
NBS-Predict Tutorial



Brief Outline

• Aim: To evaluate the performance of NBS-Predict and the alternative algorithms in predicting target variables and identifying edges with 

ground truth on simulated network data.

• Method:

• The alternative algorithms were the Elastic Net, Lasso, p-value thresholding, Top 5% of features, and Connectome-based predictive modeling (Shen et al., 2017). 

• Two sets of scale-free synthetic networks were generated (for regression and classification tasks). The scale free networks were generated using Barabási-Albert model 
(Albert & Barabási, 2002). 

• In the classification task, 100 observations were generated (50 observations each for control and contrast groups), and CNR values of 0.25, 0.50, 0.75, and 1.0 were added 
to 50 edges that form connected component in the contrast group (shown in Zalesky et al., 2010). 

• In the regression task, 250 observations were generated, and the noise values of 0.1, 1, 3, and 5 were added to the target variables that were generated using coefficients 
of 50 edges that form connected component.

• Each algorithm performed in a 10-repeated 10-fold CV structure. 

• The total number of simulation iteration was 1000.

• Accuracy and correlation coefficient metrics were used to evaluate the target prediction performance of the algorithms in the classification and regression tasks, 
respectively. The performance of algorithms in identifying edges with ground truth was evaluated using ROC curves. 

Albert, Réka, and Albert-László Barabási. "Statistical mechanics of complex networks." Reviews of modern physics 74.1 (2002): 47.
Shen, Xilin, et al. "Using connectome-based predictive modeling to predict individual behavior from brain connectivity." nature protocols 12.3 (2017): 506-518.
Zalesky, Andrew, Alex Fornito, and Edward T. Bullmore. "Network-based statistic: identifying differences in brain networks." Neuroimage 53.4 (2010): 1197-1207.



Simulation
Type “sim_testNBSPredict(parameters)” 

to run the simulation.

It requires several parameters. To check the 

available parameters, type ”help 

sim_testNBSPredict”.  It will return the long

list of available parameters and their brief 

descriptions. 



Simulation
Let’s simulate the performance of NBS-Predict in 

classification tasks using simulated networks. 

To do that, type: 
sim_testNBSPredict(’simIter’, 1000, ‘algorithm’, ’NBSPredict’, 

’ifRegression’, 0, ’n’, 50, ’nCores’, -1)



Simulation
This function, in each iteration, simply generates 

100x100 scale-free networks comprising of 1000 

edges. Of those edges, 50 are contrasted using 

contrast to noise ratio (CNR) values of 0.25, 0.50, 

0.75, and 1.0.

NBS-Predict (10-repeated 10-fold CV) runs 1000 

times. 

If you want to use another CNR values, you can 

simply create a structure comprising CNR 

conditions. 



Simulation
After running the command, you can check the

progress of the simulation.



Simulation
Let’s run similar simulations for the regression task. 

To do that, type: 
sim_testNBSPredict(’simIter’, 1000, ‘algorithm’, ’NBSPredict’, 

’ifRegression’, 1, ’n’,125, ’nCores’, -1)

This time we increased the number of observation 

pairs from 50 to 125 since regression problems 

require more observation.

By default, this function, in each iteration, 

generates similar scale-free networks and adds 

noise values of 0.1, 1, 3, and 5 to the target variable 

generated using 50 edges that form the connected 

component. 



Simulation
To test alternative algorithms, simply change the

algorithm parameter with the name of the

desired algorithm.

Available algorithms are documented in the 

function.  



Simulation
After the simulation is done, the results will be 

saved into the 

“~/NBSPredict/simulationResults/” directory. 



Prepare Data for Plotting
We can plot the results using the functions from 

NBS-Predict! 

To do that, we first need to prepare the results 

structures using the “prep_plotData” function. 

This function computes the algorithms’ 

performance (TPR, FPR, and more) in identifying 

edges with ground truth. For each simulation 

iteration, it simply selects sets of edges using 

several edge weight thresholds and computes 

performance metrics. 



Prepare Data for Plotting
By default, it calculates TPR and FPR to generate 

ROC curves. But additional metrics (e.g. 

precision, recall, AUC) can be used by simply 

using “metrics” parameters.

