_tester.is_ci(i, parent, [*rest, j]):
                    new_dag.remove_arc(parent, i)
                if ci_tester.is_ci(j, parent, cond_set=[*rest]):
                    new_dag.remove_arc(parent, j)

        # new_i_covered_arcs = i_covered_arcs.copy() - dag.incident_arcs(i) - dag.incident_arcs(j)
        # for k, l in new_dag.incident_arcs(i) | new_dag.incident_arcs(j):
        #     if new_dag.parents_of(k) == new_dag.parents_of(l) - {k} and _is_icovered(i, j, dag):
        #         new_i_covered_arcs.add((k, l))

        new_covered_arcs = new_dag.reversible_arcs()
        new_i_covered_arcs = [(i, j) for i, j in new_covered_arcs if _is_icovered(i, j, new_dag)]
        variants = _get_variants(new_dag)
        new_score = len(new_dag.arcs) + len(variants) if not tup_score else (len(new_dag.arcs), len(variants))
        intervention_targets = [set() for _ in range(len(setting_list))]
        for setting_num, i, parents_i in variants:
            intervention_targets[setting_num].add(i)

        return new_dag, new_i_covered_arcs, new_score, intervention_targets

    # === MINIMUM DAG AND SCORE FOUND BY ANY RUN
    min_dag = None
    min_score = float('inf') if not tup_score else (float('inf'), float('inf'))
    learned_intervention_targets = None

    if initial_permutations is None and isinstance(initial_undirected, str):
        if initial_undirected == 'threshold':
            initial_undirected = threshold_ug(nodes, ci_tester)
        else:
            raise ValueError("initial_undirected must be one of 'threshold', or an UndirectedGraph")

    # === MULTIPLE RUNS
    for r in range(nruns):
        # === STARTING VALUES
        if initial_permutations is not None:
            starting_perm = initial_permutations[r]
        elif initial_undirected:
            starting_perm = min_degree_alg_amat(initial_undirected.to_amat())
        else:
            starting_perm = random.sample(nodes, len(nodes))
        current_dag = permutation2dag(starting_perm, ci_tester)
        variants = _get_variants(current_dag)
        current_intervention_targets = [set() for _ in range(len(setting_list))]
        for setting_num, i, parents_i in variants:
            current_intervention_targets[setting_num].add(i)
        current_score = len(current_dag.arcs) + len(variants) if not tup_score else (
        len(current_dag.arcs), len(variants))
        if verbose: print("=== STARTING DAG:", current_dag, "== SCORE:", current_score)

        current_covered_arcs = current_dag.reversible_arcs()
        current_i_covered_arcs = [(i, j) for i, j in current_covered_arcs if _is_icovered(i, j, current_dag)]
        if verbose: print("=== STARTING I-COVERED ARCS:", current_i_covered_arcs)
        next_dags = [_reverse_arc_igsp(current_dag, current_i_covered_arcs, i, j) for i, j in current_i_covered_arcs]
        next_dags = [
            (d, i_cov_arcs, score, iv_targets) for d, i_cov_arcs, score, iv_targets in next_dags
            if score <= current_score
        ]
        random.shuffle(next_dags)

        # === RECORDS FOR DEPTH-FIRST SEARCH
        all_visited_dags = set()
        trace = []

        # === SEARCH!
        while True:
            if verbose:
                print('-' * len(trace), current_dag, '(%d arcs)' % len(current_dag.arcs), 'I-covered arcs:',
                      current_i_covered_arcs, 'score:', current_score)
            all_visited_dags.add(frozenset(current_dag.arcs))
            lower_dags = [
                (d, i_cov_arcs, score, iv_targets) for d, i_cov_arcs, score, iv_targets in next_dags
                if score < current_score
            ]

