Validation of drinking water distribution monitoring schemes including water demand variability and minimum detectable concentrations
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S1 Graph-based monitoring layout selection strategies details	
Several monitoring layouts were generated following several graph-based methodologies varying edges weighting, graph clustering and centrality measure. Similarly to Giudicianni et al. (2020) and Di Nardo et al. (2017), first, the DWDS structure was considered as a graph composed of nodes (i.e., pipes interconnections) and edges (i.e., pipes), which were either unweighted (uW) or weighted depending on pipes diameter (D), length (L) or the ratio between the two (D/L). Secondly, the DWDS graph, weighted in all different methods, was divided in different clusters using the algorithms presented in Table S1, ensuring manually the interconnection between the nodes within each sub-graph. Finally, within each sub-graph, the most central node was identified using the centrality measures illustrated in Table S2. 

Table S1. Clustering algorithms used for graph-based monitoring location identification.
	Algorithm
	Theoretic Principle
	Principle

	K-means 
	
	Vertices clustering into a fixed number k of communities is performed by:
· Selecting k random vertices, named centroids, one for each community;
· Assigning each of the remaining vertices to the community with the nearest centroid, namely that with the shortest Euclidean distance, computed from the nodes plane coordinates;
· Calculating new centroid for each community.
Second and third steps are repeated until convergence (Hastie et al., 2009).

	Edge Betweenness 
	
	Vertices clustering into a fixed number of communities is performed by:
· Calculating the edge betweenness of all the edges of the original graph;
· Removing one or more edges having the highest value of betweenness;
· Calculating of betweenness of all the remaining edges in the updated graph structure;
Second and third steps are iteratively repeated until the desired number of cluster is obtained (Newman and Girvan, 2004).

	Spectral 
	
	Vertices clustering into a fixed number k of communities is performed by Di Nardo et al. (2017):
· Computing the first k eigenvectors u1,…,uk of the Laplacian matrix L, i.e. the eigenvectors corresponding to the smallest k eigenvalues;
· Storing these eigenvectors as columns of the n x k matrix U;
· Performing same search loop of 
K-means algorithm as previously discussed, over the rows of matrix U.

	Spectral  Random Walk
	
	Spectral alg. performed upon the normalized random walk Laplacian matrix, Lrw (Di Nardo et al., 2017).

	Spectral  Symmetric
	
	Modified Spectral Alg., performed upon normalized symmetric Laplacian matrix, Lsym (Di Nardo et al., 2017).



Table S2. Centrality measures used for graph-based monitoring location identification.
	Measure
	Formula
	Theoretic Principle

	Closeness Centrality
	

	Reciprocal of the sum of shortest paths lengths connecting the vertex vi to all others (Freeman, 1978).

	Harmonic Centrality
	
	Sum of the reciprocal of shortest paths lengths connecting the vertex vi to all others (Marchiori and Latora, 2000).

	Betweenness Centrality
	
	Number of shortest paths passing through vertex vi, divided by total number of shortest paths (Freeman, 1977).

	Degree Centrality
	
	Sum of the weights of the edges incident to vertex vi (Freeman, 1978).

	Eigenvector Centrality
	
	The eigenvector corresponding to the dominant eigenvalue of the adjacency matrix (Bonacich, 1972).

	Katz Centrality
	
	Generalization of Eigenvector Centrality by means of a damping factor α and an exogenous factor β (Katz, 1953).

	Current-Flow Betweenness C.
	
	Simulation of and electrical current-flow spreading mechanism (Brandes and Fleischer, 2005).

	Jordan Centrality
	
	Vertex having eccentricity equal to the radius r of the graph (Wasserman and Faust, 2009).




[image: ]Figure S1. Minimum detection time (detTime) in the different scenarios for each simulated event in case-study C.



[image: ]Figure S2. Fraction of events, detected in the ideal scenario, detected also in the alternative scenarios tested as a function of the minimum detection time deciles achieved in the ideal scenario for case-study R.


[image: ]Figure S3. Harmonic average of the minimum detection times for the different water quality alteration scenarios tested. In the case of non-detected events, an infinite detection time was assumed in the estimation of the harmonic mean.
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