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1.1 Background

Advances in neuroimaging techniques have radically changed the way neuroscientists address questions about
functional anatomy, especially in relation to behavioural and clinical disorders. Many questions about brain
function, previously investigated using intracranial electrophysiological recordings in animals can now be ad-
dressed non-invasively in humans. Such studies have yielded important results in cognitive neuroscience and
neuropsychology. Amongst the various neuroimaging modalities available, Magnetic Resonance Imaging (MRI)
has become widely used due to its relatively high spatial and temporal resolution, and because it is safe and
non-invasive. By selecting speci ¢ MRI sequence parameters, di erent MR signals can be obtained from di er-
ent tissue types, giving images with high contrast among organs, between normal and abnormal tissues and/or
between activated and deactivated brain areas. MRI is often sub-categorized into structural MRI (MRI) and
functional MRI (fMRI). Positron Emission Tomography (PET) is another example of neuroimaging modality
which measures metabolic processes. Examples of other of imaging modalities that measure brain signals are
ElectroEncephaloGraphy (EEG) recordings and MagnetoEncephaloGraphy (MEG) recordings. Neuroimaging
data are inherently multivariate, since each measure (scan or recording) contains information from thousands
of locations (e.g. voxels in MRI or electrodes in EEG). Considering that most brain functions are distributed
processes involving a network of brain regions, it would seem desirable to use the spatially distributed informa-
tion contained in the data to give a better understanding of brain functions in normal and abnormal conditions.
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12 CHAPTER 1. INTRODUCTION

The typical analysis pipeline in neuroimaging is strongly rooted in a mass-univariate statistical approach,
which assumes that activity in one brain region occurs independently from activity in other regions. Although
this has yielded great insights over the years, specially in terms of function localization, and continues to be
the tool of choice for data analysis, there is a growing recognition that the spatial dependencies among signal
from di erent brain regions should be properly modelled. The e ect of interest can be subtle and spatially
distributed over the brain - a case of high-dimensional, multivariate data modelling for which conventional tools
may lack sensitivity.

Therefore, there has been an increasing interest in investigating this spatially distributed information using
multivariate pattern recognition approaches, often referred to as multi-voxel pattern analysis (MVPA) (see [18],
[11] and [19]). Where pattern recognition has been used in nheuroimaging, it has led to fundamental advances in
the understanding of how the brain represents information and has been applied to many diagnostic problems.
For the latter, this approach can be used to predict the group membership of the patient scanned (healthy
vs. patients or disease A vs. B) and can provide the discriminating pattern leading to this classi cation. Pat-
tern recognition techniques can also be used to identify relationships between patterns of brain structure or
activity and continuous measures such as age or a clinical score. Such information can then be used to predict
individual-level measures for new individuals (i.e. regression models).

Several active areas of research in machine learning are crucially important for the dicult problem of
neuroimaging data analysis: modelling of high-dimensional multivariate time series, sparsity, regularisation,
dimensionality reduction, causal modelling, and ensembling to name a few. However, the application of pattern
recognition approaches to the analysis of neuroimaging data is limited mainly by the lack of user-friendly and
comprehensive tools available to the fundamental, cognitive, and clinical neuroscience communities. Further-
more, it is not uncommon for these methods to be used incorrectly, with the most typical case being improper
separation of training and testing datasets.

Note: PRONTo (Pattern Recognition for Neuroimaging Toolbox) is rst and foremost a machine learning tool
used for neuroimaging analyses, so throughout the manual we mostly refer to examples that focus on neu-
roimaging data. That being said, since from the current release PRoNTo supports MEEG (SPM) data as well
as any .mat le, one can use PRoNTo to analyze for example MEEG data in sensor space (2D, or even 1D),
or yet any kind of .mat le, such as behavior data. However, it is best to use PRoNTo primarily for neu-
roimaging data which is its original purpose or to build multi-modal predictive models including imaging and
non-imaging information. So from the current release, we will refer to our data with the general term “samples'
and “features', instead of referring to “voxels' as our features. The reason is that from the current release we have
expanded our functionalities to include data that are not 3D, and therefore they do not have “voxels' as features.

1.2 Methods

PRoNTo (Pattern Recognition for Neuroimaging Toolbox) is a toolbox based on pattern recognition techniques
for the analysis of neuroimaging data. Statistical pattern recognition is a eld within the area of machine learn-
ing which is concerned with automatic discovery of regularities in data through the use of computer algorithms,
and with the use of these regularities to take actions such as classifying the data into di erent categories [3].
In PRoONTO, brain images are treated as spatial patterns and statistical learning models are used to identify
statistical properties of the data that can be used to discriminate between experimental conditions or groups of
subjects (classi cation models) or to predict a continuous measure (regression models).

PRoNTo is Matlab -based and includes six main modules: “Data & Design', "Prepare feature set', "Model:
Specify new', "Model: Specify from', "Model: Run' and "Compute weights'. For a speci ¢ model PRoNTo can
display results in terms of performance as well as the model's weights. Additional review options enable the
user to review information about the data, features and models. All modules were implemented using a graph-
ical user interface (GUI) and the Matlab  Batch System. Using the Matlab Batch System the user can run
each module as batch jobs, which enables a very e cient analysis framework. All information about the data,
experimental design, models and results are saved in a structure called PRT. PRoNTo also creates additional
les during the analysis that are described in details in the next chapters.
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The toolbox code is distributed for free, but as copyright software under the terms of the GNU General
Public License as published by the Free Software Foundation.

1.2.1 Inputs and preprocessing

In terms of neuroimaging modalities, PRoNTo accepts NIfTI les, which are les mostly designed to analyse
structural and functional MRI as well as PET. In case of NIfTI les, it assumes that the neuroimaging data
has been previously pre-processed using SPMitp://www.fil.ion.ucl.ac.uk/spm/ ) or a similar software
for neuroimaging analysis. In general, raw fMRI data should be previously corrected for movement artefact
(realigned) and time di erence in slice acquisition (slice time correction), mapped to a common template (nor-
malized) and spatially smoothed. The normalisation and spatial smoothing steps might not be necessary for
single subject analysis. In addition, the General Linear Model (GLM) can be applied as a pre-processing step
for pattern recognition analysis. In this case, the GLM coe cients (e.g. beta or contrast images from SPM)
will correspond to the spatial patterns. Using beta images should be preferred instead of raw data in the case
of event-related designs with short inter-stimulus time and/or event duration to better take into account the
Haemodynamic Response Function (HRF).Important note : Beta images output by SPM contain NaNs (Not

a Number) values in some voxels/features. For better performance of the model, a mask should be created to
exclude the corresponding voxels/features from the analysis. Practically, a mask should be built (e.g. using
SPM imcalc batch or a script provided in "utils") to specify which voxels/features have scalar values (0 and
1 in mask) or NaN. The updated mask should then be input in the Data & Design window. To ease this
extra preprocessing step, a script is provided in the PRoNTo folderutils. It takes as inputs the images (i.e.
beta images in NIfTI format), the mask to update (e.g. SPMnoeyes.nii provided in the PRoNTo foldermask)
and the directory to save the updated mask. Inputs are optional, and just typing in the Matlab command:
prt _utils _update_mask will ask for the di erent inputs using le and path selectors.

Raw structural MRI data should be previously mapped to a common template (normalized) and spatially
smoothed. Raw PET data should be realigned, normalized and smoothed. PET data is also usually scaled.
This operation can be performed before hand or during the building of the feature set.

Another type of neuroscience data supported by PRoNTo is electrophysiological data. These can be 1D or
2D EEG, MEG, LFP or ECoG. PRoNTo accepts this type of data in the MEEG data format, which is the
standard data format created and used by SPM. PRoNTo assumes that this data format represents a within-
subject design and it will read all the information automatically. The data has to contain epoched trials, either
one per stimulus or one per condition. Only one MEEG le can be entered per subject and modality.

The third data format supported by PRoNTo is .mat les. For example, 1D or 2D psychometric data,
or connectivity matrices, can be built in .mat les, according to PRoNTo speci cations, and analyzed. The
variables need to be numerical (no categorical inputs) and saved as an array or vector in the rst variable of
the le, with no restriction on the dimensions.

A limitation PRoNTo has is that for some computational reasons it cannot accept the standard format
that is usually used for data of this type, i.e. #samples/subjects X #features. Instead, it required one .mat
le per sample/subject. PRoNTo provides scripts where one can easily do these operations. Furthermore, the
dimensionality of the data needs to be consistent across samples, i.e. same number of dimensions and variables
in the same order.

Finally, the model weights can be displayed only for 1D and 2D MEEG or .mat inputs. The display has not
been specialized for MEEG as there are many much better tools to explore such les, either directly in SPM or
converting back to your favourite software.

1.2.2 Machine learning algorithms

In PRoNTo di erent pattern recognition algorithms correspond to di erent machines. The machine library in
PRoNTo v3.0 includes three pattern classi cation algorithms: Support Vector Machine ([5], [17]), Gaussian
Process Classi er (binary and multiclass, [22], [14]) and L1 Multi-Kernel Learning [20]. There are also ve
pattern regression algorithms available: Kernel Ridge Regression [26], Relevance Vector Regression [28], Gaus-
sian Process Regression [22], linear epsilon-insensitive SVM-EVM) regression, and L1 Multi-Kernel regression
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[20]. From the current release there is also the option of using non-kernel machines in addition to the kernel
ones. So there are 5 available non-kernel classi cation algorithms: Binary SVM using L1 and L2 loss, Multiclass
SVM, as well as Logistic Regression using L1 and L2 loss ([4, 6]). Finally, for regression there is only the linear
epsilon-insensitive SVM (-SVM) at the moment.

PRoNTo was developed with the aim of facilitating the interaction between machine learning and the neu-
roimaging communities. On one hand the machine learning community should be able to contribute to the
toolbox with novel published machine learning models. On the other hand, the toolbox should provide a variety
of tools for the neuroscience and clinical neuroscience communities, enabling them to ask new questions that
cannot be easily investigated using existing statistical analysis tools.

1.3 Installing & launching the toolbox

In order to work properly, PRoNTo requires 2 other softwares:

A recent version of Matlab . We used versions 7.5 (R2007b) to 9.4 (R2018a) to develop PRoNTo, and
PRoNTo will not work with earlier versions®. The statistics toolbox of Matlab is also required. Note:
Windows and Mac users may encounter compiler issues when using R2016b and R2017b. Files may need
to be compiled again. Users can install theMatlab required compiler from Add-Ons, or by manually
downloading MinGW.

SPM12 [15] installed on your computef. Users are recommended to have the latest updates by typing:
spm_update (check if there are new updates available) and spnupdate update (start updating les).
Important note : if you already have a version of SPM on your computer, please update it. Various
bugs, especially in terms of weight visualization, arise from out of date SPM versions.

PRoNTo latest public version can be downloaded, after registration, from the following address:http:
IIvww.mlnl.cs.ucl.ac.uk/pronto/prtsoftware.html

1.3.1 Installation

After downloading the zipped le containing PRoNTo, the installation proceeds as follow:
1. Uncompress the zipped le in your favourite directory, for example C:\PRoNTo\

2. Launch Matlab ;
3. Goto the \File "menu! \Set path";
4

. Click on the \Add folder " button and select the PRoNTo folder, i.e. C:\PRoNTo\ if you followed the
example;

5. Click on save.

Some routines, in particular the “'machines’, are written in C++ (.cpp les) for increased e ciency. We are
trying to provide these compiled routines for the usual Operating Systems (OS's) such as: Windows XP (32
bits), Windows 7/10 (64 bits), Mac OS 10 and Linux (32 and 64 bits). If your OS is not listed or routines do
not work properly then you should compile the routines for your speci ¢ OS.

1.3.2 Launching and batching

Once installed, there are three ways to call up PRoNTo functionalities. To launch the toolbox GUI, just type
prt or pronto at the Matlab  prompt and the main GUI gure will pop up, see Fig. 1.1. From there on
simply click on the processing step needed (see Part | of this manual). Most functions of PRoNTo have been
integrated into the matlabbatch batching system [8] (like SPM8) and the batching GUI is launched from the
main GUI by clicking on the Batch button (see Part Il of this manual). Of course most tools can also be called
individually by calling them directly from the Matlab  prompt, or for scripting in a .m le (see Part IV of this
manual).

1Any later Matlab  version should work, in principle .

2SPM12 can be dowloaded from the following website: http://www:fil.ion.ucl.ac.uk/spm/software/ . You should install it
in a suitable directory, for example C:\SPM12\, then make sure that this directory is on the Matlab path. No need to include the
subdirectories!
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Figure 1.1: Main GUI interface: each button launches a speci ¢ processing step.

1.3.3 Troubleshooting

MEX les are provided for 64 bit Windows, MacOS and Linux (Ubuntu/Debian) systems. However, if your
system speci cations do not align with those above, making new MEX les is necessary. In such cases you will
most likely hit an error. Please follow the instructions below in case this happens.

Compiling LIBSVM

Some problems when using SVMs might also arise due to LIBSVM, in which case, you might need to compile
it on your own. The rst thing that needs to be done is to download the desired LIBSVM version (usually the
latest one) from the following website: http://www.csie.ntu.edu.tw/ ~cjlin/libsvm/ . Then, the process
will depend on your operating system.