            if (len(next_dags) > 0 and len(trace) != depth) or len(lower_dags) > 0:
                if len(lower_dags) > 0:  # restart at a lower DAG
                    all_visited_dags = set()
                    trace = []
                    lowest_ix = min(enumerate(lower_dags), key=lambda x: x[1][2])[0] if use_lowest else 0
                    current_dag, current_i_covered_arcs, current_score, current_intervention_targets = lower_dags.pop(
                        lowest_ix)
                    if verbose: print("FOUND DAG WITH LOWER SCORE:", current_dag, "== SCORE:", current_score)
                    if verbose: print(f"Current intervention targets: {current_intervention_targets}")
                else:
                    trace.append((current_dag, current_i_covered_arcs, next_dags, current_intervention_targets))
                    current_dag, current_i_covered_arcs, current_score, current_intervention_targets = next_dags.pop()
                next_dags = [
                    _reverse_arc_igsp(current_dag, current_i_covered_arcs, i, j)
                    for i, j in current_i_covered_arcs
                ]
                next_dags = [
                    (d, i_cov_arcs, score, iv_targets) for d, i_cov_arcs, score, iv_targets in next_dags
                    if score <= current_score
                ]
                next_dags = [
                    (d, i_cov_arcs, score, iv_targets) for d, i_cov_arcs, score, iv_targets in next_dags
                    if frozenset(d.arcs) not in all_visited_dags
                ]
                random.shuffle(next_dags)
            # === DEAD END ===
            else:
                if len(trace) == 0:  # reached minimum within search depth
                    break
                else:  # backtrack
                    current_dag, current_i_covered_arcs, next_dags, current_intervention_targets = trace.pop()

        if min_dag is None or current_score < min_score:
            min_dag = current_dag
            min_score = current_score
            learned_intervention_targets = current_intervention_targets
        if verbose: print("=== FINISHED RUN %s/%s ===" % (r + 1, nruns))

    return min_dag, learned_intervention_targets


if __name__ == '__main__':
    import causaldag as cd
    from causaldag.utils.ci_tests.ci_tester import MemoizedCI_Tester
    from causaldag.utils.ci_tests.oracle import dsep_test

    p = 10
    d = cd.rand.directed_erdos(p, .2)
    ci_tester = MemoizedCI_Tester(dsep_test, d)
    est_dag = gsp(set(range(p)), ci_tester, nruns=1, depth=float('inf'))

    print(est_dag.shd_skeleton(d))




          

      

      

    

  

    
      
          
            
  Source code for causaldag.utils.core_utils

import itertools as itr
from numpy import abs
from typing import Iterable, Callable, Any
import random


[docs]def ix_map_from_list(l):
    return {e: i for i, e in enumerate(l)}



[docs]def defdict2dict(defdict, keys):
    factory = defdict.default_factory
    d = {k: factory(v) for k, v in defdict.items()}
    for k in keys:
        if k not in d:
            d[k] = factory()
    return d



[docs]def powerset(s: Iterable, r_min=0, r_max=None) -> Iterable:
    if r_max is None: r_max = len(s)
    return map(set, itr.chain(*(itr.combinations(s, r) for r in range(r_min, r_max+1))))



[docs]def powerset_predicate(s: Iterable, predicate: Callable[[Any], bool]) -> Iterable:
    for set_size in range(len(s)+1):
        any_satisfy = False
        for subset in itr.combinations(s, set_size):
            if predicate(subset):
                any_satisfy = True
                yield set(subset)
        if not any_satisfy:
            break



[docs]def to_set(o) -> set:
    if not isinstance(o, set):
        try:
            return set(o)
        except TypeError:
            if o is None:
                return set()
            return {o}
    return o



[docs]def to_list(o):
    if not isinstance(o, list):
        try:
            return list(o)
        except TypeError:
            if o is None:
                return []
            return [o]
    return o



[docs]def is_symmetric(matrix, tol=1e-8):
    return (abs(matrix - matrix.T) <= tol).all()



[docs]def random_max(d, minimize=False):
    max_val = max(d.values()) if not minimize else min(d.values())
    max_keys = [k for k, v in d.items() if v == max_val]
    if len(max_keys) == 1:
        return max_keys[0]
    else:
        return random.choice(max_keys)



[docs]def iszero(a, atol=1e-8):
    return abs(a) < atol



if __name__ == '__main__':
    res = list(powerset_predicate(set(range(10)), lambda ss: len(ss) < 4))




          

      

      

    

