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1CHAPTER

Introduction

1.1 Toolbox Overview

Classification of magnetoencephalography (MEG) and electroencephalography (EEG) is a

brain decoding technique (Holdgraf et al., 2017) in which the goal is to correctly predict la-

bels of test observations based on a statistical model built from labeled training observations

(Hastie et al., 2009). EEG classification has origins in the brain-computer interface (BCI) do-

main, where the goal is to enable users to communicate or perform actions through brain

activity alone (Blankertz et al., 2002). Whether decoding motor imagery (Pfurtscheller and

Neuper, 2001), steady-state evoked responses (Allison et al., 2008; Kim et al., 2011), or event-

related potentials (ERPs) (Farwell and Donchin, 1988; Halder et al., 2010), BCI design is cen-

tered around achieving accurate, real-time decoding.

M/EEG classification is used in cognitive neuroscience as well. While a well-performing clas-

sifier remains integral to these investigations, the more granular classifier outputs—namely,

the degree of separability or confusion among responses to various stimuli—provides new

avenues through which to investigate the neural processes underlying categories of stimuli,

brain states, and participant attributes. Reports of classifier success (i.e., accuracies) and

confusion (i.e., misclassifications) over stimulus sets serve to convey the distances or simi-

larities, respectively, across the set.
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MatClassRSA v2 User Manual 1.1 Toolbox Overview

This perspective of classifier outputs is aligned with the Representational Similarity Analysis

(RSA) paradigm. In RSA, a set of stimulus representations from any data modality—including

M/EEG data—can be abstracted to a Representational Dissimilarity Matrix (RDM), which

summarizes the pairwise distances between all of the stimuli (Kriegeskorte et al., 2008a;

Kriegeskorte et al., 2008b). Through RDMs, data from diverse modalities are brought into

a common ‘representational space’, and the similarity between RDMs can be quantitatively

assessed to determine, for example, which computational or conceptual representation of

a stimulus set aligns with which neural representation. Moreover, since M/EEG data are

multidimensional in both time and space, RDMs can be constructed on data subsets in a

‘searchlight’ approach to identify specific spatiotemporal features that best align with other

RDMs (Su et al., 2014; Cichy et al., 2014; Carlson et al., 2013; Kong et al., 2020). Moreover,

RDMs can undergo hierarchical and non-hierarchical clustering to create visualizations that

convey the distances among the stimuli in various ways (Carlson et al., 2013; Kaneshiro et al.,

2015b; Losorelli et al., 2020).

To date, M/EEG classification has been used to investigate multiple topics including ob-

ject category representation (C. Wang et al., 2012; Carlson et al., 2013; Cichy et al., 2014;

Kaneshiro et al., 2015b; Kong et al., 2020; Xie et al., 2022), language categories (Suppes et al.,

2009), visual and auditory representation of stimuli (Simanova et al., 2010), auditory atten-

tion (An et al., 2023), development (Xie et al., 2022) and correspondences to RDMs derived

other data types including fMRI (Cichy et al., 2014; Muukkonen et al., 2020) and concep-

tual or computational stimulus models (Wardle et al., 2016; Kong et al., 2020; Li et al., 2022).

While most M/EEG RSA classification studies involve ERPs and adult participants, the ap-

proach has also been shown to work in Rapid Serial Visual Presentation (RSVP) paradigms

(Grootswagers et al., 2019), on auditory frequency-following responses (Losorelli et al., 2020),

on EEG alpha power (An et al., 2023) representations, and on infant data (Xie et al., 2022).

With the aim of facilitating cognitive neuroscience research for E/MEG researchers who are

interested in classification and RSA, we present the v2 release of MatClassRSA. MatClassRSA

is a MATLAB toolbox that performs M/EEG classification and other analyses related to con-

structing RDMs for RSA. As noted below, the toolbox is organized in a modular toolbox struc-

ture, where outputs of some modules can feed into others. In addition to classifying data

and computing RDMs, MatClassRSA includes functions for assessing data quality; optionally

preprocessing the data; and visualizing RDMs. This release is a major update and expansion

of the original toolbox (B. C. Wang et al., 2017). Specifically, the v2 release includes addi-

tional functionalities (preprocessing, reliability, and RDM analyses of sensor-space data); a

restructuring of the codebase; expanded documentation and design rationales in the User

Manual; scripts offering example function calls; and new illustrative analyses.
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MatClassRSA v2 User Manual 1.1 Toolbox Overview

Target end users of the toolbox are those who already work with repeated-trials M/EEG data

in MATLAB (for e.g., ERP analyses) and wish to perform new types of analyses with these

data. By removing the burden of implementing standard machine-learning and other ana-

lysis procedures by hand, we hope that the toolbox makes these computationally focused

analyses accessible to a wider range of researchers.

Figure 1: Overview of MatClassRSA modules and main functions.

MatClassRSA provides multiple functionalities directly and tangentially related to M/EEG

classification for RSA. MatClassRSA comprises five modules, as summarized in the white

boxes of Figure 1:

1. Preprocessing: While MatClassRSA does not offer basic M/EEG data cleaning such as

filtering and epoching, this module includes additional preprocessing steps to apply

to already-cleaned data prior to downstream analyses. For instance, users can shuffle

the ordering of the trials, average groups of single trials to improve SNR, and normalize

the data based on each sensor’s SNR.

2. Reliability: Users may wish to assess the reliability of their data to obtain an upper

bound on the data’s explainability by any model. This module contains functions to

do so across each spatial and/or temporal feature, as well as across varying sample

sizes of the data.

3. Classification: This module includes all of the classification functionalities. Separate

functions handle non-optimized and optimized classifications in multiclass and pair-

wise contexts. Users can iteratively train and test using cross-validation functions, or

call separate train and predict functions.

4. RDM Computation: This module includes functions to convert classifier outputs (i.e.,

multiclass confusion matrices, pairwise accuracy matrices) to RDMs. It also includes

6



MatClassRSA v2 User Manual 1.2 Toolbox Background and History

two non-classification RDM functions that operate directly on the input data, based

on Euclidean distance and Pearson correlation.

5. Visualization: The final module includes functions for visualizing proximity matrices

as well as multidimensional scaling (MDS), dendrogram, and minimum spanning tree

(MST) representations of a proximity matrix.

The dashed lines around the Preprocessing module in Figure 1 indicate that M/EEG data

may be optionally run through functions in the Preprocessing module before being input to

the Reliability, Classification, and/or RDM Computation modules, or may be directly input

to the latter modules. As noted on the right side of the figure, Reliability functions output

reliability metrics, while Classification and RDM Computation outputs can ultimately be vi-

sualized via the Visualization module.

We note that MatClassRSA emphasizes the construction of RDMs but does not perform down-

stream RSA analyses, such as quantitative comparisons across RDMs. For these analyses,

users are encouraged to consult other existing toolboxes such as the MATLAB RSA toolbox

by Nili et al. (2014).

MatClassRSA v2 joins an ecosystem of open pipelines and toolboxes centered around M/EEG

classification. There has been remarkable growth in this area in recent years, expanding

upon BCI-focused resources (Blankertz et al., 2011; Kothe and Makeig, 2013) to include a

number of MATLAB toolboxes that collectively offer classification as well as related function-

alities including advanced statistics (Oosterhof et al., 2016; Fahrenfort et al., 2018; López-

García et al., 2022), emphasis on figure generation (Fahrenfort et al., 2018), and graphical

user interfaces (GUIs) (Ghorbani et al., 2020; López-García et al., 2022). These resources

complement decoding-focused tutorials (Grootswagers et al., 2017; Guggenmos et al., 2018),

Python toolboxes (Hanke et al., 2009; Krell et al., 2013; Appriou et al., 2021; Kuntzelman et al.,

2021; Jana et al., 2025), toolboxes for other imaging modalities (Schrouff et al., 2013; Grote-

gerd et al., 2014), and more general M/EEG analysis toolboxes (Delorme and Makeig, 2004;

Oostenveld et al., 2011; Gramfort et al., 2013; Gramfort et al., 2014). Among all of these op-

tions, MatClassRSA may be most useful for researchers who are interested in classification

and obtaining basic statistics, non-classification-based reliability and RDM operations, and

clustering and visualization of RDMs.

1.2 Toolbox Background and History

This software was originally developed for members of the Stanford Vision and Neuro-

Development Lab (SVNDL), Stanford Translational Auditory Research (STAR) Lab, and

Music Engagement Research Initiative (MERI) to perform EEG classification in conjunction

with visualizations related to Representational Similarity Analysis. Based on the level

7
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of interest in the software, we eventually packaged the functionalities into a toolbox for

greater benefit to the general research community. The initial version of MatClassRSA was

released as B. C. Wang et al. (2017). The current v2 release represents a major revision of

the toolbox, including updated package folder structure, new Preprocessing and Reliability

modules, expansion of the Classification and RDM Computation modules, and improved

methodologies.

Several aspects of MatClassRSA v2 draw from previously published research, code, and data:

• Across both MatClassRSA versions, many functions were designed around the analyses

reported in Kaneshiro et al. (2015b).

• As detailed in this User Manual and the MatClassRSA v2 preprint (B. C. Wang et al.,

2025b), certain functions in the current release were adapted from or make direct use

of code reported in Guggenmos et al. (2018) and their related tutorials.1 Their usage

is noted in both the function documentation in this manual as well as in respective

MatClassRSA function docstrings.

• Some data files in the accompanying MatClassRSA v2 dataset (B. C. Wang et al.,

2025a) are drawn, with attribution, from previously published datasets and publica-

tions (Kaneshiro et al., 2015a; Kong et al., 2020; Losorelli et al., 2019).

Finally, previous versions of MatClassRSA functions have been used by members of our au-

thor team in peer-reviewed publications (Kong et al., 2020; Losorelli et al., 2020).

1.3 Citing the Toolbox

The MatClassRSA v2 release comprises three deliverables: The codebase, a preprint sum-

marizing the release (B. C. Wang et al., 2025b), and a dataset containing example data for

the illustrative analyses (B. C. Wang et al., 2025a).

If using any code from the MatClassRSA v2 release, please cite the following two items:

• v2 release preprint

Bernard C. Wang, Raymond Gifford, Nathan C. L. Kong, Feng Ruan, Anthony M.

Norcia, and Blair Kaneshiro (2025). MatClassRSA v2 Release: A MATLAB Toolbox

for M/EEG Classification, Proximity Matrix Construction, and Visualization. bioRxiv

2025.11.19.689115. doi:10.1101/2025.11.19.689115
1https://github.com/m-guggenmos/megmvpa/blob/master/tutorial_matlab/matlab_distance.

ipynb
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• GitHub repository

Please cite the Zenodo record and DOI for the most recent GitHub release, as refer-

enced in the bibliography of the above preprint.

If using any of the toolbox’s example data in outside projects, please also cite the following:

• MatClassRSA dataset

Bernard C. Wang, Raymond Gifford, Nathan C. L. Kong, Feng Ruan, Anthony M. Nor-

cia, and Blair Kaneshiro (2025). Example Data for MatClassRSA v2 Release. Stanford

Digital Repository. Available at https: // purl. stanford. edu/ kv831rr3606/ .

doi:10.25740/kv831rr3606.

1.4 License

MatClassRSA v2 is released under the MIT License,2 as follows:

Copyright (c) 2025 Bernard C. Wang, Raymond Gifford, Nathan C. L. Kong,
Feng Ruan, Anthony M. Norcia, and Blair Kaneshiro.

Permission is hereby granted, free of charge, to any person obtaining
a copy of this software and associated documentation files (the
"Software"), to deal in the Software without restriction, including
without limitation the rights to use, copy, modify, merge, publish,
distribute, sublicense, and/or sell copies of the Software, and to
permit persons to whom the Software is furnished to do so, subject to
the following conditions:

The above copyright notice and this permission notice shall be included
in all copies or substantial portions of the Software.

THE SOFTWARE IS PROVIDED "AS IS", WITHOUT WARRANTY OF ANY KIND, EXPRESS
OR IMPLIED, INCLUDING BUT NOT LIMITED TO THE WARRANTIES OF
MERCHANTABILITY, FITNESS FOR A PARTICULAR PURPOSE AND NONINFRINGEMENT.
IN NO EVENT SHALL THE AUTHORS OR COPYRIGHT HOLDERS BE LIABLE FOR ANY
CLAIM, DAMAGES OR OTHER LIABILITY, WHETHER IN AN ACTION OF CONTRACT,
TORT OR OTHERWISE, ARISING FROM, OUT OF OR IN CONNECTION WITH THE
SOFTWARE OR THE USE OR OTHER DEALINGS IN THE SOFTWARE.

If a code file within the toolbox originated from outside of MatClassRSA and already con-

tained a license, that original license is retained.

2https://choosealicense.com/licenses/mit/
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1.5 Support

For questions, comments, suggestions, feature requests, and bug reports, contact Blair

Kaneshiro <blairbo@ccrma.stanford.edu> and Bernard Wang <bernardcwang@gmail.com>.
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• Designed the toolbox architecture: BCW, AMN, BK

• Implemented the code: BCW, RG, NCLK, BK

• Validated the code: BCW, RG, NCLK, BK

• Documented the toolbox: BCW, RG, NCLK, BK

• Created illustrative analyses: RG, BK

• Provided theoretical and domain expertise: FR, AMN

• Wrote the preprint: BK

• Provided feedback and editing: BCW, RG, NCLK, FR, AMN, BK

1.8 Declaration on the Usage of AI

The authors used Azure OpenAI gpt-4o-mini through Stanford University’s AI Playground

platform4 for assistance in performing Git and LATEX operations as well as for clarifying, de-

bugging, and documenting code files written by co-authors who had become less active on

the project. We did not otherwise use any AI tools for developing the code or for writing the

user manual or preprint.

4https://uit.stanford.edu/service/aiplayground
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2CHAPTER

Getting Started

2.1 Toolbox and Resources

2.1.1 GitHub Repository

The MatClassRSA toolbox is available as a publicly accessible GitHub repository.5 The most

recent v2.* GitHub release is the version associated with this documentation. The citation

for the repository is associated with the linked instance on Zenodo (see Chapter 1.3 for more

information). As noted in Chapter 1.4, MatClassRSA is published under an MIT license.

2.1.2 User Manual and Preprint

The MatClassRSA v2 release includes two forms of written documentation.

First, the User Manual provided in the GitHub repository (this document) is intended to

provide comprehensive documentation of MatClassRSA, including brief background on

M/EEG classification; guidance on getting up and running with the toolbox; documentation

of the main and helper function; and walkthroughs of the illustrative analyses. This User

Manual also elaborates on the documentation of the classification functions to provide

more context on that module’s general architecture and design decisions.

5https://github.com/berneezy3/MatClassRSA
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Next, the preprint of the v2 release is available on bioRxiv (B. C. Wang et al., 2025b). It pro-

vides a more narrative overview of the toolbox, including its structure, functions, and illus-

trative analyses.

2.1.3 Example Data

Due to file size, example data files used in the illustrative analyses are not included in

the MatClassRSA repository on GitHub and hence this folder is initially empty. They

are instead provided as a separate dataset through the Stanford Digital Repository

(SDR) (B. C. Wang et al., 2025a). The first script in the IllustrativeAnalyses folder

(illustrative_0_downloadExampleData.m) downloads the data files from the SDR URLs

into the ExampleData folder in the user’s local instance of MatClassRSA. More information

on the example data files is provided in the README of the online dataset; more informa-

tion on the downloading procedure is provided in the Illustrative Analyses documentation

(Chapter 8 of this manual).

2.2 Setup and Installation

2.2.1 Operating Systems and MATLAB versions

MatClassRSA v2 was tested on the following MacOS operating systems: Monterey 12.* and

Sequoia 15.*. The original release of MatClassRSA was validated on both Mac and Linux

operating systems, and we anticipate that the current release will similarly work across

operating systems, but this has not been comprehensively validated.

The v2 release was developed and tested on recent versions of MATLAB including R2021a,

R2024b, and R2025b. The code was developed with backward compatibility in mind, and

functions involving MATLAB input parser6 and parallel pool7 functionalities have been writ-

ten to accommodate older (e.g., 2016b) as well as current syntaxes. The toolbox may work

with earlier versions of MATLAB, but the toolbox has not been fully tested on previous ver-

sions. MatClassRSA users can use MATLAB’s code compatibility reporting tool8 to identify

any issues in running the toolbox with their version of MATLAB.

2.2.2 Dependencies

The software requires two MATLAB toolboxes: The Parallel Computing Toolbox9 and the

Statistics and Machine Learning Toolbox.10 Some of the MatClassRSA illustrative analyses

6https://www.mathworks.com/help/matlab/ref/inputparser.html
7https://www.mathworks.com/help/parallel-computing/run-code-on-parallel-pools.html
8https://www.mathworks.com/help/matlab/ref/codecompatibilityreport.html
9https://www.mathworks.com/products/parallel-computing.html

10https://www.mathworks.com/products/statistics.html
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additionally require the Image Processing Toolbox11.

The sole external dependency is LIBSVM, which is included in the src folder of the Mat-

ClassRSA GitHub repository:

Chang, Chih-Chung and Lin, Chih-Jen (2011). LIBSVM: A library for support vector machines.

ACM transactions on intelligent systems and technology (TIST), 2(3), 1-27. Software available

at http://www.csie.ntu.edu.tw/~cjlin/libsvm.

2.2.3 Installation

Clone or download the latest version of MatClassRSA at

https://github.com/berneezy3/MatClassRSA/

The external dependency, LIBSVM, must be set up before any SVM classifications can be

performed. Once inside the MatClassRSA main directory, navigate to

src/libsvm-3.21/matlab

and refer to the README file there for LIBSVM installation instructions.

LIBSVM note for Mac/Xcode users: Users running the make.m file in the matlab folder of

LIBSVM may encounter the error shown in Figure 2. A post in MATLAB’s online forum12

suggests that this is due to an issue in recent versions of Xcode (e.g., versions 26.*) and offers

a workaround. Alternatively, users can revert to a previous version of Xcode.13 As of the v2

release of MatClassRSA, we encountered issues running the makefile with Xcode versions 26.0

and 26.0.1; we were not able to implement the suggested workaround but were able to run

make.m successfully after reverting Xcode to version 16.4.

After setting up LIBSVM, the user can run the following in the MATLAB command window

to add the entire MatClassRSA toolbox to their path:

> MatClassRSAPath = 'path/to/your/directory/in/char/format';
> addpath(genpath(MatClassRSAPath));

All MatClassRSA functions will now be runnable. To automatically import MatClassRSA

upon MATLAB startup, create a script titled startup.m somewhere in the MATLAB search

path (this can be found using the path command), and add the above lines into it.

11https://www.mathworks.com/products/image-processing.html
12https://www.mathworks.com/matlabcentral/answers/2180302-mex-failing-to-compile-function
13https://xcodereleases.com/
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Figure 2: Potential LIBSVM makefile error related to Xcode on Mac.

2.3 Using the Toolbox

2.3.1 Function-Based Toolbox

MatClassRSA is a collection of functions and does not have a graphical user interface (GUI).

Users should be comfortable writing scripts and functions or working in the MATLAB

command line to load data, save outputs, and call MatClassRSA functions.

To help users get up and running with MatClassRSA, the following resources are provided

throughout the toolbox:

• Each of the main user-called functions contains a detailed docstring which can be

viewed in the respective code file or by accessing the function help by typing, e.g.,

> help functionName

in the MATLAB command line.

• For each of the main user-called functions, an elaborated description and example

function calls are also provided in the User Manual (this document);

• Helper functions contain shorter docstrings in the code file and brief descriptions in

the User Manual;

• Scripts containing example function calls for each of the main user-called functions

are provided in the ExampleFunctionCalls folder;

• Illustrative analyses demonstrating advanced usage of the toolbox are provided in the

IllustrativeAnalyses folder.

2.3.2 Toolbox Folder Structure

The top level of the MatClassRSA repository contains the following folders and files:

15
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• ExampleData (folder): Storage location for data files used in the example function

calls and illustrative analyses. Data files are not provided as part of the codebase but

can be downloaded using code provided in the IllustrativeAnalyses folder. See the

Illustrative Analyses documentation (Chapter 8 of this manual) for more information

on the example data files and downloading procedure.

• ExampleFunctionCalls (folder): Location of scripts, each containing example func-

tion calls for one of the main user-called functions of the toolbox. As noted above,

users need to have downloaded the example data into the ExampleData folder in or-

der to run the example scripts.

• IllustrativeAnalyses (folder): Location of illustrative analyses demonstrating ad-

vanced usage of MatClassRSA. Users again need to have downloaded the example data

into the ExampleData folder to run these analyses.

• src (folder): Main folder of MatClassRSA functions. This folder contains the pri-

mary MatClassRSA toolbox modules, namely the +Preprocessing, +Reliability,

+Classification, +RDM_Computation, and +Visualization folders. It also includes

a folder called libsvm-3.24, which contains the LIBSVM installation needed for se-

lected classification calculations.

• .gitignore (file): Specification of files to remain untracked by Git, including the exam-

ple data files stored in the ExampleData folder or elsewhere in the repository.

• LICENSE.md (file): License for the repository (MIT license).

• MatClassRSA v2 User Manual.pdf (file — this file): User Manual for the current re-

lease. Includes M/EEG classification and toolbox background; guidance for getting

started with the toolbox; comprehensive documentation of user-called functions; sup-

plemental overview and design rationales for the Classification module; description

and results of illustrative analyses; brief documentation of helper functions.

• README.md (file): The README for the GitHub repository.

2.3.3 Modules and Main Function Calls

The main modules and functions of MatClassRSA are summarized in Figure 1 of the previous

chapter. Each module is a folder inside of the src folder in the GitHub repository, and each

function is a file inside of the respective module folder. The functions listed in the figure

collectively represent the main user-called functions of the toolbox and receive the most

attention in terms of documentation and examples.
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As shown in the GitHub repository, the MatClassRSA module folder names begin with ‘+’.

These denote MATLAB package folders. Accordingly, the main MatClassRSA functions are

called by specifying the package folder name (without the ‘+’), followed by the function

name. For example the noiseNormalization() function in the +Preprocessing folder can

be called as follows:14

[normData, sigmaInv] = Preprocessing.noiseNormalization(X, Y);

2.3.4 Helper Functions

Many of the main MatClassRSA functions call helper functions, which are all located in the

+Utils folder of the src folder. Users need not interact directly with the helper functions

in order to make use of the main MatClassRSA functions. However, the helper functions are

documented—albeit in a more cursory fashion—in their docstrings and in this User Manual

(Chapter 9) for users who wish to use or extend them for custom analyses.

2.3.5 Example Code and Data

MatClassRSA comes with example function calls for each main user-called function in

the ExampleFunctionCalls folder, as well as a collection of illustrative examples in the

IllustrativeAnalyses folder. The example function calls demonstrate various ways to

call each function with randomly generated data, while the illustrative analyses demon-

strate more in-depth use cases—such as multi-function analyses and illustrations of how

preprocessing or classification decisions can impact downstream results—with real data.

The example function calls are referenced in each function’s documentation, while the

illustrative analyses are described in Chapter 8 of this User Manual.

As noted in Chapter 2.1.3, the illustrative analyses make use of ready-to-use EEG data

files, which due to size are not provided in the GitHub repository but are rather down-

loaded from a separate standalone dataset (B. C. Wang et al., 2025a). Users can

run the illustrative_0_downloadExampleData.m script to download the files into the

ExampleData folder if they are not there already. These files are also specified in the reposi-

tory’s .gitignore file so that they are not tracked by Git if stored in the user’s local instance

of the repository. The example data files are described in detail in Chapter 8.1 of this User

Manual.
14Users of previous development versions of MatClassRSA v2 may have encountered a ‘@’ class folder struc-

ture rather than ‘+’ package folders. In that case, the user needed to also create an instance of MatClassRSA

(e.g., RSA = MatClassRSA()) and call functions as e.g., RSA.Preprocessing.noiseNormalization(X,Y).

With the current release’s package-folder specification, users no longer need to instantiate MatClassRSA and

include the instance in function calls.
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2.4 Input and Output Specifications

2.4.1 Input Data Specifications

As an analysis toolbox, MatClassRSA does not perform data cleaning; even the data-

preparation steps in the Preprocessing module are intended to be applied to already-cleaned

data. However, the toolbox is designed to work with data in the form that is commonly

output by EEGLAB15 after preprocessing (i.e., 3D space × time × trial matrices).

MatClassRSA functions operate on variables that are already loaded to the workspace (rather

than filenames). It is therefore the responsibility of the user to have the necessary data

already loaded and correctly formatted for input to MatClassRSA functions.

Response Data Matrices, Labels Vectors, Participant Vectors

Functions in the +Preprocessing, +Reliability, and +Classification modules, as

well as selected functions in the +RDM_Computation module, operate directly M/EEG input

data. These functions generally require at minimum a (1) data matrix and (2) vector of trial

labels as inputs. In function documentation, the input matrix of M/EEG response data is

usually referred to as X, and the input labels matrix is referred to as Y. Certain preprocessing

functions additionally accept as input a vector of participant identifiers, which we refer to

as P. These inputs are summarized in Figure 3.

For input data X, MatClassRSA functions expect data matrices containing repeated-trials

data (generally ranging from tens to thousands of trials per stimulus) from at least two cate-

gories (i.e., at least two unique values in the labels vector Y). Nearly all functions operating

on data will accept a 3D matrix of space-by-time-by-trial data (e.g., as output by EEGLAB)

or a 2D matrix of trial-by-feature data in cases where data from single electrodes or single

time points are analyzed. If the user intends to analyze data from multiple stimuli and/or

participants, the data should already be combined into a single input matrix.

MatClassRSA functions were developed with the primary use case of X data matrices con-

taining time-domain evoked responses from multiple electrodes. As a result, the docstrings,

manual entries, and illustrative analyses generally reflect this usage and make references

to data from different sensors/electrodes and time samples. However, it is also possible

to input response data of other formats. For example, data matrices can represent spatial

components (such as principal components or independent components) rather than

sensors along the space dimension, and oscillatory band power or Fourier coefficients as

alternative features to time samples. In these cases, users should be mindful to interpret the

15https://eeglab.org/
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Figure 3: Primary MatClassRSA data inputs. Input data matrix X can be shaped as a 3D

trial × feature (typically time) × trial matrix, or as a 2D trial × feature matrix. Labels are

expected to be input as a numeric vector Y, whose length corresponds to the size of the trial

dimension of X. Users may also input a participants vector P for use in selected functions

from the Preprocessing module.

structure and features of the data accordingly.

Alongside the input data, most MatClassRSA functions also require the vector of trial

labels, generally referred to as Y. This labels vector provides the e.g., stimulus identifier for

each trial of response data, and therefore its length should correspond to the size of the

trial dimension of X. The ordering of its elements should match the ordering of the data

trials of X. MatClassRSA expects Y to be a numeric row or column vector; the values need

not start at 1 nor be continuous. When matrices of size nC l asses × nC l asses (such as

classifier confusion matrices or RDMs) are output by MatClassRSA functions, these ma-

trices’ rows and columns will be ordered by the sorted unique elements of the labels vector Y.