If the steps described bellow do not work, please refer to th&@EADMEe that comes with LIBSVM.

Microsoft Windows
Make sure you have a C++ compiler install. If not, you can install Microsoft Visual C/C++;

Copy the libsvm folder to the “machines' directory of your PRoNTo instalation
(e.g. CAPRoNTo\ machines);

Open a DOS command window and change to the libsvm folder in the previous ste@l C:\PRoNTo\machines\libsvm-3.
If the environment variables of VC++ have not been set, run the following command:

C:\Program Files\Microsoft Visual Studio 10.0\VC\bin\vcvars32.bat . This command might be

di erent, depending on the path of your Visual Studio installation;

In the libsvm folder run the command: nmake -f Makefile.win clean all
If no errors appear, openMatlab ;
Change to the "'matlab’ folder inside the libsvm folder (e.g. Ci PRoNTo\ machines libsvm-3.17\ matlab\);

Run makein the Matlab Command Window. If there are no errors, you have just successfully compiled
LIBSVM to be used with Matlab

Remember, if you want to use the version that you have just compiled, you have to add the libsvm folder
to your path in Matlab . If you have more than one libsvm folder inside the 'machines' folder, please remove
one of them from the Matlab  path. You should only have one libsvm folder in your path.
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Unix (Mac OS or Linux)

Make sure you have a C++ compiler installed. If you are using Mac OS, please install "Xcode'. On Linux
systems, you should already have “gcc' installed;

Copy the libsvm folder to the "machines' directory of your PRoNTo instalation
(e.g. /home/<username>/PRoNTo/machines};

Open a terminal window and change to the “machines' directory:cd PRoNTo/machines/

Compile libsvm by running the following command: make

If no errors appear, openMatlab ;

Change to the “matlab’ folder inside the libsvm folder (e.g. PRoNTo/machines/libsvm-3.17/matlab/);

Run makein the Matlab Command Window. If there are no errors, you have just successfully compiled
LIBSVM to be used with Matlab

Remember, if you want to use the version that you have just compiled, you have to add the libsvm folder
to your path in Matlab . If you have more than one libsvm folder inside the ‘machines' folder, please remove
one of them from the Matlab  path. You should only have one libsvm folder in your path.

Compiling GPML

In case there are compiler problems when using GPs due to GPML, you will need to compile it on your own.
The instructions to do so are approximately the same as with LIBSVM.

Inside Matlab , change to the "util' folder inside the gpml folder (e.g. PRoNTo/machines/gpml/gpmi-
matlab-v3.5-2014-12-08/util/);

Run makein the Matlab Command Window. If there are no errors, you have just successfully compiled
GPML to be used with Matlab

1.4 What's new?

1.4.1 Version 3.0

This version of the toolbox has a new layout, and includes multiple new features and functionalities. Below is
a list of selected major changes and new functionalities:

File formats
PRoNTo now accepts multiple “Data formats', i.e. NIfTI (as before), .mat and MEEG SPM data.

MEEG: These can be 1D or 2D EEG, MEG, LFP or ECoG les converted to the MEEG SPM data format
and can be entered when choosing “Select by Subject’. PRoNTo assumes that this le format represents
a within-subject design that it will read automatically. The data has to contain epoched trials, either one
per stimulus or one per condition. Only one MEEG le can be entered per subject and modality.

.mat: Any set of variables can be saved in a .mat and used in PRoNTo. The variables need to be
numerical (no categorical inputs) and saved as an array or vector (no restriction on dimension) in the rst
variable of the le. One .mat needs to be provided per sample. The dimensionality of the data needs to be
consistent across samples (i.e. same number of dimensions and variables in the same order). The model
weights can be displayed only for 1D and 2D MEEG or .mat inputs. The display has not been ne-tuned
for MEEG as there are many tools available to display such les (either directly in SPM or converting
back to your favourite software).
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Combine multiple types of data

In previous versions of PRoNTo, modalities could only be combined if they had the same number of features.
The framework has been modi ed to allow the combination of modalities with di erent number of features at
the model level. The option for “building one kernel per modality' in the "Prepare feature set' module has
been removed. This means that, at the feature set step, only runs of a same data format can be concatenated
as samples. At the model step, multiple feature sets can now be included in a model. These will be either
concatenated (if a single kernel machine is selected) or used in multiple kernel settings during model estimation.

Important note:  when combining multiple feature sets, the number (and the order) of the samples need to
be identical across feature sets. This means that if there are 3 conditions in the MEEG data saved as "condB',
“condA', ‘condC', then it is not enough for the equivalent beta images for fMRI to include the conditions “condA’,
“condB' and “condC'. These also need to be entered in the exact same order! It might not throw an error but
will lead to poor performance of the model.

Subsampling classes

PRoNTo now allows to subsample classes to match the number of samples in the smallest class (or as close
as possible) while taking into account the strati ed structure of the data (e.g. blocks of scans in fMRI) as well
as potential pooling of multiple conditions (i.e. it will subsample equally from all pooled conditions). Related
to this option, a new module has been implemented: “Specify from'. This module (batch and GUI) allows to
choose a model that has been previously speci ed as a "basis' for a new model. Some elds of this "basis' model
will be copied into the new model, including class or regression sample selection and outer cross-validation.
This ensures that, when performing subsampling, the exact same samples are considered in the “basis' model
and in the new model to ease performance comparison.

Important note:  Subsampling uses the standard random number generator implementations dflatlab
Di erent issues have been reported about the generation of di erent random sequences across di erent Oper-
ating Systems, or even di erent versions of the same Operating Systems due to various reasons, which could
a ect your results and their reproducibility. If total reproducibility is a must, the user is advised to set their
own random number generator. This can be done by modifying the scripprt_model:m in line #338 where the
standard random number generator is set.

Machines

Kernel machines:  PRoNTo interfaces LIBSVM. However, only the SVM algorithm was used so far.
PRoNTo now interfaces LIBLINEAR as well and uses more algorithms from both libraries. In addition,
the “custom' machine can now be optimized given hyper-parameters. PRoNTo also allows the optimization
of more than one parameter (entered as a cell array of values that is then transformed into a grid).

Non-kernel machines:  The non-kernel route has also been enabled, i.e. the "Use kernel' radio button
can be ticked o to use primal formulations instead of kernel machines. This is intended for samples with
a low number of features. Please note that using these algorithms on typical neuroimaging datasets (i.e.
# features >> # samples), will likely lead to time-consuming estimations and poor performance.

Regression targets

Per subject: Multiple regression targets can be speci ed at the Data & Design level. When choosing
which samples to use for the regression model, the user can also specify which target to use. This avoids
the need for multiple PRT les when multiple regression targets might be of interest.

Per trial: Regression targets can be input along the conditions of an experimental design to perform
within-subject regression.

Cross-validation
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A "Leave-One-Block-per-Class-Out' cross-validation scheme was added with its k-folds counterpart to allow
balanced train and test sets when performing within subject cross-validation.

Other important changes

Model performance estimation: Model performance was computed based on the concatenation of
predictions across folds. This way to estimate model performance can however lead to over-optimistic
model performance estimations and further re ects a model that was not estimated (instead, we estimated
multiple models). We have hence modi ed the code to compute the average of performance across folds.
This is also re ected in the "Display results' window where some plots have been replaced at the model
level (e.g. replacing the overall confusion matrix by a “balanced accuracy distribution' across folds in the
plot). In general, the results will re ect more the average but also the deviation of the results across folds.
We encourage the users to report both values. Furthermore, there has also been a change in the way we
compute the normalized MSE. Until PRoNTo v2.1, the MSE was normalized by dividing it with the range

of values (max(targets) min (targets)). The main disadvantage of this was that in the case of spurious
outliers, the results were not representative of how good the model t the data. So from PRoNTo v3.0
the MSE is normalized by dividing the MSE with the variance of the target values.

Gaussian Process Regression:  Until PRoNTo v2.1, the covariance matrix used wask(x; z) = ( x° z)=t2
with t2 being the optimizable hyperparameter controlling the scaling of the latent function. After some
empirical results showing that this covariance matrix was overparameterized, from PRoNTo v3.0 we change
the covariance matrix to k(x;z) = (x° z), which has no hyperparameters.

Hyper-parameter optimization: This change only applies when multiple values of the hyper-parameter
lead to the same maximum value of model performance. In previous versions, PRoNTo was choosing the
median value. In v3.0, PRoNTo identi es the largest stable region (if the “Image Processing' toolbox from
Matlab is present) and chooses the center of gravity of this region in the hyper-parameter grid as the
best hyper-parameter. This change should have limited impact on the results.

Increased exibility: Many checks and errors have been simpli ed or discarded to allow more exible
analyses. It however comes with the downside that it is easier to make mistakes in the analysis. Please
make sure you double-check every step and regularly load the PRT to verify the input information.

MATLAB important changes

We noticed a change betweeMatlab versions R2017b and R2018a in théMatlab norm function which is
used by PRoNTo when normalizing samples. And hence, users should be aware that when normalizing samples,
results might vary between Matlab  versions up to R2017b and from version R2018a and onwards.

1.4.2 \Version 2.1

This version of the toolbox is released mainly to provide a bug- xed version of v2.0. One new functionality is
added: removing confounds. A detailed description of this procedure can be found dtttp://www.cs.ucl.ac.
uk/fileadmin/UCL-CS/research/Research_Notes/RN_17 09 ARJMM.pdf .

Below is a list of selected bug xes that might a ect your use of the software or previously obtained results:

HRF delay and overlap : In the Data&Desigh module users can de ne parameters to approximate the
HRF shape (namely HRF delay and overlap). In earlier versions, the values could only be entered once
and applied to all modalities. This has now been xed to allow di erent values for di erent modalities, in
the batch and in the GUI.

Freeze the Review Data window : In relation to the HRF delay and overlap bug x, the Review data
is now “on wait' until closed. This means that no operation (in PRoNTo or in Matlab ) can be done until
the window is closed. This ensures that values input in the Data review GUI are passed to the main Data
and Design window.

ROC and AUC : There was a bug in how we computed the area under the curve (AUC) and plotted the
receiver operating characteristic (ROC) curve that we have now xed. This means that di erent AUC
values and ROC plots might be observed, if comparing previously obtained results in older versions and
in v2.1. We hence recommend re-computing AUC and re-plotting ROC if needed.
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k-fold CV : Before v2.1, when using k-fold cross validation (CV) and the number of samples was not
divisible by k, we re-allocated the remainder to the last fold by default. For example, a 4 fold CV with

43 samples would lead to 4 folds of size 10,10,10 and 13 respectively. In v2.1, the remainder is evenly
re-allocated to each fold, starting from the rst. The above example would then lead to folds of size 11,
11, 11 and 10. This change a ects all k-fold CV scheme and should then be taken into consideration if
comparing results from older versions with results from v2.1.

1.4.3 \Version 2.0
This version of the toolbox (2015) aims at providing multiple new functionalities, including:

Build one kernel per modality : When there are multiple modalities in the same dataset, it is now
possible to build one kernel per modality and use them in the same model later on. If this option is not
chosen, the selected modalities can still be concatenated as additional samples/examples or sessions (if
they have the same features) or used separately.

Build one kernel per region : It is also possible to specify an atlas, comprising regions of interest
(ROIs) as de ned by values in the atlas ranging from 1 tonumber of ROIs. For each anatomically de ned
ROI, a kernel will be built taking into account the multivariate pattern within the region. It is possible

to use this feature in combination with the previous one (e.g. one kernel per region and per modality, or
concatenate modalities as additional samples and build one kernel per region).

New machines : The list of available machines was extended, and now includes L1 Multi-Kernel Learning
(MKL, classi cation and regression). The latter corresponds to a hierarchical model de ned by weights
at two levels: the feature level and the kernel level (i.e. ROl and/or modality).

Flexible cross-validation : A GUI is provided to manually specify a custom cross-validation matrix. It
allows to either specify a basis (e.g. leave-one-subject-out), load a .mat or specify the number of folds.
Then the user can, for each fold, select which examples are part of the training set, test set, or won't be
used. The resulting matrix can be saved for further use.

Nested cross-validation for hyperparameter optimization It is now possible to optimize the
hyperparameter(s) of some machines (e.g. the soft-margin parameter, C, in SVM) using a nested cross-
validation (CV) framework. The number of folds in the nested cross-validation, used only to estimate
the value of the hyperparameter leading to the highest performance, does not need to be the same as the
“outer' cross-validation (i.e. the one estimating the nal model performance). For example, to decrease
computational expenses, the nested CV can be a 4-fold CV while the outer CV can be a leave-one-out.

Display results : The display of the results was divided into two modules (Display Results and Display
Weights). This allows to review the model performance in one window, with all the statistics. A new
graph displaying the e ect of the hyperparameter (if optimized) was also included.

Weights per ROI : For each model it is possible to build images representing the weights per feature
and also images summarising the weights per regions of interest as de ned by an atlas. If an MKL model
was built on ROIls, the contribution of each ROI (regional weight) is explicitly derived. On the other
hand, if a simple kernel model was selected (e.g. SVM on the whole brain), the weights per feature will
be averaged (in absolute value) within each region, as de ned by an atlas speci ed by the user. In both
cases, an additional image, with weights per ROI, is created and saved.