  

    
      
          
            
  Source code for causaldag.utils.ci_tests.partial_correlation_test

from typing import Dict
from math import erf
import numba
from numpy import sqrt, log1p, abs, ix_, diag, corrcoef, errstate, cov, mean
from numpy.linalg import inv, pinv
# from . import MemoizedCI_Tester


__all__ = [
    "partial_correlation_suffstat",
    "partial_correlation_test",
    "compute_partial_correlation"
]


@numba.jit
def numba_inv(A):
    return inv(A)


[docs]def partial_correlation_suffstat(samples, invert=True) -> Dict:
    """
    Return the sufficient statistics for partial correlation testing.

    Parameters
    ----------
    samples:
        (n x p) matrix, where n is the number of samples and p is the number of variables.
    invert:
        if True, compute the inverse correlation matrix, and normalize it into the partial correlation matrix. This
        will generally speed up the gauss_ci_test if large conditioning sets are used.

    Returns
    -------
    dict
        dictionary of sufficient statistics
    """
    n, p = samples.shape
    S = cov(samples, rowvar=False)  # sample covariance matrix
    mu = mean(samples, axis=0)
    # TODO: NaN when variable is deterministic. Replace w/ 1 and 0?
    C = corrcoef(samples, rowvar=False)  # sample correlation matrix
    if invert:
        K = pinv(C)
        P = pinv(S)  # sample precision (inverse covariance) matrix
        rho = K/sqrt(diag(K))/sqrt(diag(K))[:, None]  # sample partial correlation matrix
        return dict(P=P, S=S, C=C, n=n, K=K, rho=rho, mu=mu)
    return dict(S=S, C=C, n=n, mu=mu)



[docs]def compute_partial_correlation(suffstat, i, j, cond_set=None):
    """
    Compute the partial correlation between i and j given ``cond_set``.

    Parameters
    ----------
    suffstat:
        dictionary containing:
        'n' -- number of samples
        'C' -- correlation matrix
        'K' (optional) -- inverse correlation matrix
        'rho' (optional) -- partial correlation matrix (K, normalized so diagonals are 1).
    i:
        position of first variable in correlation matrix.
    j:
        position of second variable in correlation matrix.
    cond_set:
        positions of conditioning set in correlation matrix.

    Returns
    -------
    float
        partial correlation
    """
    C = suffstat.get('C')
    p = C.shape[0]
    rho = suffstat.get('rho')
    K = suffstat.get('K')

    # === COMPUTE PARTIAL CORRELATION
    # partial correlation is correlation if there is no conditioning
    if cond_set is None or len(cond_set) == 0:
        r = C[i, j]
    # used closed-form
    elif len(cond_set) == 1:
        k = list(cond_set)[0]
        r = (C[i, j] - C[i, k]*C[j, k]) / sqrt((1 - C[j, k]**2) * (1 - C[i, k]**2))
    # when conditioning on everything, partial correlation comes from normalized precision matrix
    elif len(cond_set) == p - 2 and rho is not None:
        r = -rho[i, j]
    # faster to use Schur complement if conditioning set is large and precision matrix is pre-computed
    elif len(cond_set) >= p/2 and K is not None:
        rest = list(set(range(C.shape[0])) - {i, j, *cond_set})

        if len(rest) == 1:
            theta_ij = K[ix_([i, j], [i, j])] - K[ix_([i, j], rest)] @ K[ix_(rest, [i, j])] / K[rest[0], rest[0]]
        else:
            theta_ij = K[ix_([i, j], [i, j])] - K[ix_([i, j], rest)] @ pinv(K[ix_(rest, rest)]) @ K[ix_(rest, [i, j])]  # TODO: what to do if not invertible?
        r = -theta_ij[0, 1] / sqrt(theta_ij[0, 0] * theta_ij[1, 1])
    else:
        theta = pinv(C[ix_([i, j, *cond_set], [i, j, *cond_set])])  # TODO: what to do if not invertible?
        r = -theta[0, 1]/sqrt(theta[0, 0] * theta[1, 1])

    return r



[docs]def partial_correlation_test(suffstat: Dict, i, j, cond_set=None, alpha=None):
    """
    Test the null hypothesis that i and j are conditionally independent given ``cond_set``.