The participant identifiers input P is used by Preprocessing functions shuffleData() and

averageTrials() to specify, in cases where the input data matrix contains data from

multiple participants, which participant is associated with each trial of data. When input, it

is expected to be a vector the same length as Y.

RDMs as Inputs
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Users wishing to transform (e.g., symmetrize, rank-order) or visualize proximity matri-

ces may pass such matrices directly into the respective functions. Within the scope of

MatClassRSA, proximity matrices are assumed to be square matrices of size nC l asses ×
nC l asses. Proximity matrices are often inherently symmetric, such as those contain-

ing pairwise classification accuracies or correlation values. However, other proximity

matrices—such as multiclass confusion matrices—are not inherently symmetric, and the

RDM_Computation module includes functions to eventually symmetrize these matrices for

downstream RSA analyses.

2.4.2 Function Outputs

MatClassRSA functions return output variables and/or figures, but do not save any output

files. As with data loading, the user can write custom scripts to call MatClassRSA functions

and save the outputs into data files.
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3CHAPTER

Module: Preprocessing

3.1 Overview

While MatClassRSA does not include a data-cleaning pipeline, it does include preprocessing

functionalities for preparing already-cleaned data for downstream analyses.

The MatClassRSA Preprocessing module includes three functions. First, shuffleData()
reorders the available trials while keeping each trial paired with its original stimulus label

and (if specified) participant identifier. Next, averageTrials() computes ‘pseudotrials’,

which are averages of trials from the same stimulus and (if specified) participant. Finally,

noiseNormalization() upweights or downweights the data from each sensor based on its

signal-to-noise ratio. These functions can be used in any combination. As noted in Figure 4,

Preprocessing functions operate on the input M/EEG data, and function outputs can be in-

put to functions in downstream Reliability, Classification, and RDM Computation modules.

Preprocessing functions are also optional in the sense that the input M/EEG data can be di-

rectly input to Reliability, Classification, and RDM Computation functions without having

undergone any Preprocessing steps.

21



MatClassRSA v2 User Manual 3.2 shuffleData()

Figure 4: Position of Preprocessing module in MatClassRSA toolbox. Preprocessing func-

tions operate on the original input data. Functions from this module can be called prior to

calling Reliability, Classification, and RDM Computation functions, though it is not required.

3.2 shuffleData()

This function randomizes, in tandem, ordering of trials in data matrix X, labels in vector

Y, and (if specified) participants in vector P. Unlike trial randomization for permutation

testing—where the aim is to decouple trials from original stimulus (and participant) labels—

for this function global ordering is disrupted, but mappings between trials, stimulus labels,

and (if specified) participants are preserved. Therefore, this function is used in cases where

users wish to distribute correctly labeled trials across the course of one or more recordings

or across participants, prior to trial averaging and downstream analyses.

This function uses the helper function setUserSpecifiedRng().

Syntax

[randX, randY, randP, randIdx] = Preprocessing.shuffleData(...
X, Y, P, rngType);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.
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• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional inputs

• P — Participant vector. The optional input P specifies the participant identifier of

every trial of data. The length of P must correspond to the length of Y and the length of

the trial dimension of X. If P is not entered or is empty, the function will return NaN as

randomized P. P can be a numeric vector, string array, or cell array.

Optional name-value inputs

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

Outputs

• randX — Data matrix randomized along the trial dimension. The output data matrix

will be the same size as the input and contains data randomized along the trial dimen-

sion according to the ordering provided by randIdx. For a 3D input, this is the third

dimension, while for a 2D input, this is the first dimension.

• randY — Labels vector randomized along the trial dimension. The output labels vec-

tor will be the same size as the input vector and contains trial labels randomized along

the trial dimension according to the ordering provided by randIdx.

• randP — Participant identifier vector randomized along the trial dimension. If an

(optional) participant identifier vector P was entered as an input, the returned variable

randP will be the same size as the input vector, containing trial labels randomized

along the trial dimension according to the ordering provided by randIdx. If P was not

entered or was empty, randP is returned as a single NaN.

• randIdx — Randomized ordering indices vector. randIdx contains the ordering that

was applied to randomize all of the data inputs. It is a vector the same length as Y.
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Example function calls

If the user has no participants vector to input, wishes to use the default rng specification,

and does not need the randP output, the function can be called as follows:

[randX, randY, ~, randIdx] = Preprocessing.shuffleData(X, Y)

In cases where the user has no participants vector to input and does not need the randP
output, but does wish to specify rngType, an empty third input can be provided, as follows:

[randX, randY, ~, randIdx] = Preprocessing.shuffleData(X, Y, ...
[], {5, 'philox'})

Finally, the user can specify all inputs and obtain all outputs as follows:

[randX, randY, randP, randIdx] = Preprocessing.shuffleData(X, Y, ...
P, {5, 'philox'})

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Preprocessing_shuffleData.m.

3.3 averageTrials()

This function averages trials in the data matrix X on a per-label basis (as defined by elements

of Y) in groups of groupSize trials. In other words, the function averages groups of trials be-

longing to the same category, where the number of trials averaged in each group is specified

by the variable groupSize.

• The user can also optionally enter a vector of participant identifiers P, in which case

trial averaging will additionally be performed on a per-participant basis.

• The function takes in optional name-value pairs to specify handling of remainder tri-

als, whether to shuffle the data after averaging (while still retaining the mapping be-

tween trials and labels), and to set the random number generator.

If the user wishes to shuffle the ordering of data (while preserving labeling of data observa-

tions) prior to averaging, they should call the shuffleData() function prior to calling this

function.

This function uses the helper functions cube2trRows(), setUserSpecifiedRng(), and

trRows2cube().

Syntax
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[averagedX, averagedY, averagedP, whichObs] = averageTrials(X, Y, ...
groupSize, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

• groupSize — Number of single trials to be averaged in each group. For example,

a groupSize value of 5 would mean that groups of 5 trials are averaged, not that the

available trials are partitioned into 5 groups total.

Optional inputs

• P — Participant vector. The optional input P specifies the participant identifier of

every trial of data. The length of P must correspond to the length of Y and the length of

the trial dimension of X. If P is not entered or is empty, the function will return NaN as

randomized P. P can be a numeric vector, string array, or cell array.

Optional name-value inputs

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• handleRemainder — method to handle remainder trials. For example, if you have 21

rows with label 1 and set average group size to 5, you would have 4 groups (20/5), and

1 remainder row with label 1. If not specified, defaults to 'discard'. Options:
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– 'discard' — Disregard the remaining data (default).

– 'newGroup' — Average all remaining trials in a new row, despite these trials not

fulfilling the group size.

– 'append' — Append the remaining data to the last averaged row of the same

label.

– 'distribute' — Distribute the remaining data to different groups of the same

label.

• endShuffle — whether to shuffle the data after averaging. This shuffling process

preserves the mapping of data to corresponding labels and participants. This step is

recommended as the main function loops through participants (if input) and stimulus

labels during computation of averages, which groups the output averages by partici-

pants (if input) and stimulus labels. Therefore, this option redistributes observations

from each stimulus category (e.g., as input to cross-validated classification) across the

set of observations. If not specified, defaults to 1. Options:

– 1: Perform end shuffling (default).

– 0: Do not perform end shuffling.

Outputs

• averagedX — Data matrix after trial averaging. The output data matrix will be the

same shape (2D or 3D) as the input data matrix but will have a smaller trial dimen-

sion than the input data matrix. averagedX contains pseudotrials averaged in sets of

groupSize (and possible extra pseudotrial(s) for remainder trials, if specified).

• averagedY — Labels vector for output pseudotrials. The length of averagedY will

correspond to the size of the trial dimension of the output data matrix.

• averagedP — Participant identifiers for output pseudotrials. averagedP will be a

vector the same length as averagedY. Note: If P was not entered or was empty, trial av-

eraging would not have considered participant identifiers, and all values of averagedP
will be zero.

• whichObs — Trial averaging information matrix. This matrix is of size

length(averagedY) by groupSize. The matrix elements denote which trials from

the input matrix X were averaged in each output pseudotrial of averagedX.

Example function calls

If the user would like to average trials in groups of 5; has no participants vector to input

and does not need the averagedP output; and wishes to use all default specifications of the

name-value inputs, the function can be called as follows:
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[averagedX, averagedY, ~, whichObs] = averageTrials(X, Y, 5)

If the user would like to specify the participants vector and obtain that output, while using

all default specifications for name-value inputs, the function call would look like this:

[averagedX, averagedY, averagedP, whichObs] = averageTrials(X, Y, ...
5, P)

If the user would like to customize specific name-value inputs, only those inputs being spec-

ified need to be input to the function. For example, to override the default rngtype, the user

could call the function as follows:

[averagedX, averagedY, ~, whichObs] = averageTrials(X, Y, ...
5, 'rngtype', {5, 'philox'})

Multiple name-value inputs can also be specified, in any order, after optional inputs (if used):

[averagedX, averagedY, P, whichObs] = averageTrials(X, Y, ...
5, P, 'endShuffle', 0, 'handleRemainder', 'append')

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Preprocessing_averageTrials.m.

3.4 noiseNormalization()

When recording brain responses using EEG or MEG, data from individual sensors typi-

cally vary in terms of signal-to-noise ratio (SNR). The noiseNormalization() function

effectively ‘downweights’ sensors that have low SNR and ‘upweights’ sensors that have

high SNR. This preprocessing step also uses information regarding how the electrodes

may vary with each other. This is quantified by computing, for each timepoint, the co-

variance matrix across electrodes for a single condition on a data matrix of dimensions

nTr i al s ×nElectr odes (and averaged across time).

This function is adapted from code provided by Guggenmos et al. (2018).16 This function

uses the helper function cov1para().

Important note for MatClassRSA users: Guggenmos et al. (2018) showed that prepro-

cessing with multivariate noise normalization improves the reliability of representational

dissimilarity matrices for many similarity measures. However, while the function helps

16https://github.com/m-guggenmos/megmvpa/blob/master/tutorial_matlab/matlab_distance.
ipynb
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to de-emphasize local covariances that may result from electrical noise, it appears that

in some cases, usage of this function alongside MatClassRSA classification functions also

has the potential to negatively impact classification accuracy (perhaps through perturbing

biologically relevant covariance). Therefore, users are cautioned to assess impacts of this

function in downstream classification analyses. For more information, see Illustrative

Analysis 1 (Chapter 8.2).

Syntax

[normData, sigmaInv] = Preprocessing.noiseNormalization(X, Y);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Outputs

• normData — Noise-normalized data matrix. It will be the same size as the input data

matrix.

• sigmaInv — Inverse of the square root of covariance matrix. This is a matrix of size

nElectr odes ×nElectr odes used to normalize the data.

Example function call

This function call will involve only the two required inputs:

[normData, sigmaInv] = Preprocessing.noiseNormalization(X, Y);

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Preprocessing_noiseNormalization.m.
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4CHAPTER

Module: Reliability (Data

Quality Assessments)

4.1 Overview

Users may wish to compute the reliability of the data, as data reliability affects further down-

stream data analyses and also places an upper bound on how well any model can explain

the data. Specifically, reliability is a metric that quantifies the similarity of a measurement

across multiple repeats of an input. For example, computing an electrode’s reliability will

quantify its response similarity across multiple presentations of a single stimulus. This

metric is similar to the signal-to-noise ratio (SNR).

To compute reliability of electrodes on a dataset where there are multiple trials (i.e., repeti-

tions) for each stimulus (i.e., a dataset of dimensions Nstimuli ×Ntrials for each electrode), we

first split the Ntrials in half, resulting in two data partitions, each with half the total number

of trials. Each of the two partitions is then averaged across the trials dimension, resulting

in two vectors of dimensions Nstimuli. The reliability, R, is then computed as the correlation

between those two vectors. Since only half of the total trials are used in each partition, this

estimate of reliability would be lower than if all the trials were used (which is typical in

any analysis that uses data that are averaged across all trials). To correct for this, we apply

the Spearman-Brown correction, where Rcorrected = 2R
1+R . Since these functions ultimately

involve correlations over vectors of Nstimuli, they are recommended for datasets with larger

stimulus sets (in at least the tens or hundreds).
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This module of MatClassRSA includes two functions to compute the reliability of the

data. The first function, computeSpaceTimeReliability() computes reliability using all

available data at each response feature, where a response feature is typically a sensor and/or

time sample. Next, computeSampleSizeReliability() computes reliability for a single

sensor or time point over a varying trial sample size. As illustrated in Figure 5, functions in

this module can operate on the original input data, or can operate on data output by one

or more functions from the Preprocessing module. The Reliability functions do not directly

feed into any downstream MatClassRSA modules, but the reliability measures may be useful

for interpreting Classification results or comparisons between RDMs.

Figure 5: Position of Reliability module in MatClassRSA toolbox. Reliability functions can

be called directly on the input data, or on data that has undergone one or more steps from

the Preprocessing module. Reliability outputs do not intersect with functions from the re-

maining modules.

4.2 computeSpaceTimeReliability()

This function returns split-half reliabilities computed for each sensor (component) across

time. This computation is performed across a specified number of permutations, where

each permutation is associated with a random shuffling of the data across trials (i.e., the

trial indices are randomized in each permutation). This randomization procedure allows

for different split-halves to be constructed for each permutation. Each split-half is then

averaged across trials and correlated with each other to obtain a reliability estimate for that

permutation.

With the resulting data matrix of split-half reliabilities, one can take the mean along the

third (sensor/component) dimension and this will tell you the average reliability across
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components at each time point. On the other hand, if one takes the mean across the first

dimension (the time axis), one will be able to see how reliable each sensor/component is

across time (on average). Since split-half reliability is computed on half the total number of

trials, the estimate of the dataset’s reliability is lower than that computed using all the trials.

Spearman-Brown correction accounts for this and estimates reliability if all the trials could

be used.

This function uses the helper functions computeReliability() and

setUserSpecifiedRng().

Syntax

[reliabilities] = Reliability.computeSpaceTimeReliability(X, Y, ...
varargin);

Required inputs

The function has two required inputs: Response data matrix X and labels vector Y.

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs

• numPermutations — Number of split-half reliability permutations. This input spec-

ifies the number of times to randomly partition the trials and should be an integer

greater than zero. If numPermutations is not entered or is empty, this defaults to 10.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.
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– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

Outputs

• reliabilities — Matrix of sensor reliabilities across time.

For 3D input matrices, the dimensions of reliabilities will be space-by-time-by-

permutation. One would typically average across the permutations and sensors di-

mensions in order to obtain a time course of average reliability across sensors. For

2D input matrices, the dimensions of reliabilities will be time-by-permutation. In

this case, the data are assumed to contain only one sensor (component) and would av-

erage across the permutations dimension to obtain a time course of average reliability.

Example function calls

The following function call will use default specifications for numPermutations and

rngType:

reliabilities = Reliability.computeSpaceTimeReliability(X, Y);

If the user wishes to specify numPermutations — with 100 permutations, for example — but

use the default specification for rngType, the function can be called as follows:

reliabilities = Reliability.computeSpaceTimeReliability(X, Y, ...
'numPermutations', 100);

If the user wishes to use a custom specification for rngType — for example, setting it to {5,
'philox'} — while using the default value of numPermutations, the function can be called

as follows:

reliabilities = Reliability.computeSpaceTimeReliability(X, Y, ...
'rngType', {5, 'philox'});

Finally, the user can specify all four inputs as follows:

reliabilites = Reliability.computeSpaceTimeReliability(X, Y, ...
'numPermutations', 100, 'rngType', {5, 'philox'});

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Reliability_computeSpaceTimeReliability.m.
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4.3 computeSampleSizeReliability()

Reliability is known to vary according to the size (i.e., number of trials per stimulus) of the

data. This function computes split-half reliability across varying trial subset sizes. Typically,

one would aggregate the trials across participants and provide the aggregated data as input

into this function. A typical use case would be to average, for each trial subset size, the out-

put reliabilities across the sensor (component) dimension at a fixed time sample or across

the time dimension at a fixed sensor, as well as across all permutations. This will produce a

vector whose entries indicate the average reliability across sensors or time, respectively, as

a function of trial subset size. Since split-half reliability is computed, the Spearman-Brown

correction is applied to estimate the reliability across the entire data at once.

This function uses the helper functions computeReliability() and

setUserSpecifiedRng().

Syntax

reliabilities = Reliability.computeSampleSizeReliability(X, Y, ...
featureIdx, varargin);

Required inputs The function has two required inputs: Response data matrix X and labels

vector Y.

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

• featureIdx — Index of data feature at which reliability for each sensor (compo-

nent) is desired. The featureIdx argument is an integer that indicates the time sam-

ple at which to compute reliability across sensors, or the sensor at which to compute

reliability across time samples, while reliability is also computed across different sizes

of trial subsets.

– featureIdx should be between 1 and the feature length in the data (i.e., number

of time samples or number of sensors), inclusive.
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– If a 3D matrix is input, featureIdx specifies the index at which the data are sub-

set along the second dimension. Thus, if the user inputs a space-by-time-by-trial

matrix, featureIdx specifies the time point at which reliabilities will be com-

puted and averaged across all sensors. If the user wishes to specify the sensor

rather than the time point, the dimensions of the input data matrix should be

permuted so that space is represented along the second dimension (see example

function call below). If a 2D trial-by-feature matrix is input, this input specifies

the index at which the data are subset along the second (feature) dimension.

Optional name-value inputs

• numTrialsPerHalf — Number of trials used in split-half reliability calculations.

This vector specifies how many trials to include in a split half for each reliability com-

putation. For example, [1,2,3] would correspond to using 2, 4, and 6 trials in the

reliability computations. If numTrialsPerHalf is not entered or is empty, this defaults

to [1], meaning that 2 trials total are used.

• numPermutations — Number of split-half reliability permutations. This input spec-

ifies the number of times to randomly partition the trials and should be an integer

greater than zero. This is for the inner loop to compute reliability. If numPermutations
is not entered or is empty, this defaults to 10.

• numTrialPermutations — Number of data-selection rounds for reliability calcula-

tions. This input specifies how many times to choose trials in the data set to compute

reliability. This is for the outer loop. This is useful if we want to compute the variance

of the reliability across random draws of the trials. If numTrialPermutations is not

entered or is empty, this defaults to 10.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

Outputs

• reliabilities — Matrix of reliabilities across number of trials. If input matrix was

3D, the output dimensions numTrialPermutations x length(numTrialsPerHalf) x
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nSpace. If input matrix was 2D, the output dimensions are numTrialPermutations
x length(numTrialsPerHalf). Note that the permutations used to split the trials in

half for the inner loop reliability computation have already been averaged.

Example function calls

Call the function with 2D or 3D input data matrix, feature/time point 5, and default specifi-

cations for optional inputs:

reliabilities = Reliability.computeSampleSizeReliability(X, Y, 5)

To compute reliabilities at a single sensor (rather than time point) when calling the function,

permute the first two dimensions of the input data matrix so that its dimensions are time-

by-space-by-trial. The following function thus computes reliabilities at sensor 96:

reliabilities = Reliability.computeSampleSizeReliability(...
permute(X, [2, 1, 3]), Y, 96);

Call the function with 2D or 3D input data matrix, feature/time point 5, custom rng specifi-

cation, and otherwise default inputs:

reliabilities = Reliability.computeSampleSizeReliability(X, Y, 5, ...
'rngType', {rngSeed, 'philox'});

Call the function with 2D or 3D input data matrix, feature/time point 5, an increasing num-

ber of trials to use, from 1 to 10 in each split-half partition, and otherwise default inputs:

reliabilities = Reliability.computeSampleSizeReliability(X, Y, 5, ...
'numTrialsPerHalf', 1:10);

Call the function with 2D or 3D input data matrix, feature/time point 5, an increasing num-

ber of trials to use, from 1 to 10 in each split-half partition, 20 split-half permutations, 25

data-selection permutations, and default rng:

reliabilities = Reliability.computeSampleSizeReliability(X, Y, 5, ...
'numTrialsPerHalf', 1:10, 'numPermutations', 20, ...
'numTrialPermutations', 25);

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Reliability_computeSampleSizeReliability.m.
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5CHAPTER

Module: Classification

5.1 Overview

The MatClassRSA Classification module provides functionalities for various machine learn-

ing classifiers to predict categorical labels from M/EEG data. As noted in Figure 6, functions

in this module operate on M/EEG data, which could optionally have first been passed

through one or more functions from the Preprocessing module. Classification module

outputs can be passed into RDM Computation and Visualization functions.

Classification is supervised learning problem, where the goal is to predict the category of an

observation of data. To accomplish this, a statistical model is trained on data observations

that are each accompanied by category labels, and then the model is used to classify new,

unseen observations into the existing categories. In the context of MatClassRSA, the training

data typically represents single or group-averaged trials of M/EEG data, whereas the labels

refer to some specification of the stimuli—which, broadly defined, could include e.g.,

stimulus descriptors, task labels, or descriptors of the participant.

MatClassRSA provides options for running iterative cross-validation analyses on data (to

evaluate the performance of a classification model) or training a model once to perform

classifications on external data. There are two options in terms of partitioning data for

classification: Multiclass and pairwise. For the multiclass options, a single classification
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Figure 6: Position of Classification module in MatClassRSA toolbox. Classification func-

tions can operate on the original input directly, or on the data that have undergone Prepro-

cessing steps. Classification outputs can be input to RDM Computation and Visualization

modules.

model is trained to discriminate between all N unique classes provided in the dataset. For

the pairwise option, a separate model is trained for every pair of unique classes, where there

are
(N

2

)
pairs for N unique classes. Finally, MatClassRSA provides the option to optimize

the model prior to classification (see functions with the ‘_opt’ subscript). Optimization is

currently only available for the SVM classifier, and is conducted via grid search.

Thus, the available classification functions are as follows:

Multiclass classification

• crossValidateMulti()

• crossValidateMulti_opt()

• trainMulti()/predict()

• trainMulti_opt()/predict()

Pairwise classification

• crossValidatePairs()

• crossValidatePairs_opt()

• trainPairs()/predict()

• trainPairs_opt()/predict()

These functions can be found in the MatClassRSA src/+Classification directory. In this

chapter, in addition to the standard function descriptions and documentation, we also in-

clude flowcharts summarizing the workflow of each user-called function, due to their in-

creased complexity.

5.2 High-level Overview: M/EEG Classification for RSA

In an RSA context, analyses are performed over dissimilarity matrices (RDMs) which may

reflect different data modalities such as various forms of neuroimaging data, computational
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models, and perceptual measures. Classification offers several avantages as a means of com-

puting RDMs from M/EEG data:

• Multivariate: M/EEG is often a high-dimensional form of data, especially when data

from multiple sensors and time points are available. Performing mass-univariate anal-

yses (e.g., at every sensor and/or time point) can deplete the statistical significance of

the results after multiple comparison corrections are applied. Classification is one ap-

proach toward circumventing this issue, as a single classification analysis can incor-

porate data from multiple electrodes and features (e.g., time samples, Fourier coeffi-

cients) at once, and capture distributed category-related activity. Classification is thus

one way of utilizing the full neural response at once to obtain measures of similarity or

difference between stimulus categories.

• Data driven: While many EEG analyses rely on preselected electrodes, electrode

groups, or time intervals of interest for analyses, classification is data-driven in that

the algorithm will selectively weight the features of the input data according to their

utility in maximizing decodability among the categories. In addition, classification

can be used in a ‘searchlight’ configuration (Su et al., 2012), to identify spatial and

temporal/frequency-related components whose activations differ most between stim-

ulus categories.

• Predictive: Predicting labels of unseen observations is generally a more challenging

task than descriptive analyses (such as reporting averages or other summary statis-

tics), because the analysis approach must now generalize to new observations. How-

ever, predictive approaches may better convey the generalizability of a finding, and

is crucial in settings where correctly labeling new data is important (e.g., for clinical

assessment and diagnosis).

• Extending experimental paradigms: Classification is one approach toward facilitat-

ing studies involving large stimulus sets (10s-100s of stimuli). In the RSA context, too,

classification is one step toward directly comparing M/EEG data with other other rep-

resentations of the stimulus set (e.g., perceptual responses, computational models of

stimuli) in similarity space.

Classification is by no means the only way to compute M/EEG RDMs. See Chapter 6 for

options to compute RDMs directly from the input M/EEG data as opposed to classification

outputs.
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5.3 Overview of MatClassRSA Classification Specifications

5.3.1 Core inputs: Data Matrix and Labels Vector

Two primary inputs are required by MatClassRSA: simuli response data X and its correspond-

ing labels vector Y. X can be either 2D (trial-by-feature) or 3D (space-by-time-by-trial) data,

while Y is a single column vector containing labels for each trial of the X matrix.17

5.3.2 Subsetting Data Features

Users can choose to select a specific subset of data over which to run their analysis. If X is

passed in as a 3D space-by-time-by-trial matrix, then the user can use subsetting to run

their analyses over a specific spatial and/or temporal region of the response, as opposed

to the entire dataset. If X is passed in as a 2D trial-by-feature matrix, MatClassRSA allows

subsetting along the feature dimension. Subsetting will have the added benefit of reducing

analysis time.

MatClassRSA classification functions contain the optional input arguments spaceUse,

timeUse, and featureUse. If X is passed in as a 3D space-by-time-by-trial matrix, then

the spaceUse and timeUse arguments can be used to select specific space and time indices

over which to conduct the analyses. If X is passed in as a 2D trial-by-feature matrix, then

featureUse can be used to select the feature indices over which to conduct the analyses.

5.3.3 Classifier Selection

MatClassRSA provides the following classifiers:

• Support Vector Machine (SVM)

• Random Forest (RF)

• Linear Discriminant Analysis (LDA)

For the SVM classifier, two kernels are supported by MatClassRSA: The linear kernel and

radial basis function (RBF) kernel. As for random forest, the two hyperparameters supported

are numTrees (controls the number of decision trees to grow) and minLeafSize (controls

the minimum number of observations per leaf). The MatClassRSA implementation of LDA

does not have any tunable hyperparameters. For more information on the SVM classifier,

see Hsu, Chang and Lin’s 2003 paper, "A Practical Guide to Support Vector Classification".

For more info on hyperparameters for random forest, see Matlab documentation for the

17In practice, any X passed in as a 3D matrix is ultimately reshaped by MatClassRSA into a 2D matrix as input

to the core classification functions.
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treeBagger() class.18 For more information on the LDA classifier, please see the Matlab

documentation for the fitcdiscr() function.19

Note for SVM classifications: If, when performing any SVM classification, 1) you receive an

error message regarding an SVM function not being found, 2) the function hangs (no changes

to the pop-up progress bar for several minutes), or 3) classifier performance is unexpectedly

poor, you may still need to set up LIBSVM. See Chapter 2.2.3 for more information.