Display weights : The weights of each model can be displayed at the feature level in this window. If
weights per ROI were derived (either summarized or from an MKL on ROIs), weights per region can be
displayed as an image, as well as in a sorted list of regions. The same applies for MKL models on multiple
modalities. A histogram is also displayed representing the contribution/weight of each ROI/modality to
the model. The table can be exported as text for future use in publications/communications.

1.4.4 Version 1.1
In 2012, PRoNTo v1.1 was released mainly to provide bug xes for version v1.0. Two features were also added:

automatic compiling of the machines (in particular: no more issues with SVM, nor withMatlab  toolboxes
and paths).
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k-folds Cross-Validation (CV): specify the number of folds or set it to 1 for half-half CV (train on rst
half, test on second).

1.45 \Version 1.0

Launched in 2011, this version of PRoNTo allows to perform all the analysis steps, from Data & Design to
computing the weights for three classi cation machines (SVM, binary and multi-class GP) and two regression
machines (KRR, SVR).

1.5 How to cite

Please cite:

Schrou J, Rosa MJ, Rondina JM, Marquand AF, Chu C, Ashburner J, Phillips C, Richiardi J, Mourao-
Miranda J. PRoNTo: Pattern Recognition for Neuroimaging Toolbox. Neuroinformatics, 2013, 11(3),
319-337.

Schrou J, Mourao-Miranda J, Phillips C, & Parvizi J. Decoding intracranial EEG data with multiple
kernel learning method. Journal of neuroscience methods, 2016, 261, 19-28.

When using PRoNTo analyses in any type of publication. In addition, when using Multiple Kernel Learning to
combine signals from di erent Regions of Interest (ROIs) or modalities, one should also refer to the following
publication:

Schrou J, Monteiro, JM, Portugal L, Rosa MJ, Phillips C, Mourao-Miranda J. Embedding Anatomical or
Functional Knowledge in Whole-Brain Multiple Kernel Learning Models. Neuroinformatics, 2018, 16(1),
117-143.

And nally when using a posteriori weight summarization with atlas-de ned regions of interest one should also
refer to:

Schrou J, Cremers J, Garraux G, Baldassarre L, Mourao-Miranda J, Phillips C. Localizing and Com-
paring Weight Maps Generated from Linear Kernel Machine Learning Models. International Workshop
on Pattern Recognition in Neuroimaging (PRNI), 2013, 124-127, DOI: 10.1109/PRNI.2013.40.

1.6 PRoONTo History

The rst version of the “Pattern Recognition for Neuroimaging Toolbox', aka. PRoNTo, was developed in 2011
by an international team of researchers (the PRoNTo development group) led by Prof Janaina Mourao-Miranda
and supported by the European Union through the PASCAL Harvest programme (PASCAL?2).

The original development group included Janaina Mourao-Miranda, Christophe Phillips, Jessica Schrou ,
John Ashburner, Maria Joao Rosa, Jonas Richiardi, Andre Marquand, Jane Rondina and Carlton Chu. The mo-
tivation to develop PRoNTo stemmed from the unmet need of a exible pattern recognition analysis framework
that would accommodate di erent types of neuroimaging data, could address various research questions, and
be safely used by neuroimagers who are non-expert in machine learning. As the team included SPM developers
(John Ashburner and Christophe Phillips) PRoNTo took advantage of many of the SPM existing functions,
such as those for le handling and image display, as well as the batch system (Glauch V.).

Over the years, new contributors have joined the development group and PRoNTo was further extended to
include new functionalities, such as exible cross-validation frameworks, option to remove e ect of confounds,
and atlas based multiple kernel learning (PRoNTo versions 1.1, 2.0, 2.1). In particular, Jessica Schrou has
been a major contributor of PRoNTo from its inception till version 3.0. PRoNTo's latest version (PRoNTo
v3.0) now accepts multiple data formats and enables the building of multimodal predictive models. The latest
versions of PRoNTo have been supported by the Wellcome Trust.



1.7. MAIN CONTRIBUTORS 21

Currently, the PRoNTo project is led by Prof Janaina Mourao-Miranda and co-supervised by Prof Christophe
Phillips. Konstantinos Tsirlis supports the PRoNTo developments and is in charge of its management and
maintenance. Contributions (e.g. new features, debugging, manual, demonstration data) are mostly provided
by Prof Janaina Mourao-Miranda's group and collaborators but external contributions are welcome.

1.7 Main contributors

PRoNTo is developed by the Machine Learning & Neuroimaging Laboratory, Computer Science department,
University College London, UK (http://www.mlnl.cs.ucl.ac.uk ) and associated researchers.
The main contributors, in alphabetical order, are:

Dr. John Ashburner is a Professor of Imaging Science at the Wellcome Trust Centre for Neuroimaging at
the University College London Institute of Neurology. He is mainly interested in modelling brain anatomy
from MR scans, and more recently in applying pattern recognition methods to make predictions about
individual subjects. He is a co-developer of the SPM software (intra- and inter-subject registration,
tissue classi cation, visualization and image le formats), which is used internationally by thousands of
neuroimaging researchers. He has a Web of Science h-index of 98. He did not contribute any actual code
to PRoNTo, but he did attend many of the meetings;

Dr. Carlton Chu is a research scientist at Google DeepMind. Before joining DeepMind, he was a research
fellow in brain imaging at the National Institute of Mental Health (NIMH), NIH. He received the B.Eng.
degree (' class Honours) from Auckland University, in 2002 and the master of Biomedical Engineering
from University of New South Wales, in 2004. Carlton obtained a PhD in Neuroimaging method from
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2.1 Introduction

The rst step in a statistical analysis of neuroimaging data, whether it is in a pattern recognition or general
linear model (GLM) framework, usually entails providing to the analysis software all the information regarding
the data and experimental design. PRoNTo is no exception. After preprocessing the data (if required), the
analysis in PRoNTo starts with the "Data & Design' module. It is important to note that PRoNTo does not
perform any standard pre-processing steps (except detrending), and if they are not performed with another
software, the pattern recognition analysis might be a ected by misalignment and noise in the data.

PRONTo provides two types of interfaces for entering the data and design information, a PRoNTo-speci ¢
graphical user interface (GUI) and the matlabbatch system that is also currently used by SPM. These two
interfaces are also available for the other modules, as discussed in chapter 1.

The information that needs to be entered is almost exactly the same for both the GUI and batch (the small
di erences are explained later in this chapter, in the matlabbatch section) and, more importantly, the output
is exactly the same. Therefore it is up to the user to decide which system is best suited for his/her analyses.
For instance, the GUI can be used as a rst approach to the toolbox and by users not familiar with SPM, whilst
the batch can be used by more advanced or SPM users, who know how to take advantage of the batch system
to optimise their analyses.

27
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This chapter focuses speci cally on the "Data & Design' module. It presents the graphical user interface
(GUI) that is used to enter the various data and design information, how everything is organized and used
as well as what its main outputs are. It also mentions a few issues that need to be taken into consideration
when entering the information and how they a ect subsequent steps. Finally, the chapter nishes by mention-
ing the corresponding "Data & Design'matlabbatch module, and particular issues that do not apply to the GUI.

In the "Data & Design' module the user can enter the image/sample les, information related to experi-
mental conditions (TR, durations and onsets of events), as well as other parameters, covariates and regression
values. PRoNTo supports multi-modality datasets and therefore it allows the user to enter more than one data
modality, such NIfTl images (e.g. MRI, fMRI, PET), SPM MEEG objects and standard .mat les. This module
is therefore essential for the rest of the framework and stores all the information that is needed from the data to
be used by the rest of the software modules, such as feature set preparation, model speci cation and estimation.

To start with, the graphical user interface (GUI) to specify the data and design is presented in Figure 2.1.
This GUI can be launched by typing “prt' in the Matlab window and then clicking the rst button on the left,
named "Data & Design', in the "Main steps' panel.

Figure 2.1: Data and design graphical user interface. This interface allows the user to enter all the information
relative to the data, including the experimental design and masks. After introducing all the elds, PRoNTo
creates the PRT structure, which is saved in the speci ed directory, as ‘PRT.mat' le.

2.2 The PRT directory

The rst thing the user should specify is the directory in which to save the PRT structure. This can be done

by browsing existing directories (previously created by the user) from the top of the Data & Design interface
(Figure 2.1). It is recommended to have dierent directories for di erent datasets (note that a dataset can
include di erent modalities in case of multimodal analysis) because PRoNTo overwrites an existing PRT in
the selected directory. The later modules in PRoNTo will then add more elds to this structure with further
information, such as the models, features and kernels used in subsequent analyses. The le created is called
"PRT.mat'.
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2.3 Groups

The group panel allows one to add or remove a group of subjects. The minimum number of groups is one,
but there is no maximum number. When “Add' is clicked, the user should provide a name to the group. Any
alphanumeric string is su cient and there should be no spaces in the string (this applies to all names throughout
the toolbox). The name of the group can be later modi ed by right clicking on the name. When "Remove’
is clicked, all the information relative to this group (including all subjects and corresponding data) is deleted.
PRoNTo does not restore the deleted information and it can only be re-entered again by clicking "Add'.

2.4 Subjects/Samples

The following panel after "Groups' is “Subjects/Samples'. In neuroimaging datasets, it is common to have a few
subjects with a lot of images/samples per subject, such as the time-series in fMRI. However, the opposite is
also common: lots of subjects with one image per subject, such as those encountered in PET or MRI studies.
Therefore, for each group, PRoNTo provides two ways of entering the rest of the information, i.e. subjects,
modalities and design, which are referred to as the “select by subject' or “select by samples' option, respectively.
The former is chosen by clicking "Add' under the “Subjects/Samples' panel and lling in the elds for each
added subject at a time. The latter is done by clicking the tick box "Samples' under the "Subjects/Samples'
panel. The subjects panel is then de-activated and the user can enter the modalities and les straight away.
Both options are presented side by side in gure 2.2.

Select by subjects:  The "Subjects/Samples' panel allows the user to add/remove subjects. This panel works
exactly like the groups panel, but the subject name is automatically generated. This name can be later modi ed
by right clicking on it. For each subject one can then specify the modalities in the next panel.

Select by samples:  The “Select by samples' option allows the users to skip the subject step. To identify that
this option has been selected, PRoNTo writes "Samples' in the subjects panel, in the same way the subject names
were automaticaly generated when you are in the “Select by subjects' option. It is important to remember that
when the “samples' box is clicked all the information in the subjects panel is automatically deleted. Unselecting
the “samples' box also deletes all the information!

Figure 2.2: The "Subjects/Samples' panel under the “Select by subjects' and the "Select by samples' options.

2.5 Modalities/runs

The modalities panel works like the group and subjects panel, but allows one to add and remove modalities.
When a modality is added, a name needs to be provided (unless the modality has already been de ned for a
previous subject or through the masks menu, see below)t is important to note that a di erent modality

can be a di erent type of data, such as fMRI and PET, or a di erent session of the same type of
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data, e.g. dierent runs/sessions of the same fMRI experiment. This way the di erent sessions
can be integrated later into the same model and analysis.

From PRoNTo v3.0 your data can have more than one formats, so there is a new eld, called "Data format',
which o ers three input formats to choose from: NIfTI (as before), MEEG (electrophysiological data in the
SPM format) or .mat (any type of matrix).

Clicking "Add' to add a new modality, and depending on whether the “Samples' box was ticked or not, one
of the two windows of gure 2.3 will appear.

Figure 2.3: "Specify modality' window under the “Select by subjects’ (left) and the “Select by samples' (right)
options

The rst things the user has to de ne is the name of the modality and the format of the data. Next, inde-
pendent of the way the user entered the information (by subjects or samples) the “Files' option allows one to
choose which image les to use (Figure 2.4). This will open another window that shows all image les available
in each directory. These can be selected one by one or all at once, by using the mouse's right button on the
right panel of the window (or shift key).

From that point on, just like in the "Subjects/Samples’, the steps to enter the modality information become
slightly di erent if the "Samples' box is ticked or not.

2.5.1 Select by samples

Here the data is assumed to have been acquired without an experimental design (i.e. the data has no temporal
information and each subject has only one sample), and therefore the "No design' option is automatically se-
lected and cannot be changed, as shown in gure 2.3.

The empty eld below can be used to enter "Regression targets'. This option allows the users to introduce
a real number per subject to be used later for regression if that is the case. A le can also be selected, with all
regression target values stored in a variable called “rsubj' and of size #images n (where n is the number of
regression targets).

Finally, the user can introduce "Covariates', i.e. one or more variables that covary with the data (subjects)
but of no interest to the subsequent analyses. The covariates will be regressed out from the data if the operation
"Regress covariates' is selected in the "Specify Model' module. This option is functional from v2.1 of PRoNTo.
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Figure 2.4: This window is called when one clicks "Files' and is used to select the samples/images for each
subject/modality.