    Uses Fisher's z-transform.

    Parameters
    ----------
    suffstat:
        dictionary containing:

        * ``n`` -- number of samples
        * ``C`` -- correlation matrix
        * ``K`` (optional) -- inverse correlation matrix
        * ``rho`` (optional) -- partial correlation matrix (K, normalized so diagonals are 1).
    i:
        position of first variable in correlation matrix.
    j:
        position of second variable in correlation matrix.
    cond_set:
        positions of conditioning set in correlation matrix.
    alpha:
        Significance level.

    Returns
    -------
    dict
        dictionary containing:

        * ``statistic``
        * ``p_value``
        * ``reject``
    """
    n = suffstat['n']
    n_cond = 0 if cond_set is None else len(cond_set)
    alpha = 1/n if alpha is None else alpha

    r = compute_partial_correlation(suffstat, i, j, cond_set=cond_set)

    # === COMPUTE STATISTIC AND P-VALUE
    # note: log1p(2r/(1-r)) = log((1+r)/(1-r)) but is more numerically stable for r near 0
    # r = 1 causes warnings but gives the correct answer
    with errstate(divide='ignore', invalid='ignore'):
        statistic = sqrt(n - n_cond - 3) * abs(.5 * log1p(2*r/(1 - r)))
    # note: erf is much faster than norm.cdf
    p_value = 2*(1 - .5*(1 + erf(statistic/sqrt(2))))

    return dict(statistic=statistic, p_value=p_value, reject=p_value < alpha)



# class MemoizedGaussCI_Tester(MemoizedCI_Tester):
#     def __init__(self, suffstat: Dict, track_times=False, detailed=False, **kwargs):
#         MemoizedCI_Tester.__init__(self, partial_correlation_test, suffstat, track_times=track_times, detailed=detailed)


if __name__ == '__main__':
    import numpy as np

    x = np.random.normal(size=(100, 3))
    s = partial_correlation_suffstat(x)
    res = partial_correlation_test(s, 0, 1)
    print(res)






          

      

      

    

  

    
      
          
            
  Source code for causaldag.utils.invariance_tests.gauss_invariance

import numpy as np
from typing import Union, List, Optional
from sklearn.linear_model import LinearRegression
from causaldag.utils.core_utils import to_list
from scipy.special import stdtr, ncfdtr
from numpy.linalg import pinv

lr = LinearRegression()


[docs]def gauss_invariance_suffstat(
        obs_samples,
        context_samples_list
):
    """
    Helper function to compute the sufficient statistics for the gauss_invariance_test from data.

    Parameters
    ----------
    obs_samples:
        (n x p) matrix, where n is the number of samples and p is the number of variables.
    context_samples_list:
        list of (n x p) matrices, one for each context besides observational

    Return
    ------
    dict
        dictionary of sufficient statistics
    """
    obs_samples = np.hstack((obs_samples, np.ones([obs_samples.shape[0], 1])))
    obs_cov = np.cov(obs_samples, rowvar=False)
    obs_suffstat = dict(samples=obs_samples, G=obs_samples.T @ obs_samples, S=obs_cov)
    context_suffstats = []
    for context_samples in context_samples_list:
        context_samples = np.hstack((context_samples, np.ones([context_samples.shape[0], 1])))
        context_cov = np.cov(context_samples, rowvar=False)
        context_suffstats.append(dict(samples=context_samples, G=context_samples.T @ context_samples, S=context_cov))

    return dict(obs=obs_suffstat, contexts=context_suffstats)



[docs]def gauss_invariance_test(
        suffstat,
        context,
        i: int,
        cond_set: Optional[Union[List[int], int]] = None,
        alpha: float = 0.05,
        zero_mean=False,
        same_coeffs=False
):
    """
    Test the null hypothesis that two Gaussian distributions are equal.