5.3.4 Classifier Optimization

Currently, MatClassRSA supports hyperparameter optimization only with the SVM classifier.

Optimization is conducted via grid search over the variables C (for both linear and rbf ker-

nels) and γ (gamma; for the rbf kernel only). A grid search is conducted by choosing a vector

of values for each hyperparameter to search over, then evaluating each combination of

hyperparameters to find the one that produces the highest cross validation accuracy. Thus,

grid search can be thought of as a brute-force approach for hyperparameter optimization,

and users should be aware that it may be time-consuming.

The default grid used for search is 5 logarithmically spaced points between 10−5 and 105.

To run classification with optimization, users can select the classification functions contain-

ing the ‘_opt’ subscript. Note that when using the train/predict functions, only the train

functions should contain the ‘_opt’ subscript.

5.3.5 Principal Components Analysis (PCA)

Principal Components Analysis (PCA) is a linear transformation that can be applied to

brain-imaging data that reduces data dimensionality and extracts the principal compo-

nents, which are linear combinations of the original features. Principal Components are

orthogonal and are returned in descending order of variance explained. In the context

of MatClassRSA, PCA can speed up processing by reducing the size of the data while pre-

serving the most significant information that allows for robust classification performance.

Analyzing the principal components can also inform us about the spatial/temporal features

corresponding to the most relevant response to the stimuli.

In MatClassRSA, PCA is applied to input observation matrix X. If X is a 3D space-by-time-

by-trial matrix, then PCA is applied after reshaping X into a 2D trial-by-feature matrix. The

PCA input argument has a default value of 0.99, which means that the selected principal

components are chosen to explain 99% of the variance of the data. As PCA is an unsuper-

vised learning technique (in that the stimulus labels are not involved in the calculation),

18https://www.mathworks.com/help/stats/treebagger.html
19https://www.mathworks.com/help/stats/fitcdiscr.html
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it is acceptable to compute it over the complete input data prior to partitioning and cross-

validation train-test iterations. MatClassRSA computes PCA on the complete data by default,

but users can also specify PCA to be computed separately over each training partition during

cross validation.

5.3.6 Data Centering and Scaling

Machine-learning techniques are often sensitive to the magnitude of input data. For exam-

ple, if data features from disparate sources (e.g., M/EEG, EKG, and behavioral responses)

were combined in a classification task, classifiers could exhibit a bias toward the data

features with larger values.

MatClassRSA provides two standard steps to mitigate this issue: Centering and scaling.

Centering is computed by subtracting the mean from each feature, which forces all features

to have 0 mean. Scaling is done by applying a scalar such each feature has a standard

deviation of 1.

The classification functions provided by MatClassRSA accept the optional input arguments

center and scale, which accept true or false arguments to enable or disable centering and

scaling. The default value for centering is true. However, the default value for scaling is

false. This is because multi-sensor data from a given participant are already assumed to

be on the same data scale, and hence important information might be lost by scaling the

data. However, users may wish to set scaling to true if, for example, combining multimodal

data in the input matrix, classifying data from multiple participants, or training and testing

classifier models on different participants.20

5.3.7 Cross Validation

Cross validation is a standard technique in machine learning to evaluate how a model

generalizes to unseen data. To accomplish this, the data are split into N partitions (also

known as folds), where N −1 folds act as training data to build the model, and the remaining

fold is used as a test set to evaluate classification performance. This process is repeated until

every fold has been used as testing data.

MatClassRSA supports cross-validation analysis via the classification functions containing

the text ‘crossValidate’ (crossValidateMulti(), crossValidatePairs(), etc.). These

functions also offer configurable parameters such as the number of cross-validation folds.

20Noise normalization may also help with this; see Chapter 8.2 for more information.
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5.3.8 Permutation testing

When performing classification analyses, it is often helpful to be able to estimate how

likely an observed result is under the null hypothesis. In the case of classification, the null

hypothesis is that no meaningful relationship exists between the data observations and

their associated labels; hence, in an N -class classification context where equal numbers of

observations were analyzed for each stimulus category, chance-level classification accuracy

would be 1/N . However, it can be difficult to determine whether a classification result is

sufficiently ‘good’ or high based on accuracy alone.

Permutation testing is a procedure for empirically generating null distributions against

which observed results can be compared. MatClassRSA’s permutation testing is performed

in alignment with the aforementioned null hypothesis, whereby the null distribution for

a given classification task is created empirically by performing many classifications of

the input data, but with the ordering of labels in the input labels vector Y randomized

independently of the order of the observations in the input data matrix X. This procedure

provides a distribution of classifier outputs for data instances that truly lack any meaningful

connection to their labels. One fundamental advantage of permutation testing is that

it is a nonparametric test, meaning that no underlying distribution is assumed for the

data; permutation testing is also a flexible approach to assessing statistical significance, in

that it can be set up as needed for the data and hypothesis at hand (Golland and Fischl, 2003).

MatClassRSA offers simple (per-run) statistical significance assessment using permutation

testing. We refer to each classification of disrupted-label data as a permutation or permu-

tation iteration. It is helpful to perform enough permutation iterations to obtain a smooth

null distribution—e.g., at least 100 or up to 10,000 iterations (Golland and Fischl, 2003). The

original classification accuracy (with the correctly labeled data) is then compared to this

distribution to empirically determine the likelihood of getting the result by chance, which

in this case is the percentage of null-distribution observations exceeding the observed

value. This likelihood is the p-value of the classification. A p-value of 0.05 is often chosen

as a threshold for a statistically significant result. At this time, MatClassRSA does not offer

functionalities for multiple comparison correction.

Statistical significance for M/EEG classifications has also been computed using parametric

tests, such as the Binomial distribution (e.g., Kaneshiro et al. (2015b)); this method is

additionally much faster than performing the many classification iterations required for

permutation testing. However, it has been noted that parametric estimation of p-values

can be biased due to data reuse across cross-validation iterations (Noirhomme et al., 2014).

For this reason, the v2 release of MatClassRSA no longer offers p-value calculation via the

Binomial distribution approach.
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In MatClassRSA, permutation testing is conducted by passing the optional name-value input

argument permutations into any of the following functions:

• crossValidateMulti()

• crossValidateMulti_opt()

• crossValidatePairs()

• crossValidatePairs_opt()

• predict()

Users can set the permutations variable as a positive integer to determine the number

of permutations to run. In the case of multiclass classification, the output struct contains

the field pVal, which contains a single p-value from permutation testing, and the field

permAccs, which is the distribution of accuracies computed from shuffling the data. For

pairwise classification, the output struct will contain a field pValMat, which is a matrix

containing the p-value corresponding the the decision boundary for each pair of classes.

It will also contain permAccMat, which is a 3D matrix of permutation testing accuracies

for each decision boundary (dimensions are label1, label2, permutation). From these

outputs the user can assess statistical significance based on their p-value threshold of choice.

Note about MatClassRSA implementations: Users are advised to consult the function specifi-

cations in this chapter, as permutation testing implementations vary by function. Permuta-

tion testing in this toolbox is carried out overall by permuting labels of only the training data,

while labels of test data remain intact. This configuration addresses the question of how well

a classifier trained on randomly labeled training observations is able to predict true labels of

test observations. Specific implementations vary by function, and users are advised to con-

sult the documentation for each function for complete descriptions. Generally, for speed,

accuracies of each permutation iteration may be based on a single train-test partition only.

If users seek different permutation testing configurations than are offered in the functions,

they can conduct permutation testing manually as follows for each permutation iteration:

1. Generate an instance of surrogate data by e.g., randomizing elements in the labels vec-

tor only;

2. Input the surrogate data to a function, with permutation testing turned off.

The user can then save the outputs over a desired number of function calls (permutation

iterations) to serve as the null distribution.
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5.3.9 Classifier outputs

For the cross validation functions (crossValidateMulti(), crossValdateMulti_opt(),

crossValidatePairs(), crossValidatePairs_opt()), output is formatted into the struct

C, which contains the results of the cross validation, permutation testing, and other related

information.

For the multiclass cross validation functions (crossValidateMulti() and

crossValdateMulti_opt()), C contains a confusion matrix, which describes the ac-

tual labels of each observation compared to its predicted class, along with the predicted

labels for each class and total classification accuracy.

As for the pairwise cross validation functions (crossValidatePairs(),

crossValidatePairs_opt()), C will contain the
(n

2

)
length cell matrix pairwiseInfo,

where each elements contains classification related info for the decision boundary corre-

sponding to a certain pair of labels. C will also contain the accuracy matrix AM, where each

off-diagonal element represents the accuracy of a decision boundary for classifying two

classes.

For the model output functions (trainMulti(), trainMulti_opt(), trainPairs(),

trainPairs_opt()), the output M is simply the classification model obtained by training

on the input data, which can then be passed in the predict() function along with new

observations to predict the labels of those new observations.

The output of predict() is the struct P, which has similar outputs as the multiclass cross

validation functions.

Note that functions with the ‘_opt’ subscript will also return optimized hyperparameter

values.

If permutation testing is specified, C and P will contain the the p-value(s) calculated during

permutation testing and a distribution of permutation testing accuracies. Please see the

following section for more details on permutation testing output.

5.4 crossValidateMulti()

Given a data matrix X and labels vector Y, this function will conduct multiclass cross

validation, then output a struct containing the classification accuracy, confusion matrix,

and other related information. Optional name-value parameters can be passed in to specify
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classification related options.

This function uses the helper functions (which can be found in

the +Utils folder): initInputParser(), checkInputDataShape(),

verifySVMParameters(), subsetTrainTestMatrices(), setUserSpecifiedRng(),

processTrainDevTestSplit(), trainDevTestPart(), cvData(), fitModel().

Figure 7: Overview of crossValidateMulti() functionality.

Syntax

C = crossValidateMulti(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs

• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.
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• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.

• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• PCAinFold — When PCA is computed. This input specifies whether PCA is conducted

on the training partition of each fold during cross validation, or if PCA is conducted

once on the entire dataset prior to partitioning data for cross validation. Options:

– true: Conduct PCA within each fold.
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– false (default): Conduct PCA once across the entire data matrix X.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10.

• classifier — Classifier used during cross validation. Supported classifiers include

support vector machine (SVM), linear discriminant analysis (LDA) and random forest

(RF). Options:

– 'LDA' (default): Linear discriminant analysis.

– 'SVM': Support vector machine. If using this classifier, the user must manually

specify hyperparameter C (linear, rbf kernels) and gamma (rbf kernel). If parame-

ters are not known, use the crossValidateMulti_opt function to optimize SVM

hyperparameters.

– 'RF': Random forest.

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C

For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".

• gamma — SVM rbf kernel hyperparameter specification. If SVM is selected as the clas-

sifier, and rbf is selected as the kernel, then gamma must be manually set by the user.

• C — SVM rbf and linear kernel hyperparameter specification. If SVM is selected as

the classifier, then C must be manually set by the user.

• numTrees — Random Forest classifier hyperparameter. This chooses the number of

decision trees to grow. Default is 128.

• minLeafSize — Random Forest classifier hyperparameter. Specify the minimum

number of observations per tree leaf. Default is 1.
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• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

This function repeats the following steps for each permutation:

– Select the first fold of training, test data (permutation testing will run only on this

fold)

– Permute the training labels

– Train classifier on training data (with permuted labels)

– Use the classifier to predict test data labels

– Store the classification accuracy of this permutation

• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:

– true (default): Centering turned on

– false: Centering turned off

• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

For more information on SVM hyperparameters, see Hsu et al. (2003), ‘A Practical Guide

to Support Vector Classification’. For more info on hyperparamters for random forest, see

Matlab documentation for the treeBagger() class.21

Outputs

• C — Classification output struct. This output object contains all cross validation re-

lated information, including classification accuracy, confusion matrix, prediction re-

sults etc. The struct contains the following subfields:

21https://www.mathworks.com/help/stats/treebagger.html
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– CM: Confusion matrix that summarizes the performance of the classification, in

which rows represent actual labels and columns represent predicted labels. El-

ement i , j represents the number of observations belonging to class i that the

classifier labeled as belonging to class j .

– accuracy: Overall classification accuracy, computed as the number of correct

predictions divided by the total number of predictions. Will be a value between 0

and 1.

– predY: Vector of predicted labels. Ordering of vector elements corresponds to the

order of elements in input labels vector Y.

– modelsConcat: Struct containing the nFold models used during cross valida-

tion.

– elapsedTime: Runtime, in seconds.

– pVal: The p-value calculated using the permutation testing results. This is set to

NaN if permutation testing is turned off.

– permAccs: Permutation testing accuracies. This field will be NaN if permuatation

testing is turned off.

– classificationInfo: This struct contains the specifications used during clas-

sification, including 'PCA', 'PCAinFold', 'nFolds', 'classifier', and

'dataPartitionObj'.

– dataPartitionObj: This struct contains the train/test data partitions for cross

validation (and a dev data partition if hyperparameter optimization is specified).

Example function calls

Here is a basic function call to crossValidateMulti(). The default setting, when unspeci-

fied, would be using LDA as the classifier, PCA set to explain 99% of the variance, PCAinFold
to be 0 (meaning PCA is conducted a single time on the entire dataset), and nFold as 10 to

set the default number of cross validation folds to be 10.

M = Classification.crossValidateMulti(X, labels6);
M.classificationInfo

Here is another example call, this time where the classifier is set to RF (Random Forest), with

the minLeafSize parameter set to 2.

%% Random Forest Hyperparameters: Leaf Size

M = Classification.crossValidateMulti(X , labels6, ...
'classifier', 'RF', ...
'PCA', 0.99, ...
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'minLeafSize', 2 ...
);
M.classificationInfo

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_crossValidateMulti.m.

5.5 crossValidateMulti_opt()

Given a data matrix X and labels vector Y, this function will first conduct hyperparameter

optimization, then conduct multiclass cross validation with an optimized classifier, and

finally output a struct containing the classification accuracy, confusion matrix, and other

related information. Other optional name-value parameters can be passed in to specify

classification related options.

This function uses the helper functions (which can be found in the +Utils folder):

initInputParser(), subsetTrainTestMatrices(), setUserSpecifiedRng(),

trainDevTestPart(), cvData(), trainDevGridSearch(), nestedCvGridSearch(),

computeAccuracy().

Figure 8: Overview of crossValidateMulti_opt() functionality.

Syntax

C = crossValidateMulti_opt(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:
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– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs

• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.

• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.

• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

51



MatClassRSA v2 User Manual 5.5 crossValidateMulti_opt()

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• PCAinFold — When PCA is computed. This input specifies whether PCA is conducted

on the training partition of each fold during cross validation, or if PCA is conducted

once on the entire dataset prior to partitioning data for cross validation. Options:

– true: Conduct PCA within each fold.

– false (default): Conduct PCA once across the entire data matrix X.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10. This parameter is only used if

the 'nestedCV' option is set for 'optimization' parameter.

• classifier — Classifier used during cross validation. Currently, only SVM is sup-

ported for hyperparameter optimization:

– 'SVM' (default)

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C
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For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".

• optimization — Optimization data specification. This parameter controls whether

optimization is conducted using a full nFold s cross validation on the training data or

using a single development fold. Options:

– 'singleFold' (default)

– 'nestedCV'

• trainDevSplit — Specification on fold split into training and development data.

This parameter is a 2 element vector which controls how each fold further split into

a training and development data. For each fold, a (1/nFolds) fraction of the data be-

comes the test data, and a (1 - 1/nFolds) fraction of the data is used as the training/de-

velopment partition. ‘trainDevSplit’ controls what fraction of the the training/devel-

opment partition is used for training. Thus, for each fold, ((1 - 1/nFolds) * trainDevS-

plit) is used for training data, and ((1 - 1/nFolds) * (1-trainDevSplit)) is used for devel-

opment data.

• gammaSpace — Gamma search space. Vector of gamma values to search over during

hyperparameter optimization. Gamma is a hyperparameter of the rbf kernel for SVM

classification. Default is 5 logarithmically spaced points between 10−5 and 105.

• cSpace — C search space. Vector of C values to search over during hyperparameter

optimization. See input argument C is a hyperparameter of both the rbf and linear

kernels for SVM classification. Default is 5 logarithmically spaced points between 10−5

and 105.

• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

This function repeats the following steps for each permutation:

– Select the first fold of training, test data (permutation testing will run only on this

fold)

– Permute the training labels

– Do hyperparameter optimization (using either the development fold or a nested

cross validation on the training data, depending on which option is specified)

– Use the classifier to predict test data labels
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– Store the classification accuracy of this permutation

• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:

– true (default): Centering turned on

– false: Centering turned off

• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

For more information on SVM hyperparameters, see Hsu et al. (2003), ‘A Practical Guide

to Support Vector Classification’. For more info on hyperparamters for random forest, see

Matlab documentation for the treeBagger() class.22

Output

• C — Classification output struct. This output object contains all cross validation re-

lated information, including classification accuracy, confusion matrix, prediction re-

sults etc. The struct contains the following subfields:

– CM: Confusion matrix that summarizes the performance of the classification, in

which rows represent actual labels and columns represent predicted labels. El-

ement i , j represents the number of observations belonging to class i that the

classifier labeled as belonging to class j .

– C: SVM hyperparameter optimized using grid search.

– gamma: SVM hyperparameter optimized using grid search.

– accuracy: Overall classification accuracy, computed as the number of correct

predictions divided by the total number of predictions. Will be a value between 0

and 1.

– predY: Vector of predicted labels. Ordering of vector elements corresponds to the

order of elements in input labels vector Y.

22https://www.mathworks.com/help/stats/treebagger.html
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– modelsConcat: Struct containing the nFold models used during cross valida-

tion.

– elapsedTime: Runtime, in seconds.

– pVal: The p-value calculated using the permutation testing results. This is set to

NaN if permutation testing is turned off.

– permAccs: Permutation testing accuracies. This field will be NaN if permuatation

testing is turned off.

– classificationInfo: This struct contains the specifications used during clas-

sification, including 'PCA', 'PCAinFold', 'nFolds', 'classifier', and

'dataPartitionObj'.

– dataPartitionObj: This struct contains the train/test data partitions for cross

validation (and a dev data partition if hyperparameter optimization is specified).

Example function calls

Here is a basic call to crossValidateMulti_opt():

% X stores the data matrix, while labels6 stores the labels

M = Classification.crossValidateMulti_opt(X, labels6);
M.classificationInfo

Here is another function call, this time specifying SVM as the classifier, and using the linear

kernel:

M = Classification.crossValidateMulti_opt(X, labels6, ...
'classifier', 'SVM', ...
'PCA', 0.99, ...
'kernel', 'linear'...
);

M.classificationInfo

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_crossValidateMulti_opt.m.

5.6 crossValidatePairs()

This function averages trials in the data matrix X on a per-label basis (as defined by elements

of Y) in groups of groupSize trials. In other words, the function averages groups of trials be-

longing to the same category, where the number of trials averaged in each group is specified

by the variable groupSize.

55



MatClassRSA v2 User Manual 5.6 crossValidatePairs()

• The user can also optionally enter a vector of participant identifiers P, in which case

trial averaging will additionally be performed on a per-participant basis.

• The function takes in optional name-value pairs to specify handling of remainder tri-

als, whether to shuffle the data after averaging (retaining the mapping between trials

and labels), and to set the random number generator.

If the user wishes to shuffle the ordering of data (while preserving labeling of data observa-

tions) prior to averaging, they should call the shuffleData() function prior to calling this

function.

This function uses the helper functions (which can be found in the +Utils folder):

initInputParser(), subsetTrainTestMatrices(), setUserSpecifiedRng(),

initPairwiseCellMat(), trainDevTestPart(), cvData(), fitModel(),

modelPredict(), computeAccuracy(), permTestPVal(), pValMat().

Figure 9: Overview of crossValidatePairs() functionality.

Syntax

C = Classification.crossValidatePairs(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.
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• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs

• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.

• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.

• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:
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– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• PCAinFold — When PCA is computed. This input specifies whether PCA is conducted

on the training partition of each fold during cross validation, or if PCA is conducted

once on the entire dataset prior to partitioning data for cross validation. Options:

– true: Conduct PCA within each fold.

– false (default): Conduct PCA once across the entire data matrix X.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10.

• classifier — Classifier used during cross validation. Supported classifiers include

support vector machine (SVM), linear discriminant analysis (LDA) and random forest

(RF). Options:

– 'LDA' (default): Linear discriminant analysis.

– 'SVM': Support vector machine. If using this classifier, the user must manually

specify hyperparameter C (linear, rbf kernels) and gamma (rbf kernel). If parame-

ters are not known, use the crossValidateMulti_opt function to optimize SVM

hyperparameters.

– 'RF': Random forest.

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C

For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".
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• C — Hyperparameter rbf, linear kernels for SVM classification. If SVM is selected as

the classifier, then C must be manually set by the user. It is recommended for the user

to run the corresponding ‘_opt’ function to determine a suitable C value.

• gamma — Hyperparamter of the rbf kernel for SVM classification. If SVM is selected

as the classifier, and rbf is selected as the kernel, then gamma must be manually set by

the user. It is recommended for the user to run the corresponding ‘_opt’ function to

determine a suitable gamma value.

• numTrees — Hyperparameter of the random forest classifier. This chooses the num-

ber of decision trees to grow. Default is 128.

• minLeafSize — Hyperparameter of the random forest classifier. Choose the mini-

mum number of observations per tree leaf. Default is 1.

• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

This function repeats the following steps for each decision boundary:

– Select the first fold of training, test data (permutation testing will run only on this

fold)

– Select the data from this fold that represents the two classes of interest

– For each permutation, repeat the following steps:

* Permute the training labels

* Train a two-class classifier on training data (with permuted labels)

* Use the two-class classifier to predict test data labels

* Store the classification accuracy of this permutation and decision boundary

• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:

– true (default): Centering turned on

– false: Centering turned off
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• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

Outputs

• C — Pairwise classification output struct. This output object contains all pairwise

cross validation related information, including classification accuracy, confusion ma-

trix, prediction results for each decision boundary. The struct contains the following

subfields:

– pairwiseInfo: a cell matrix of structs, symmetrical along the diagonal. Each

struct contains the following subfields, for each class:

* CM - Confusion matrix that summarizes the performance of the classifica-

tion, in which rows represent actual labels and columns represent predicted

labels. Element i,j represents the number of observations of class i that the

classifier labeled as belonging to class j.

* classBoundary - The pair of classes corresponding to the current index (i.e.

class 1 vs class 4).

* accuracy - Classification accuracy for the given class boundary

actualLabels - Actual class labels predictions - Predicted class la-

bels by the trained model

– AM: Accuracy matrix where each off-diagonal element shows the accuracy for dis-

tinguishing one class from another. Since we don’t compare classes to them-

selves, the diagonal will contain NaNs.

– pValMat: If permutation testing is specified, this output contains a matrix of the

percentile value of the found value among the permutation test values. Similar to

the accuracy matrix, the diagonal will contain NaNs.

– permAccMat: Permutation testing accuracies. This field will be NaN if permuata-

tion testing is not specfied. The first two dimensions represent pairwise classes,

while the third dimension represent permutation.

– modelsConcat: Struct containing the models trained during cross validation.

– elapsedTime: Runtime, in seconds.

– classificationInfo: This struct contains the specifications used during

classification, including 'PCA', 'PCAinFold', 'nFolds', 'classifier', and

'dataPartitionObj'.
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– dataPartitionObj: This struct contains the train/test data partitions for cross

validation (and a dev data partition if hyperparameter optimization is specified).

– avgAccuracy: Average classifcation accuracy across all class boundaries.

Example function calls

Here is a a basic call to crossValidatePairs() with an rngType specified for reproducibil-

ity:

M = Classification.crossValidatePairs(X, labels6,'rngType', 3);
M.classificationInfo

Here is another function call, with PCAinFold set to true, such that principal component

analysis is conducted separately within every fold:

M = Classification.crossValidatePairs(X, labels6, 'PCA', .99, ...
'classifier', 'LDA', 'PCAinFold', 1);
M.classificationInfo

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_crossValidatePairs.m.

5.7 crossValidatePairs_opt()

This function averages trials in the data matrix X on a per-label basis (as defined by elements

of Y) in groups of groupSize trials. In other words, the function averages groups of trials be-

longing to the same category, where the number of trials averaged in each group is specified

by the variable groupSize.

• The user can also optionally enter a vector of participant identifiers P, in which case

trial averaging will additionally be performed on a per-participant basis.

• The function takes in optional name-value pairs to specify handling of remainder tri-

als, whether to shuffle the data after averaging (retaining the mapping between trials

and labels), and to set the random number generator.

If the user wishes to shuffle the ordering of data (while preserving labeling of data observa-

tions) prior to averaging, they should call the shuffleData() function prior to calling this

function.

This function uses the helper functions (which can be found in the

+Utils folder): initInputParser(), subsetTrainTestMatrices(),

setUserSpecifiedRng(), trainDevTestPart(), cvData(), initPairwiseCellMat(),
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classTuple2Nchoose2Ind(), nestedCvGridSearch(), trainDevGridSearch(),

fitModel(), modelPredict(), permTestPVal().

Figure 10: Overview of crossValidatePairs_opt() functionality.

Syntax

C = Classification.crossValidatePairs_opt(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.
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• groupSize — Number of single trials to be averaged in each group. For example,

a groupSize value of 5 would mean that groups of 5 trials are averaged, not that the

available trials are partitioned into 5 groups total.

Optional inputs

• P — Participant vector. The optional input P specifies the participant identifier of

every trial of data. The length of P must correspond to the length of Y and the length of

the trial dimension of X. If P is not entered or is empty, the function will return NaN as

randomized P. P can be a numeric vector, string array, or cell array.

Optional name-value inputs

• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.

• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.

• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.
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• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• PCAinFold — When PCA is computed. This input specifies whether PCA is conducted

on the training partition of each fold during cross validation, or if PCA is conducted

once on the entire dataset prior to partitioning data for cross validation. Options:

– true: Conduct PCA within each fold.

– false (default): Conduct PCA once across the entire data matrix X.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10.

• classifier — Classifier used during cross validation. Currently, only SVM is sup-

ported for hyperparameter optimization:

– 'SVM' (default)

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C

For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".
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• optimization — Optimization data specification. This parameter controls whether

optimization is conducted using a full nFold s cross validation on the training data or

using a single development fold. Options:

– 'singleFold' (default)

– 'nestedCV'

• trainDevSplit — Specification on fold split into training and development data.

This parameter is a 2 element vector which controls how each fold further split into

a training and development data. For each fold, a (1/nFolds) fraction of the data be-

comes the test data, and a (1 - 1/nFolds) fraction of the data is used as the training/de-

velopment partition. ‘trainDevSplit’ controls what fraction of the the training/devel-

opment partition is used for training. Thus, for each fold, ((1 - 1/nFolds) * trainDevS-

plit) is used for training data, and ((1 - 1/nFolds) * (1-trainDevSplit)) is used for devel-

opment data.