It requires the input of a matrix, with one row per image/subject and one column per covariate. This matrix
can either be entered as aMatlab command in the editable box, or as the full path to a .mat containing the
matrix (variable named "R"). This last option is recommended to input a matrix (i.e. more than one covariate).
The order of covariates in the rows should match the order the imaging les are selected. Please see below
(2.5.1) for important considerations on covariates.

If users want to modify covariates and/or targets, simply right-click on the modality name to amend. From
v2.1, we only display the entered value when reviewing single subjects while “Entered' is displayed to indicate
that values have been lled (Figure 2.5).

Figure 2.5: When modifying a previously speci ed modality/run, input covariates and regression targets will
appear as Entered'. Actual values are displayed when reviewing single subjects (i.e. after saving and reloading
the PRT).
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Covariates

The user can also input “covariates' or “‘confounds' in PRoNTo, i.e. one or more variables that covary with the
data (subjects) but are of no interest to the subsequent analyses. PRoNTo requires the input of a matrix, with
one row per image/subject and one column per covariate/confound. Before entering covariates in PRoNTo, we
recommend users to rstly check that their covariates do not correlate with the targets as this could lead to
biases (positive or negative) in the obtained results [16]. Furthermore, since the approach to remove confounds
in PRoNTo is based on a linear regression the covariate matrix can be seen as a design matrix and therefore
should respect the usual requirements of no-collinearity ([21]).

In addition, if users have categorical covariates, such as genders, scanner centres, handness et al., one
could use one-hot encoding for the covariates. One-hot encoding represents each value of a variable (for ex-
ample “centerl’, “center2) as a boolean "True/False' (i.e. 1/0) variable. In this case, a confound with 2
values is represented by 2 columns, a confound with 3 values by 3 columns and so on. This process en-
sures that all values of the categorical variable are treated with the same importance. When accounting
for categorical confounds we should be careful with the representations that imply order of values when
there is no relative other, for example representing “centerl' by 1 and “center2' by 2. In this last exam-
ple, we would assume that values in “center2' are twice as big as values in “centerl' although there is no
reason to encode an ordinal relationship between “centerl' and “center2'. Here is an example code to per-
form one-hot encoding for an illustration covariate variable “cov' for 12 samples/images and 4 possible values:

If multiple categorical variables need to be encoded, this process should be repeated and all obtained ma-
trices concatenated to obtain a #samples=images # variables matrix.

Important note on one-hot encoding: While one-hot encoding is a useful way of recoding categorical co-
variates, great care has to be put in order to avoid the dummy variable trap, which essentially is an accidental

perfect multi-collinearity when the system of equations formed by the regression ends up not have a unique
solution. For further information regarding this, the user is referred to [27], as well as various informal sources
(for example https://www.algosome.com/articles/dummy-variable-trap-regression.htmi

Important note on covariates: Regressing out covariates is still a matter of debate [16] and should be
considered with care. The procedure to remove confounds in PRoNTo is based on a linear regression and
wouldn't account for more complex relationships between confounds and variables of interest or between multiple
confounds (e.g. all older patients recorded at one site). Balanced and careful experimental designs should be
preferred.

2.5.2 Select by subjects

When entering the data by subjects, the modality window allows one to specify the experimental design (Figure
2.3). Here there are three options. The rst option is simply "No design’', which means that for this modality
there are no experimental conditions (this option is normally used when there is only one image per subject
e.g. structural MRI or beta images from GLM analysis). The last option is to load an SPM.mat with a
previously speci ed design. This option can be chosen if the user has created an SPM structure containing all
the experimental information using the SPM software. In this case, the user does not need to specify anything
else, only the les (samples/images) for this subject/modality. The design information is extracted directly from
the SPM structure and saved in PRT.mat. Finally, there is also “Specify design' option, which allows one to
introduce all the conditions (durations and onsets), TR and other parameters corresponding to the experimental
paradigm used for this subject and modality (this option is normally used with time series data, e.g. fMRI).
After the design of the rst subject has been specied, a new option will appear in the menu that allows to
"Replicate design of subject 1', for the same modality and group. This facilitates design speci cation for groups
of subjects with controlled (i.e. non-random) event onset and duration.
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Design: The design eld has di erent options according to the data format selected. This is because the
events should already be saved in the MEEG data (input: epoched signal). For NIfTI images, the options are
the same as v2.1. And for .mat, the options are the same as for NIfTI.

For NIfTI and .mat data formats , to create a new design one selects the option “Specify design' as ex-
plained in the previous paragraph (Figure 2.3). Then there are 2 options, to either specify the design manually
(using the option “Specify' in the "Conditions' eld), or to rst load a pre-de ned design from a .mat le (using
the option "From a .mat le' in the "Conditions' eld) and modify it according to your needs.

In case you select the “Specify' option, this will then open another window where you'll be prompted to
choose how many conditions you have. If you select to load a pre-de ned design from a .mat le then you will
be rst prompted to load this .mat le, where PRoNTo will load the rst variable of that .mat only. In that case
the main design window (described in the next paragraph) will be automatically lled with the events name,
onsets (in seconds) and duration (in seconds).

After choosing how many conditions you have or after selecting the .mat le with the pre-de ned design,
another window will open (Figure 2.6), where in this window one can then write (or modify) the names, onsets,
and durations of each condition. From v3.0, for both neuroimaging and MEEG, there are 2 new columns where
regression targets and covariates can be entered per trial in each category. These need to have same number of
elements as the number of trial onsets.

The units in which this information is read is speci ed below. There are two options “Scans' or “Seconds'.
If the unit "Scans' is selected, it is good to bear in mind that PRoNTo follows the convention, adopted in SPM,
that the rst scan is scan 0. In the durations eld, one can introduce as many values as the number of onsets
or just simply one value, which assumes the events all have the same duration. In this window there is also the
option of introducing the Interscan Interval (TR), which corresponds to the intersample time (i.e. 1/sampling
rate) and is always read in seconds.

One issue to have in mind when specifying the design is the following: if there are more samples than
experimental events, these extra samples will not be used in later analyses. They are not deleted and the
corresponding indexes can be found in the PRT structure:
PRT.group(g).subject(s).modality(m).design.conds(c).discardedscans.

For MEEG data formats , there is only one available option in the "Design’ eld, and that is the "Events in
le' option. Clicking this option will automatically load the design and lead you to the “Specify design window.
From that point on you proceed the same way you would for NIfTI and .mat data.

Modify design: The user can later modify a design by loading a PRT.mat in the Data & Design window.
Please note that if feature sets or models have been previously computed, they will be discarded if changes are
performed to the dataset. If the user wants to keep those, he/she should change the directory before saving any
modi cation to the design.

After loading a previously saved PRT, any change can be performed: subjects, groups or les can be added or
removed. If the design needs to be modi ed, a right-click (ctrl+left-click in Mac) on the name of the concerned
modality proposes to re-open the modality de nition window. To review or modify the onsets/durations/block-
s/regression targets/covariates, the user can access their de nition via the “specify design option'. Similar
right-clicks (ctrl+left-click in Mac) allow renaming groups or subjects.

All that is needed for each group, subject and modality has been speci ed and can now be viewed on the
main window (Figure 2.7) under each panel. The last panel shows which les have been entered for each
modality and can be modi ed directly (click Modify). When Modify is clicked and no les are then selected all
the previous les are deleted! Figure 2.7 shows how the Data & Design interface should look like once all the
elds have been speci ed (using select by subject). The design and les for each modality can also be modi ed
by right clicking on the modality name in the modality panel. This option can be useful to visualise the design
(onsets and durations) that has been previously entered and change it if necessary. For instance, one can check
the design of the rst subject and if changes are needed these can then be replicated for all other subjects as
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Figure 2.6: Data & Design graphical user interface. The “specify conditions' window is available from the
modality interface when the user chooses to enter the data by subjects and clicks “specify design'. This window
is used to enter the conditions (hames, onsets and durations) as well as the units of design, TR and covariates.

explained above.

Figure 2.7: Data & Design graphical user interface. After lling in all the elds using the select by subject
option (the select by samples case is very similar) the Data & Design interface should look like this example
gure.
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2.6 Masks

This popdown menu on the bottom of the main Data & Design window is where the user enters a binary image
mask for each modality. This applies only to NIfTI data formats, since for .mat and MEEG data formats we
assume that the data have already been pre-processed to contain only the relevant features (and therefore there
is no need for a mask), as this can be easily performed during pre-processing. Hence the masks are set to "'none
for MEEG and .mat types. It is also vital that you ensure that your data (.mat or MEEG) do not contain NaNs.

Regarding the NIfTI data, this mask can be previously created by the user or simply chosen from a list of
default masks available in the masks directory of PRoNTo. Every modality based on NIfTI data has to have
a mask, which can be the same for all modalities. This is a rst-level mask and is used simply to optimise the
prepare feature set step by discarding all uninteresting features, such as voxels outside the brain (for the case
of MRI data) or features in general.

Later in the analysis one can choose another mask (second-level mask) that is more relevant to the scienti c
guestion and that can, for example, restrict the analysis to certain areas of the brain. To specify the mask one
needs only to select the modality and then enter an image le. If the modalities have not yet been created, then
one can create the modalities here, which will then appear in the modality panel.

Important note : If the rst-level mask overlaps with voxels that do not have values in the speci ed images
(i.,e. NaN), those areas will still be taken into account for further analysis and the NaNs will be replaced by
zeros. This might a ect the results if those areas are not the same across images (typically, performance will be
lower). We therefore advise the user to check the overlap between the rst-level mask and his/her data. This
issue would typically arise when using beta images estimated from a SPM GLM analysis. We provide a script
to update the mask automatically by removing voxels that contain NaN values from the mask. (see 1, Inputs
and preprocessing).

2.7 Review data and design

The "Data & Design' module also allows the user to review the information that has been entered (through the
GUI, batch or manually). The main aim of the "Review' function is to check if the data and design has been
correctly speci ed. It can also be used to inspect if the design is appropriate for subsequent analysis.

This is done by clicking the "Review' button in the main "Data & Design' window, and as we mentioned,
allows the user to review the Data & Design for each modality (Figure 2.8). On the top right is the information
relative to the number of groups and modalities that have been entered. The plot on the left displays the number
of subjects per group. It is particularly important to check if the design is too imbalanced in terms of subjects.
Then on the bottom right panel is the design information for each modality (if the selected modalities have an
experimental design). Here, the user can view the number of conditions and can also edit the parameters that
control the HRF delay and overlap (as explained above). The user can change the default value of 0 seconds
and the e ect is immediately seen on the number of samples plotted on the left (number of selected samples and
number of discarded samples for each condition). The higher the value of the HRF peak and overlap, the higher
the number of discarded samples. One can also read on the maMatlab window information regarding which
group/subjects have had some samples discarded. The information below the HRF parameters corresponds
to the interval between successive samples before and after the HRF delay/overlap correction. These values
also change according to the changes entered in the boxes above. For further information regarding the HRF
correction the user is referred to the following subsection (2.7.1).

To modify the HRF parameters (delay or overlap), there is no need to load the PRT in Data & Design.
Loading it within the Data Review allows the user to keep all previously computed feature sets and models.
However, if the HRF parameters are changed, feature sets have to be computed again since they do not corre-
spond to the modi ed design. Changing the desired parameter (e.g. replacing "0' by "6') and hitting the “return’
key updates the PRT directly in terms of samples selected for modelling.

Please note that the review window is frozen, waiting for users' inputs. Hence other modules won't continue
until this window is closed. This means that users who prefer to use the Batch to execute multiple modules
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together and choose Review in Data&Design need to close this window rst to let the following modules run.

Furthermore, if you have previously computed feature sets and models, you have to recompute them because
they do not correspond to the data anymore (changing the HRF delay and overlap parameters changes the data).
The information regarding which samples have been removed or not from the analysis can be found in the PRT
structure:

PRT.group(g).subject(s).modality(m).design.conds(c).hrfdiscardedscans

Figure 2.8: Data & Design graphical user interface - "Review' window. This window allows the user to check
the data and design, including the number of subjects per group. It also allows the user to change the HRF
delay and overlap parameters that control the number of discarded samples (appropriate only for modalities
such as fMRI). When there is no experimental design only the top plot and information is shown.

2.7.1 HRF correction

When using raw fMRI data in PRoNTo, there is a very important issue that needs to be carefully addressed
when specifying the data and design. As is well known, the hemodynamic response function (HRF) is a delayed
and smoothed version of the underlying neuronal response to an experimental event (Figure 2.9). This means
that, depending on the TR, the e ect of the HRF can be felt over multiple samples, and therefore the acquired
samples are not independent and might contain information from both past and present events. This can con-
found subsequent analyses and needs to be accounted for. For instance, in SPM, the stimulus time-series are
convolved with a canonical HRF. Although convenient in the GLM framework, the convolution approach is not
appropriate in the pattern recognition context. Therefore, the solution used in PRoNTo is to discard all samples
that might have overlapping information from more than one event. This is done as follows: PRoNTo allows
the user to input a delay (time it takes for the hemodynamic response to peak after the stimulus) and overlap
(width of the response) parameters that determine the shape of the HRF. As can be seen in Figure 2.9, the
delay means that the samples corresponding to a given condition are actually shifted in time, and the overlap
means that the number of non-overlapping samples, for which the signal corresponds only to a given event or
experimental condition, is smaller than the total number of acquired samples for each condition. Given the
delay, PRoNTo shifts the onsets of each condition to account for the speci ed delay. It then uses the overlap to
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determine which consecutive samples contain information from only one condition (i.e. the response does not
overlap with the response from the previous condition) and discards the ones for which there is overlap (as shown
in Figure 2.9, bottom right). The discarded samples are not actually deleted but are not used in further analyses.

