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The Graphical User Interface (GUI) for the CSP analyzer is written in C# using the DotNet Framework 4.6 available in Microsoft Visual Studio 2017 Community Edition. Plots and

graphs use the LiveCharts 0.9.1 libraries. The GUI allows users to browse to through folders, and select and load the XML file for the reference spectrum in the dataset. A custom

lower-bound intensity threshold can be set independently for the reference and for the dataset. Once the reference is loaded, the spectral plot XML files for the desired dataset can be

loaded at once by selecting a folder that contains all of the files. Only experiments that contain the proper “peaklist.xml” files will be displayed and overlaid to the reference spectrum.

A message will display a log of the loading process, reporting to the user eventual empty folder due to failed experiment or unavailable peak list file.

1 - FILE I/O CONTROLS

The user can load the reference spectrum and then 

load all the spectra of the desired screening at once.
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2 – SPECTRA IMPORT CONTROLS

The user can set the lower-bound limits for peak 

recognition (useful in case of noisy spectra) and set 

the limits for F1 and F2 dimensions.
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3 – ML-BASED ANALYSIS CONTROLS

Once the spectra are loaded, the ML learning 

discriminator can be run and controlled with these 

controls.
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4 – HELP AND SHORTCUTS LIST

A list of keyboard shortcuts can be shown at anytime 

clicking on the ‘Shortcuts’ button.
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5 – PEAK DIFFERENCE DISTRIBUTION AND ML DISCRIMINATOR 

PSEUDO-PROBABILITY REPORT

The plots are fully clickable and zoomable. The histograms are ordered by experiment 

numbers. The pseudo-probability plot is a useful way to report the user which experiment is 

less similar to the reference, thus which experiment shows the highest CSPs.

6 – SPECTRA OVERLAY (REFERENCE vs SELECTED EXPERIMENT)

The plot is fully zoomable and shows an overlay of the current experiment (yellow) against the 

reference spectrum. The spectra are shown as scatter plots and the diameter of the peaks is 

correlated to the highest intensity measured. 

Dedicated controls allow the user to mark an experiment as “active” or “inactive” or reset this status.
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7 – DETAILED ANALYSIS INFO

Provides the user useful information on the screen data and the analysis results. 

The bar plot is useful to keep track of the manual selection and allows to restore all the 

manual flags previously set. Furthermore, after the analysis is run, is possible to toggle on 

selectively only the spectra marked by the ML discriminator as “actives” or “inactives”.
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8 – SPECTRA PLAYER AND EXPERIMENT INFO

These controls allow the user to skim through all the 

experiments in the loaded screening. Thanks to the 

searchbox form is possible to quickly jump to the desired 

experiment. 

9 – EXPORT 

The user can export the analysis results at anytime clicking on 

the “Export” button. A new window will be displayed showing a 

detailed summary of the results. This can be either printed as 

PDF or exported to Excel for further processing.
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The synthetic active spectra were generated using SMOTE-ENN, which combines

oversampling (Synthetic Minority Over-sampling Technique (SMOTE)) with undersampling

(Edited Nearest Neighbor (ENN)). SMOTE generates new data examples by considering

pairs of active spectra, and generating synthetic data with descriptor vectors intermediate

between the two samples. ENN cleans up the resulting data representation by removing

points whose nearest neighbors have mixed classes. We used this to balance the number

of experimental inactives and mixed experimental-synthetic active spectra.

To reduce the impact of highly-correlated data in our input representation, we undertook

dimensionality reduction of the input by means of principal components analysis (PCA),

projecting into a lower-dimensional space and identifying combinations of input features

which capture most of the variance in the data. As we wished to delineate a region of this

space which captures inactive spectra, support-vector classification (SVC) was a natural

choice.

Our parameters were optimized so as to minimize the false negative rate (FNR), the

proportion of false negatives to the sum of false negative and true positives. With an

average recalling rate of 88% of correct predictions, we demonstrated that ML-

discriminator can be used to speed-up the processing of several spectra at once quickly

and with good reliability.
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Figure 2 - Machine Learning-based discriminator results for protein datasets. (A) Correct

Predictions is referred to the number of experiments that were identified correctly by the ML-

based discriminator compared to the user selection (“active” or “inactive”). False Positives is

referred to those experiments that were predicted as “inactive” even if manual user marked

those as “active”. False Negatives is referred to the number of experiments that were

marked as “active” by the ML-based discriminator but marked as “inactive” by the user

selection. PCA reduced dimensionality results (B)

Figure 1 – Experiments comparison TopSpin vs CSP Analyzer
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