• gammaSpace — Gamma search space. Vector of gamma values to search over during

hyperparameter optimization. Gamma is a hyperparameter of the rbf kernel for SVM

classification. Default is 5 logarithmically spaced points between 10−5 and 105.

• cSpace — C search space. Vector of C values to search over during hyperparameter

optimization. See input argument C is a hyperparameter of both the rbf and linear

kernels for SVM classification. Default is 5 logarithmically spaced points between 10−5

and 105.

• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

This function repeats the following steps for each permutation:

– Select the first fold of training, test data (permutation testing will run only on this

fold)

– Permute the training labels

– Do hyperparameter optimization (using either the development fold or a nested

cross validation on the training data, depending on which option is specified)

– Train classifier on training data (with permuted labels)

– Use the classifier to predict test data labels
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– Use the helper function decValues2PairwiseAcc() to convert the LIBSVM de-

cision values to pairwise permutation testing accuracies

• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:

– true (default): Centering turned on

– false: Centering turned off

• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

Outputs

• C — Pairwise classification output struct. This output object contains all pairwise

cross validation related information, including classification accuracy, confusion ma-

trix, prediction results for each decision boundary. The struct contains the following

subfields:

– pairwiseInfo: a cell matrix of structs, symmetrical along the diagonal. Each

struct contains the following subfields, for each class:

* CM - Confusion matrix that summarizes the performance of the classifica-

tion, in which rows represent actual labels and columns represent predicted

labels. Element i,j represents the number of observations of class i that the

classifier labeled as belonging to class j.

* classBoundary - The pair of classes corresponding to the current index (i.e.

class 1 vs class 4).

* accuracy - Classification accuracy for the given class boundary

actualLabels - Actual class labels predictions - Predicted class la-

bels by the trained model

– AM: Accuracy matrix where each off-diagonal element shows the accuracy for dis-

tinguishing one class from another. Since we don’t compare classes to them-

selves, the diagonal will contain NaNs.
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– pValMat: If permutation testing is specified, this output contains a matrix of the

percentile value of the found value among the permutation test values. Similar to

the accuracy matrix, the diagonal will contain NaNs.

– permAccMat: Permutation testing accuracies. This field will be NaN if permuata-

tion testing is not specfied. The first two dimensions represent pairwise classes,

while the third dimension represent permutation.

– modelsConcat: Struct containing the models trained during cross validation.

– elapsedTime: Runtime, in seconds.

– classificationInfo: This struct contains the specifications used during

classification, including 'PCA', 'PCAinFold', 'nFolds', 'classifier', and

'dataPartitionObj'.

– dataPartitionObj: This struct contains the train/test data partitions for cross

validation (and a dev data partition if hyperparameter optimization is specified).

– avgAccuracy: Average classifcation accuracy across all class boundaries.

Example function calls

Here is a function call to crossValidatePairs_opt() with a that subset channels 94-100

for analysis:

M = Classification.crossValidatePairs_opt(X, labels6, 'PCA', .99, ...
'spaceUse', 94:100);

Here is another call that uses the SVM classifier with the radial basis function (rbf) kernel:

M = Classification.crossValidatePairs_opt(X, labels6, ...
'classifier', 'SVM', 'PCA', 0.99, 'kernel', 'rbf');
M.classificationInfo

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_crossValidatePairs_opt.m.

5.8 trainMulti()

Given a data matrix X and labels vector Y, this function trains a classification model using

the data, then outputs this model into a struct. This struct can be passed into the toolbox

function predict() to predict the labels of future trials.

This function uses the helper functions (which can be found in

the +Utils folder): initInputParser(), checkInputDataShape(),
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verifySVMParameters(), subsetTrainTestMatrices(), setUserSpecifiedRng(),

processTrainDevTestSplit(), trainDevTestPart(), cvData(), fitModel().

Figure 11: Overview of trainMulti() functionality.

Syntax

[M, permTestData] = trainMulti(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs

• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.

• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.
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• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10.

• classifier — Classifier used during cross validation. Supported classifiers include

support vector machine (SVM), linear discriminant analysis (LDA) and random forest

(RF). Options:

– 'LDA' (default): Linear discriminant analysis.

– 'SVM': Support vector machine. If using this classifier, the user must manually

specify hyperparameter C (linear, rbf kernels) and gamma (rbf kernel). If param-

eters are not known, use functions with _opt names to optimize SVM hyperpa-

rameters.
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– 'RF': Random forest.

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C

For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".

• gamma — SVM rbf kernel hyperparameter specification. If SVM is selected as the clas-

sifier, and rbf is selected as the kernel, then gamma must be manually set by the user.

• C — SVM rbf and linear kernel hyperparameter specification. If SVM is selected as

the classifier, then C must be manually set by the user.

• numTrees — Random Forest classifier hyperparameter. This chooses the number of

decision trees to grow. Default is 128.

• minLeafSize — Random Forest classifier hyperparameter. Specify the minimum

number of observations per tree leaf. Default is 1.

• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

The permutation testing for this function is carried out by the predict() function,

consistent with the steps described in the crossValidateMulti() function. Please

refer to the permutations section in the crossValidateMulti() function documen-

tation or the code docstring to learn more.

• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:
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– true (default): Centering turned on

– false: Centering turned off

• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

For more information on SVM hyperparameters, see Hsu et al. (2003), ‘A Practical Guide

to Support Vector Classification’. For more info on hyperparamters for random forest, see

Matlab documentation for the treeBagger() class.23

Outputs

• M — Classification output to be passed into predict(). The struct contains the fol-

lowing subfields:

– classificationInfo: Additional parameters/info for classification.

– mdl: Classification model which is used in predict() to classify labels of new

test data.

– classifier: Classifier selected for training.

– functionName: The name of the current function in string format.

– cvDataObj: Object containing data and labels after PCA.

– permutations: Please see 'permutations' section in the input arguments.

– ip: Input parser object for this function.

– elapsedTime: Time elapsed for training current model in seconds. Could be

used to gauge permutation testing duration.

– scale: Please see section for 'scale' input argument.

• permTestData — Permutation testing data to be passed into predict().

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_trainMulti.m.

23https://www.mathworks.com/help/stats/treebagger.html
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5.9 trainMulti_opt()

Given a data matrix X and labels vector Y, this function will split the data into pairs of classes,

optimize the classifier hyperparameters, then conduct cross validation. Then, an output

struct will be passed out containing the classification accuracies, confusion matrices, and

other information for each pair of labels. Optional name-value parameters can be passed in

to specify classification related options.

Currently, the only classifier compatible w/ this function is SVM. Optimization is done via a

grid serach over the values specified in the gammaSpace and cSpace input parameters.

This function uses the helper functions (which can be found in the +Utils folder):

initInputParser(), subsetTrainTestMatrices(), setUserSpecifiedRng(),

trainDevTestPart(), cvData(), trainDevGridSearch(), nestedCvGridSearch()),

fitModel().

Figure 12: Overview of trainMulti_opt() functionality.

Syntax

[M, permTestData] = trainMulti_opt(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs
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• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.

• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.

• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

73



MatClassRSA v2 User Manual 5.9 trainMulti_opt()

• nFolds_opt — Number of folds in cross validation. Must be an integer greater than 2

or less than or equal to the number of trials. Default is 10.

• classifier — Classifier used during cross validation. Currently, only SVM is sup-

ported for hyperparameter optimization:

– 'SVM' (default)

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C

For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".

• optimization — Optimization data specification. This parameter controls whether

optimization is conducted using a full nFold s cross validation on the training data or

using a single development fold. Options:

– 'singleFold' (default)

– 'nestedCV'

• trainDevSplit — Specification on fold split into training and development data.

This parameter is a 2 element vector which controls how each fold further split into

a training and development data. For each fold, a (1/nFolds) fraction of the data be-

comes the test data, and a (1 - 1/nFolds) fraction of the data is used as the training/de-

velopment partition. ‘trainDevSplit’ controls what fraction of the the training/devel-

opment partition is used for training. Thus, for each fold, ((1 - 1/nFolds) * trainDevS-

plit) is used for training data, and ((1 - 1/nFolds) * (1-trainDevSplit)) is used for devel-

opment data.

• gammaSpace — Gamma search space. Vector of gamma values to search over during

hyperparameter optimization. Gamma is a hyperparameter of the rbf kernel for SVM

classification. Default is 5 logarithmically spaced points between 10−5 and 105.
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• cSpace — C search space. Vector of C values to search over during hyperparameter

optimization. See input argument C is a hyperparameter of both the rbf and linear

kernels for SVM classification. Default is 5 logarithmically spaced points between 10−5

and 105.

• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

The permutation testing for this function is carried out by the predict() function,

consistent with the steps described in the crossValidateMulti_opt() function.

Please refer to the permutations section in the crossValidateMulti_opt() function

documentation or the code docstring to learn more.

• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:

– true (default): Centering turned on

– false: Centering turned off

• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

For more information on SVM hyperparameters, see Hsu et al. (2003), ‘A Practical Guide

to Support Vector Classification’. For more info on hyperparamters for random forest, see

Matlab documentation for the treeBagger() class.24

Outputs

• M — Classification output struct to be passed into predict(). The struct contains the

following subfields:

24https://www.mathworks.com/help/stats/treebagger.html
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– classificationInfo: Additional parameters/info for classification.

– mdl: Classification model which is used in predict() to classify labels of new

test data.

– classifier: Classifier selected for training.

– functionName: The name of the current function in string format.

– cvDataObj: Object containing data and labels after PCA.

– permutations: Please see 'permutations' section in the input arguments.

– ip: Input parser object for this function.

– elapsedTime: Time elapsed for training current model in seconds. Could be

used to gauge permutation testing duration.

– maxAccuracy: Highest classification accuracy obtained during optimization (us-

ing gammaOpt and C_opt).

– gammaOpt: Optimal value for SVM hyperparameter gamma.

– C_opt: Optimal value for SVM hyperparameter C.

– scale: Please see section for 'scale' input argument.

• permTestData — Permutation testing data to be passed into predict().

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_trainMulti_opt.m.

5.10 trainPairs()

This function averages trials in the data matrix X on a per-label basis (as defined by elements

of Y) in groups of groupSize trials. In other words, the function averages groups of trials be-

longing to the same category, where the number of trials averaged in each group is specified

by the variable groupSize.

• The user can also optionally enter a vector of participant identifiers P, in which case

trial averaging will additionally be performed on a per-participant basis.

• The function takes in optional name-value pairs to specify handling of remainder tri-

als, whether to shuffle the data after averaging (retaining the mapping between trials

and labels), and to set the random number generator.

If the user wishes to shuffle the ordering of data (while preserving labeling of data observa-

tions) prior to averaging, they should call the shuffleData() function prior to calling this

function.

76



MatClassRSA v2 User Manual 5.10 trainPairs()

This function uses the helper functions (which can be found in the +Utils
folder): initInputParser(), convert2double(), verifySVMParameters(),

subsetTrainTestMatrices(), initPairwiseCellMat().

Figure 13: Overview of trainPairs() functionality.

Syntax

[M, permTestData] = Classification.trainPairs(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional inputs

• P — Participant vector. The optional input P specifies the participant identifier of

every trial of data. The length of P must correspond to the length of Y and the length of

the trial dimension of X. If P is not entered or is empty, the function will return NaN as

randomized P. P can be a numeric vector, string array, or cell array.

Optional name-value inputs

• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.
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• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.

• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• PCAinFold — When PCA is computed. This input specifies whether PCA is conducted

on the training partition of each fold during cross validation, or if PCA is conducted

once on the entire dataset prior to partitioning data for cross validation. Options:

– true: Conduct PCA within each fold.
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– false (default): Conduct PCA once across the entire data matrix X.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10.

• classifier — Classifier used during cross validation. Supported classifiers include

support vector machine (SVM), linear discriminant analysis (LDA) and random forest

(RF). Options:

– 'LDA' (default): Linear discriminant analysis.

– 'SVM': Support vector machine. If using this classifier, the user must manually

specify hyperparameter C (linear, rbf kernels) and gamma (rbf kernel). If parame-

ters are not known, use the crossValidateMulti_opt function to optimize SVM

hyperparameters.

– 'RF': Random forest.

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C

For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".

• gamma — Hyperparamter of the rbf kernel for SVM classification. If SVM is selected

as the classifier, and rbf is selected as the kernel, then gamma must be manually set by

the user. It is recommended for the user to run the corresponding ‘_opt’ function to

determine a suitable gamma value.

• C — Hyperparameter rbf, linear kernels for SVM classification. If SVM is selected as

the classifier, then C must be manually set by the user. It is recommended for the user

to run the corresponding ‘_opt’ function to determine a suitable C value.

• numTrees — Hyperparameter of the random forest classifier. This chooses the num-

ber of decision trees to grow. Default is 128.
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• minLeafSize — Hyperparameter of the random forest classifier. Choose the mini-

mum number of observations per tree leaf. Default is 1.

• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

The permutation testing for this function is carried out by the predict() function,

consistent with the steps described in the crossValidatePairs() function. Please

refer to the permutations section in the crossValidatePairs() function documen-

tation or the code docstring to learn more.

• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:

– true (default): Centering turned on

– false: Centering turned off

• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

Outputs

• M — Pairwise classification output struct to be passed into predict(). The struct

contains the following subfields:

– classificationInfo: Additional parameters/info for classification.

– mdl: Classification model which is used in predict() to classify labels of new

test data.

– classifier: Classifier selected for training.

– functionName: The name of the current function in string format.

– cvDataObj: Object containing data and labels after PCA.

80



MatClassRSA v2 User Manual 5.11 trainPairs_opt()

– permutations: Please see 'permutations' section in the input arguments.

– ip: Input parser object for this function.

– elapsedTime: Time elapsed for training current model in seconds. Could be

used to gauge permutation testing duration.

– scale: Please see section for 'scale' input argument.

• permTestData — Permutation testing data to be passed into predict().

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_trainPairs.m.

5.11 trainPairs_opt()

This function averages trials in the data matrix X on a per-label basis (as defined by elements

of Y) in groups of groupSize trials. In other words, the function averages groups of trials be-

longing to the same category, where the number of trials averaged in each group is specified

by the variable groupSize.

• The user can also optionally enter a vector of participant identifiers P, in which case

trial averaging will additionally be performed on a per-participant basis.

• The function takes in optional name-value pairs to specify handling of remainder tri-

als, whether to shuffle the data after averaging (retaining the mapping between trials

and labels), and to set the random number generator.

If the user wishes to shuffle the ordering of data (while preserving labeling of data observa-

tions) prior to averaging, they should call the shuffleData() function prior to calling this

function.

This function uses the helper functions (which can be found in the +Utils
folder): initInputParser(), convert2double(), subsetTrainTestMatrices(),

initPairwiseCellMat().
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Figure 14: Overview of trainPairs_opt() functionality.

Syntax

[M, permTestData] = RSA.Classification.trainPairs_opt(X, Y, varargin);

Required inputs

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.

– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.
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Optional name-value inputs

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10.

• timeUse — Temporal subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the time dimension. The input argument

should be passed in as a vector of indices that indicate the time dimension indices that

the user wants to subset. This arugument will not do anything if input matrix X is a 2D,

trial-by-feature matrix.

• spaceUse — Spatial subset to classify (3D input). If X is a 3D, space-by-time-by-trial

matrix, then this option will subset X along the space dimension. The input argument

should be passed in as a vector of indices that indicate the space dimension indices

that the user wants to subset. This argument will not do anything if input matrix X is a

2D, trial-by-feature matrix.
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• featureUse — Temporal subset to classify (2D input). If X is a 2D, trial-by-feature

matrix, then this option will subset X along the features dimension. The input argu-

ment should be passed in as a vector of indices that indicate the feature dimension

indices that the user wants to subset. This arugument will not do anything if input

matrix X is a 3D, space-by-time-by-trial matrix.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

• PCA — Principal Component Analysis specification. Set principal component analy-

sis on data matrix X. To retain components that explain a certain percentage of vari-

ance, enter a decimal value [0, 1). To retain a certain number of principal components,

enter an integer greater or equal to 1. Default value is .99, which selects principal com-

ponents that explain 99% of the variance. Enter 0 to disable PCA. PCA is computed

along the feature dimension – that is, along the column dimension of the trial-by-

feature matrix that is input to the classifier. Options:

– Decimal between [0, 1) (default value 0.99): Include as many features as ex-

plain N ∗100 percent of the variance of the data.

– Integer greater than or equal to 1: Include the first N features.

– 0: Do not perform PCA.

• PCAinFold — When PCA is computed. This input specifies whether PCA is conducted

on the training partition of each fold during cross validation, or if PCA is conducted

once on the entire dataset prior to partitioning data for cross validation. Options:

– true: Conduct PCA within each fold.

– false (default): Conduct PCA once across the entire data matrix X.

• nFolds — Number of cross-validation folds. Must be an integer greater than 1 and

less than or equal to the number of trials. Default is 10.

• classifier — Classifier used during cross validation. Currently, only SVM is sup-

ported for hyperparameter optimization:
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– 'SVM' (default)

Note for SVM classifications: If, when performing any SVM classification, 1) you re-

ceive an error message regarding an SVM function not being found, 2) the function

hangs (no changes to the pop-up progress bar for several minutes), or 3) classifier per-

formance is unexpectedly poor, you may still need to set up LIBSVM. See Chapter 2.2.3

for more information.

• kernel — Decision function specification (SVM classifier). This input is only relevant

if the SVM classifier is selected. Options:

– 'linear': Hyperparameter C

– 'rbf' (default): Hyperparameters γ (gamma) and C

For more information on the SVM classification kernels, see Hsu, Chang and Lin’s 2003

paper, "A Practical Guide to Support Vector Classification".

• optimization — Optimization data specification. This parameter controls whether

optimization is conducted using a full nFold s cross validation on the training data or

using a single development fold. Options:

– 'singleFold' (default)

– 'nestedCV'

• gammaSpace — Gamma search space. Vector of gamma values to search over during

hyperparameter optimization. Gamma is a hyperparameter of the rbf kernel for SVM

classification. Default is 5 logarithmically spaced points between 10−5 and 105.

• cSpace — C search space. Vector of C values to search over during hyperparameter

optimization. See input argument C is a hyperparameter of both the rbf and linear

kernels for SVM classification. Default is 5 logarithmically spaced points between 10−5

and 105.

• permutations — Number of permutations during permutation testing. If this value

is set to 0, then permutation testing will be turned off. If it is set to an integer n greater

than 0, then classification will be performed over n permutation iterations. Default

value is 0 (off).

- - - Implementation notes - - -

The permutation testing for this function is carried out by the predict() function,

consistent with the steps described in the crossValidatePairs_opt() function.

Please refer to the permutations section in the crossValidatePairs_opt() function

documentation or the code docstring to learn more.
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• center — Data centering parameter. Also known as mean centering. Setting this to

any non-zero value will set the mean along the feature dimension to be 0. Setting to

0 turns it off. If PCA is performed, data centering is required; if the user selects a PCA

calculation but ‘center’ is off, the function will issue a warning and turn centering on.

Options:

– true (default): Centering turned on

– false: Centering turned off

• scale — Data scaling parameter. Also known as data normalization. Setting this to a

non-zero value to scales each feature to have unit variance prior to PCA. Setting it to 0

turns off data scaling. Options:

– false (default): Scaling turned off

– true: Scaling turned on

Outputs

• M — Pairwise classification output struct to be passed into predict(). The struct

contains the following subfields:

– classificationInfo: Additional parameters/info for classification.

– mdl: Classification model which is used in predict() to classify labels of new

test data.

– classifier: Classifier selected for training.

– functionName: The name of the current function in string format.

– cvDataObj: Object containing data and labels after PCA.

– permutations: Please see 'permutations' section in the input arguments.

– ip: Input parser object for this function.

– elapsedTime: Time elapsed for training current model in seconds. Could be

used to gauge permutation testing duration.

– maxAccuracy: Highest classification accuracy obtained during optimization (us-

ing gammaOpt and C_opt).

– gammaOpt: Optimal value for SVM hyperparameter gamma.

– C_opt: Optimal value for SVM hyperparameter C.

– scale: Please see section for 'scale' input argument.

• permTestData — Permutation testing data to be passed into predict().

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_trainPairs_opt.m.
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5.12 predict()

Given a MatClassRSA classification model and input data X, this function will predict the

labels of the trials contained in X.

This function uses the helper functions (which can be found in the +Utils folder):

is2Dor3DMatrix(), subsetTrainTestMatrices(), setUserSpecifiedRng(),

centerAndScaleData(), modelPredict(), computeAccuracy(), fitModel(),

modelPredict(), computeAccuracy(), permTestPVal(), trainDevGridSearch(),

nestedCvGridSearch(), initPairwiseCellMat(), decValues2PairwiseAcc().

Figure 15: Overview of predict() functionality.

Syntax

P = predict(M, X, varargin);

Required inputs

• M — Classification model. MatClassRSA classification model output from

trainMulti(), trainMulti_opt(), trainPairs(), or trainPairs_opt().

• X — M/EEG data matrix. The X matrix contains the response data. The X matrix can

be passed into the function in the following shapes:

– A 3D sensor-by-time-by-trial matrix.
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– A 2D trial-by-feature matrix. For example, this matrix could contain response

activations at a single time sample recorded from multiple sensors, or across time

from a single sensor. In the function code, 2D data matrices are effectively treated

as trial-by-time (single-sensor) matrices.

Optional name-value inputs

• actualLabels — Vector of trial labels of X. The length of actualLabels must match

the length of the trial dimension of X.

• permTestData — Data used to conduct permutation testing. This corresponds to

the last output from trainMulti_opt(), trainPairs(), or trainPairs_opt(). This

input is required if permutation testing is turned on.

- - - Note on permutation testing - - -

Permutation testing in this function depends on which function and classifier

was used to train the classification model (i.e., trainMulti(), trainMulti_opt(),

trainPairs(), trainPairs_opt()). Specifically, for each train function, details of

permutation testing are given in the corresponding crossValidate function. For in-

stance, if trainMulti() was used, then the permutation testing implementation is de-

signed to match that of crossValidateMulti(). Please refer to the permutations sec-

tion in the corresponding crossValidate function documentation or the code doc-

string to learn more.

Outputs

• P — Prediction output. The fields in this struct will vary depending on which function

was used to train the model M.

If the classification model M was created using trainMulti() or trainMulti_opt(),

P will contain the following fields:

– predY: Predicted labels for the input data

– accuracy: Accuracy of predicted values compared to actual labels specified in

actualLabels

– CM: Matrix detailing predicted labels compared to actual labels specified in

actualLabels

– predictionInfo: Contains prediction related information

– classificationInfo: Contains classification related information

– model: Contains classification model(s)
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– permAccs: Permutation testing accuracies. This field will be NaN if permuatation

testing is not specfied.

– classificationInfo: This struct contains the specifications used dur-

ing classification, including PCA, PCAinFold, nFolds, classifier, and

dataPartitionObj.

– dataPartitionObj: This struct contains the train/test data partitions for cross

validation (and a dev data partition if hyperparameter optimization is specified).

Note that accuracy and CM can be computed only if the optional input actualLabels
was provided. If actualLabels was not provided, these outputs will be NaN.

If M was created using trainPairs() or trainPairs_opt(), P will contain the follow-

ing fields:

– AM: This is a symmetric matrix containing the pairwise accuracies.

– modelsConcat: Contains a concatenated list of classification model(s)

– predictionInfo: Contains prediction related information

– classificationInfo: Contains classification related information

– pValMat: contains a matrix of p-values, in which each off-diagonal element cor-

responds to every pair of labels.

– permAccs: Permutation testing accuracies. This field will be NaN if permuatation

testing is not specfied.

– classificationInfo: This struct contains the specifications used dur-

ing classification, including PCA, PCAinFold, nFolds, classifier, and

dataPartitionObj.

– dataPartitionObj: This struct contains the train/test data partitions for cross

validation (and a dev data partition if hyperparameter optimization is specified).

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Classification_predict.m.

89



MatClassRSA v2 User Manual

6CHAPTER

Module: RDM Computation

6.1 Overview

Representational Dissimilarity Matrices (RDMs), being matrices that summarize the abso-

lute or (percentile-)ranked distances between all pairs of exemplars (e.g., stimuli), are key to

Representational Similarity Analysis. The MatClassRSA toolbox provides multiple functions

for computing RDMs. Due to the high dimensionality of M/EEG data, classification may

be especially useful for deriving RDMs, as this approach provides an optimized distance

measure by weighting available features to maximize classifier accuracy on the training data.

But M/EEG RDMs can also be computed by other means including correlation (Weber et al.,

2024; Guggenmos et al., 2018) or by computing distances between ERP voltages (Groen

et al., 2012) or spatiotemporal M/EEG feature vectors (Guggenmos et al., 2018).

As shown in the Figure 16 module overview, the computeCMRDM() and

shiftPairwiseAccuracyRDM() functions operate on outputs from the Classification

module, specifically the multiclass confusion matrices and pairwise accuracy matrices,

respectively. This module also includes functionalities for computing RDMs directly from

input M/EEG input data—which could optionally have been passed through one or more

Preprocessing functions—with the computeEuclideanRDM() and computePearsonRDM()
functions.
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Figure 16: Position of RDM Computation module in MatClassRSA toolbox.

6.2 computeCMRDM()

This function transforms and scales a generalized square proximity matrix. The default

specifications assume a square multicategory confusion matrix as input, but the function

can be used on other types of square proximity matrices as well (e.g., matrices of pairwise

similarity ratings, or un-ranked RDMs).

This function uses the helper functions convertSimToDist(), normalizeMatrix(),

rankDistances(), and symmetrizeMatrix().

Syntax

[RDM, params] = computeCMRDM(M, varargin);

Required inputs

• M — Square input matrix. A square matrix, typically thought to be a multicategory

confusion matrix but could also be a matrix of e.g., pairwise correlations or distances

if using custom name-value input specifications. If inputting a confusion matrix, the

matrix should be arranged such that rows represent actual labels and columns repre-

sent predicted labels (e.g., element (3, 1) denotes the number of observations actually

from class 3 that were predicted to be from class 1) – this is the orientation output by

the MatClassRSA classification functions.

Optional name-value pair inputs

• normalize — Division of matrix entries by a specified value. Options:
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– 'sum' (default): Divide each matrix element by the sum of the respective row, so

that each row sums to 1. Assuming that confusion matrices arrange actual labels

as rows and predicted labels as columns, this procedure computes the estimated

conditional probabilities: P(predicted|actual) (Shepard, 1958b).

Note: If the sum of any row is zero, the normalization subfunction will print a

warning and the outputs of all elements in those rows will be zeros (not NaNs).

– 'diagonal' — Divide each matrix element by the diagonal value in the respec-

tive row. For confusion matrices, this produces self-similarity of 1 (Shepard,

1958a).

Note: If any element along the diagonal is zero, this option will introduce NaNs

in the output; in this case the normalization subfunction will issue an error and

advise the user to use ‘sum’ normalization instead.