When using the GUI, the default value for the HRF parameters is 0 seconds and can only be changed in
the "Review' window (as shown below). Therefore, for fMRI, the user should review the data and design and
change these parameters to a more appropriate value (e.g. 6 seconds each). In tmatlabbatch , the default
value for these parameters is also 0 seconds but can be changed directly within the batch (no need to open
Review window). Again, for fMRI raw signal, these values should be changed (e.g. to 6 seconds).

Importantly, if one wants to avoid discarding samples and having to correct for the shape of the HRF,
as explained in the above paragraph, one should use as input the beta (coe cients) images obtained by rst
running a GLM analysis on the original data. The GLM analysis accounts for the HRF delay and overlap using
the convolution approach. This is normally the best approach in case of rapid event-related design experiments,
in which there can be a lot of overlap, i.e. the number of discarded samples can be very high.

Figure 2.9: HRF correction. On the left is the standard HRF response. On the right is the e ect of the delay
and overlap on the number of independent samples (C1, C2 and C3 correspond to three di erent experimental
conditions and the blue boxes correspond to various samples acquired during each condition). In fMRI datasets,
the nature of the HRF (i.e. being a delayed and dispersed version of the neuronal response to an experimental
event) might lead to less independent samples/events than the ones originally acquired. In PRoNTo, this issue
is accounted for by discarding overlapping samples.

2.8 Load, Save and Quit

The “Save' button allows the user to create thePRT.mat le with the PRT structure containing all the information
that has been speci ed here (Figure 2.7). Incomplete information cannot be saved. At least one group should
have all the required elds so that PRT.matcan be created. "Load' allows the user to load the data and design
information from a previously saved PRT.mat. The user can then edit the elds and update PRT by clicking
again the “Save' button. It's very important to click "Save' because all the other steps in the analysis rely on
the PRT structure. Without this structure one cannot proceed. However, when the PRT.matcontains elds
that have been added by the "Prepare feature set' or other modules, if the Save button is clicked, these elds
will be deleted. The option "Quit' allows the user to leave the interface without saving the information. This is
also the case when the user closes the window without rst using the Save button.

2.9 Data & Design output

The output of the "Data & Design' module, as discussed previously, is the PRT structure. This structure
contains sub elds with all the information that is needed from the data for the subsequent analysis steps and
is saved in a "PRT.mat' le. For advanced users the elds of this structure can be edited directly and saved,
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therefore bypassing the need to use the GUI omatlabbatch to create the PRT. However, this structure is the
core of PRoNTo and should be carefully created because it a ects everything else.

2.10 Batch interface

The "Data & Design' module in the matlabbatch is called either by rst typing “prt' and clicking the “Batch'
button or by typing “prt _batch'. The user can then nd on top of the batch a PRoNTo menu and under this
menu the rst module corresponds to the Data & Design module.

The options presented in the "Data & Design' GUI, mentioned above, are all available in thematlabbatch
interface (Figure 2.10). However, there are a few things in the batch that di er from the GUI. One issue to
note here is that, when using the batch one needs to be very careful with the names of the modalities speci ed
for each subject (or using select by samples) and speci ed for each mask. The number of modalities should be
exactly the same for each group and subject and the names should be consistent between groups/subjects and
correspond to the names of the modalities under the masks eld. In the GUI the names are made automatically
consistent. The names of the conditions should also be the same across subjects and will be later used to de ne
classes in the “Specify model' batch module.

Another di erence is the HRF delay and overlap correction values. In the batch, the user can directly alter
these values (instead of having to use the "Review' window) but the default is 0 seconds and should be changed
(e.g. to 6 seconds) for modalities that depend on the HRF, such as fMRI. In earlier versions, HRF delay and
overlap values couldn't be changed separately for each modality. From v2.1, we have corrected this.

As mentioned in the Introduction, the batch job can be saved as a .mat, and loaded again whenever needed,
or as a .m that can be edited using theMatlab editor. This is a powerful tool that can make the speci cation
of the data and design a lot easier and quicker, for example by editing and scripting existing batch les (for
further information see the matlabbatch chapter below).

All changes in v3.0 in the GUI, have been added to the batch. When choosing a modality, the “Data format'
eld now allows you to choose between "nifti', 'MEEG' or ".mat', whether the user speci ed the design by scans
or by subjects. As the batch is not "dynamic’, the di erent design options specify for which data format they
are available. The help of each eld was also revised.

Regression targets and covariates per trial: The option to enter regression targets and covariates per
trial were also added in the batch (Figure 2.11).

For the specify design, it has been added within the conditions.

For the SPM loading and the loading of the events in the MEEG, a new eld has been added, where you
specify the condition name, and the regression targets and covariates for that condition.

For loading of a multiple condition le, there is no explicit eld because PRoNTo will automatically look
for the corresponding variables “rttrial' and "R', as cell arrays per condition.

Multiple regression targets per subject: Specifying regression targets, when loading by “scans' (i.e. one
image per subject per group) has been amended to allow the user to specify multiple regression targets. The
multiple regression targets, together with their values, are included in each subject's structure, inside a sub-
structure named rt _subj. This structure has as many columns as the regression targets.

rt_subj: [1 X n]

{ .name: target name, default “Tar 1'.
{ .tar: target values.

Besides the appropriate modi cations to the code, we also added the script pridata_targets to allow users to
specify targets by hand or from le, as well as review via a table.



2.11. PRT STRUCTURE 39

Figure 2.10: Data & Design module inmatlabbatch . The matlabbatch contains two extra options relative to
the Data & Design interface. These options allow one to specify the delay and overlap of the HRF response (in
the GUI it can only be changed in the "Review' window) separately for di erent modalities, and which are then
used to determine the number of discarded samples.

Masks and modalities: Regarding the masks, the user needs to specify a ‘'mask' for each modality, as
before. However they need to choose a le only for the “nifti' input modalities. The need to specify masks for all
modalities is due to a coding requirement as the number of masks serves as a check for all the modalities that
are de ned (i.e. checking if number of modalities is the same across subjects and so on). For MEEG or .mat,
the type of modality is displayed but not further action is required. In the code, checks make sure that the
right type of design is selected for MEEG ('Events in MEEG le') or for .mat (‘no design’). This can easily be
modi ed when extending the “.mat' option to “new_design' later on. There is also a restriction that the number

of les for either a MEEG or .mat modality should be 1 (everything should be contained in this specied le,

for each subject and modality). Di erent runs of EEG/MEG experiments can be entered as di erent modalities
and later concatenated in “trials' at the feature set stage.

2.11 PRT structure

2.11.1 Introduction

As already mentioned, the "PRT.mat' is a le that contains a Matlab structure called "PRT'. The 'PRT.mat'
(and the "PRT" structure within it) is the core le (and structure) of PRoNTo associated with your analysis.
This is a fairly deep structure containing a range of sub elds which are created and modi ed across di erent
steps, and which include all information about the data, experimental design, feature sets, models and kernels
used in subsequent analyses done with PRoNTo, as well as the results. This structure and its elds can also
be edited and saved directly from the Matlab  workspace, therefore bypassing the need to use the GUI or
matlabbatch .

The 5 main elds of the "PRT" structure are the following:

PRT.group: This eld contains all the main information regarding the di erent groups and subjects



40 CHAPTER 2. DATA & DESIGN

Figure 2.11: "Data & Design' matlabbatch module.

included in them, together with their di erent modalities, regression targets and covariates.
PRT.masks: This eld contains the masks for the di erent modalities.

PRT.fs & PRT.fas: These elds contain the di erent feature sets with all their supplementary infor-
mation, such as the ID matrices to link the data to the design matrix or the rst-level atlases, as well as
the corresponding le array structure.

PRT.model:  This eld contains the dierent models created, with all their parameters, the cross-
validation schemes and the operations, as well as the output/results when you run these models.

Throughout Part | and Part Il you can nd both dedicated subsections as well as mentions of the "PRT'
structure and its sub elds that serve to familiarize the reader with it and give an idea of the sub elds created
in each step of the process. Finally, Chapter 23 describes a way of creating and visualizing a full-breakdown of
the "PRT" structure.

2.11.2 Changes

In this subsection, as well as in the same subsection in the chapters that follow, we will point out the changes
in the "PRT" structure from PRoNTo v2.1 to the current version, PRoNTo v3.0.

From v3.0, PRoNTo accepts 2 new data formats, SPM MEEG le formats, and .mat le formats. Therefore
in the modality eld, a “type' sub eld was added, to account for the modality type. The same eld was added
to the "PRT.masks' as well.
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3.1 Introduction

One of the main inputs of a machine learning algorithm consists in @Nsamples  Nfeatures data matrix, contain-

ing the feature values for each sample. This matrix can either be input directly into the machine or be used to
compute a “similarity matrix’, or kernel, of size Nsamples  Nsamples , Which is then input into the classi cation/re-
gression algorithm [see \kernel trick" [12, 1]]. PRoNTo computes a linear kernel (i.e. dot product) between the
samples. The "Prepare Feature Set' step computes both the features and linear kernel matrices from one or more
modalities, as de ned in the previously described "Data & Design' module (see chapter 2). It allows detrending
the features in the case of time series (such as fMRI) and scaling each image by a constant factor (input by
the user) in the case of quantitative modalities (such as PET). Masks can be speci ed to select a subset of fea-
tures for later modeling (e.g. Regions of Interest for MRI or fMRI data or electrodes/channes for M/EEG data).

Multiple runs entered as di erent modalities (e.g. modality 1 is "fMRI _runl', modality 2 is "fMRI _run2',...)
can be concatenated as samples during this step. In this case, the images from di erent runs should have the
same number of features. In addition, from v2.0 one is allowed to build multiple kernels, either from multiple
modalities, or based on di erent anatomically labelled regions as de ned by an atlas. In case of multiple modal-
ities, it is required that the selected modalities have the same number of samples.

In ProNTo versions 2.X, modalities could be combined in 2 ways at this stage: either concatenated as sam-
ples (e.g. multiple runs of a same experiment), or combined as additional features by computing one kernel per
modality and storing them together. This had the limitation that combined modalities (in either way) had to
have the exact same number of features. From v3.0 we have decoupled those operations for more exibility. At
the feature set stage, di erent modalities can only be concatenated as samples. In this case they still need to
have the exact same number of features.

41
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3.2 Feature extraction and pre-processing

In order to combine di erent types of modalities (or data) as di erent types of features in the predicted models
from PRoNTo v3.0 it is necessary to build one feature set per modality. The di erent features sets can then be
combined later on the model speci cation step, either added/concatenated or using MKL.

In PRoNTo v3.0 the di erent data formats are handled in di erent ways: NIfTl images and .mat in a way
similar to versions 2.X, while MEEG is handled di erently through a new window. This means that now, you
have to rst load the "PRT.mat' in the "Prepare feature set' GUI in order for PRoNTo to track the di erent data
formats that exist in your PRT. So after clicking on the "Prepare Feature Set' button in the main interface, a
second window will appear rst, allowing the user to select a saved PRT.mat. If it has more than one di erent
data formats, gure 3.1 will appear prompting you to choose the feature set's data format that you want to
build. Feature sets are built for each speci c data format at a time. The buttons available on this interface will
re ect the data formats previously speci ed in the "Data & Design' module. If only one type is present, this
step is skipped and PRoNTo launches directly the main "Prepare feature set' window after the user has selected
a saved PRT.mat.

Figure 3.1: "Specify type of data' GUI

In case there are more than one data formatsjf the “nifti' option is selected to be included in the
feature set (further referred to as FS), the toolbox will extract information from the voxels/features contained
within the rst-level mask that was selected for that modality (mask speci ed at the 'Data & Design' step,
see chapter "Data & Design'). This is performed by extracting “blocks' of features, not to overload the RAM
(Random-Access Memory).

If the "MEEG' or the ".mat' options are selected , as mentioned in the previous chapters, the data
are assumed to have already been pre-processed to contain only the relevant features (and therefore there is no
need for a mask), as this can be easily performed during pre-processing.

In case of time-series data (e.g. fMRI), the user can specify detrending methods and parameters to apply to
the time course of each feature. Methods comprise a polynomial detrending (parameter: order of the polynomial)
or a Discrete Cosine Transform high-pass Iter (SPM, parameter: frequency cuto in seconds). An example of
a linear detrending (polynomial detrending of order 1) is shown in Fig. 3.2.

After you do that, the main "Prepare feature set' window will appear (Figure 3.3), where you will be prompted
to specify the name of the FS and to de ne the number of modalities which should be included in the FS.

Note: If you have been using PRoNTo versions 2.X you will notice that the checkbox that used to be available
and allowed to build one kernel per modality (if multiple modalities were present/had been selected in the FS)
is not available anymore since from PRoNTo v3.0 di erent modalities can be combined at the model level.