    Parameters
    ----------
    suffstat:
        dictionary containing:

        * ``obs`` -- number of samples
        * ``G`` -- Gram matrix
        * ``contexts``
    context:
        which context to test.
    i:
        position of marginal distribution.
    cond_set:
        positions of conditioning set in correlation matrix.
    alpha:
        Significance level.
    zero_mean:
        If True, assume that the regression residual has zero mean.
    same_coeffs:
        If True, assume that the regression coefficients have not changed.

    Return
    ------
    dict
        dictionary containing ttest_stat, ftest_stat, f_pvalue, t_pvalue, and reject.
    """
    cond_set = to_list(cond_set)
    obs_samples = suffstat['obs']['samples']
    iv_samples = suffstat['contexts'][context]['samples']
    n1, p = obs_samples.shape
    n2 = iv_samples.shape[0]

    # === FIND REGRESSION COEFFICIENTS AND RESIDUALS
    if len(cond_set) != 0:
        cond_ix = cond_set if zero_mean else [*cond_set, -1]
        gram1 = suffstat['obs']['G'][np.ix_(cond_ix, cond_ix)]
        gram2 = suffstat['contexts'][context]['G'][np.ix_(cond_ix, cond_ix)]
        coefs1 = pinv(gram1) @ obs_samples[:, cond_ix].T @ obs_samples[:, i]
        coefs2 = pinv(gram2) @ iv_samples[:, cond_ix].T @ iv_samples[:, i]

        residuals1 = obs_samples[:, i] - obs_samples[:, cond_ix] @ coefs1
        residuals2 = iv_samples[:, i] - iv_samples[:, cond_ix] @ coefs2
    elif not zero_mean:
        gram1 = n1 * np.ones([1, 1])
        gram2 = n2 * np.ones([1, 1])
        cond_ix = [-1]
        coefs1 = np.array([np.mean(obs_samples[:, i])]) if not zero_mean else 0
        coefs2 = np.array([np.mean(iv_samples[:, i])]) if not zero_mean else 0
        residuals1 = obs_samples[:, i] - coefs1
        residuals2 = iv_samples[:, i] - coefs2
    else:
        residuals1 = obs_samples[:, i]
        residuals2 = iv_samples[:, i]

    # means and variances of residuals
    var1, var2 = np.var(residuals1, ddof=len(cond_ix)), np.var(residuals2, ddof=len(cond_ix))

    # calculate regression coefficient invariance statistic
    if len(cond_ix) != 0 and not same_coeffs:
        p = len(cond_ix)
        rc_stat = (coefs1 - coefs2) @ pinv(var1 * pinv(gram1) + var2 * pinv(gram2)) @ (coefs1 - coefs2).T / p
        rc_pvalue = ncfdtr(p, n1 + n2 - p, 0, rc_stat)
        rc_pvalue = 2 * min(rc_pvalue, 1 - rc_pvalue)

    # calculate statistic for F-Test
    ftest_stat = var1 / var2
    f_pvalue = ncfdtr(n1 - 1, n2 - 1, 0, ftest_stat)
    f_pvalue = 2 * min(f_pvalue, 1 - f_pvalue)

    # === ACCEPT/REJECT INVARIANCE HYPOTHESIS BASED ON P-VALUES WITH BONFERRONI CORRECTION
    if len(cond_ix) != 0 and not same_coeffs:
        reject = f_pvalue < alpha / 2 or rc_pvalue < alpha / 2
    else:
        reject = f_pvalue < alpha

    # === FORM RESULT DICT AND RETURN
    result_dict = dict(
        ftest_stat=ftest_stat,
        f_pvalue=f_pvalue,
        reject=reject
    )
    if len(cond_ix) != 0 and not same_coeffs:
        result_dict['rc_stat'] = rc_stat
        result_dict['rc_pvalue'] = rc_pvalue

    # print(result_dict)
    return result_dict





          

      

      

    

  

    
      
          
            
  Source code for causaldag.utils.scores.gaussian_bge_score

import numpy as np
import numba
from scipy.special import loggamma
import math
import ipdb

@numba.jit
def numba_inv(A):
    return np.linalg.inv(A)


[docs]def local_gaussian_bge_score(
        node,
        parents,
        suffstat,
        alpha_mu=None,
        alpha_w=None,
        inverse_scale_matrix=None,
        parameter_mean=None,
        is_diagonal=True
):
    """
    Compute the BGE score of a node given its parents.