Note: If any off-diagonal element in a matrix row exceeds the diagonal value in

that row (which would produce off-diagonal values greater than 1 after normal-

ization), the the function will print a warning and advise the user to use ‘sum’

normalization instead.

– 'none' — Do not perform any normalization of the matrix. This option may

make sense when the input matrix entries are already akin to the outputs of the

other normalization options (e.g., a correlation matrix).

• symmetrize — Ensure that the distance between i , j equals the distance between

j , i . There are options to compute the arithmetic, geometric, or harmonic mean of the

input matrix and its transpose. Options:

– 'arithmetic' (default): For input matrix M, compute (M +M T )/2.

– 'geometric': For input matrix M, compute
√

(M .∗M T ).

– 'harmonic': For input matrix M, compute 2∗M .∗M T ./(M +M T ).

Note: In this case, any zeros on the diagonal will be converted to NaNs, and the

symmetrize subfunction will print a warning.

– 'none': Do not symmetrize the matrix (e.g., if the input is already symmetric).

• distance — Convert similarity matrices to distance matrices. Similarities are as-

sumed to already be in the range of -1 to 1 (or 0 to 1 for non-negative distances only).

Options:

– 'linear' (default): Computes distance D = 1−S.

– 'power': Computes distance D = 1 − S.distpower (see below for specification of

distpower).
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– 'logarithmic': Computes distance

D = log2(distpower∗M +1) ./ log2(distpower+1) (see below for specification of

distpower).

– 'none': Do not perform any distance conversion (for example, if values in the

put matrix are already distances).

• distpower — Integer greater than zero. Distpower is used in the 'power' and

'logarithmic' options of the distance computations (see above). The default value

is 1. If the parameter is not input as a positive integer, the function will override it with

1 and issue a warning.

• rankdistances — Transform RDM values to ranks or percentile ranks. The dis-

tances of an RDM are sometimes transformed to ranks or percentile ranks for visu-

alizing the data. MatClassRSA rank operations assume a symmetric input matrix, and

operate on the lower triangle of the input (not including the diagonal). Options:

– 'none' (default): Do not rank the matrix elements.

– 'rank': Return the ranked values, adjusted for ties. If the input matrix is not

symmetric, the subfunction will issue a warning and operate only on the lower

triangle of the matrix, returning a symmetric matrix.

– 'percentrank': Return the ranked distances, adjusted for ties and divided by the

number of unique pairs represented in the matrix (i.e., the number of elements in

the lower triangle of the matrix, excluding the diagonal). If the input matrix is not

symmetric, the subfunction will issue a warning and operate only on the lower

triangle of the matrix, returning a symmetric matrix.

Outputs

• RDM — The Representational Dissimilarity Matrix (distance matrix). RDM is a square

matrix of the same size as the input matrix M.

• params — RDM computation parameters. This is a struct whose fields contain the

normalization, symmetrization, distance measure, distance power, and ranking spec-

ifications.

Example function calls

Call the function on an input confusion matrix, using all default specifications (sum normal-

ization, arithmetic symmetrize, linear distance, no ranks):

[RDM, params] = computeCMRDM(M);

Call the function on an input confusion matrix, using default normalization and symmetrize

parameters, but specifying power distance with distpower of 2 and percent-rank distances.
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[RDM, params] = computeCMRDM(M, 'distance', 'power', ...
'distpower', 2, 'rankdistances', 'percentrank');

Call the function on an input correlation matrix. In this case the matrix is already normalized

and symmetric. The following function call specifies to skip those two steps, use the default

linear distance (omitted from function call), and return ranked distances.

[RDM, params] = computeCMRDM(M, 'normalize', 'none', ...
'symmetrize', 'none', 'rankdistances', 'rank');

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_RDM_Computation_computeCMRDM.m.

6.3 shiftPairwiseAccuracyRDM()

Given an input matrix of pairwise accuracies, this function subtracts 0.5 from the off-

diagonal entries.

This function does not use any helper functions.

Syntax

xShift = shiftPairwiseAccuracyRDM(xIn, varargin);

Required inputs

• xIn — Square input matrix. The input is generally assumed to be a matrix of pairwise

classification accuracies. Off-diagonal values < i , j > for i ̸= j represent pairwise clas-

sification accuracies between categories i and j . Values on the diagonal are assumed

to be NaN or zero. The input matrix need not be symmetric.

Optional name-value inputs

• pairScale — Specification of input data range. The user can set this value to 1 if the

input data are on a 0-to-1 scale (where 0.5 would denote chance), or set to 100 if the

input data are on a 0-to-100 scale (where 50.0 would denote chance). Note that if any

value of the input matrix is found to be greater than 1, pairScale will be set to 100

during the function run, potentially overriding the user or default specification.

– 1 (default): Input matrix values are scaled between 0 and 1.

– 100: Input matrix values are scaled between 0 and 100.
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Outputs

• xShift — Shifted-value RDM. This is a matrix the same size as the input xIn. Off-

diagonal values are input values minus 0.5. Entries on the diagonal will be NaN for

any entries that were NaN in the input matrix diagonal; otherwise, diagonal entries of

xShift will be zero, whether or not the input diagonal entries were zero.

Example function calls

The following function call will use default specifications of the function (i.e., input data are

scaled between 0 and 1):

RDM = RDM_Computation.shiftPairwiseAccuracyRDM(pairAcc_1);

The following function call specifies pairScale for input data scaled between 0 and 100:

RDM = RDM_Computation.shiftPairwiseAccuracyRDM(pairAcc_100, ...
'pairScale', 100);

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_RDM_Computation_shiftPairwiseAccuracyRDM.m.

6.4 computeEuclideanRDM()

This function returns pairwise similarities with respect to cross-validated Euclidean dis-

tance. For example, the output of this function provides an estimate of the Euclidean

distance between the two pattern vectors for each of two stimuli. In this function, we adapt

the ‘cross-validated’ method for computing Euclidean distance (Guggenmos et al., 2018).

In each permutation, the trials are randomly split into two partitions – one partition is the

‘train’ partition and the other is the ‘test’ partition. More concretely, if a single image is

repeated nTr i al s times, the train (and test) partitions would each be a matrix of dimensions

nTr i al s/2∗nElectr odes, each of which would then be subsequently averaged across the

trials dimension, resulting in two vectors of length nElectr odes (one ‘train’ vector and one

‘test’ vector). To obtain the cross-validated Euclidean distance between a pair of pattern

vectors (e.g., responses to a pair of images), the difference between the pattern vectors for

the two conditions in their corresponding partition is first computed. That is, the difference

between the ‘train’ (‘test’) vector for image A and the ‘train’ (‘test’) vector for image B is first

computed. The cross-validated Euclidean distance is then the inner product between the

two difference vectors. This method improves distance estimates since it removes noise

components via this cross-validation scheme (Guggenmos et al., 2018).
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A possible data input to this function would have dimensions nElectr odes × (nTr i al s ∗
nC l asses). With this input, the resulting RDM would be computed using the electrode

values at a specific time point as features. On the other hand, one could also provide, as

input, data of dimensions nT i mepoi nt s × (nTr i al s ∗nC l asses). In this case, the resulting

RDM would be computed using the time point values for a particular electrode as features.

This function is adapted from code provided by Guggenmos et al. (2018).25 This function

uses the helper function setUserSpecifiedRng().

Syntax

D = computeEuclideanRDM(X, Y, varargin);

Required inputs

• X — Input data matrix. The size of X should be nFeatur es ×nTr i al s. Users working

with 3D data matrices should already have subset the data along a single sensor (along

the space dimension) or a time sample (along the time dimension).

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs

• nPermutations — number of random train-test permutations. If not entered or

empty, will default to 10.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

Outputs

25https://github.com/m-guggenmos/megmvpa/blob/master/tutorial_matlab/matlab_distance.
ipynb
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• D — output struct containing the average Euclidean RDM across permutations, as well

as the per-permutation Euclidean RDMs.

– RDM — the average Euclidean RDM across all user-specified permutations. This

nC l asses ×nC l asses matrix is what a user would typically report as the output

RDM.

– dissimilarities — Euclidean distance dissimilarity matrix. Dimensions of

this output will be nC l asses ×nC l asses ×nPer mut ati ons.

Example function calls

If the user would like to compute reliability across a single electrode or single time point of

multi-trial data using default specifications, the function can be called as follows:

D = RDM_Computation.computeEuclideanRDM(singleElectrodeX, Y);
D = RDM_Computation.computeEuclideanRDM(singleTimePointX, Y);

The user can customize the rng specification (to 3, in this case) and use the default specifi-

cation for numPermutations as follows:

D = RDM_Computation.computeEuclideanRDM(singleElectrodeX, Y, ...
'rngType', 3);

Or, the user can use the default rng specification and customize numPermutations (to 50, in

this case):

D = RDM_Computation.computeEuclideanRDM(singleElectrodeX, Y, ...
'numPermutations', 50);

Finally, the user can specify both name-value pair inputs:

D = RDM_Computation.computeEuclideanRDM(singleElectrodeX, Y, ...
'rngType', 3, 'numPermutations', 50);

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_RDM_Computation_computeEuclideanRDM.m.

6.5 computePearsonRDM()

This function returns pairwise similarities with respect to cross-validated Pearson cor-

relation. Similar to the procedure for computing the cross-validated Euclidean distance

metric, the trials are first randomly split into two partitions (i.e., train and test partitions)

in each permutation. The variance and covariance across features (e.g., electrodes) are

97



MatClassRSA v2 User Manual 6.5 computePearsonRDM()

computed across partitions and used to compute the cross-validated Pearson’s correlation

(see Equation 7 in Guggenmos et al., 2018).

A possible data input to this function would have dimensions nElectr odes × (nTr i al s ∗
nC l asses). With this input, the resulting RDM would be computed using the electrode

values at a specific time point as features. On the other hand, one could also provide, as

input, data of dimensions nT i mepoi nt s × (nTr i al s ∗nC l asses). In this case, the resulting

RDM would be computed using the time point values for a particular electrode as features.

This function is adapted from code provided by Guggenmos et al. (2018).26 This function

uses the helper function setUserSpecifiedRng().

Syntax

D = computePearsonRDM(X, Y, varargin);

Required inputs

• X — Input data matrix. The size of X should be nFeatur es ×nTr i al s. Users working

with 3D data matrices should already have subset the data along a single sensor (along

the space dimension) or a time sample (along the time dimension).

• Y — Labels vector. The Y vector contains the numeric labels corresponding to each

trial in the M/EEG data matrix X. Both row and column vectors will be accepted. The

length of Y must correspond to the size of X along the trial dimension.

Optional name-value inputs

• nPermutations — number of random train-test permutations. If not entered or

empty, will default to 10.

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.
26https://github.com/m-guggenmos/megmvpa/blob/master/tutorial_matlab/matlab_distance.

ipynb
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Outputs

• D — output struct containing the average Pearson RDM across permutations, as well

as the per-permutation Pearson RDMs.

– RDM — the average Pearson RDM across all user-specified permutations. This

nC l asses ×nC l asses matrix is what a user would typically report as the output

RDM.

– dissimilarities — Pearson distance dissimilarity matrix. Dimensions of this

output will be nC l asses ×nC l asses ×nPer mut ati ons.

Example function calls

If the user would like to compute reliability across a single electrode or single time point of

multi-trial data using default specifications, the function can be called as follows:

D = RDM_Computation.computePearsonRDM(singleElectrodeX, Y);
D = RDM_Computation.computePearsonRDM(singleTimePointX, Y);

The user can customize the rng specification (to 3, in this case) and use the default specifi-

cation for numPermutations as follows:

D = RDM_Computation.computePearsonRDM(singleElectrodeX, Y, ...
'rngType', 3);

Or, the user can use the default rng specification and customize numPermutations (to 50, in

this case):

D = RDM_Computation.computePearsonRDM(singleElectrodeX, Y, ...
'numPermutations', 50);

Finally, the user can specify both name-value pair inputs:

D = RDM_Computation.computePearsonRDM(singleElectrodeX, Y, ...
'rngType', 3, 'numPermutations', 50);

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_RDM_Computation_computePearsonRDM.m.
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7CHAPTER

Module: Visualization

7.1 Overview

In RSA or RSA-like studies, M/EEG classification results are frequently visualized as RDMs

derived from all pairwise accuracies or from multicategory confusion matrices. Some

studies additionally visualize proximity spaces using multidimensional scaling (MDS),

which depicts distances between stimuli in a low-dimensional distance space (Carlson

et al., 2013; Cichy et al., 2014; Kaneshiro et al., 2015b), or by means of tree visualizations

such as dendrograms, which display the hierarchical structure of the stimuli (Kiani et al.,

2007; Kaneshiro et al., 2015b).

The final module of MatClassRSA is the Visualization module, which provides four func-

tions to visualize RDMs. As shown in Figure 17, these functions can operate on outputs of

the Classification and RDM Computation modules. Specifically, multiclass confusion matri-

ces and pairwise accuracy matrices output by the Classification module can be input to the

plotMatrix() visualization function, while RDMs output by the RDM Computation module

can be input to all four functions of the Visualization module.
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Figure 17: Position of Visualization module in MatClassRSA toolbox.

7.2 Example Figure Code

The function specifications in this chapter include example figures, which are based on the

data from S06.mat from the example dataset (B. C. Wang et al., 2025a).

The visualized data first underwent data shuffling, noise normalization, and averaging of

30-trial groups:

load('S06.mat');
[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, 'rngType', 7);
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 30, ...

'handleRemainder', 'newGroup', 'rngType', 7);

Next, the data were classified in a 6-class classification using LDA, (default) 10-fold cross

validation with the PCA parameter set to 0.99 and user-specified rng:

M = Classification.crossValidateMulti(xAvg, yAvg, 'PCA', .99, ...
'classifier', 'LDA', 'rngType', 7);

The multiclass confusion matrix was then converted to an RDM using the default specifica-

tions of the computeCMRDM() function:

RDM = RDM_Computation.computeCMRDM(M.CM);

Finally, the visualizations use a specified color palette:

rgb6 = {[0.1216 0.4667 0.7059], ... % Blue
[1.0000 0.4980 0.0549] , ... % Orange
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[0.1725 0.6275 0.1725] , ... % Green
[0.8392 0.1529 0.1569] , ... % Red
[0.5804 0.4039 0.7412] , ... % Purple
[0.7373 0.7412 0.1333]}; % Chartreuse

The specific function calls for the subsequent visualizations are provided in the function

specifications below.

7.3 plotMatrix()

This function creates an image of an input matrix. The matrix can be, for exam-

ple, a Representational Dissimilarity Matrix (RDM) computed by the functions in the

RDM_Computation module, or a confusion matrix or pairwise accuracy matrix output from

the functions in the Classification module. An example visualization from this function is

provided in Figure 18.

This function uses the helper functions getTickCoord() and rankDistances().

Figure 18: Example plotMatrix() visualization. Data from S06.mat underwent 6-class

classification after data shuffling, noise normalization, and 30-trial averaging. This matrix

image is the multiclass confusion matrix directly output from the classification function,

prior to being converted to an RDM. This confusion reflects a high-accuracy classification

as most predictions are along the matrix diagonal (actual label equals predicted label). The

most off-diagonal entries are in the lower right of the confusion matrix, indicating that mis-

classifications occurred mainly between the FV and IO classes.

Syntax

[img, fig] = plotMatrix(RDM, varargin);

Required inputs
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• RDM — Input matrix. This can be e.g., a confusion matrix or RDM/distance matrix.

Optional name-value inputs

• ranktype — Whether to convert matrix values to percentile ranks or ranks prior to

plotting. Such conversions are common when visualizing RDMs. Note that conversion

of values to ranks or percentile ranks assumes a symmetric input matrix and is based

only on values in the lower triangle of the matrix, not including the diagonal. If a non-

symmetric matrix is input, a warning is printed and conversion proceeds using only

lower-triangle values, returning a symmetric matrix. Options:

– 'none' (default): Do not rank values of the input matrix.

– 'rank': Convert matrix values to ranks.

– 'percentrank': Convert matrix values to percentile ranks.

• axisColors — Color specifications for row/column labels. A vector of colors, or-

dered by the order of labels in the confusion matrix. If this argument is passed in, then

square color blocks will be used as the row/column labels. Colors can be expressed as

an RGB triplet, short name or long name, e.g. {'y', 'm', 'c', 'r'} or {'yellow',
'magenta', 'cyan', 'red'} or {[1 1 0], [1 0 1], [0 1 1], [1 0 0]}. See

Matlab color specification documentation for more information.27

• axisLabels — Category labels. A matrix of alphanumeric labels, ordered by same

order of items in the confusion matrix e.g., ['cat', 'dog', 'fish'].

• colorBar — Whether to display colorbar or not. Default is to not display a colorbar.

– 0 (default): Hide colorbar

– 1: Show colorbar

• matrixLabels — Whether to print values in each matrix element. If turned on, the

value of each matrix entry will be displayed in the matrix. Default is off; enter any value

to turn on.

• FontSize — Font size of matrix and axis labels. Default value is 15.

• ticks — Number of ticks in the colorbar, if shown. Default value is 5.

• textRotation — Specify rotation angle of text, in degrees. Default 0 (no rotation).

• colorBlockSize — Specification of the size of each color block icon. Default value is

5.
27https://www.mathworks.com/help/matlab/ref/colorspec.html
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• colorMap — Specify colormap. This parameter can be used to call a default Matlab

colormap, or one specified by the user, to change the overall look of the plot. For ex-

ample, plotMatrix(RDM, 'colorMap', 'hsv').

Outputs

• img — Handle of the plot (image) axis.

• fig — Handle of the output figure.

Example function calls

The function call to produce the example given in Figure 18 from confusion matrix M.CM is

as follows:

Visualization.plotMatrix(M.CM, 'colorbar', 1, 'matrixLabels', 1, ...
'axisLabels', catLabels, 'axisColors', rgb6, ...
'ticks', 10, 'colorMap', 'summer')

title(sprintf('Subject 6 Confusion Matrix: %.2f%% Accuracy', ...
M.accuracy*100'));

set(gca, 'fontsize', 16)

The basic function call with only the required input would be as follows:

[img, fig] = Visualization.plotMatrix(CM);

This next function call adds a colorbar; axis labels as specified here in the variable

catLabels; and axis colors as specified here in the variable rgb6:

[img, fig] = Visualization.plotMatrix(CM, 'colorBar', 1, ...
'axisLabels', catLabels, 'axisColors', rgb6);

The previous function call can be customized further, for instance to add matrix labels and

percentile-rank elements of the input matrix:

[img, fig] = Visualization.plotMatrix(CM, 'colorBar', 1, ...
'axisLabels', catLabels, 'axisColors', rgb6, 'ranktype', 'p', ...
'matrixLabels', 1);

The user can continue to add or omit specifications to their preference, for example:

[img, fig] = Visualization.plotMatrix(CM, 'colorBar', 1, ...
'axisLabels', catLabels, 'axisColors', rgb6, 'colorMap', 'summer', ...
'ticks', 10, 'textRotation', 20);

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Visualization_plotMatrix.m.
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7.4 plotMDS()

This function takes in a distance matrix and creates a multidimensional scaling (MDS) plot,

which enables the set of pairwise distances represented in the input matrix to be visualized

in a low-dimensional representation, where the dimensions are sorted in descending

order of importance (Torgerson, 1952; Shepard, 1962). An example visualization from this

function is provided in Figure 19.

This function uses the helper function processRDM().

Figure 19: Example plotMDS() visualization. The confusion matrix from S06.mat 6-class

classification was converted to an RDM using default specifications of the computeCMRDM()
function. This MDS plot includes axis and label customizations as specified in the example

function calls below. This visualization plots the coordinates of the stimuli along the 1st and

2nd MDS dimensions. Dimension 1 (x-axis) is primarily separating the two inanimate FV

and IO categories from the other, animate categories. It is also separating the two animal

categories (AF and AB) from the two human categories (HF and FB). Dimension 2 (y-axis) is

mainly separating responses to human faces (HF) from all other categories.

Syntax

fig = plotMDS(RDM, varargin);

Required inputs

• RDM — Input distance matrix. Entries along the diagonal must be 0, and the matrix

must be symmetric.

Optional name-value inputs

• nodeColors — Category color specification. This input is a vector of colors, whose

order corresponds to the order of labels in the confusion matrix. For example, if user
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inputs: ['yellow''magenta''cyan''red''green''blue''white''black'], then

class 1 would be yellow, class 2 would be magenta, and so on. Colors can be expressed

as an RGB triplet ([1 1 0]), short name ('y') or long name ('yellow'). See Matlab

color specification documentation for more information.28

• nodeLabels — Category label specification. A vector of alphanumeric labels,

whose order corresponds to the labels in the confusion matrix, e.g., ['cat', 'dog',
'fish'].

• dimensions — Which MDS dimensions to display. This input is expected to be a

two-element vector specifying which MDS dimensions will be visualized along the x-

and y-axes, respectively. Default: [1 2], which represents the two most important

dimensions of the MDS.

• xLim — X-axis limits. Set the range of the x-axis with a 2-element array, [xMin xMax].

If not entered, the plot will include MATLAB’s default x-axis limits, based on the range

of values plotted.

• yLim — Y-axis limits. Set the range of the y-axis with a 2-element array, [yMin yMax].

If not entered, the plot will include MATLAB’s default y-axis limits, based on the range

of values plotted.

• classical — mdscaling specification. Whether to apply classical and non-classical

MDS scaling (mdscaling). View the Matlab documentation for more information.29

– 1 (default): Apply classical MDS scaling.

– 0: Apply non-classical MDS scaling.

Outputs

• fig — Handle of the output figure.

Example function calls

The function call to produce the example given in Figure 19 from RDM RDM is as follows:

Visualization.plotMDS(RDM, ...
'nodeLabels', catLabels, 'nodeColors', rgb6, 'dimensions', [1 2])
title(sprintf('Subject 6 MDS'))
set(gca, 'fontsize', 16)

The basic function call with only the required input would be as follows:

28See footnote 27.
29https://www.mathworks.com/help/stats/cmdscale.html
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fig = Visualization.plotMDS(RDM);

Similar to the plotMatrix() examples, the user can customize the function call with labels

(this time node labels) as specified here in the variable catLabels and colors (this time node

colors) as specified here in the variable rgb6:

fig = Visualization.plotMDS(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6);

The user can also customize which dimensions of the MDS to render in the plot. This exam-

ple renders dimensions 1 and 3 instead of the default dimensions of 1 and 2:

fig = Visualization.plotMDS(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'dimensions', [1 3]);

The user can specify to use non-classical MDS scaling:

fig = Visualization.plotMDS(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'classical', 0);

The user can also customize the x- and y-axis limits, for instance to impose consistent axes

across multiple plots:

fig = Visualization.plotMDS(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'xLim', [-0.2 1], 'yLim', [-0.5 0.8]);

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Visualization_plotMDS.m.

7.5 plotDendrogram()

Given a distance matrix as input, this function plots a dendrogram, which visualizes the

distance structure of the stimuli in a hierarchical fashion (Dubes and Jain, 1980). Each

stimulus is shown as a ‘leaf’ of the dendrogram’s tree structure, and the distance between

two stimuli can be read as the height one must traverse up the tree in order to get from

one leaf to the other. Like MDS plots, dendrograms are useful for displaying how stimuli

cluster based on their proximities; their hierarchical structure can also provide insight

into distinctions between higher-level groupings (such as the ‘top’ cut in a tree) versus

sub-clusters. An example visualization from this function is provided in Figure 20.

This function uses the helper functions getTickCoord() and processRDM().
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Figure 20: Example plotDendrogram() visualization. Data from S06.mat underwent 6-

class classification after data shuffling, noise normalization, and 30-trial averaging. This

dendrogram includes normalization (all distances scaled to a maximum value of 1), ylim

customization, and label and color customizations as specified in the example function calls

below. The distance between any two categories is the distance that must be traveled up the

tree to go from one category to the other. Interpretation from the leaves up (least to greatest

distance): FV and IO categories are most-similar grouping with a distance of around 0.83,

followed by HB and AB with a distance of around 0.93. HF is most distant from all other cat-

egories, as one must travel all the way up the tree (to a normalized distance of 1) to get to HF

from any other category. Interpretation from the top down (greatest to least distance): The

top cut in the dendrogram imposes two main category clusters, one comprising HF and the

other comprising all other categories. After this, the next cut separates FV and IO from HB,

AB, and AF categories, the latter of which further separates HB and AB from AF in a third cut.
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Syntax

fig = plotDendrogram(RDM, varargin);

Required inputs

• RDM — Input distance matrix. Entries along the diagonal must be 0, and the matrix

must be symmetric.

Optional name-value inputs

• nodeColors — Category color specification. This input is a vector of colors, whose

order corresponds to the order of labels in the confusion matrix. For example, if user

inputs: ['yellow''magenta''cyan''red''green''blue''white''black'], then

class 1 would be yellow, class 2 would be magenta, and so on. Colors can be expressed

as an RGB triplet ([1 1 0]), short name ('y') or long name ('yellow'). See Matlab

color specification documentation for more information.30

• nodeLabels — Category label specification. A vector of alphanumeric labels,

whose order corresponds to the labels in the confusion matrix, e.g., ['cat', 'dog',
'fish'].

• fontSize — Font size of the labels. Numeric value. Default is 25.

• reorder — Specify order of classes. Must be passed in as a length-N vector, N be-

ing the number of classes in RDM. Also, vector should contain values 1:N. Note that

custom orderings may disrupt the structure of the dendrogram.

• yLim — Y-axis limits. Set the range of the y-axis with a 2-element array, [yMin yMax].

If not entered, the plot will include MATLAB’s default y-axis limits, based on the range

of values plotted.

• textRotation — Specify rotation angle of text, in degrees. Default 0 (no rotation).

• lineWidth — Dendrogram line width. Use this parameter to set the width of the lines

in the dendrogram. Default 2.

• lineColor — Dendrogram line color. Use this parameter to set the color of the lines

in the dendrogram. Similar to nodeColors, we can pass in either color abbreviations,

full-length color names, or RGB color triplets. Default 'black'.

• normalization — Scaling the range of distances. If set to true, this parameter will

scale the branch heights (distances) by the maximum distance in the set, such that the

maximum displayed distance becomes 1. Default false.

30See footnote 27.
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Outputs

• fig — Handle of the output figure.