To de ne the number of modalities to include, the user should click in the appropriate edit box, type the
number and then “enter'. This will launch a third window (Figure 3.4 for NIfTI and .mat, or Figure 3.5 for
MEEG), allowing the speci cation of the di erent options and parameters for each modality. When the dataset
contains only one modality, this window is launched directly and (Figure 3.3) is lled automatically and only
expect the feature set name. The two windows are further explained in the sections that follow.

So for each modality, the features are then written in a le array (with a ".dat' extension) on the hard
drive (in the same directory as the dataset). Please note that in the case of large datasets, this operation may
require many Gb of free space on the hard drive and long computational times. Therefore, if the rst condition
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Figure 3.2: Example of detrending: the original signal over time of one feature (in blue) was approximated by
a polynomial of order 1 (red line), which was then substracted from the original signal to give the detrended
signal (in green).

Figure 3.3: "Prepare feature set' GUI

can't be ful lled, we recommend the use of external drives for the whole analysis. Regarding the computational
expenses, we tried to minimize their e ect by extracting/computing the features only once per modality: when

preparing other feature sets using the same modality and detrending parameters, the built le array will be

accessed for the next steps.

Be careful that using the same modality but di erent detrending (for NIfTI) or averaging (for MEEG)
methods and/or parameters will force the re-computation of the le array for the considered modality. In the
same way, changing the dataset PRT.ma) from directory might lead to the re-computation of the feature sets
if the le arrays were not moved accordingly.

3.3 Prepare feature set

After de ning the name of the FS and also, in case of multiple data formats, the number of modalities to include,
the “Specify modality' window is launched to allow the user to specify the di erent options and parameters for
each modality.
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3.3.1 NIfTI and .mat data

For NIfTI and .mat data formats, the window looks like gure 3.4.

Figure 3.4: “Specify modality’ GUI for NIfTl and .mat data.

In this window the user has to rst choose which modality to include based on its name ( rst pull-down

menu) and which conditions to use to build the kernel. In “all scans' the kernel matrix will be computed between
all scans within the time series of all subjects and in “all conds' the kernel matrix is computed only between the
scans corresponding to the speci ed conditions of interest (see "Data & Design'). By default, the toolbox will
use all scans to compute the kernel. With large datasets however, computational expenses can be reduced by
selecting the last option. All other options are facultative.

Parameters

The rst panel refers to operations to perform on the features:

Detrend: By default, the parameter is set to "No detrending’. However, we recommend to perform
a detrending in the case of time series data such as fMRI (and only in that case). When selecting
polynomial, the “order' parameter will appear, with a default value of 1. Changing this value will increase
the order of the polynomial used to t the data. If "Discrete Cosine Transform' is selected, the editable
parameter corresponds to the cuto frequency (in seconds) of the high-pass Iter. Please note that, when
including more than one run (‘modality’) into a feature set, nothing will prevent the user from using
di erent detrending methods/parameters. We however highly recommend to use a consistent detrending
in the same FS.Note: Since .mat les are assumed to have been pre-processed prior to using them with
PRoNTo, detrending is mainly required only for fMRI data.

Scaling: Allows the speci cation of constant values to scale each scan. 'no scaling' is the default option.
However, when dealing with quantitative modalities such as PET, the user should provide a .mat le
containing a variable vector called “scaling' of the same size as the number of scans in that modality.

As previously mentioned, the detrending is performed before the features are saved in the le array, while

the scaling is performed only when building the kernel.
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Features

The second panel allows to select a subset of the saved features to build the kernel. Since the data in a .mat
le are assumed to have already been pre-processed to contain only the relevant features (and hence there is no
need for a mask), this panel is mainly useful for NIfTI data. Two options are available:

Additional (2nd level) mask for selected modality: This option allows the speci cation of a “second-
level' mask, which would for example de ne Regions of Interest (ROIs) on which the classi cation/regres-
sion can be performed. In this case, the features used to compute the kernel (and only the kernel) would
be the ones contained in both the rst and second-level masks. Therefore, using one rst-level mask and
two second-level masks would create two kernels but only one le array. The user has to type the full name
(with path) of the mask or browse to select the mask image. When left empty or untouched, features are
selected from the rst-level mask speci ed in the "Data & Design' step. Otherwise, features within both
the rst and second-level masks will be selected to build the kernel.

Build one kernel per region: Starting from v2.0, PRoNTo allows to build one kernel per region
as de ned by an anatomically de ned atlas, specied by the user. One atlas (Anatomical Automatic
Labelling, AAL) is provided in your PRoNTo folder/atlas. Atlases can be generated easily through SPM,
or manually by the user. There are no constraints on how regions are built, as long as all the voxels
within each region have a speci c integer value. The toolbox will identify the di erent regions based on
the values in the voxels. Each region will then act as a second-level mask and one kernel will be built for
each region. The kernels are all saved together and will then all be used at the modelling stage.

These options are performed at the kernel level only. This means that any change in one of these options
would lead to the computation of a new kernel but not to the (re)computation of the le arrays. The use of
di erent second-level masks or scaling parameters can therefore be easily envisaged.

From PRoONTo v2.0 one is allowed to build multiple kernels. These kernels can be derived from multiple
modalities or from multiple regions of interest as de ned by an atlas within each modality. These two options are
not mutually exclusive and it is also possible to build multiple kernels within each modality and then combine
those modalities as multiple kernels. The number of kernels would hence becomember of modalities number
of regions In the same way, it is possible to concatenate multiple runs of an experiment while building one
kernel per region.

3.3.2 MEEG data

This part is probably the most di erent from all other new functionalities in PRoNTo v3.0 (Figure 3.5). It
re ects the di erent dimensions of the data that features can be extracted from. There are 3 main panels,
corresponding to the 3 types of features (Channels, Time Points and Frequencies) an MEEG le can have.

Channels

First of all, the user can play on the channels, selecting them all or only some, as well as average the signal over
the selected channels, or build one kernel per channel. More speci cally:

The list of channels is displayed on the left panel, as unselected. To add a channel to the feature set, click
on it. It will then appear on the right panel. Alternatively, you can select "All' channels or all "Good'
channels. On Windows OS, the “bad' channels appear in red in the list.

Average signal over channels:  this option will average the signal over all selected channels. This might
be useful to obtain an average trace across a speci ¢ region of interest.

One kernel per channel:  whether to build one kernel per channel (ticked) or not. This option corre-
sponds to building an atlas with each channel as a "ROI".

1The atlas corresponds to a mask, except that the value of the features in each de ned area correspond to a unique value, e.g.
for the case of fMRI data, all voxels in fusiform have the value 3, and all voxels in orbito-frontal have the value 50.
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Figure 3.5: "Specify modality' GUI for MEEG data.

Time points

Similarly, the user can select a subset of the whole time window by specifying which time points (milliseconds)
to extract features from. The signal can then be averaged over those time points, or the user could build one
kernel per time point or one kernel per time window of a speci ed amount of milliseconds). More speci cally:

Time window: The time window is displayed and can be modi ed to include speci ¢ time points. When
entering a value in milliseconds, PRoNTo will identify the closest corresponding time point.

Average signal over time points: The signal can be averaged across all selected time points.

One kernel per:  One kernel can also be built, either per time point or per sub-windows of XX milliseconds
(user-speci ed).

PRoNTo does not discard kernels when they have time points less than the user's speci ed time window,
so to avoid big imbalances in the feature numbers across kernels you should ensure you provide the right
window length. For example if you want to have 100ms subwindows between -100ms and 1100ms, the end
time point should be 1099ms (because of the time point at Oms). In this example, for balanced kernels,
please specify the end of your global time window (here 1100) as the end time point desired minus your
sampling interval in ms (here 1ms). So in that case the end of your global time window would be at
1099ms.

As a precautionary measure against a few time points ending up de ning a whole kernel, whenever the
de ned global time window is not properly divisible by the de ned time window, PRoNTo will automati-
cally append the extra time points to the last kernel, if these extra time points account for less than 30%
of the de ned time window, and will only create a new kernel to put the extra time points, if those are
more than 30%.

Frequencies

Finally, if the data set contain frequency information (i.e. multiple frequency bins), the user can select which
bins to analyze, average the signal within the band of interest or build on kernel per frequency bin. More
speci cally:
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Similar to time points, the range of frequency bins included in the data can be viewed and speci ¢ sub-
ranges selected.

Average signal in speci ed band: This is where the user can specify the frequency band to be averaged,
as speci ed above. This is useful to test multiple frequency bands without having to manually perform
the averages as a pre-processing step.

One kernel per frequency bin: This button will make PRoNTo build a kernel for each frequency bin.

Note 1. Features that are not present in the 1st le are greyed out and the corresponding panel cannot be
accessed (e.g. frequencies in the present case).

Note 2: It is not possible to average over one feature and select multiple kernels for that same feature (which
is logical). It is however perfectly acceptable to build multiple kernels on more than one feature (e.g. one kernel
per channel and per sub-time window of 50ms).

The PRT.matstructure saves all information linked to the le arrays in a fas eld (standing for "File Array
Structure"), which size corresponds to the number of selected modality in all feature sets. The selected options
and the link to the kernel (saved on the disk as a .mat) are stored in afs eld (standing for "Feature Set’),
which size corresponds to the number of feature sets de ned by the user.

Important note: ~ When working with Graphical User Interfaces (GUIs), some messages might appear iMat-
lab workspace. These can display information about the operations currently performed or explain why the
toolbox does not do as the user expected (e.g. when a le could not be loaded or if information was input in
a wrong format). Therefore we strongly encourage the user to have a look dflatlab prompt when using GUIs.

Finally, we want to remind the reader once more that in the main window, from PRoNTo v3.0 while it is
still possible to concatenate multiple modalities (i.e. runs) in samples, it is NOT possible to build one kernel
per modality anymore, as this functionality has been transferred to the model step.

3.4 Batch interface

The "Feature set / Kernel' matlabbatch module (Figure 3.6) allows the input/selection of all parameters and
options aforementioned. Just note that the batch is based on the names of the modalities and/or conditions.
Therefore, for the batch to work properly, names should be consistent across all steps, starting from data and
design to the model speci cation and running.

Important note:  De ning all important steps in one batch and running that batch will overwrite the PRT.mat
previously created and thus delete the links between théRT.matand the computed kernel(s) and feature set(s).
The le arrays would then be recomputed each time the batch is launched. For large datasets, we therefore
recommend splitting the batch in two parts: a data and design and prepare feature set part and a second
part comprising the model speci cation, run model and compute weights modules. This would indeed allow
changing, e.g. model parameters, without recomputing the feature sets and kernels.

3.5 PRT structure

The PRT structure has been a ected by these changes for thds and fas structures (MEEG example):

In PRT.fs.modality, the elds “aver' and “multkern' were added. They represent which features averaging
or multiple kernels were performed. This information is important for the construction of the weights later on.
The “dim_m' eld also keeps the indexes of which channels, frequency bins and time points were used. Again,
it is useful for the weights and the display of the weights (to obtain channel labels for example).

Regarding the le array structure, the hdr is the object of the rst le for the rst subject of the modality.
It allows to keep the channel labels, time points and frequency bins, as we would for image orientation or so.
“idfeat.img' is empty as it is not possible/useful to have a 1st level mask.
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Figure 3.6: matlabbatch GUI for feature set building.
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Model Speci cation and Estimation
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4.1 Introduction

In PRoNTo model speci cation is the core step of the pattern recognition analysis and entails setting up the
combination of the di erent components. For example, model specication is where you select which data
features to use as input (i.e. feature sets or kernels), what type of prediction to perform (e.g. classi cation
or regression), which machine learning algorithm to use (e.g. Support Vector Machines, Gaussian processes,
...), which cross-validation strategy to employ (e.g. ten-fold cross-validation, leave one run out, ...) and which
operations to apply to the data/kernel before the algorithm is trained/tested. The framework provided by
PRoNTo is highly exible and supports most types of supervised pattern recognition analysis typically performed

in neuroimaging. This chapter provides an overview of each of the components making up a model in PRoNTo.
The presentation will focus on the user interface although it is important to note that the batch system provides
several advanced options not available in the user interface (described further).

4.2 Model speci cation

To begin a model speci cation with the PRoNTo user interface, select ‘Model: Specify new' from the main
PRoNTo window. This will launch the model speci cation window (Figure 4.1). Next, select the PRT.matcon-
taining the data and design information as well as the feature sets and kernels. Note that at least one feature
set must be de ned in this structure before a model can be created. See chapter 3 for details on constructing
feature sets.

Enter a unique name to identify the model, which is used internally in PRoNTo, by the batch system and for
display purposes. It is a good idea to select a meaningful but short name (without spacesNote: the PRT.mat
data structure retains a permanent record of all models created but if a model with the speci ed name already
exists in the PRT.matdata structure, it will be automatically overwritten.