    Parameters
    ----------
    node:
        TODO - describe.
    parents:
        TODO - describe.
    suffstat:
        dictionary containing:

        * ``n`` -- number of samples
        * ``S`` -- sample covariance matrix
        * ``mu`` -- sample mean
    alpha_mu:
        TODO - describe. Default is the number of variables.
    alpha_w:
        TODO - describe. Default is the (number of variables) + alpha_mu + 1
    inverse_scale_matrix:
        TODO - describe. Default is the identity matrix.
    parameter_mean:
        TODO - describe. Default is the zero vector.
    is_diagonal:
        TODO - describe.

    Returns
    -------
    float
        BGE score.
    """
    if not is_diagonal:
        raise NotImplementedError("BGE score not implemented for non-diagonal matrix.")

    k = len(parents)
    n = suffstat["n"]  # number of samples
    S = suffstat["S"]  # sample covariance matrix
    sample_mean = suffstat["mu"]
    p = S.shape[0]  # number of variables

    if inverse_scale_matrix is None:
        inverse_scale_matrix = np.eye(p)
    if parameter_mean is None:
        parameter_mean = np.zeros(p)
    if alpha_mu is None:
        alpha_mu = p
    if alpha_w is None:
        alpha_w = p + alpha_mu + 1
    print("alpha_w new", alpha_w)

    # === first term
    first_term = .5 * np.log(alpha_mu / (n + alpha_mu))

    # === second term: ratio of gamma functions
    second_term = loggamma((n + alpha_w - p + k + 1)/2)
    second_term -= loggamma((alpha_w - p + k + 1)/2)
    second_term -= n/2 * np.log(math.pi)

    # === third term: ratio of determinants
    mean_diff = parameter_mean - sample_mean
    # R = inverse_scale_matrix + (n-1) * S + (n * alpha_w) / (n + alpha_w) * np.outer(mean_diff, mean_diff)
    R = inverse_scale_matrix + (n-1) * S + (n * alpha_mu) / (n + alpha_mu) * np.outer(mean_diff, mean_diff)
    Q = [node, *parents]
    P = list(parents)
    third_term = (alpha_w - p + k + 1)/2 * np.sum(np.log(np.diagonal(inverse_scale_matrix)[Q]))
    third_term += (n + alpha_w - p + k)/2 * np.log(np.linalg.det(R[np.ix_(P, P)]))
    third_term -= (alpha_w - p + k)/2 * np.sum(np.log(np.diagonal(inverse_scale_matrix)[P]))
    third_term -= (n + alpha_w - p + k + 1)/2 * np.log(np.linalg.det(R[np.ix_(Q, Q)]))

    return first_term + second_term + third_term



if __name__ == '__main__':
    from causaldag.rand import rand_weights, directed_erdos
    from causaldag.utils.ci_tests import partial_correlation_suffstat
    from sympy import gamma
    import scipy as sp
    from scipy import stats
    from scipy.linalg import ldl

    d = directed_erdos(10, .5)
    g = rand_weights(d)
    samples = g.sample(100)
    suffstat = partial_correlation_suffstat(samples)
    score = local_gaussian_bge_score(5, d.parents_of(5), suffstat)

    def integral_marginal_gaussian_bge(data):
        def log_c(a, b):
            c_value = 0
            for i in range(a):
                c_value += np.log(float(gamma((b - i)/2)))