Example function calls

The function call to produce the example given in Figure 20 from RDM RDM is as follows:

Visualization.plotDendrogram(RDM, ...
'nodeLabels', catLabels, 'nodeColors', rgb6)

title(sprintf('Subject 6 Dendrogram'));

The basic function call with only the required input would be as follows:

fig = Visualization.plotDendrogram(RDM);

As with the plotMDS() examples, the user can customize the function call with node labels

as specified here in the variable catLabels and node colors as specified here in the variable

rgb6:

fig = Visualization.plotDendrogram(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6);

In the next example function call, the font size is specified to be 25, and the user specifies a

custom ordering of nodes as contained here in the vector order:

fig = Visualization.plotDendrogram(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'fontSize', 25, 'reorder', order);

Next, normalization is turned on, scaling all the distances to a maximum of 1:

fig = Visualization.plotDendrogram(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'fontSize', 25, 'normalization', true);

Finally, the user can customize other attributes of the text, y-axis limits, and dendrogram

lines:

fig = Visualization.plotDendrogram(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'textRotation', 20, 'yLim', [0.8 1], ...
'lineWidth', 2.5, 'lineColor', rgb6{1});

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Visualization_plotDendrogram.m.
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Figure 21: Example plotMST() visualization. Data from S06.mat underwent 6-class classi-

fication after data shuffling, noise normalization, and 30-trial averaging. This MST includes

label and color customizations as specified in the example function calls below. From this

MST we can see one more representation of the smallest distance (highest similarity) be-

tween the FV and IO categories. Following this, the stimulus categories are more efficiently

linked based on their distance to the HB category, including the most-distant category HF.

7.6 plotMST()

Given an RDM input, this function plots a Minimum Spanning Tree (MST). When the set of

pairwise distances amongst the input stimuli are represented as a graph, the MST presents

the set of vertices that connect all of the stimuli such that the overall distance across the

connections is minimized (Gower and Ross, 1969; Cheriton and Tarjan, 1976). An example

visualization from this function is provided in Figure 21.

This function uses the helper function processRDM().

Syntax

fig = plotMST(RDM, varargin)

Required inputs

• RDM — Input distance matrix. Entries along the diagonal must be 0, and the matrix

must be symmetric.

Optional name-value inputs

• nodeColors — Category color specification. This input is a vector of colors, whose

order corresponds to the order of labels in the confusion matrix. For example, if user

inputs: ['yellow''magenta''cyan''red''green''blue''white''black'], then

class 1 would be yellow, class 2 would be magenta, and so on. Colors can be expressed
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as an RGB triplet ([1 1 0]), short name ('y') or long name ('yellow'). See Matlab

color specification documentation for more information.31

• nodeLabels — Category label specification. A vector of alphanumeric labels,

whose order corresponds to the labels in the confusion matrix, e.g., ['cat', 'dog',
'fish'].

• edgeLabelSize: Specify the size of the MST edge labels. Default is 15.

• nodeLabelSize: Specify the size of the node labels. Default is 15.

• nodeLabelRotation: Set the angle of the node labels. Default is 0.

• lineWidth — MST tree line width. Use this parameter to set the width of the lines in

the tree. Default 2.

• lineColor — MST tree line color. Use this parameter to set the color of the lines in

the tree. Similar to nodeColors, the MST tree line color can be expressed as a color

abbreviation, full-length color name, or RGB color triplet. Default is [0.5 0.5 0.5].

Outputs

• fig — Handle of the output figure.

Example function calls

The function call to produce the example given in Figure 21 from RDM RDM is as follows:

Visualization.plotMST(RDM, ...
'nodeLabels', catLabels, 'nodeColors', rgb6)

title(sprintf('Subject 6 MST'));

The basic function call with only the required input would be as follows:

fig = Visualization.plotMST(RDM);

As with previous Visualization examples, the user can customize the function call with node

labels as specified here in the variable catLabels and node colors as specified here in the

variable rgb6:

fig = Visualization.plotMST(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6);

In the next example function call, the edge label size and node label size are also customized:

31See footnote 27.
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fig = Visualization.plotMST(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'edgeLabelSize', 10, 'nodeLabelSize', 25);

The user can also customize the line color and width of the MST tree:

fig = Visualization.plotMST(RDM, 'nodeLabels', catLabels, ...
'nodeColors', rgb6, 'lineWidth', 2.5, 'lineColor', rgb6{1});

A runnable script with example function calls is provided in the ExampleFunctionCalls
folder: example_Visualization_plotMST.m.
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8CHAPTER

Illustrative Examples

To provide further context on how MatClassRSA functions can be used, the toolbox also in-

cludes a number of illustrative analyses. These illustrative analyses complement the self-

contained MatClassRSA functions documented in previous chapters, showing how the tool-

box functions can be combined — and extended — for more comprehensive analyses. This

chapter walks through each of the scripts provided in the IllustrativeAnalyses folder.

8.1 Illustrative 0: Example data download

illustrative_0_downloadExampleData.m

DESCRIPTION

Due to their size, the EEG data files used in MatClassRSA illustrative analyses are not pro-

vided directly in the GitHub repository. Instead, they can be directly downloaded from a

dedicated Stanford Digital Repository (SDR) dataset (B. C. Wang et al., 2025a).32 Thus, this

first illustrative analysis script, illustrative_0_downloadExampleData.m, is not an analy-

sis per se, but rather downloads essential large files used in the illustrative analyses. Specifi-

cally, the script does the following:

32https://purl.stanford.edu/kv831rr3606
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1. Locates the local ExampleData folder of the user’s local instance of the MatClassRSA

repository;

2. Determines whether each large data file in the SDR dataset is already in that folder;

and

3. Downloads any files not found locally into the ExampleData folder and unzips if

needed.

The script checks for the following files:

S01.mat, S04.mat, S05.mat, S06.mat, S08.mat. These files contain 124-channel EEG

recorded, each recorded from a different adult participant. Each participant was shown

72 images drawn from 6 object categories in an ERP paradigm and viewed each image 72

times. For more information on the study design, see Kaneshiro et al. (2015b). In these

data files, every observation represents a single trial. These files are directly the ‘Data set

1’ data analyzed in Kong et al. (2020), which themselves are re-cleaned versions of the data

analyzed in Kaneshiro et al. (2015b). The original files that were cleaned for this version are

from the OCED dataset (Kaneshiro et al., 2015a) and underwent a slightly different cleaning

procedure than the Kaneshiro et al. (2015c) data analyzed in Kaneshiro et al. (2015b).

File information (per file):

• Data size: Approximately 200 MB

• Sampling rate: 62.5 Hz

• Epoch, relative to stimulus onset: -112 msec to 512 msec (40 time samples)

• Number of categories: 6 categories × 12 exemplars per category = 72 exemplars

• Number of trials per exemplar: 72

• Number of trials per category: 864

• Total number of trials: 5184

Each file contains the following variables:

• blCorrectIdx: Vector of time indices to use for baseline-correcting the data (-112 to

64 msec).

• fs: Sampling rate of the data (62.5 Hz).

• labels6: Category-level labels of the trials. From 1 to 6, the ordered labels cor-

respond to (Human Face–HF, Human Body–HB, Animal Face–AF, Animal Body–AB,

Fruit/Vegetable–FV, Inanimate Object–IO) categories.

• labels72: Exemplar labels of the trials. The ordered labels correspond to the images

in the OCEDStimuli folder.
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• subID: Participant string identifier, e.g., 'S01' for participant 1.

• t: Vector of time indices, in msec, corresponding to time samples of data in X. Values

range from -112 to 512 msec relative to stimulus onset.

• X: Matrix of cleaned data. Data dimensions are space-by-time-by-trial (124×40×5184).

OCEDStimuli.zip. This archive contains the 72 stimulus images corresponding to the above

OCED .mat files. Numbering of the images corresponds to the elements of the labels72
vector in the data files described above. Images are in .png format. If downloaded by this

illustrative analysis script, the .zip archive will also be unzipped. Total file size is around

2 MB (zipped and unzipped). These images were subset from the database of 92 images that

were published as part of Kriegeskorte et al. (2008b).

losorelli_100sweep_epoched.mat. This file, from the STAR-FFR-1 dataset (Losorelli

et al., 2019), contains single-channel frequency-following response (FFR) EEG aggregated

across 13 adult participants. Each participant was presented 6 short sounds representing

speech syllables or synthesized musical notes; each stimulus was presented 2500 times to

each participant. Due to constraints of the data-collection system, for this dataset each

exported observation actually comprises 100 stimulus presentations (‘sweeps’) for a given

participant and stimulus category. For more information on the study design, see Losorelli

et al. (2020).

File information:

• Data size: 42 MB

• Sampling rate: 20 kHz

• Epoch, relative to stimulus onset: 5 msec to 145 msec (2801 time samples)

• Number of categories: 6

• Number of participants: 13

• Number of trials per category, across all participants: 325

• Total number of trials: 1950

The file contains the following variables:

• P: Vector of numeric per-trial participant identifiers, ranging from 1 to 13.

• t: Vector of time indices, in msec, corresponding to time samples of data in X. Values

range from 5 to 145 msec relative to stimulus onset.

• X: Data matrix. Dimensions are trial-by-feature (1950×2801).

• Y: Trial labels. In order, stimulus labels represent spoken ‘ba’, ‘da’, and ‘di’ followed by

synthesized piano, bassoon, and tuba instrument sounds.
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Note: This file contains no variable denoting the sampling rate. As noted in Losorelli et al.

(2020), and as can be calculated from the t vector, the data were sampled at 20 kHz.

MatClassRSA_v2_ExampleData_README.pdf . Informational document describing the

dataset. By default, this file will be downloaded alongside the other data files into the user’s

local MatClassRSA directory.

Running the code

To run this script, the user should have their entire local MatClassRSA repository added to

their MATLAB path. The function will then locate the ExampleData folder and designate that

folder the destination for downloaded files. If more than one MatClassRSA/ExampleData
directory is found in the user’s MATLAB path, the script will print a warning and set the first

indexed location as the download destination.

By default, the script will iterate through all files provided in the example data dataset (B. C.

Wang et al., 2025a) and download any that are not already in the user’s local directory.

There is also an option for users to specify a subset of the available files to check for and

download—for example, if interested in a specific illustrative analysis that does not use all

of the data files. While not highlighted as a main option, users can also customize the script

further to specify a different download destination.

8.2 Illustrative 1: Downstream impacts of preprocessing

illustrative_1_impactOfPreprocessing.m

DESCRIPTION

When working with multivariate M/EEG data, preprocessing decisions can substantially im-

pact downstream outcomes such as classifier accuracies. This illustrative script explores

how the averageTrials(), noiseNormalization(), and shuffleData() functions from

the Preprocessing module can influence ERP waveforms, covariance matrices, and confu-

sion matrices. First, we show how trial averaging improves EEG SNR, and that classifier ac-

curacy can vary as a function of trial-averaging group size. Next, we show how noise nor-

malization can change covariance matrix structure and perhaps negatively impact classifier

performance for single-participant data, yet may improve generalizability of a classification

when training and testing on data from different participants by reducing individual-specific

noise structure—critical in cross-subject decoding contexts (Losorelli et al., 2020). Finally,

we present a use case in which data shuffling can add value by distributing trials that are

originally ordered by stimulus categories across the dataset prior to partitioning for cross

validation.
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Code and data

This analysis uses the following toolbox functions, in the following contexts:

• Preprocessing.shuffleData() — This function randomly shuffles class labels

and/or participant labels, used to evaluate the effect of label structure on data shape

and classification performance.

• Preprocessing.noiseNormalization() — Applies whitening to emphasize shared

signal and reduce noise covariance structure, useful for within- and across-subject

classification.

• Preprocessing.averageTrials() — Aggregates multiple trials into ‘pseudotrials’

to reduce noise and increase feature strength.

• Classification.crossValidateMulti() — Performs within-subject classification

using cross-validation. Returns accuracy and confusion matrices.

• Classification.trainMulti_opt() — Trains an SVM classifier with optional hy-

perparameter tuning, by grid search.

• Classification.predict() — Applies a trained classifier to new data (either par-

titioned within-subject data or from a new subject) and returns predicted labels and

confusion matrices.

• Visualization.plotMatrix() — Plots confusion matrices or representation dis-

similarity matrices (RDMs) with optional group labeling and class-label color coding.

• RDM_Computation.computeCMRDM() — Computes representational dissimilarity ma-

trices from confusion matrices.

In addition, this analysis uses the following data:

• S01.mat, S04.mat, S05.mat, S06.mat, S08.mat — EEG datasets from multiple partic-

ipants (electrode × time × trial) as downloaded from the external dataset (B. C. Wang

et al., 2025a) into the user’s local instance of MatClassRSA. Participant S01 is used for

training, and the others for comparison and testing.

• losorelli_100sweep_epoched.mat — A two-dimensional EEG dataset

(trial x feature) used to demonstrate the effect of data and label shuffling

on class- and participant-level averages. If not already on the user’s lo-

cal machine, it can be downloaded by running the illustrative analysis

illustrative_0_downloadExampleData.m.

For more information on the example data used in this illustrative example, see Chapter 8.1.
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RESULTS AND INTERPRETATION

This illustrative analysis demonstrates how different preprocessing steps affect EEG decod-

ing accuracy and data interpretability. In what follows, we present and interpret the outputs

of trial averaging, noise normalization, and label shuffling procedures.

Trial averaging improves signal-to-noise ratio but reduces number of observations. We

begin by visualizing how trial averaging sharpens ERP waveform structure across categories,

by grouping 40 raw data trials into averaged ‘pseudotrials’.

Data Used

• Dataset: S01.mat

• Electrodes: 96

• Time: All

• Trials: All

• Classes: 6-Class

Figure 22: ERP waveform before and after trial averaging. Ten example single trials (top)

and ten ‘pseudotrials’ formed via trial averaging of 40 trials (bottom) are shown for a rep-

resentative electrode. Trial averaging reveals a clearer, more consistent ERP shape across

categories.
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As seen in Figure 22, trial averaging has a clear effect on the shape and stability of the ERP

signal. In the top subplot, individual single-trial waveforms are noisy and variable across

repetitions. However, in the bottom panel, averaging across trials results in clearer, more

stereotyped ERP waveforms for each class, which also span a smaller range of voltages. This

improves classification performance by enhancing signal-to-noise ratio. After first normal-

izing noise, and shuffling data, the trial-averaging step was implemented using the following

function call:

[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 40, ...
'handleRemainder', 'append');

Classification accuracy varies by trial-averaging group size. Next, we explored how clas-

sification accuracy can vary according to the number of trials averaged together. Figure 23

shows the results of a sweep over different trial ‘group sizes’.

Data Used

• Dataset: S01.mat

• Electrodes: 96

• Time: 144:304 msec

• Trials: All

• Classes: 6-Class

Figure 23: Classification accuracy as a function of trial group size. Accuracy improves as

more trials are averaged together, stabilizing ERP representations and improving classifica-

tion performance.
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As the number of trials averaged into each ‘pseudotrial’ increases, classification accuracy

steadily rises. This highlights a central trade-off in ERP decoding: While averaging more trials

improves stability and decoding, it also reduces the number of available training samples.

The curve suggests diminishing returns beyond a certain group size, emphasizing the need

for dataset-specific tuning. The averaging and classification were performed using:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6);
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, groupSize, [...]);
M = Classification.crossValidateMulti(xAvg(e, t1:t2, :), yAvg);

where e is the electrode number being classified and t1:t2 represent the range of time sam-

ples used.

Noise normalization impacts data covariance and classifier performance. We then

examined the effects of noise normalization on electrode covariance structure and classifi-

cation performance.

Data Used

• Dataset: S01.mat

• Electrodes: All

• Time: All

• Trials: All

• Classes: 6-Class
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Figure 24: Effect of noise normalization on covariance and classification accuracy. Top:

Covariance matrix and classification confusion matrix before normalization. Bottom: The

same after noise normalization. Noise normalization alters inter-electrode covariance struc-

ture, which may influence classification differently depending on the nature of the data.

Figure 24 illustrates how noise normalization changes the covariance structure of the data

and affects decoding. Before normalization (top row), inter-electrode covariance may reflect

both neural signal and recording artifacts. After normalization (bottom row), the covariance

matrix is more uniform, likely removing noise-related structure; however, potentially also re-

moving biological relevant covariance structure. Despite that, classification results showed

strong performance both with and without normalization. The normalization and classifi-

cation steps were as follows:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...]);

[X_norm, sigma_inv] = Preprocessing.noiseNormalization(xShuf, yShuf);

[xAvgNorm, yAvgNorm] = Preprocessing.averageTrials(X_norm, yShuf, ...
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10, 'handleRemainder', 'append', [...]);
[xAvg, yAvg] = Preprocessing.averageTrials(xShuf, yShuf, ...
10, 'handleRemainder', 'append', [...]);

MNorm = Classification.crossValidateMulti(xAvgNorm, yAvgNorm, ...
'classifier', 'SVM', 'PCA', 0.99, [...]);
M = Classification.crossValidateMulti(xAvg, yAvg, ...
'classifier', 'SVM', 'PCA', 0.99, [...]);

We then tested the effect of noise normalization on the generalizability of classification

across participants.

Data Used

• Dataset: S01.mat (training), S04.mat, S05.mat, S08.mat

• Electrodes: All

• Time: All

• Trials: All

• Classes: 6-Class

Figure 25 shows SVM confusion matrices for transfer learning—training on one participant

and testing on others—before (top row) and after (bottom row) applying noise normaliza-

tion. Without normalization, classification accuracy varies substantially across test partic-

ipants, suggesting overfitting to subject-specific noise. After normalization, performance

becomes more consistent and improves across the board. This indicates that noise normal-

ization helps mitigate participant-specific idiosyncrasies. Training and testing involved:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...]);

[xAvg, yAvg] = Preprocessing.averageTrials(xShuf, yShuf, ...
30, 'handleRemainder', 'newGroup', [...]);

xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);

M = Classification.trainMulti_opt(xAvg, yAvg, ...
'classifier', 'SVM', 'PCA', 0.99, [...]);
P = Classification.predict(M, xAvg, 'actualLabels', yAvg);
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Figure 25: Effect of noise normalization on transfer learning across participants using

SVM classifier. Each subplot shows the confusion matrix and classification accuracy when

testing on a new participant, trained on a common source participant. Top row: Results

without noise normalization. Bottom row: Results with normalization. Normalization ap-

pears to improve consistency and generalization across subjects.

To compare noise normalization effects across classifiers, we repeated the above analysis

with the LDA classifier. As shown in Figure 26, the use of noise normalization again improves

transfer learning. In this case, compared to SVM results (with default parameters; Figure 25),

LDA performed slightly better both before and after the application of noise normalization.

Training and testing involved:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...]);

[xAvg, yAvg] = Preprocessing.averageTrials(xShuf, yShuf, ...
30, 'handleRemainder', 'newGroup', [...]);

xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);

M = Classification.trainMulti_opt(xAvg, yAvg, ...
'classifier', 'LDA', 'PCA', 0.99, [...]);

P = Classification.predict(M, xAvg, 'actualLabels', yAvg);
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Figure 26: Effect of noise normalization on transfer learning across participants using LDA

classifier. Each subplot shows the confusion matrix and classification accuracy when testing

on a new participant, trained on a common source participant. Top row: Results without

noise normalization. Bottom row: Results with normalization. Normalization appears to

improve consistency and generalization across subjects.

Data shuffling distributes trials across train-test partitions while retaining trial and

participant labels. In the next analysis, to ensure that models learn meaningful structure

and not unintended regularities, we performed data shuffling controls.

Data Used

• Dataset: losorelli_100sweep_epoched.mat

• Time: All

• Trials: All

• Classes: 6-Class

Figures 27 and 28 confirm that shuffling class labels, and respective data, randomizes class

assignments without altering the underlying signal. Here, we expected the averaged data to

be representative of the frequency-following response (FFR), encoding the stimulus funda-

mental frequency F0 of 100 Hz (Losorelli et al., 2020). These analyses are done as follows:

[X_shuf, Y_shuf, P_shuf, rndIdx] = Preprocessing.shuffleData(X, Y, P, [...]);

The grand-average FFR remains unchanged even after label shuffling, validating that classi-

fiers rely on label-to-signal mappings, not trial order artifacts.
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Figure 27: Class labels before and after shuffling. Shuffling class labels, and respective data,

helps confirm that classification models are not exploiting unintended structure or trial or-

der artifacts.

Figure 28: Grand-average FFR before and after class label shuffling. The average waveform

for one condition remains unchanged by data shuffling, demonstrating that shuffling pre-

serves FFR shape.

Lastly, we verified that participant identity did not bias classification by shuffling participant

IDs. In Figures 29 and 30, participant IDs are randomized to prevent potential classification

biases. This was implemented using:
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[X_shuf, Y_shuf, P_shuf, rndIdx] = Preprocessing.shuffleData(X, Y, P, [...]);

Participant-specific FFR averages remain consistent post-shuffling, showing that while data

are shuffled, the underlying signals remain intact.

Figure 29: Participant labels before and after shuffling. Like class label shuffling, partici-

pant label shuffling removes unintended structure in the dataset that may bias classification

results.

Figure 30: Averaged FFR per participant before and after shuffling. Participant-wise aver-

ages are preserved after shuffling participant indices and respective data, confirming that

data structure remains intact.
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DISCUSSION

In this example, we have explored the different Preprocessing module functions, highlighting

cases in which they add value as well as cases where the user should examine impacts of their

use in larger analysis pipelines. Trial averaging improves SNR, which can improve decoding

but decreases the number of observations. Noise normalization may lead to mixed results

but appears to be useful when training and testing a classifier across participants. Finally,

shuffling trials can better distribute trials across cross-validation folds while maintaining

linkages between trials, stimulus labels, and (if specified) participant identifiers.

8.3 Illustrative 2: Single-channel analyses

illustrative_2_singleChannelAnalyses.m

DESCRIPTION

Multichannel M/EEG datasets offer rich spatiotemporal information, but individual elec-

trodes may vary in the reliability of the data they record, as well as their contributions to

decoding performance. This illustrative analysis demonstrates how MatClassRSA functions

can be used to assess reliability and classification outcomes at the single-sensor level. First,

we consider single-channel reliability, plotting time-averaged reliabilities on a topomap and

also plotting the time course of reliability at a single sensor. Similarly, we present a topomap

of single-trial classifications. We also show how single-sensor classification outcomes may

relate to a sensor’s reliability metric. Finally, we assess relationships between single-sensor

reliability and classification accuracy across a multi-channel dataset.

The analysis demonstrates how may relate to classification accuracy, highlighting the util-

ity of reliability as a potential criterion for electrode selection. Such ‘mass-univariate’ ap-

proaches performed across a multi-sensor array can be viewed as complementary to spatial-

filtering approaches and other strategies for dimensionality reduction while avoiding issues

surrounding the direct visualization of spatial classifier weights (Haufe et al., 2014).

Code and data

This analysis uses the following toolbox functions, in the following contexts:

• Reliability.computeSpaceTimeReliability() — Computes split-half reliability

of multichannel M/EEG data across electrodes and time. Used to identify sensors with

stable, class-consistent signals across permutations.

• Preprocessing.shuffleData() — Randomly shuffles class labels. Used here prior

to classification and averaging, to reduce temporal or order-based bias.
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• Preprocessing.noiseNormalization() — Applies whitening to emphasize shared

signal and reduce noise covariance structure, useful for within- and across-subject

classification.

• Preprocessing.averageTrials() — Aggregates multiple trials into "pseudotrials"

to reduce noise and increase feature strength.

• Classification.crossValidateMulti() — Performs cross-validated classifica-

tion using a specified algorithm (e.g., LDA or SVM). Used for comparing decoding ac-

curacy of individual electrodes.

In addition, this analysis uses the following data:

• S01.mat — A three-dimensional EEG dataset (electrode × time × trial) from participant

1. This dataset is included in the GitHub repository and is used here for within-subject

classification and spatial reliability analysis. If not already on the user’s local machine,

it can be downloaded by running illustrative_0_downloadExampleData.m.

• stimulus01.png, ..., stimulus62.png — Visual stimulus exemplars associated with

each class. These are used for visualization and are included in the GitHub repository.

For more information on the example data used in this illustrative example, see Chapter 8.1.

RESULTS AND INTERPRETATION

This illustrative analysis demonstrates how single-channel EEG classification and electrode

reliability analysis can guide electrode selection for classification tasks. Through a series of

figures, we show how spatial reliability varies, how it corresponds to decoding accuracy, and

how classification performance varies across channels.

Reliable electrodes exhibit stable activity across trials. We began by computing reliability

across electrodes and time points using split-half consistency.

Data Used

• Dataset: S01.mat

• Electrodes: All

• Time: All

• Trials: All

• Classes: 72-Class
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As seen in Figure 31, electrode reliability varies across the scalp. On the left, we visualize

average reliability and standard deviation per electrode, and on the right, a topographic map

shows spatial patterns in reliability. This was computed using:

reliability_time = Reliability.computeSpaceTimeReliability(...
X, labels72, [...]);

These reliability scores were averaged over time and across permutations.

Figure 31: Single-electrode reliabilities, averaged over all time points. Mean and standard

deviation of reliability for each electrode across permutations.

Next, we plotted the time-resolved reliability of a highly reliable (across all time) electrode.

Figure 32 shows the mean reliability over time for electrode 96, the most reliable channel

identified in the previous analysis. The stable reliability beginning around 80 msec after

stimulus onset suggests that this sensor may be useful in classification. The code used was:

reliability_96 = squeeze(reliability_time(96, :, :));
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Figure 32: Reliability of electrode 96 over time. Electrode 96 shows stable high reliability

across latencies associated with visual processing (from around 80 msec post-stimulus on-

set), supporting its potential value for classification.

Single-sensor reliability may predict classification performance. We then evaluated the

effect of using a reliable vs. unreliable electrode for classification, using LDA and confusion

matrices. For this analyses we used a subset of time points, focusing on the latencies near

the N170 component:

Data Used

• Dataset: S01.mat

• Electrodes: 96, 48

• Time: 128:224 msec

• Trials: All

• Classes: 6-Class

Figure 33 demonstrates that classification accuracy is noticeably higher for a reliable elec-

trode (left) compared to an unreliable one (right). Noise normalization and trial averaging

were applied before classification:

xNorm = Preprocessing.noiseNormalization(xShuf,yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm(elec, t1:t2, :), ...
yShuf, 15);
M = Classification.crossValidateMulti(xAvg, yAvg);

where elec is the electrode number being classified and t1:t2 represent the range of time

samples used. This shows the direct benefit of data reliability in model performance.
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Figure 33: Confusion matrices for reliable versus unreliable electrodes. Left: Electrode

96. Right: Electrode 48. Classification was performed using data points 128–224 msec post-

stimulus onset. The reliable channel produces higher classification accuracy.

We extended this investigation to all electrodes and all time points to evaluate the re-

lationship between classification accuracy and reliability. For these examples we use

a general-purpose topoplot function, topoplotStandalone(), which is located in the

+Utils folder. This function was developed by the Parra Lab33 and is publicly available on

GitHub as part of the codebase for Dmochowski et al. (2018).34 It has the same function-

alities as the EEGLAB topoplot function35 but is self-contained in the sense that it has no

EEGLAB dependencies. For the present examples we have created a locsEGI124.mat file

(also in +Utils) to store the 124-channel sensor locations as a variable. However, in general,

users can render their own topoplots by inputting the filename of their preferred locations

file to the topoplotStandalone() function.

