Statistical Inference for Networks

Second Practical: Distribution of network statistics 

1 Recall how to get the data ready and how it all works
For this practical we shall again use our two data sets; the first data set is the set of Florentine marriage relations, called flo in the ermg package, and the second data set is a set of Yeast protein interaction, available at 

http://www.stats.ox.ac.uk/~reinert/dtc/networks.html,

Recall how it works: First we load the packages which we shall need. From the drop-down menu packages, select “load package”, then select ergm; repeat, select igraph. 

Next we convert the Florentine data into a data format which can be used in the igraph.package, as follows.

data(flo)

flomatrix<-as.matrix(flo,matrix.type="edgelist")

Now the data are in the format of an adjacency matrix, which we can use to create a graph object,

   flograph<- graph.adjacency(flomatrix, mode="undirected", weighted =NULL) 
For the yeast data, first you have to download them and store them in a directory, say C:/data. They may still be there from last time. The data are in the so-called .net format, which comes from another network package called Pajek. The .net format is supported by igraph, so all we need to do is to type

yeast<-read.graph("C:/data/YeastL.net", format="pajek")
and our network data are ready to use. 
Calculating network summaries
The igraph package provides commands which give our network summaries fairly instantly. For the degree distribution: 
degree.distribution(flograph)
gives a vector where the first element is the relative frequency of zero degree nodes, the second with degree one, etc. 
For the average degree: we can use for example 

d<-c(1:16)

for(i in 0:15){

d[i+1]<-degree(flograph, i, ) } 

creates a vector with the degrees, 

sum(d)/16 
gives the average degree. So the average degree is 2.5. 
The clustering coefficient is called transitivity in igraph; the command is 

transitivity(flograph) 
The matrix of shortest paths is obtained using 

shortest.paths(flograph)

and 

average.path.length(flograph)

gives the shortest average path length for the Florentine family. 
2 Average versus random node: is there a difference?  
To get the average degree from 100 simulations of a Bernoulli random graph., use for example

erg<-c(1:100) 

for(i in 1:100)

{

erg[i]<-sum(degree(erdos.renyi.game(100, 1/10)))/100} 

Then 

hist(erg) 

plots a histogram of the data. 

To just look at the degree of a single node, say node 1, you could use

erg1<-c(1:100)

for(i in 1:100)

{ derg<- degree(erdos.renyi.game(100, 1/10))

erg1[i] <- derg[1] }  

hist(erg1) 

Compare the two histograms via

par(mfrow=c(2,1))

hist(erg)

hist(erg1)

You can use a chi-square test also, 

chisq.test(erg1, erg)
tests whether the two simulated distributions are the same. 

If you want to use the Poisson distribution to assess the hypothesis that your data is Poisson distributed, then for the clustering coefficient in the Florentine marriage data, for example, 
1 - ppois(10.208, 2.5925)
gives the probability that a Poisson variable with parameter 2.5925 exceeds 10.208. 
Repeat the two different types of sampling with the clustering coefficient, and with the shortest path length. 

Also repeat with Watts-Strogatz small worlds and Barabasi-Albert networks. Recall that for a Watts-Strogatz network we have to specify the dimension of the lattice, the number of nodes, the size of the neighbourhood, and the rewiring probability; we can use the command 
ws1<-watts.strogatz.game(1, 100, 5, 0.5)

where 1 is the  dimension, 100 is the number of nodes, 5 is the neighbourhood size, and 0.5 is the rewiring probability. 
For a Barabasi-Albert network on 10,000 nodes with preferential attachment proportional to the node degree, we use 
bar1<-barabasi.game(10000)
For a Barabasi-Albert network on 10,000 nodes with preferential attachment proportional to the square of the  node degree, we use 

bar2<-barabasi.game(10000, power=2). 
3 Quantile-quantile plots

Use

qqnorm 

for a normal quantile-quantile plot only. Use
qqplot

otherwise. For example, 
x<-rnorm(1000, 0, 1) 

qqnorm(x,  ylab = "N(0,1) random samples: sample quantiles") 
y<-rpois(1000, 1)

qqplot(x,y)

4 Generating graphs with a given degree sequence  

Use
degree.sequence.game 

to generate a random graph with a given degree sequence. For example, if d denotes the vector of observed degrees, then 
dsg<-degree.sequence.game(d)  
gives a random graph with the same degree sequence. 

For a Monte Carlo test whether the Florentine clustering coefficient is typical for graphs with this degree sequence distribution, try the following code.

mctest<-c(1:100)

for(i in 1:100)

{

mctest[i]<-transitivity(degree.sequence.game(d))

}

sort(mctest)
Then the observed clustering coefficient would lie somewhere in the middle, depending on your simulations, so we would consider the clustering coefficient not as unusual.

5 Using log-log plots   

Use 
ecdf

to calculate the empirical distribution function of the data; at value x the ecdf gives the proportion of the data which do not exceed x. 

degyeast<-degree(yeast)

ecdfyeast<-c(1:100) 

for(i in 1:100)

{

ecdfyeast[i]<- 1 - ecdf(degyeast)(i) } 
Plot on a log-log scale: 
lk<-c(1:100)

logk<-log(lk)

 plot(logk,  log(ecdfyeast))
You can repeat this with any distribution you like; see how often you see what looks like a straight line! 

To estimate the coefficients by least squares, the log of 0 is not good, so we truncate

ecdfyeasto<-c(1:100) 

for(i in 1:100)

{

ecdfyeasto[i]<- max(0.0000001, ecdfyeast[i])
} 

Then 
lsf <- lsfit(log(ecdfyeasto), logk) 
gives the least-squares fit, 
ls.print(lsf)

shows the outcome. Not a good fit!
You can estimate the coefficient also by 
power.law.fit(degyeast)

This estimates the power in the power law (called alpha here, not gamma).  

It will not worry about the quality of the fit. 
---------------------------------------------------------------------------------
Further references and manuals: 

http://stat.ethz.ch/CRAN/web/packages/ergm/ergm.pdf
http://stat.ethz.ch/CRAN/web/packages/igraph/index.html