            return c_value

        N_mu = 3
        n = 3
        m = len(data)
        mu_0 = [0, 0, 0]
        T_0 = np.eye(3)
        N_w = 7
        # T_0 = np.array([[2.25,-0.512,-0.512], [-0.512,2.25,0.512], [0.512,0.512,2.25]])
        sample_variance = np.sum([np.dot(np.transpose([x - np.average(data, 0)]), [x - np.average(data, 0)]) for x in data], 0)
        print("sample variance", sample_variance)
        T_m = T_0 + sample_variance + ((N_w*m)/(N_w + m)) * np.outer((np.array(mu_0) - np.average(data, 0)), (np.array(mu_0) - np.average(data, 0)))
        d_x1 = [0]
        d_x2 = [0, 1]
        d_x3 = [0, 1, 2]
        ell_1 = len(d_x1)
        ell_2 = len(d_x2)
        ell_3 = len(d_x3)
        bge_coefficient_1 = np.log(np.pi) * (-ell_1*m/2) + np.log(N_mu/(N_mu + m)) * (ell_1/2) + log_c(ell_1, m + N_w - n + ell_1) - log_c(ell_1, N_w - n + ell_1)
        bge_coefficient_2 = np.log(np.pi) * (-ell_2*m/2) + np.log(N_mu/(N_mu + m)) * (ell_2/2) + log_c(ell_2, m + N_w - n + ell_2) - log_c(ell_2, N_w - n + ell_2)
        bge_coefficient_3 = np.log(np.pi) * (-ell_3*m/2) + np.log(N_mu/(N_mu + m)) * (ell_3/2) + log_c(ell_3, m + N_w - n + ell_3) - log_c(ell_3, N_w - n + ell_3)
        bge_d_x1 = bge_coefficient_1 + np.log(np.abs(np.linalg.det(T_0[d_x1, :][:, d_x1]))) * ((N_w - n + ell_1)/2) + np.log(np.abs(np.linalg.det(T_m[d_x1, :][:, d_x1]))) * ((-N_w-m+n-ell_1)/2)
        bge_d_x2 = bge_coefficient_2 + np.log(np.abs(np.linalg.det(T_0[d_x2, :][:, d_x2]))) * ((N_w - n + ell_2)/2) + np.log(np.abs(np.linalg.det(T_m[d_x2, :][:, d_x2]))) * ((-N_w-m+n-ell_2)/2)
        bge_d_x3 = bge_coefficient_3 + np.log(np.abs(np.linalg.det(T_0[d_x3, :][:, d_x3]))) * ((N_w - n + ell_3)/2) + np.log(np.abs(np.linalg.det(T_m[d_x3, :][:, d_x3]))) * ((-N_w-m+n-ell_3)/2)

        marginal_1 = bge_d_x1
        marginal_2 = bge_d_x2 - bge_d_x1
        marginal_3 = bge_d_x3 - bge_d_x2
        print("old marginals", marginal_1, marginal_2, marginal_3)
        print("old total", marginal_1 + marginal_2 + marginal_3)

        total_log_marginal_likelihood = bge_coefficient_3 + np.log(np.abs(np.linalg.det(T_0))) * (N_w/2) + np.log(np.abs(np.linalg.det(T_m))) * ((-N_w-m)/2)

        return total_log_marginal_likelihood

    gaussian_data = np.array([[0.2, 0.2, 0.2], [0.2, 0.2, 0.2]])
    print("old result", integral_marginal_gaussian_bge(gaussian_data))
    suffstat = partial_correlation_suffstat(gaussian_data, invert=False)
    s1 = local_gaussian_bge_score(0, set(), suffstat)
    s2 = local_gaussian_bge_score(1, {0}, suffstat)
    s3 = local_gaussian_bge_score(2, {0, 1}, suffstat)
    print("new result node 0", s1)
    print("new result node 1", s2)
    print("new result node 2", s3)
    print("total:", s1+s2+s3)





          

      

      

    

  

    
      
          
            
  Source code for causaldag.utils.scores.gaussian_bic_score

import numpy as np
import numba

@numba.jit
def numba_inv(A):
    return np.linalg.inv(A)


[docs]def local_gaussian_bic_score(node, parents, suffstat, lambda_=None):
    n = suffstat["n"]
    lambda_ = lambda_ if lambda_ is not None else .5 * np.log2(n)
    C, i, p = suffstat['C'], node, list(parents)

    var = C[i, i] if not p else C[i, i] - C[i, p] @ numba_inv(C[np.ix_(p, p)]) @ C[p, i]
    log_prob = -.5*n*(1 + np.log2(var/n))
    penalty_term = lambda_*(1 + len(parents))

    return log_prob - penalty_term
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