Data Used

• Dataset: S01.mat

• Electrodes: Individual

• Time: All

• Trials: All

• Classes: 6-Class

As shown in Figure 34 and Figure 35, there is a broad correspondence between an electrode’s

average reliability and its classification accuracy. The best performing classifier (electrode

33https://parralab.org/
34https://github.com/dmochow/SRC/blob/master/topoplot_new.m
35https://sccn.ucsd.edu/~arno/eeglab/auto/topoplot.html
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96) is among the highest in reliability. While the relationship is not perfect, it suggests that

reliability estimates can provide a useful prior when selecting sensors for analysis. This rela-

tionship was visualized using:

Xsingle = X(elec, :, :);
xNorm = Preprocessing.noiseNormalization(Xsingle, labels6);

M = Classification.crossValidateMulti(xNorm, labels6);

avg_space_reliability_space = squeeze(mean(reliability_time, 2));

montage = load('+Utils/locsEGI124.mat');

Utils.topoplotStandalone([mean(avg_space_reliability_space, 2); nan(4,1)], ...
montage.locs, 'electrodes', 'labels', [...]);

Utils.topoplotStandalone(accuracies, ...
montage.locs, 'electrodes', 'labels', [...]);

Figure 34: Topographical Map: Single-electrode classification accuracy and reliability. The

single-electrode classification accuracy and reliability (using all available time points), over-

laid on electrode montage, shows markedly similar topographies.
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Figure 35: Single-electrode classification accuracy versus reliability. There is a clear pos-

itive correlation between single-electrode classification accuracy and electrode reliability

(r=0.85, p=2.41e-36), suggesting electrode reliability explains ~72% of the variance. Taken

together, reliability seems to be a strong predictor of classification accuracy, where more re-

liable electrodes yield higher accuracies.

DISCUSSION

This example has illustrated how single-channel reliability can vary across the electrode

montage, and that the reliability of data recorded by a given electrode may predict its de-

coding performance to some extent:

• Electrode 96 was identified as a highly reliable sensor through split-half reliability com-

putations.

• Reliability of electrode 96 was consistently high starting around 80 msec after stimulus

onset.

• Classification using this electrode outperformed classification using a low-reliability

electrode.

• Across all electrodes, reliability was correlated with decoding accuracy; hence, reliabil-

ity could be a useful metric if needing to select a subset of electrodes for classification.
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In all, while classification on its own will derive optimal weightings of multi-channel data,

single-channel analyses may also be a useful way to identify relevant spatial components of

the data. Split-half reliability may be suggestive of single-electrode classifier performance.

8.4 Illustrative 3: Time-resolved analyses

illustrative_3_timeResolvedAnalyses.m

DESCRIPTION

The high temporal resolution of M/EEG data lends itself to time-resolved analyses. This il-

lustrative script demonstrates how users can use functions from the Reliability and Classi-

fication modules to identify time windows within a response epoch that are the most e.g.,

reliable or informative for decoding. The analyses in this section include calculation of reli-

ability over time, classification accuracy as a function of time window size, and relationships

between time-resolved classifier accuracy and ERP waveforms. We conclude by demonstrat-

ing that classifying optimal time windows of the response can improve classifier accuracy as

well as category separability in downstream visualizations.

Code and Data

This analysis uses the following toolbox functions, in the following contexts:

• Preprocessing.shuffleData() — Randomly shuffles class labels. Used here prior

to classification and averaging, to reduce temporal or order-based bias.

• Preprocessing.noiseNormalization() — Applies whitening to emphasize shared

signal and reduce noise covariance structure, useful for within- and across-subject

classification.

• Preprocessing.averageTrials() — Aggregates multiple trials into "pseudotrials"

to reduce noise and increase feature strength.

• Reliability.computeSpaceTimeReliability() — Estimates split-half reliability

of ERP data across electrodes and time.

• Classification.crossValidateMulti() — Performs multiclass classification us-

ing cross-validation. Returns accuracy and confusion matrices.

• RDM_Computation.computeCMRDM() — Computes representational dissimilarity ma-

trices (RDMs) from confusion matrices.

• Visualization.plotMatrix(), plotDendrogram(), and plotMDS() — Visualize

confusion matrices and derived representational geometry.
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This analysis uses the following dataset:

• S01.mat — A three-dimensional EEG dataset (electrode × time × trial) from one par-

ticipant. Included in the GitHub repository. Contains responses to 72 stimuli grouped

into 6 classes.

For more information on the example data used in this illustrative example, see Chapter 8.1.

RESULTS AND INTERPRETATION

Time-resolved reliability peaks in early ERP window. We first examined time-resolved

reliability to identify windows of stable signal.

Data Used

• Dataset: S01.mat

• Electrodes: All

• Time: All

• Trials: All

• Classes: 6-Class and 72-Class

As seen in Figure 36, reliability of the evoked response is highest between 130 and 250

msec. Moreover, time-resolved reliability is more stable when considering 72-class (exem-

plar) rather than 6-class (category) trial labels; this is likely because the reliability calculation

involves correlations of the data across all of the available labels. In all, measures of reliabil-

ity over time likely reflect response latencies relevant for distinguishing stimulus categories.

This was visualized using:

reliability_time_6 = Reliability.computeSpaceTimeReliability(...
X, labels6, 'numPermutations', n_perm, [...]);

reliability_time_72 = Reliability.computeSpaceTimeReliability(...
X, labels72, 'numPermutations', n_perm, [...]);
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Figure 36: Time-resolved reliability (6-class and 72-class). Reliability over time averaged

across electrodes, for 72-class (left) and 6-class (right).

ERP morphology differs between classes in the reliable window. We next visualized ERPs

for each class to assess differences that might support classification.

Data Used

• Dataset: S01.mat

• Electrodes: 96

• Time: All

• Trials: All

• Classes: 6-Class

In Figure 37, we see that class-mean ERPs begin to diverge within the 100–300 msec win-

dow, consistent with the reliability peak. This supports using this window for time-resolved

classification.
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Figure 37: ERPs for each stimulus class at well-classifying electrode. Each subplot shows 30

pseudotrials (faint) and the average ERP over all pseudotrials (bold) for channel 96, overlaid

on the class stimulus image. Categories diverge in the same time window observed in the

reliability analysis.

Decoding varies by length of time window. In ERP analysis, temporal precision is critical

because different experimental conditions often evoke subtle but time-locked differences

in the evoked response. We conducted sliding-window classification with variable time-

window sizes to identify the optimal temporal resolution for decoding.

Data Used

• Dataset: S01.mat

• Electrodes: All

• Time: Selected Bin

• Trials: All

• Classes: 6-Class
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Figure 38 shows that the maximum decoding accuracy increases with the length of the time

bin, up to a peak at around 6 samples. This may reflect better integration of temporally dis-

tributed ERP features. As Figure 38 suggests, smoothing across a time bin too large could

obscure these features. These classifications were computed by an LDA classifier, in the fol-

lowing way:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...]);
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 15);
M = Classification.crossValidateMulti(Xbin, yAvg, [...]);

Figure 38: Maximum classification accuracy by varying time bin size. Sliding-window 6-

class classifications (chance-level accuracy: 16.67%) were run across the entire epoch at bin

sizes ranging from 1 to 40 samples, where each sample represents 16 msec. The maximal

classification accuracy for each bin size is reported in the figure. All bin sizes produce maxi-

mal accuracy well above chance level. The accuracy plateau between 6–15 samples suggests

this range may preserve key ERP waveform features. Larger bins correspond to slightly lower

classification accuracy, perhaps due to inclusion of data from time intervals during which

stimulus categories are less separable.

P1–N1 ERP peaks support classification. Next, we selected a bin size of 6 and visualized

accuracy over time. Figure 39 shows that peak classification performance corresponds to the

P1 and N1 components (∼128–208 msec). This confirms the value of using both reliability
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and ERP shape to guide the selection of temporal decoding windows. The same classification

results from the previous figure were used to generate this figure.

These comparisons were created using the following code:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...]);
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 15);

M = Classification.crossValidateMulti(Xbin, yAvg, [...]);
accs(bin) = M.accuracy;

Figure 39: Sliding window classification accuracy and ERP. Top: Decoding accuracy over

time using 6-sample bins. Bottom: ERP per class. The peak decoding aligns with the ERP P1

and N1 components (highlighted by vertical red lines).

Focusing on reliable timepoints improves accuracy. We then compared confusion ma-

trices computed using all timepoints vs. just the high-performing time window. In Fig-

ure 40, classification accuracy (chance level 16.67%) improves from 42.69% when the model

is trained on all time points to 69.88% when the model is trained only on the time window

identified by the reliability and ERP analysis. This suggests that less stimulus-driven relevant

timepoints may add noise. The following code was used for this analysis:
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[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...]);
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 15);

MAll = Classification.crossValidateMulti(xAvg, yAvg, [...]);
MBest = Classification.crossValidateMulti(xAvg(:, startT:endT, :), yAvg, [...]);

Figure 40: Confusion matrices: All timepoints versus well-performing temporal subset.

Left: Classifier trained on all timepoints. Right: Classifier trained on 128–208 msec. Perfor-

mance improves when restricting to informative timepoints.

Time selection clarifies category relationships. We then computed representational dis-

similarity matrices (RDMs) and plotted dendrograms and MDS. As seen in Figure 41, cat-

egories separate more cleanly in the dendrogram derived from the selected time window.

This reflects greater internal consistency and separability. This dendrogram visualization

was done in the following way:

Visualization.plotDendrogram(RDMAll, ...
'nodeLabels', catLabels, 'nodeColors', rgb6);

Visualization.plotDendrogram(RDMBest, ...
'nodeLabels', catLabels, 'nodeColors', rgb6);

141



MatClassRSA v2 User Manual 8.4 Illustrative 3: Time-resolved analyses

Figure 41: Dendrograms: All timepoints versus well-performing temporal subset. Left:

Dendrogram computed from full-time classifier. Right: Dendrogram from the restricted time

window (128–208 msec). Hierarchical relationships more closely reflect the a priori category

structure in the more informative window.

We also visualized class similarity using MDS plots. As in Figure 42, MDS coordinates of

inter-class distances change when temporally focused classification is performed. The MDS

plots were generated in the following way:

Visualization.plotMDS(RDMAll, ...
'nodeLabels', catLabels, 'nodeColors', rgb6);

Visualization.plotMDS(RDMBest, ...
'nodeLabels', catLabels, 'nodeColors', rgb6);
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Figure 42: MDS plots: All timepoints versus well-performing temporal subset. Left: All

timepoints. Right: Best timepoints (128–208 msec). When all timepoints are used, MDS

Dimension 1 broadly separates the categories into FV/IO, AB/AF, HB, and HF groups while

Dimension 2 further separates IO from FV and AF from AB. When best timepoints are used,

the categories separate differently along these two dimensions (e.g., HF is now separated

along Dimension 2).

DISCUSSION

Complementing the single-channel analyses, this example demonstrates how reliability and

decodability of the data can vary over time, and how to apply these approaches to subsets of

the response epoch to identify informative temporal windows.

• Time-resolved reliability clarifies what portions of the response epoch are stable and

consistent across trials.

• ERP visualizations further highlight portions of the response epoch with meaningful

signal (128–208 msec).

• Sliding-window classification shows that decoding also varies temporally over the re-

sponse epoch, and may also be impacted by the length of the window used.

• Restricting classification to the optimal time window improves confusion matrix sep-

arability, as well as RDM, dendrogram, and MDS clarity.

Together, these results support the use of time-resolved reliability and classification as data-

driven strategies for identifying meaningful epochs in the data, as well as to connect classi-

fication results to e.g., established ERP components.
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8.5 Illustrative 4: Train-test SVM optimization

illustrative_4_trainTestOptimizeSVM.m

DESCRIPTION

This illustrative script demonstrates how iterative hyperparameter optimization of Mat-

ClassRSA’s SVM classification functions can further improve classifier performance. We re-

fine the SVM model by narrowing the search space for the ‘C’ and ‘gamma’ parameters over

iterative optimizations.

Code and data

This analysis uses the following toolbox functions in the following contexts:

• Preprocessing.shuffleData() — Randomly shuffles class labels. Used here prior

to classification and averaging, to reduce temporal or order-based bias.

• Preprocessing.noiseNormalization() — Applies whitening to emphasize shared

signal and reduce noise covariance structure, useful for within- and across-subject

classification.

• Preprocessing.averageTrials() — Aggregates multiple trials into "pseudotrials"

to reduce noise and increase feature strength.

• Classification.crossValidateMulti_opt() — Performs grid search-based SVM

classification.

• Visualization.plotMatrix() — Plots confusion matrices with color and label

metadata.

In addition, this analysis uses the following data:

• S01.mat — A three-dimensional EEG dataset (electrode × time × trial) from one par-

ticipant. Included in the GitHub repository. Contains responses to 72 stimuli grouped

into 6 classes.

For more information on the example data used in this illustrative example, see Chapter 8.1.

RESULTS AND INTERPRETATION

Initial classification: Default grid search of hyperparameters gamma and

C. We begin by performing default grid search-based SVM classification using

Classification.crossValidateMulti_opt on subject S01.

Data Used

144



MatClassRSA v2 User Manual 8.5 Illustrative 4: Train-test SVM optimization

• Dataset: S01.mat

• Electrodes: All

• Time: All

• Trials: All

• Classes: 6-Class

The SVM model is built using default parameters of an RBF-kernel SVM trained using de-

fault grid search (5 logarithmically spaced points between 10−5 and 105) and 10-fold cross

validation, as follows:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...])
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, ...
10, 'handleRemainder', 'newGroup', [...]);

MSVM = Classification.crossValidateMulti_opt(xAvg, yAvg, ...
'classifier', 'SVM', 'kernel', 'rbf', 'PCA', 0.99);

The resulting confusion matrix is shown in Figure 43; here the SVM model achieves a modest

accuracy of 66.48% for optimal gamma of 0.0032 and optimal C of 316.

Figure 43: SVM with default grid search hyperparameters. Default hyperparameters

(logspaced) and 10-fold cross validation yield a 6-class classification accuracy of 66.48%.

Grid search identified optimal gamma of 0.0032 and optimal C of 316. (There is a known

issue
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Refining the search grid improves SVM performance. To determine whether further hy-

perparameter tuning could produce better classifier performance, we then refined the SVM

grid search to optimize the gamma and C hyperparameters over smaller ranges of values that

are closer to the previously identified optima. This search, again with 10-fold cross valida-

tion, is implemented as follows:

'gammaSpace', logspace(-1.8, -3, 20)
'CSpace', logspace(3, 5, 20)

MSVM = Classification.crossValidateMulti_opt(xAvg, yAvg, ...
'classifier', 'SVM', 'kernel', 'rbf', 'PCA', 0.99, 'gammaSpace', ...
gamma_fine, 'CSpace', C_fine);

Figure 44 shows the confusion matrix after restricting the SVM grid search to a smaller

range around the previously identified gamma = 0.0032 and C = 316. This follow-up attempt

identifies optimal gamma = 0.0146 and C = 1000, with a corresponding accuracy of 81.23%.

Figure 44: Refined SVM grid search. Focusing on a narrower range near the previously

identified best values yielded improved accuracy. This refined grid search identified opti-

mal gamma of 0.0146 and optimal C of 1000, and 10-fold cross-validated accuracy of 81.23%.

DISCUSSION

This analysis highlights the value of hyperparameter optimization when using SVM for

M/EEG classification. As the selection of the ‘C’ and ‘gamma’ hyperparameter values can
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impact classification performance, iterative optimization can further improve performance

over MatClassRSA’s default grid-search values.

• Using default grid search, SVM classification yields moderate accuracy.

• By narrowing the search space based on prior results, we improved classification ac-

curacy substantially.

Taken together, these results emphasize the importance of hyperparameter tuning when

performing SVM classifications.

8.6 Illustrative 5: Compare different RDM constructions

illustrative_5_compareRDMs.m

DESCRIPTION

In this analysis, we compare representational dissimilarity matrices (RDMs) computed from

different classifier outputs as well as directly from the original data. The script is structured

into three main sections: (1) Comparing RDMs derived from multi-class confusion matri-

ces versus pairwise accuracy matrices; (2) comparing Pearson versus Euclidean RDMs at a

specific electrode, and (3) comparing those same distance metrics at a specific time point.

Code and Data

• Preprocessing.shuffleData() — Shuffles labels to mitigate ordering bias.

• Preprocessing.noiseNormalization() — Applies whitening to reduce noise-

based covariance.

• Preprocessing.averageTrials() — Creates pseudotrials by averaging to boost sig-

nal.

• Classification.crossValidateMulti() — Performs multi-class classification

with LDA.

• Classification.crossValidatePairs() — Computes pairwise LDA classification

between all class pairs.

• RDM_Computation.computeCMRDM() — Computes RDM from confusion matrix.

• RDM_Computation.shiftPairwiseAccuracyRDM() — Transforms pairwise accu-

racy into RDM format.

• RDM_Computation.computePearsonRDM(), computeEuclideanRDM() — Com-

pute dissimilarity matrices from raw EEG based on correlation or Euclidean distance.
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• Visualization.plotMatrix(), plotMDS(), plotDendrogram(), plotMST()
— RDM visualization tools.

This analysis uses the following dataset:

• S06.mat — A three-dimensional EEG dataset (electrode × time × trial) from one par-

ticipant. Included in the GitHub repository. Contains responses to 72 stimuli grouped

into 6 classes.

For more information on the example data used in this illustrative example, see Chapter 8.1.

RESULTS AND INTERPRETATION

In this illustrative analysis, we explored multiple forms of representational dissimilarity ma-

trices (RDMs) computed from EEG data. We visualized how different classification and RDM

construction approaches reveal distinct structures in the data.

Multi-class and Pairwise Classification. We first compared RDMs derived from multi-

class classification and pairwise classification using the same dataset (subject S06, all elec-

trodes and timepoints). This analysis used the following code:

-------------- Preprocessing-------------
[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, [...])
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 20, ...

'handleRemainder', 'newGroup' [...]);

-------------- Classification------------------
MMC = Classification.crossValidateMulti(xAvg, yAvg, ...

'classifier', 'LDA', 'PCA', 0.99);

MPW = Classification.crossValidatePairs(xAvg, yAvg, ...
'classifier', 'LDA', 'PCA', 0.99);

-------------- RDM Computation------------------
[RDMmc, params] = RDM_Computation.computeCMRDM(MMC.CM);

RDMpm = RDM_Computation.shiftPairwiseAccuracyRDM(MPW.AM);

-------------- Visualization------------------
Visualization.plotMatrix(RDMmc, 'colorbar', 1, 'matrixLabels', 1, ...

'rankType', 'p', [...]);
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Visualization.plotMatrix(RDMpm, 'colorbar', 1, 'matrixLabels', 1, ...
'rankType', 'p', [...]);

As seen in Figure 45, the RDM, MDS, and dendrogram visualizations look broadly similar

across the multiclass and pairwise classification approaches. The main difference is that the

MDS and dendrogram plots, which are constructed based on the actual distances and not the

percentile ranks shown in the RDM plots, display larger distances overall for the multiclass

results compared to the pairwise accuracies.
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Figure 45: Multiclass versus pairwise classification RDMs. Data from participant S06 un-

derwent a six-class classification using electrodes and timepoints. Left column: RDM, MDS,

and dendrogram for multi-class confusion matrix. Right column: Equivalent visualizations

for pairwise classification. The two classifications produce similar proximity spaces overall,

with multiclass classifications resulting in larger distance values.

Comparison of non-classification RDMs. Next, we visualized two six-class non-

classification RDMs—computed directly from the input data using Pearson correlation and

Euclidean distance—as well as their corresponding MSTs. First, we compared the RDMs at a

single sensor (electrode 96). This analysis used the following code:

singleElectrodeX = squeeze(X(96,:,:));
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-------------- Compute RDM-----------------
PearsonRDM = RDM_Computation.computePearsonRDM(singleElectrodeX, labels6, ...

'rngType', rnd_seed);

EuclidRDM = RDM_Computation.computeEuclideanRDM(singleElectrodeX, labels6, ...
'rngType', rnd_seed);

-------------- Plot -----------------
Visualization.plotMatrix(PearsonRDM.RDM, ... 'rankType', 'p');
Visualization.plotMatrix(EuclidRDM.RDM, ... 'rankType', 'p');

Results are shown in Figure 46. The percentile-ranked (for visualization only) RDMs are

visually similar across the Pearson and Euclidean approaches. The MDS and MST plots, too,

show a highly similar category structure across the two approaches, with differences in MDS

coordinates and MST arrangement occurring mainly between the AB and AF categories

relative to HB. The MDS and MST data scales differ between the two approaches, with the

Pearson-based RDM showing larger MDS values yet smaller MST values than the Euclidean

approach.
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Figure 46: Comparison of Pearson and Euclidean RDMs at electrode 96. Each RDM type

yields a distinct view of inter-class distances. Graph visualizations (bottom) show different

MDS and MST structures that reflect the geometry implied by each metric.

Next, we compared the RDMs at a single timepoint (144 msec). For this we used the following

code:

singleElectrodeX = squeeze(X(:,17,:));

-------------- Compute RDM-----------------
PearsonRDM = RDM_Computation.computePearsonRDM(singleElectrodeX, labels6, ...

'rngType', rnd_seed);

EuclidRDM = RDM_Computation.computeEuclideanRDM(singleElectrodeX, labels6, ...
'rngType', rnd_seed);

-------------- Plot -----------------
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Visualization.plotMatrix(PearsonRDM.RDM, ... 'rankType', 'p');
Visualization.plotMatrix(EuclidRDM.RDM, ... 'rankType', 'p');

Results are shown in Figure 47. As in the previous figure, the percentile-ranked RDMs are

quite similar across approaches, and the MDS and MST plots are broadly similar. As before,

the Pearson RDM (without percentile ranking) corresponds to higher MDS coordinate

values and smaller MST values overall than the Euclidean RDM.

Figure 47: Comparison of Pearson and Euclidean RDMs at timepoint 144 msec. At

144 msec after stimulus onsets (when category-level ERPs are relatively well separated), both

Pearson and Euclidean distances reflect structured category separation, with visible similar-

ity structure preserved in MDS and MST representations.
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Comparison of non-classification and classification RDMs. In our final analysis, we com-

pared single-electrode non-classification RDM (based on Pearson correlation) with a classi-

fication RDM (based on multiclass LDA). This analysis used the following code:

singleElectrodeX = squeeze(X(96,:,:));

----- Preprocessing and Classsification ----
[xShuf, yShuf] = Preprocessing.shuffleData(X, labels72, 'rngType', rnd_seed);
xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);
[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 5, ...

'handleRemainder', 'newGroup'...);

M = Classification.crossValidateMulti(xAvg, yAvg, 'PCA', 0.99);

--------------- Compute RDM --------------
ClassRDM = RDM_Computation.computeCMRDM(M.CM);
PearsonRDM = RDM_Computation.computePearsonRDM(singleElectrodeX, labels72, ...

'rngType', rnd_seed);

----------------- Plot ----------------
Visualization.plotMatrix(PearsonRDM.RDM, [...], 'rankType', 'p');
Visualization.plotMatrix(ClassRDM, [...], 'rankType', 'p');

Visualization.plotMDS(PearsonRDM.RDM, 'nodeColors', nodeColors);
Visualization.plotMDS(ClassRDM, 'nodeColors', nodeColors);

The RDMs and MSTs for this analysis are shown in Figure 48. In contrast to the 6-class com-

parisons, the 72-class results vary more between approaches. First, in the percentile-ranked

RDMs, for the Pearson approach we see greater blocking in some areas of the matrix, reflect-

ing different aspects of category structure (e.g., Human Face in rows 13 to 24 and Animal

Body/Face in rows 25 ot 48). This stronger category-level grouping is also evident in the

MDS plot, where orange dots representing Human Face exemplars and red dots represent-

ing Animal Face exemplars appear to form especially cohesive category-level clusters. While

color-based grouping of items appears to be more diffuse for the Classification RDM and

MDS overall, Human Face exemplars are relatively distinguishable from the other categories.
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Figure 48: Comparison of Pearson and Classification RDMs for 72 classes. We constructed

72-class RDMs using channel 96 data from S06.mat and Pearson and multiclass classifica-

tion. Compared to 6-class RDMs, we observe more variability across approaches for the

72-class case. The Pearson RDM shows greater blocking along various regions of the diag-

onal, which is then reflected in the MDS plot as stronger category grouping—for example,

for Human Face (orange) and Animal Face (red) exemplars. In contrast, the classification

approach shows weaker category structure in the RDM, and within-category exemplars are

more loosely grouped, although Human Face (orange) exemplars still appear to separate

from the other categories.

DISCUSSION

This analysis illustrates how the various approaches to constructing RDMs emphasize dif-

ferent properties of the data. Depending on the data and category groupings, the visualized

RDMs and accompanying clustering visualizations may look similar or markedly different
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across different RDM construction techniques. Users are thus encouraged to examine how

the proximity space of their data vary according to which technique is used.

8.7 Illustrative 6: Customizing figures with stimulus images

illustrative_6_figureCustomizations.m

DESCRIPTION

While the current version of MatClassRSA does not include built-in support for adding stim-

ulus images to figures, users can manually annotate figures with images of their choice. As

an example, this final illustrative script demonstrates how to customize the plotMatrix()
figure from the Visualization module with stimulus images.

Code and Data

This analysis uses the following toolbox functions in the following contexts:

• Preprocessing.shuffleData() — Randomly shuffles class labels. Used here prior

to classification and averaging, to reduce temporal or order-based bias.

• Preprocessing.noiseNormalization() — Applies whitening to emphasize shared

signal and reduce noise covariance structure, useful for within- and across-subject

classification.

• Preprocessing.averageTrials() — Aggregates multiple trials into "pseudotrials"

to reduce noise and increase feature strength.

• Classification.crossValidateMulti() — Performs within-subject classification

using cross-validation. Returns accuracy and confusion matrices.

• RDM_Computation.computeCMRDM() — Computes representational dissimilarity ma-

trices from confusion matrices.

• Visualization.plotMatrix() — Plots confusion matrices or representation dis-

similarity matrices (RDMs) with optional group labeling and class-label color coding.