49
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Figure 4.1: Model speci cation GUI

4.3 Feature set

The drop-down list titled "Feature set' that existed in versions 2.X has now been changed to two lists, the
“Feature set' list which includes all the available features sets in that PRT, and the "Selected feature set' which
includes the selected feature sets for the particular model that the user wants to build. This change serves
the fact that from v3.0 it is now possible to combine feature sets at the modelling level. If a Multiple Kernel
Learning (MKL) method is selected, the kernels will be used in the MKL (even if they themselves contain
multiple kernels). If a single kernel method is chosen, the kernels will be added, which in case of linear kernels
corresponds to the features being concatenated. This feature has been added to both the batch and the GUI.
As before, the kernels should have the same number of samples (e.g. number of subjects or number of trials)
to be combined, but not necessarily the same number of features.

Select the appropriate feature set(s) from the drop-down list. If more than one run/session are available for
each subject, each run could be input as an independent modality in the data and design step and a single-
subject classi er might be speci ed using leave-one-run-out cross-validation.

As already mentioned in the rst chapter, PRoNTo interfaces LIBSVM. However, only the SVM algorithm
was used so far. In the current release PRoNTo now interfaces LIBLINEAR as well and uses more algorithms
from both libraries. In addition, the "custom' machine can now be optimized given hyper-parameters. PRoNTo
also allows the optimization of more than one parameter (entered as a cell array of values that is then trans-
formed into a grid).

The non-kernel route has also been enabled, i.e. the "Use kernel' radio button is now functional and can be
ticked o to machine learning algorithms that work directly with the features instead of kernel machines. This
is recommended for samples with a low number of features. Please note that using these algorithms on typical
neuroimaging datasets (i.e. # features>> # samples), will likely lead to time-consuming estimations and poor
performance.



4.4. MODEL TYPE / PATTERN RECOGNITION ALGORITHM 51

4.4 Model type / pattern recognition algorithm

In this part the model type should be chosen (i.e. classi cation or regression), in addition to the classes/samples
to be used and the speci ¢ machine learning algorithm. In the current release, three pattern classi cation algo-
rithms using kernels are supported, binary support vector machines, Gaussian processes (binary and multiclass)
and L1 Multi-Kernel Learning. There are also four pattern regression algorithms using kernels, Gaussian process
regression, kernel ridge regressidn relevance vector regression and L1 Multi-Kernel Learning). From PRoNTo
v3.0 there is also a new pattern regression algorithm, linear epsilon-insensitive SVM {SVM) regression. Fi-
nally from PRoNTo v3.0 there are also 5 available non-kernel pattern classi cation algorithms: Binary SVM
using L1- and L2- regularization, Multiclass SVM, as well as Logistic Regression using L1- and L2- regularization.

Note: Be aware that since from PRoNTo v3.0 the option for “building one kernel per modality' has been
removed from the feature step, and the option to combine kernels has been transfered to this step, for both
classi cation and regression models. The L1 Multi-Kernel Learning’ machine becomes available as an option
in the drop-down list, only if more than one feature set have been selected.

Note: If you select more than one feature set, but the selected classi cation/regression technique is a single
kernel method (e.g. SVM or KRR), the kernels will rst be summed before entering the classi cation/regression
modelling. This corresponds to concatenating the features before building the kernel. For regions of interest in
a single modality, the summed kernel is hence equivalent to a whole brain model. However, if the "Normalize
samples' operation is included this equivalence will not hold.

The PRONTo user interface provides a mechanism for exible de nition of which parts of the data or
experimental design should be used for each classi cation or regression model. Note that this will not necessarily
be the whole experiment; for example, in a complex fMRI experiment there may be several groups, each
containing multiple subjects, each in turn can have multiple experimental conditions (e.g. corresponding to
di erent subprocesses of a cognitive task). In such cases, it is usually desirable to ask several di erent questions
using the data, such as discriminating between groups for a given experimental condition ("between group
comparison'), discriminating between experimental conditions for a xed group (‘between-task comparison') or
training independent pattern recognition models for di erent subsets of subjects. All of these can be easily
de ned via the user interface by clicking the "De ne classes' button (for classi cation) or “Select subjects/scan'
(for regression).

4.4.1 Classication

The class selection panel is displayed in gure 4.2. First, de ne the number of classes, noting that some classi-
cation algorithms (e.g. support vector machines) are limited to binary classi cation, while other classi cation
algorithms (e.g. Gaussian processes) support more than two classes. Enter a name for each class - again, it is
a good idea to make these names informative but short. Notice that immediately after the number of classes
has been speci ed, the group-, subject- and condition selection panels are greyed out. To enable them, simply
select one of the classes from the drop-down menu.

For each class, select the subjects and conditions (if any) that collectively de ne that class. It is possible
to select multiple experimental conditions in the same class, but this complicates model interpretability and
potentially also model performance. If a condition or subject is erroneously selected, click on it in the “selected
subject(s)' or “selected condition(s)' panel and it will be removed from the list.

When specifying the classes, some of the restrictions we previously imposed were lifted. For example, it is
not needed that all the subjects have all the conditions. This is especially the case when the user wants to
pool multiple conditions together. The code will simply “skip' that condition for subjects who do not have it.

It is also now possible to subsample the classes through a new button "Subsample according to smallest class'
in gure 4.2, such that they match (as close as possible) the number of trials/examples in the class with the
lowest number of samples. If multiples classes are pooled together, this subsampling takes care to include as
many trials/samples from each of the pooled categories as they are represented in the pooling.

1Kernel ridge regression is equivalent to a maximum a posteriori approach to Gaussian process regression with xed prior
variance and no explicit noise term.
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The performance of classi cation models is evaluated based on measures such as total accuracy, class accu-
racies and positive predictive values (representing the sensitivity and speci city).

Figure 4.2: Subject / condition selection panel for classi cation models

4.4.2 Regression

Regression is a generic term for all methods attempting to t a model to observed data in order to quantify
the relationship between two groups of variables. Traditionally in neuroimaging massively univariate strategies
(e.g. GLM) have been largely used, where, for example, MRI data for each voxel are independently tted with
the same model. Statistics test are used to make inferences on the presence of an e ect at each voxel/feature
(e.g. t-test). Pattern regression, on the other hand, takes into account several input variables (voxels/features)
simultaneously, thus modelling the property of interest considering existing relations among the voxels/features.

Although most studies exploring predictive analyses in neuroimaging have been related to classi cation,
regression analysis has aroused interest in neuroscience community for its ability to decode continuous charac-
teristics from neuroimaging data. This approach has potential to be used when the examples (patterns) can
be associated to a range of real values. The objective is to predict a continuous value instead of predicting a
class to which the example belongs. These values usually refer to demographic, clinical or behavioural data (as
age, blood pressure or scores resulting from a test, for example). Di erent metrics can be used to compute the
agreement between the predicted values and the actual ones, such as Pearson's correlation coe cient (r) and
Mean Squared Error (MSE).

The speci cation of which subjects and scans to include in regression models is similar to that for classi ca-
tion, see Figure 4.3. In the current release, multiple regression targets can be speci ed at the "Data & Design'
level to perform between-subject regression, however only one regression target can be selected at the model
level as version 3.0 does not enable multi-output prediction. Moreover regression targets can be also input along
the conditions of an experimental design to perform within-subject regression.

The interface for selecting regression targets has also been modi ed to match that of the classes, as regression
targets can be entered within subject.
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Figure 4.3: Subject / condition selection panel for regression models

4.4.3 Hyper-parameter optimization

From PRoNTo v2.0, it is possible to optimize hyper-parameters of the machine learning models. For example,
the soft-margin (a.k.a. C) hyper-parameter in SVM can be optimized, using a nested cross-validation scheme.
In this case, there are two loops in the cross-validation scheme. The inner loop is used for parameter optimiza-
tion and the outer loop is used for assessing the model's performance. More speci cally, the data is divided
into training and testing sets according to the cross-validation scheme selected (outer loop). For each fold of
the outer loop, the training set is further divided into training and testing sets according to the cross-validation
scheme selected (inner/nested loop). The inner loop is used to train and test the model with each value of the
hyper-parameter speci ed by the user. The parameter leading to the highest performance in the inner/nested
loop (according to balanced accuracy for classi cation and Mean Squared Error for regression) is then used in
the outer loop. For each fold of the outer loop, the model is trained using the “optimal’ value of the hyper-
parameter and tested on the data that was left out (and which was not used for parameter optimization). This
nested CV procedure can lead to di erent values of the hyper-parameter to be selected in each fold. These are
stored in the outputs of the model and can be reviewed in the "Display Results' panel.

Optimizing the hyper-parameter might lead to improved results compared to xed values. This will usually
depend on the number of features in the data: for example, for whole brain models based on SVM classi ers,
with many more features than imagesi/trials, it is reasonable to assume that changing the hyper-parameter will
not a ect the model performance signi cantly due to the high dimensionality of the data with respect to the
number of examples. However, when using regions of interest (in a second-level mask or in a MKL model)
or .mat les, the ratio between the number of features and the number of examples might be much smaller.
In this case, di erent values of the hyper-parameter might lead to di erent performance and optimizing the
hyper-parameter is desirable.

Performing a nested cross-validation can be computationally expensive. For computational e ciency, PRoNTo
allows to specify di erent cross-validation schemes for the “outer' and the “nested' CV.

2For example, the outer CV could have more folds, to use as much data as possible in each fold for prediction, while the nested
CV would not need as many folds to select the “optimal' value of the hyper-parameter (e.g. k-folds CV).
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From PRoNTo v3.0, the optimization of more than one parameter (entered as a cell array of values that
is then transformed into a grid) is also allowed. For example, the soft-margin parameter can be optimized
for SVM and for MKL (classi cation and regression). In the same way, it is possible to optimize the ridge
parameter for KRR. If no value is provided, those parameters will take the values @1; 0:1; 1;10; 100 and 1000,
i.e. 10l 28I,

4.5 Cross-validation

In the nal part of the specify model input form, select the type of cross-validation to employ. Cross-validation
(CV) is a crucial part of the pattern recognition modelling and is used to assess the generalisation ability of the
model and to ensure the model has not over t the data. Typically this is done by partitioning the data into
one or more partitions: a “training set’, used to train the model (e.g. t parameters) and a “testing set' used to
assess performance on unseen data. By repeatedly repartitioning the data in this way, it is possible to derive
an approximately unbiased estimate of the true generalisation error of the model.

The cross-validation schemes in neuroimaging applications are leave-one-subject out (LOSO; exclude one
subject for testing, train with the remaining), leave-one-run-out (LORO; leave one fMRI run out for testing,
train with the remainder) and leave-one-block-out (LOBO; leave out a single block or event and train with
the remainder). LOSO is suitable for multi-subject designs, while LORO and LOBO are suitable for single
subject designs, where the former is better suited to designs having multiple experimental runs and the latter
is appropriate if there is only a single run. From the previous release (PRoNTo v2.1), PRoNTo supports each
of these, and also supports leave-one-subject-per-group-out (LOSGO) for classi cation, which is appropriate if
the subjects in each group are paired or for repeated measures experimental designs. For all the aforementioned
cross-validation schemes, PRoNTo also includes its k-folds counterparts which have more recently been shown
to provide better estimates.

A new cross-validation option was added which is related to the new option "Subsample according to the
smallest class'. So from PRoNTo v3.0, PRoNTo also supports "Leave-One-Block-per-Class-Out' (and its k-folds
counterpart). It gets complex with pooling and subsampling, as the code is selecting the trials condition by
condition. We added a random shu ing of the train/test division in the class containing pooled categories to
make sure that one category is not left aside entirely in one fold, another in another fold, etc. An example of
CV matrix after pooling the rst 2 classes together and subsampling is shown in gure 4.4. Please note that
LOSGO is not appropriate for classes de ned from a design. Versions 1.1 and later allows k-fold cross-validation
for each of the available schemes. This means that the user speci es the number of folds ('k’) and that the
data is partitioned according to that number. For example, specifyingk = 4 will use 25% of the data to test
the model, and 75% to train it. Note: k = 1 splits the data in half, training the model on the rst half and
testing on the second, i.e. there is no circular partitioning. We recommend using k-folds CV when possible as
Leave-One-Out has been shown to lead to over-optimistic model performance estimation.

From PRoNTo v2.0, a GUI allows the user to fully specify a customized cross-validation scheme. First, a
“basis' needs to be speci ed (Figure 4.5). Three options are available:

Load a .mat containing a previously computed CV matrix (needs to contain the variable "CV").
Select a basis from the pop-down list (contains the same options as for the outer CV).

Specify the number of folds.

When an option has been selected, a new window will appear (Figure 4.6). The top panel of this win-
dow is a table that can be edited. Each row refers to a sample selected in the de nition of the classes (or
to perform regression on). Each column represents a fold. For each column, the di erent samples can have a
value of 2 (test set), 1 (train set) or 0 (unused in this fold). Setting a whole fold to O takes it out of the CV
matrix. Note: it is possible to change the value of multiple samples by changing the value of the last sample to
modify, then shift-select the rst one to modify. This also works across folds. The bottom panel displays the
structure of the data selected for further classi cation or regression, along with a preview of the built CV matrix.
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Figure 4.4: Example of CV matrix after pooling the rst 2 classes together and subsampling

Figure 4.5: Specify CV window to build custom cross-validation

The resulting CV matrix can be saved in a .mat, alongside the PRT (name: model name CV.mat). This
matrix can be loaded as a custom CV in the batch, if exactly the same samples were selected for modelling.
Note: The “custom' CV option is not available as a nested/inner cross-validation scheme.