The available metrics are documented in the 

“compute_modelMetrics” function!



Prepare Data for Plotting
To run the function, simply type:

“prep_plotData”

A window will pop up and ask to load results 

files generated after the simulation. 

Select all the files simply to process them 

recursively. 



Prepare Data for Plotting
After processing, the processed files will be 

saved in the “plotData” folder. Results for

classification and regression tasks will be 

automatically sorted and saved under distinct 

subdirectories. 



Plotting 
To plot the results, simply type “plot_plotData”. 

We can define a specific metric to plot by using 

the “plotType” parameter. By default, it plots 

ROC curves, CPU time, prediction performance, 

and the mean true positive rates at certain false 

positive rates. 

Certain FPR levels can also be customized using 

the “levels” parameters. 



Plotting 
A window will pop up and ask to load processed

results files. 

Select all the processed files and load.



Plotting 
This function generates the figures and saves 

them in the “figures” folder.



Summary Results
On the first set of simulated data (i.e. 

classification), NBS-Predict outperformed the 

alternative algorithms in the 0.25 CNR condition 

and yielded comparable performance in other 

CNR conditions.

In the 0.50 and 0.75 CNR conditions, the elastic 

net algorithm was the best performing algorithm 
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(a) CNR = 0.25 (b) CNR = 0.50

(c) CNR = 0.75 (d) CNR = 1.00
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Receiver Operating Characteristic (ROC) curves were used to evaluate
specificity and sensitivity of NBS-Predict and the alternative feature
selection algorithms (Elastic net, Lasso, Top 5% of features, and p-value
thresholding) in four different contrast-to-noise ratios conditions (CNR): (a)
0.25, (b) 0.50, (c) 0.75 and (d) 1.00.



Summary Results
In the 0.25 CNR condition, NBS-Predict 

outperformed the elastic net and p-value 

thresholding algorithms while yielding similar 

classification accuracy with the lasso and top 

5%.

However, the elastic net performed the best in 

other CNR conditions. 

Elastic Net Lasso NBS-Predict Top 5% p-value
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(a) CNR = 0.25 (b) CNR = 0.50

(c) CNR = 0.75 (d) CNR = 1.00

The classification accuracy of NBS-Predict and the alternative algorithms
(elastic net, lasso, top 5% of features, and p-value thresholding) in four
contrast-to-noise ratio (CNR) conditions: (a) 0.25, (b) 0.50, (c) 0.75 and (d)
1.00. Error bars depicted in each plot represents 95% confidence interval (p
< 0.05).



Summary Results
On the second set of simulated data (i.e. 

regression), NBS-Predict outperformed all the 

alternative algorithms.

The advantage of NBS-Predict over the 

alternative algorithms increased with noise. 
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Receiver Operating Characteristic (ROC) curves were used to evaluate
specificity and sensitivity of NBS-Predict and the alternative algorithms
(Elastic net, Lasso, Top 5% of features, p-value thresholding feature
selection algorithms, and CPM) in four different noise conditions: (a) 0.01,
(b) 1.00, (c) 3.0, (d) 5.0.



Summary Results
Regarding target prediction, the elastic net 

outperformed other algorithms, including NBS-

Predict, in most noise conditions, except for the 

“Noise = 5.0” condition. 

NBS-Predict outperformed the top 5% and lasso 

algorithms in all conditions while yielding similar 

performance with the p-value thresholding and 

CPM with the sets of positive edges. 

CPM Negative CPM Positive Elastic Net Lasso NBS-Predict Top 5% p-value
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(a) Noise = 0. 1 (b) Noise = 1.0

(c) Noise = 3.0 (d) Noise = 5.0

The performance (i.e. Pearson’s correlation coefficient) of NBS-Predict and
the alternative algorithms (elastic net, lasso, top 5% of features, and p-
value thresholding) in predicting a target variable in four noise conditions
(a) 0.1, (b) 1.0, (c) 3.0, (d) 5.0. Error bars depicted in each plot represents
95% confidence interval (p < 0.05).