This analysis uses the following dataset:

• S01.mat — A three-dimensional EEG dataset (electrode × time × trial) from one par-

ticipant. Included in the GitHub repository. Contains responses to 72 stimuli grouped

into 6 classes.
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RESULTS AND INTERPRETATION

Customize confusion matrix with category images as axis labels. We first perform the fol-

lowing function calls to obtain a confusion matrix:

[xShuf, yShuf] = Preprocessing.shuffleData(X, labels6, ...
'rngType', rnd_seed);

xNorm = Preprocessing.noiseNormalization(xShuf, yShuf);

[xAvg, yAvg] = Preprocessing.averageTrials(xNorm, yShuf, 40, ...
'handleRemainder', 'newGroup', 'rngType', rnd_seed);

M = Classification.crossValidateMulti(xAvg, yAvg, 'classifier', 'LDA', ...
'PCA', 0.99);

Next, we add stimulus images as x and y Tick labels, in plotMatrix(), as follows:

Visualization.plotMatrix(M.CM, 'colorbar', 0, ...
'colorMap', 'summer', 'matrixLabels', 1);
mainAx = gca;

hold(mainAx, 'on');
yl = get(mainAx,'YLim');
xl = get(mainAx,'XLim');

for i = 1:nImages
yc = rowCenter(i);
yBottom = yc - imgHeight/2;
yTop = yc + imgHeight/2;
image(mainAx, [xLeft, xLeft + imgWidth], [yBottom, yTop], ...

stimImages{i}, 'Clipping', 'off');
end

for i = 1:nImages
% match the column width
xLeftCol = i - 0.4;
xRightCol = i + 0.4;

% below the matrix
yBottom = bottomY - imgOffset - imgHeightX;
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yTop = bottomY - imgOffset;

image(mainAx, [xLeftCol, xRightCol], [yBottom, yTop], ...
stimImages{i}, 'Clipping', 'off');

end

Results are shown in Figure 49. As can be seen in the figure, each of the six stimulus cate-

gories is now labeled with an image rather than with text.

Figure 49: Customization of 6-class confusion matrix with example images from each

stimulus category. Classification of subject S01, with visual stimuli used for evoked poten-

tial classification plotted as x-tick and y-tick labels.
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DISCUSSION

Users can customize MatClassRSA visualization functions in order to achieve their desired

plot aesthetics.
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9CHAPTER

Appendix: Helper functions

This section contains brief descriptions of the MatClassRSA helper functions, which are all

contained in the +Utils folder. Helper functions are documented in alphabetical order. For

each helper function, we provide the syntax, a brief narrative description of its inputs and

outputs, and its usage by other user-called and/or helper MatClassRSA functions.

centerAndScaleData()

Syntax

[xOut, centerOut, scaleOut] = centerAndScaleData(xIn, ...
centering, scaling);

Description. This function centers and scales each column of a 2D trial-by-feature data ma-

trix. Its inputs are the 2D data matrix xIn (required) as well as optional centering and

scaling specification inputs. The main output is the centered and/or scaled data matrix

xOut. The function also outputs centerOut and scaleOut, which detail the centering and

scaling parameters, respectively (e.g., when computing these values from training data and

later applying to test data).

Usage. This function calls other helper functions cube2trRows() and trRows2cube(). It is

called by the predict() and trainMulti_opt() functions from the Classification module

as well as by the helper function cvData().
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checkInputDataShape()

Syntax

checkInputDataShape(X, Y);

Description. This function takes in a data matrix X and labels vector Y. It checks to ensure

that X is a 2D or 3D matrix and ensures that the length of Y matches the size of the trial

dimension of X. Finally, it transposes Y to a column if it is not already a column vector. The

function has no outputs but rather prints an error message if the any of the above conditions

are not met.

Usage. This function does not call any other helper functions. It is called by the

trainMulti() and trainMulti_opt() functions from the Classification module.

classTuple2Nchoose2Ind()

Syntax

y = classTuple2Nchoose2Ind(classTuple, n);

Description. Given
(N

2

)
(i.e., N choose 2) pairs of classes which are sequentially ordered in a

vector of tuples, this function takes in a pair of classes (the input classTuple) as well as the

total number of classes n and returns the index of the input pair in the vector of pairs. For

example, if conducting pairwise classification amongst 5 classes, we would have
(5

2

)
tuples

of classes. If we were to call this function as classTuple2Nchoose2Ind((2, 4), 5), the

function would return index 6.

Usage. This function does not call any other helper functions. It is called by the

crossValidatePairs_opt() function from the Classification module and by the helper

function decValues2PairwiseAcc().

colors.mat

Syntax

load(['Utils' filesep 'colors.mat']);
load(['Utils' filesep 'colors.mat'], 'rgb10');

Description. This is a .mat data file containing specifications for a 10-color palette, 20-color

palette (original and light versions of the 10-color palette), and others. The 10-color palette

is used in MatClassRSA illustrative analyses, and has been used in previous classification

papers by members of our author team (Kaneshiro et al., 2015b; Kong et al., 2020; Losorelli et

al., 2020). The 10- and 20-color palettes are illustrated in Figure 50. The palette specifications

originated from the d3 GitHub repo (specific page no longer available). 36

36https://github.com/d3/d3/wiki/Ordinal-Scales
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Figure 50: 10- and 20-color palettes from colors.mat.

Usage. This data file cannot call any functions and is not called by any of the core Mat-

ClassRSA functions. The rgb6 variable separately specified within several of the Mat-

ClassRSA illustrative analysis scripts represents a subset of the rgb10 palette provided in

colors.mat.

computeAccuracy()

Syntax

acc = computeAccuracy(actualY, predictedY);

Description. This function takes in the actual labels actualY and predicted labels

predictedY of a classification and returns the percent accuracy of the classification acc as

a value between 0 and 1 (i.e., the proportion of predictionsn for which the actual label and

predicted label were the same).

Usage. This function does not call any other helper functions. It is called by

the crossValidateMulti(), crossValidateMulti_opt(), crossValidatePairs(), and

predict() functions from the Classification module as well as the helper function

nestedCvGridSearch().

computeReliability()

Syntax

rels = computeReliability(data, labels, num_permutations);

Description. This function takes in a 2D space-by-trial matrix data relating to a spe-

cific time point; a labels vector labels; and a specification of split-half permutations

num_permutations and computes the space-wise reliability of the input data. The output
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rels is of size nPermutations by nComponents (space) and thus provides the reliability for

each electrode at the provided time point.

Usage. This function does not call any other helper functions. It is called by

the computeSampleSizeReliability() and computeSpaceTimeReliability() functions

from the Reliability module.

convert2double()

Syntax

[X, Y] = convert2double(X, Y);

Description. This function takes in a data matrix X and labels vector Y, converts each one to

double format if not already double, and returns the double versions X and Y.

Usage. This function does not call any other helper functions. It is called by the

crossValidateMulti(), trainPairs(), and trainPairs_opt() functions from the Clas-

sification module.

convertSimToDist()

Syntax

[normData, sigmaInv] = Utils.noiseNormalization(X, Y);

Description. This function converts a similarity matrix to a distance matrix. The first input

xIn is a square e.g., confusion matrix. The second input distType specifies the type of dis-

tance (linear, power, logarithmic, pairsie, or none). The third input distPower is the distance

power used in power and logarithmic computations. All three inputs must be provided. The

function returns the resulting distance matrix xOut.

Usage. This function does not call any other helper functions. It is called by the

computeCMRDM() function from the RDM_Computation module.

cov1para()

Syntax

[sigma,shrinkage] = cov1para(x,shrink);

Description. This function applies shrinkage to compute a smoothed estimate of the

covariance matrix. It takes in space-by-trial matrix x and optional shrinkage parameter

shrink. It outputs the invertible covariance estimator sigma as well as the specified or

computed shrinkage parameter shrinkage.
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This function was created by Olivier Ledoit and Michael Wolf and was obtained from the

tutorial code provided by Guggenmos et al. (2018).37

Usage. This function does not call any other helper functions. It is called by the

noiseNormalization() function from the Preprocessing module.

cube2trRows()

Syntax

xOut = cube2trRows(xIn);

Description. This function takes in a 3D space-by-time-by-trials matrix xIn and reshapes it

to a 2D matrix xOut in which each row is a trial and the columns are the concatenated time

vectors from each electrode (i.e., data from electrode 1 followed by data from electrode 2,

etc.).

Usage. This function does not call any other helper functions. It is called by the

averageTrials() function from the Preprocessing module. Is is also used in the follow-

ing other helper functions: centerAndScaleData(), subsetTrainTestMatrices(), and

trRows2cube().

cvData()

Syntax

[obj, V, nPC, colMeans, colScales] = cvData(X, Y, trainDevTestSplit, ...
ip, center, scale, nFolds);

Description. cvData is an object that stores data to be used for cross validation. It takes as

input the data matrix X, labels vector Y, trainDevTestSplit object, and PCA parameters

specified in the classifyCrossValidate() function call. It formats the data into partitions

to enable convenient cross validation later.

Usage. This function calls helper functions centerAndScaleData(), cube2trRows(),

and getPCs(). It is called by the following functions in the Classification mod-

ule: crossValidateMulti(), crossValidateMulti_opt(), crossValidatePairs(),

crossValidatePairs_opt(), predict(), trainMulti(), trainMulti_opt(),

trainPairs(), and trainPairs_opt(). It is also called by the helper functions

nestedCvGridSearch() and trainDevTestPart().

decValues2PairwiseAcc()

Syntax

37https://github.com/m-guggenmos/megmvpa/tree/master
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[pairwiseAccuracies, pairwiseCMs, pairwiseCell] = ...
decValues2PairwiseAcc(pairwiseCMs, testY, labels, decVals, ...
pairwiseCell);

Description. When conducting pairwise classification using LIBSVM, this function is

used to convert the decision values output from LIBSVM to pairwise accuracies. It takes

in pairwiseCMs, a 3D matrix to store all pairwise CMs; labels vector testY; predicted

labels vector labels; SVM decision values decVals; and pairwise classification output

pairwiseCell. The function outputs pairwise accuracies pairwiseAccuracies, updated

pairwise CMs pairwiseCMs, and updated classification output pairwiseCell.

Usage. This function calls other helper functions classTuple2Nchoose2Ind() and

getNChoose2Ind(). It is called by the crossValidatePairs_opt() and predict() func-

tions from the Classification module, and by the helper function getNChoose2Ind().

fitModel()

Syntax

[mdl, scale] = fitModel(X, Y, ip, gamma, C);

Description. Given the classifier and training data specified in another function, this func-

tion returns a classification model. Specifically, the inputs are 2D trial-by-feature training

data matrix X, labels vector Y, classifier input parser parameters ip, and (for SVM classifica-

tions) hyperparameters gamma and C. The function outputs an object mdl which contains the

classification model, as well as scale, which contains scale and shift parameters for SVM

classifications.

Usage. This function calls the helper function scaleDataInRange(). It is called

by the crossValidateMulti(), crossValidatePairs(), crossValidatePairs_opt(),

predict(), trainMulti(), and trainMulti_opt() functions from the Classification mod-

ule. It is also called by helper functions modelPredict(), nestedCvGridSearch(), and

permuteModel().

getNChoose2Ind()

Syntax

[firstInds, secondInds] = getNChoose2Ind(n);

Description. Given an input length n, this function returns two arrays representing the first

and second classes for e.g., pairwise classifications of n classes.

Usage. This function does not call any other helper functions. It is called by the helper

function decValues2PairwiseAcc().
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getPCs()

Syntax

[y, V, nPC] = getPCs(X, PCs);

Description. This function computes principal components via singular value decomposi-

tion (SVD). It takes in the data matrix X and PCA specification PCs. If PCs is a positive integer,

it specifies the number of PCs to use. If PCs is a value between 0 and 1, it specifies that the

number of PCs used should be as many as specifies that proportion of the variance. The

function outputs matrix Y, SVD parameter V, and number of PCs extracted nPC.

Usage. This function does not call any other helper functions. It is called by the predict()
and trainMulti_opt() functions from the Classification module, as well as by the helper

function cvData().

getTickCoord()

Syntax

[xTickVec yTickVec] = getTickCoord();

Description. This function returns the x and y coordinates of the ticks on the plot. It has no

inputs or outputs.

Usage. This function does not call any other helper functions. It is called by the

plotDendrogram() and plotMatrix() functions from the Visualization module.

initInputParser()

Syntax

[normData, sigmaInv] = Utils.noiseNormalization(X, Y);

Description. This function initializes the input parser for various functions. It fills in gener-

alized parameters such as rng, PCA specifications, center and scale parameters, data subset-

ting, and classification parameters. It also fills in additional parameters depending on which

function it is being called from. It takes in the calling function functionName, initialized in-

put parser ip, data matrix X, labels vector Y, and other optional arguments. It outputs y, an

updated version of the input parser.

Usage. This function calls the helper function is2Dor3DMatrix(). It is called

by the following functions in the Classification module: crossValidateMulti(),

crossValidateMulti_opt(), crossValidatePairs(), crossValidatePairs_opt(),

trainMulti(), trainMulti_opt(), trainPairs(), and trainPairs_opt().
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initPairwiseCellMat()

Syntax

pairwiseCellMat = initPairwiseCellMat(numClasses);

Description. For specified number of classes numClasses, this function initializes a

numClasses-by-numClasses cell array called pairwiseCellMat. Each off-diagonal element

of pairwiseCellMat is a struct with fields for the confusion matrix (CM — 2 x 2 matrix initial-

ized as all zeros), the pair label (classBoundary — e.g., ‘1 vs. 2’), and the accuracy (accuracy
— initialized as NaN).

Usage. This function does not call any other helper functions. It is called

by the following functions of the Classification module: crossValidatePairs(),

crossValidatePairs_opt(), trainPairs(), trainPairs_opt(), and predict(). It is

also used by helper function decValues2PairwiseAcc().

is2Dor3DMatrix()

Syntax

y = is2Dor3DMatrix(x);

Description. This function returns output y as 1 if the input x is a 2D (including vector) or

3D matrix.

Usage. This function does not call any other helper functions. It is called by the predict()
function from the Classification module and by the helper function initInputParser().

locsEGI124.mat

Syntax

load(['Utils' filesep 'locsEGI124.mat']); % Loads 'locs' variable
Utils.topoplotStandalone(Values, locs); % 'locs' variable is 2nd input

Description. This is a .mat data file containing sensor location coordinates for the 124-

channel data used in the illustrative analyses (see Chapter 8.3). Specifically, the coordinates

reflect electrodes 1–124 of the 128-channel net38 of the Electrical Geodesics, Inc.39 system.

Usage. This data file cannot call any functions and is not called by any of the core Mat-

ClassRSA functions. It is called by the topoplotStandalone() helper function as part of

Illustrative Analysis 2 (single-channel analyses; Chapter 8.3). Note: For MatClassRSA ex-

amples specifically, the topoplotStandalone() function takes in the locs variable loaded

from locsEGI124.mat due to difficulties in inputting filenames of sensor-location maps to

38http://bit.ly/4nN2wIB
39https://www.egi.com/
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that function when such a map file is stored in the +Utils folder. However, in general use,

the filename of any typical sensor-location file (e.g., .loc, .sfp format40) in the user’s path

can be specified as the second input to the topoplotStandalone() function.

modelPredict()

Syntax

[predictions, decision_values] = modelPredict(X, mdl, scale);

Description. This function takes in a 2D trial-by-feature test data matrix X, classification

model mdl (output from fitModel()), and scale struct (for SVM classifications only) and

predicts the labels of the input data. It outputs predicted labels in predictions and, for

SVM classifications, the decision values in decision_values.

Usage. This functions calls the helper functions scaleDataShiftDivide() and

SVMhandleties(). It is called by the crossValidateMulti(), crossValidatePairs(),

crossValidatePairs_opt(), and predict() functions from the Classification module as

well as by helper functions nestedCvGridSearch() and permuteModel().

nestedCvGridSearch()

Syntax

[gamma_opt, C_opt] = nestedCvGridSearch(X, Y, ip, cvDataObj, ...
excludeIndx);

Description. Given training data matrix X, labels vector Y, and a vector of gammas and Cs to

search over, this function runs over a grid of all possible combinations of gammas and Cs to

find the values that produce the highest cross validation accuracy. Gamma is a hyperparam-

eter of the rbf kernel for SVM classification, and C is a hyperparameter of both the rbf and

linear kernels for SVM classification.

Usage. This function calls the helper functions computeAccuracy(), fitModel(),

and modelPredict(). It is called by the crossValidateMulti_opt(),

crossValidatePairs_opt(), trainMulti_opt(), and predict() functions from the

Classification module.

normalizeMatrix()

Syntax

xOut = normalizeMatrix(xIn, normType);

40https://eeglab.org/tutorials/ConceptsGuide/coordinateSystem.html
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Description. This function normalizes the input matrix xIn as specified by normType (divide

by diagonal or sum; no normalization; or subtract 0.5 and then divide by 0.5.

Usage. This function does not call any other helper functions. It is called by the

computeCMRDM() function from the RDM_Computation module.

permTestPVal()

Syntax

p = permTestPVal(value, permVector, [direction]);

Description. This function takes in an observed value of interest value, a vector of other

values permVector (presumably the null distribution from permutation testing), and op-

tionally the direction of the test direction, and computes the percentile of the observed

value among the null distribution. If direction is not specified it will default to upper-tail

calculation. This function was informed from a MATLAB Answers post.41

Usage. This function does not call any other helper functions. It is called

by the crossValidateMulti(), crossValidateMulti_opt(), crossValidatePairs(),

crossValidatePairs_opt(), and predict() functions from the Classification module.

processRDM()

Syntax

[normData, sigmaInv] = Utils.noiseNormalization(X, Y);

Description. For a given input RDM, this function ensures the RDM is square; ensures the

RDM is symmetric (if not, will print a warning and use the lower triangle); and ensures the

diagonal is zero (if not, will print a warning and set diagonal to zero). The function output y
will be the RDM with these three conditions enforced.

Usage. This function does not call any other helper functions. It is called by the

plotDendrogram(), plotMDS(), and plotMST() functions from the Visualization module.

processTrainDevTestSplit()

Syntax

[normData, sigmaInv] = Utils.noiseNormalization(X, Y);

Description. This function checks that the train/development/test data splits used for op-

timization functions abide by the restrictions of the data and cross validation procedure.

41https://bit.ly/3FVdryZ, accessed April 5, 2025.
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If array was in decimal format, it then converts the decimals representing fractions to in-

tegers representing number of trials in each train/development/test fold. The inputs are

trainDevTestSplit — which can be a 2- or 3- element vector depending on whether the

split is train/test or train/development/test, respectively — and full training data matrix X.

The output is y, the updated version of the trainDevTestSplit input.

Usage. This function does not call any other helper functions. It is called by the

trainMulti() and trainMulti_opt() functions from the Classification module and by

helper function trainDevTestPart().

rankDistances()

Syntax

xOut = rankDistances(xIn, rankType);

Description. This function takes in a symmetric distance matrix xIn and ranks the distances

as specified by rankType (rank, percent rank, or no rank). It returns ranked matrix xOut.

Usage. This function does not call any other helper functions. It is called by the

computeCMRDM() function from the RDM_Computation module and the plotMatrix()
function from the Visualization module.

scaleDataInRange()

Syntax

[xScaled, shift1, shift2, scaleFactor] = scaleDataInRange(xIn,
desiredMinMax);

Description. This function takes in the data matrix xIn plus an optional vector of min and

max values desiredMinMax, and scales its values so that its values fall between the specified

output min and max. If the output min-max vector is not specified or is empty, the function

will scale the data to the range [0, 1]. Scaling is based upon the min and max values of the

entire input data matrix.

Usage. This function does not call any other helper functions. It is called by helper functions

fitModel() and scaleDataShiftDivide().

scaleDataShiftDivide()

Syntax

scaledData = scaleDataShiftDivide(data, shift1, shift2, scaleFactor);
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Description. This function takes in the data matrix data along with shift and divide fac-

tors calculated from the function scaleDataInRange(). The function applies the shift and di-

vide factor on the data matrix to bring the data to the range specified in scaleDataInRange().

Thus, the function can be used to apply precomputed shift and scaled factors to a dataset.

Usage. This function does not call any other helper functions. It is called by the helper

function modelPredict().

setUserSpecifiedRng()

Syntax

setUserSpecifiedRng(r);

Description. This function sets the rng specification as indicated by input r. The function

does not have any outputs, but sets the rngType for the calling function with appropriate

input specifications as outlined in the documentation for those functions:

• rngType — Random number generator (rng) specification. If rngType is not entered

or is empty, rng will be assigned here as {'shuffle', 'twister'}. The rngType
input can be specified in the following ways:

– Single acceptable rng specification input (e.g., 1, 'default', 'shuffle'); in

these cases, the generator will be set to 'twister'.

– Dual-argument specifications as either a 2-element cell array (e.g., {'shuffle',
'twister'}) or string array (e.g., ["shuffle", "twister"]).

– rng struct as previously assigned by rngType = rng.

Usage. This function does not call any other helper functions. It is called by the following

functions:

• Reliability module: computeSampleSizeReliability(),

computeSpaceTimeReliability()

• Preprocessing module: averageTrials(), shuffleData()

• Classification module: crossValidateMulti(), crossValidateMulti_opt(),

crossValidatePairs(), crossValidatePairs_opt(), trainMulti(),

trainMulti_opt(), predict()

• RDM_Computation module: computeEuclideanRDM(), computePearsonRDM()
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subsetTrainTestMatrices()

Syntax

[W, nSpace, nFeature, nTrials] = subsetTrainTestMatrices(X, spaceUse,
timeUse, featureUse);

Description. This function subsets the input Matrix X according to parameters spaceUse,

timeUse and featureUse, defined by the user during the function call. spaceUse and

timeUse subset 3D space-by-time-by-trial input matrix X along dimensions 1 and/or 2, re-

spectively, while featureUse subsets a 2D trial-by-feature input matrix X along dimension

2. The function returns a 2D trial-by-feature matrix W (whether a 2D or 3D matrix was in-

put) along with three other outputs nSpace (for 3D input matrices), nFeature (for 2D input

matrices, denotes length of time dimension for 3D input matrices), and nTrials.

Usage. This function calls the helper function cube2trRows(). It is

called by all functions in the Classification module: crossValidateMulti(),

crossValidateMulti_opt(), crossValidatePairs(), crossValidatePairs_opt(),

trainMulti(), trainMulti_opt(), trainPairs(), trainPairs_opt(), and predict().

SVMhandleties()

Syntax

[winnerIndex, tallies, tieFlag] = SVMhandleties(dec_vals, labels);

Description. This function is an auxiliary function to LIBSVM to handle ties. LIBSVM’s mul-

ticlass classification is implemented using one-to-one classification. However, in the event

that a trial’s most classified class is tied by two or more different classes, this function is used

to break the tie. This function is important because otherwise, during a multiclass tie, LIB-

SVM would default to the first class amongst the ties, inducing a bias in classification. This

function takes in LIBSVM decision values dec_vals and labels labels and outputs the in-

dex of the winning label winnerIndex, number of votes tallies, and tieFlag, a debugging

flag indicating if a tie was detected.

Usage. This function does not call any other helper functions. It is called by the helper

function modelPredict().

symmetrizeMatrix()

Syntax

xOut = symmetrizeMatrix(xIn, symmType);
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Description. This function symmetrizes an input matrix xIn by operating on the matrix

and its transpose according to parameters specified in symmType (arithmetic, geometric, or

harmonic mean; or none).

Usage. This function does not call any other helper functions. It is called by the

computeCMRDM() function from the RDM_Computation module.

topoplotStandalone()

Syntax

[handle, Zi, grid, Xi, Yi] = topoplot_new(Values, loc_file);

Description. This function plots a set of values (specified by Values) at the locations spec-

ified by loc_file as a 2D topographic map. The map is rendered from the perspective of

looking down at the head, with the nose oriented to the top of the plot. It is a self-contained

version of EEGLAB’s topoplot()42 function and requires no EEGLAB dependencies in order

to run.

This function was developed by the Parra Lab43 and was obtained from a public GitHub

repository related to Dmochowski et al. (2018).44

Usage. This function does not call any other helper functions. It is called in Illustrative

Analysis 2 (single-channel analyses; Chapter 8.3), and in that context makes use of the

locsEGI124.mat data file also provided in the +Utils folder. Note: For MatClassRSA ex-

amples specifically, the topoplotStandalone() function takes in the locs variable loaded

from locsEGI124.mat due to difficulties in inputting filenames of sensor-location maps to

that function when such a map file is stored in the +Utils folder. However, in general use,

the filename of any typical sensor-location file (e.g., .loc, .sfp format45) in the user’s path

can be specified as the second input to the topoplotStandalone() function.

trainDevGridSearch()

Syntax

[gamma_opt, C_opt] = trainDevGridSearch(trainX, trainY, devX, devY, ip);

Description. Given training and development partitions of data (trainX, devX) and labels

(trainY, devY), as well as an input parser containing hyperparameter gamma and C grid

specifications (ip), this function runs cross validations over the grid of all possible combina-

tions of gamma and C and returns the optimal value for each (gamma_opt, C_opt).

42https://sccn.ucsd.edu/~arno/eeglab/auto/topoplot.html
43https://parralab.org/
44https://github.com/dmochow/SRC/blob/master/topoplot_new.m
45https://eeglab.org/tutorials/ConceptsGuide/coordinateSystem.html
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Usage. This function does not call any other helper functions. It is called by

the crossValidateMulti_opt(), crossValidatePairs_opt(), trainMulti_opt(), and

predict() functions from the Classification module as well as by helper function

permuteModel().

trainDevTestPart()

Syntax

obj = trainDevTestPart(X, nFolds, trainDevTestSplit);

Description. This class stores a cross-validation partition. This constructor of this

class takes in an input data matrix X, number of folds nFolds, and split specification

trainDevTestSplit. The output obj specifies the data partitions. NOTE: This class is an

alternative to the Matlab cvpartition class. The reason this class is used instead of the

Matlab cvpartition class is because the Matlab class uses randomization to assign parti-

tions. But in MatClassRSA, data shuffling is optionally done in the Preprocessing module

(shuffleData()) and in the present step we choose to assign partitions sequentially.

Usage. This function calls the helper functions cube2trRows() and

processTrainDevTestSplit(). It is called by the crossValidateMulti(),

crossValidateMulti_opt(), crossValidatePairs(), crossValidatePairs_opt(),

trainMulti(), and trainMulti_opt() functions from the Classification module.

trRows2cube()

Syntax

xOut = trRows2cube(xIn, N);

Description. This function takes in a 2D matrix trial-by-feature matrix xIn, where the feature

dimension is assumed to represent data from concatenated channels (all data from electrode

1 followed by all data from electrode 2, etc.) as well as input N which specifies how many time

samples are in each trial. The function reshapes the data to output matrix xOut, which is a

3D space-by-time-by-trials matrix.

Usage. This function does not call any other helper functions. It is called by the

averageTrials() function from the Preprocessing module as well as by helper function

centerAndScaleData().

verifySVMParameters()

Syntax

verifySVMParameters(ip);
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Description. This function is used for the non-optimization classification functions to en-

sure that gamma and C parameters are manually set by the user when using the SVM classi-

fier. It takes in the input parser ip of the classification function calling this function. There

are no outputs; If the gamma and C parameters are not appropriately set, the function will

return an error with instructions to use one of the optimization functions to compute suita-

bles values.

Usage. This function does not call any other helper functions. It is called by the

crossValidateMulti(), trainMulti(), and trainPairs() functions from the Classifica-

tion module.
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