Information concerning the cross-validation structure is stored internally in matrix format, and can be visu-
alised by clicking "Review Kernel and CV' from the main ProNTo window (see 4.4 and 4.7 for two examples).
In the left panel, this gure indicates which group, subject, modality and condition each scan in the feature set
belongs to. On the right, each cross-validation fold (partition) is displayed as a separate column and each scan
is colour coded according to whether it is in the training or testing set (or if it is unused).

It should be emphasised that the type of cross-validation selected should be appropriate for the experimental
design. For example, it does not make sense to select a leave-one-subject-out cross-validation approach for single
subject designs. It is also important to ensure that the training and testing sets are completely independent
to avoid the cross-validation statistics becoming biased. This is particularly important for fMRI, where succes-
sive scans in time are highly correlated. For example, if a leave-one-block-out approach is employed and the
blocks are too close together then the independence of the training and testing set will be violated, and the
cross-validation statistics will be biased (technically this is governed by the autocorrelation length of the fMRI
timeseries and the temporal blurring induced by the haemodynamic response function). This can be avoided
if care is taken to ensure that overlapping scans are discarded from the design (see chapter 2), but it is a very
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Figure 4.6: Custom Cross-Validation Window. For each fold, the user can specify which samples (e.g. images/-
trials) are part of the training and test set, or are unused

Figure 4.7: Review cross-validation window

important issue, and the user should still be careful to ensure that cross-validation folds are su ciently far apart
in time (especially for LOBO cross-validation).

During the model speci cation, it is also possible to select one or more operations to apply to the data/kernel.
Each of these operations is described below:

1. Sample averaging (within blocks): Constructs samples by computing the average of all scans within
each block or event for each subject and condition.

2. Sample averaging (within subjects): Constructs samples by computing the average of all scans within
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all blocks for each subject and condition.
3. Mean centre features using training data: Subtract the feature-wise mean from each sample vector.

4. Normalize samples: Scales each sample vector (i.e. each example) to lie on the unit hypersphere by
dividing it by its Euclidean norm.

5. Regress out covariates:  Regresses out the covariates entered for each subject/sample using training
data only. If this operation is selected, PRoNTo will always remove confounds rst before other data
operations are performed.

6. In case of non-kernel algorithms we have two extra data operations.

Normalize features:  Also called Min-Max scaling, is to rescale the features so that they lie in a
xed range, with min=0 and max=1.

Z-score features: Also called standardization, is to rescale the features so that they will have the
properties of a standard normal distribution with =0 and =1, where is the mean (average) and
is the standard deviation from the mean.

A crucial point to note is that all operations are embedded within the cross-validation structure such that the
parameters of the operation (e.g. mean and standard deviation of the features) are estimated using the training
data only. This prevents a very common mistake in pattern recognition from occurring, whereby parameters
are computed using the whole data set prior to cross-validation. Observing a complete split between training
and testing sets during all phases of analysis ensures that accuracy measures are an appropriate re ection of the
true generalisation ability of the machine and are not biased because of improper applications of preprocessing
operations to the entire dataset.

Other points to note include:

1. The order of operations can make a di erence. For example, subtracting the mean then dividing each
data vector by its norm is not the same as performing the operations the other way around.

2. Data operations (1) and (2) have no e ect if no design is speci ed or for events with a length of one TR.

At a minimum, we recommend that features should be mean centered during cross-validation. In addition,
for multiple kernel learning, we advise the user to normalize each kernel after mean centering. This will com-
pensate for the fact that di erent kernels might be computed from examples/samples with di erent number of
features (e.g. di erent regions contain di erent numbers of features).

The di erent operations selected for a speci c model can then be reviewed using the "Review Kernel and
CV' (starting from v2.0). The selected operations will be listed below the kernels ("Show kernel').

4.6 Model estimation

Using the GUI, it is possible to either “Specify' the model, or "Specify and Run' the model. The rst option saves
all the parameters of the model in the PRT structure. This information can be found in PRT.model(m).input
wherem is the index of the model. The second saves all the parameters of the model and then runs the model.
In this case, the inputs, which include the cross-validation matrix, the target values or labels, and the machine
(e.g. binary SVM, Gaussian Process, etc.), are fed to the estimation routines, which will then add to the PRT
an output eld ( PRT.model(m).output ) containing the estimated parameters, statistics, and other information
from the learning process.

In some cases (e.g. multiple models to run or models with nested CV and/or slower machines), it would be
desirable to estimate models later on (e.g. just before lunch break or at the end of the day). The "Model: Run'
option allows to select multiple models and run them one at a time automatically (Figure 4.8).

From PRoNTo v3.0 running permutation tests to check the statistical signi cance of the results has been
transferred from the "Display results' module, to the "Model: Run' module. So from this version, one has to
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specify the permutation testing in this step of the process.

The rst thing that needs to be done using this window is to specify which PRT we would like to work
with. PRoNTo will then read the available models from this structure and display the list of models on the left
panel. These models can be selected (the selected models will show on the right panel) by clicking each model
individually or by clicking the “Select all' button in the middle of the panels. Then you also have to check the
options “Perform permutation test' if you want to run permutation tests, specify the number of repetitions, and
also check “Save permutation parameters' to perform further statistical tests if needed Finally, to estimate
the model(s), one needs only to click the bottom button "Run model(s)'".

Figure 4.8: Choose models to be estimated

It is useful to have a look at what is displayed in the Matlab command space while the model is being
estimated. Information such as the number of folds can help double-check that everything is going as ex-
pected. Furthermore, if some options were speci ed (e.g. using a feature set with multiple kernels) that are
not available at the modelling step (e.g. to be modelled with SVM), warnings will be displayed, as in Figure 4.9.

4.7 Batch interface

The batch module includes all the functionality provided in the user interface and allows complex analyses
to be scripted in advance. As noted, the batch module also provides functionality not available in the user
interface. The most important di erence is that the batch module allows customised Matlab  functions to
be used as prediction machines. This functionality allows PRoNTo to be easily extended to allow many types
of classi cation and regression algorithms not provided under the current framework. This can be achieved by
selecting "Custom machine' under the "Model Type' heading. This allows a function name to be specied (i.e.
any *.m function in the Matlab  search path). The behaviour of this custom machine can then be controlled by a
free-format argument string. See the developer documentation and the examples in thmachines/ subdirectory
of the PRoNTo distribution for more information. Another important di erence between the batch and user
interfaces is that mean centering data vectors across scans is enabled by default in the batch. Also, exible
CV is available in the batch only in the form of “load a .mat'. This .mat must contain a variable called "CV',

3For further information regarding permutation testing the user is referred to 5.4.3.
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Figure 4.9: Matlab  workspace displaying warnings when kernels are added

specifying the CV matrix for the selected trials/images. An example of the batch window for model speci cation
is provided in gure 4.10.

Figure 4.10: Batch interface to specify a model Figure 4.11: Batch interface to run a model

As displayed in Figure 4.10, the batch does not allow to specify and run the model directly. Instead, the
user has to add a "Model: Run' module. Just as in the GUI, it is in the "Model: Run'batch module where
you specify whether you want to perform permutations along model estimation. Furthermore, it is possible
to save the predictions and the balanced accuracy (for classi cation) for each permutation, to perform further
statistical tests if needed. The "Model: Run'batch module is presented in Figure 4.11.Note: Dependencies
on the model name are available when performing a "Model speci cation' followed by a "Model: Run' module.
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4.8 Model: Specify from

The main "Specify model' interface has been modi ed to add a new module both in GUI and in Batch, which is
called "Model: Specify from'. This will launch a window in GUI or in Batch (Figures 4.12 and 4.13, respectively)
that is very similar to (and heavily based on) the "Model: Specify new' window, but with a couple of changes:
there is an extra popup menu that allows to select which model to copy from. Some elds have also been
disabled to ensure comparability of the models: only the feature sets, the machine (with its hyper-parameter
optimization) and the operations can be modi ed. Classes/Regression selection and outer CV options cannot
be modi ed. This new module is intended to facilitate new analysis when the goal is comparing di erent feature
sets or di erent algorithms keeping the other model speci cations xed.

Figure 4.12: "Model: Specify from' in GUI. Figure 4.13: "Model: Specify from' inmatlabbatch .

4.9 Important changes from PRoNTo v3.0

As described in "What's new' there are two important modi cations in the PRoNTo code that will a ect the
model estimation and performance measures.

The rst one is how the parameters are optimized: This change only applies when multiple values of the
hyper-parameter lead to the same maximum value of model performance. In previous versions, PRoNTo was
choosing the median value. From v3.0, PRoNTo identi es the largest stable region (if the "Image Processing'
toolbox from Matlab is present) and chooses the center of gravity of this region in the hyper-parameter grid
as the best hyper-parameter. This change should have limited impact.

The second one is how the stats are computed: Until PRoNTo v2.1 the predictions were concatenated across
fold and the overall performance was computed based on the concatenation of predictions. This way to estimate
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model performance can however lead to over-optimistic model performance estimations. So from PRoNTo v3.0

the performance measures are computed for each fold and then averaged across folds. This is also re ected in
the "Display results' window where some plots have been replaced at the model level (e.g. replacing the overall

confusion matrix by a “balanced accuracy distribution' across folds in the plot). In general, the results will

re ect more the average but also the deviation of the results across folds.

The reader is referred to [13] for further information regarding the justi cation for the two aforementioned
changes and more general for model performance estimation.
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5.1 Introduction

Once a machine (e.g. a classier or a regression function) has been speci ed, its parameters have been esti-
mated over training data, and its performance has been evaluated over a testing set using cross-validation (or
nested-cross validation), it is necessary to examine the outcome of the whole procedure in detail. The results
windows enables the user to see the model's performance evaluated by di erent metrics.

Examining model output and parameters is helpful in diagnosing the potentially bad performance of a
particular model. For example, if the machine cannot perform above chance, it could be due to lack of predic-
tive information in the data, inappropriate experimental design, large amount of noise in the data, insu cient
amount of data, wrong choice of features, or the wrong choice of machine. It is important to recognise that any
of these factors could cause the modelling to fail.

Model performance can be reviewed using the "Display Results' GUI. Alternatively, all computed statistics
are saved within the PRT structure, in the PRT.model(m).output.stats  eld, with m being the index of the
model to review.

5.2 Launching results display

Make sure all previous steps have been performed (Data & Design, Chapter 2; Prepare feature set, Chapter 3;
and Model: Specify/Run, Chapter 4)

In the "Review Options' panel of the main PRoNTo window, press "Display Results'. At the “Select PRT.mat'

window, navigate to where your "PRT.mat' le is stored (using the left column), and select it. The main results
window will open and look as represented in Figure 5.1. In the "Model' panel in the top-right corner, the list of
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models that have been successfully estimated will appear. Note: there will be a "beep' if one or more models
were speci ed but not estimated ("Model; Run') and their name will appear in the command window.

Figure 5.1: Initial state of the results display main window.

5.3 The main results display window

The window is divided into three panels; going clockwise from top left to bottom left, they are:

Plot : This panel displays di erent result plots that can be visualized in PRoNTo for a speci ¢ model. With
the exception of the confusion matrix plot, these cannot be interacted with.

Model : This panel allows the user to select the model to visualize, whether to visualize a particular fold or
all folds at once, and which plot to produce.

Stats : The stats panel allows the user to visualize a variety of performance metrics (based on the selected
fold), including accuracy for classi cation models and MSE for regression models. In addition, p-values
for these metrics based on permutation tests can also be visualized.

To populate the “Plot' panel, rst click on a model in the "Model' selector, then on “All folds / Average'
(or a particular fold) in the "Fold' selector, and nally on a plot in the "Plot' selector. The next section details
the plots available. The window also comprises “Edit plot', "Help' and "Quit' buttons. The "Edit plot' button
exports the displayed plot in an extra window, such that it can be edited and easily saved. The “Help' button
provides information on each panel of the window (not as detailed as in this manual) and the "Quit' button
closes the results window. In addition, the GUI menu comports a "Save gure' option (on the top left) that acts
as a “printscreen’ of this window (with white background), which can be saved for records/publications.
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5.4 Measuring model performance

One of the main questions to ask is "how good is a predictive model?'. In regression, goodness-of- t is often
assessed via mean squared error and coe cient of determinationR?). In classi cation, a common practice is

to compute prediction accuracy, both for each class and for all test data. Once a speci ¢ performance metric
has been obtained, it is also possible to obtain a p-value for the metric, re ecting how certain we are that the
result is not due to chance.

The statistics table gives a summary of the model's performance. Model performance is estimated di erently
for classi cation and for regression. In PRoNTo, classi cation performance is assessed using total accuracy
(TA), balanced accuracy (BA), class accuracies (CA) and class predictive values. For regression, the agreement
between the real and the predicted targets is computed based on the coe cient of determination R?), the
mean squared error (MSE), the normalized mean squared error, and the correlation between the targets and
the predictions.

5.4.1 Classi cation

The accuracy acc is the total number of correctly classi ed test samples divided by the total number of test
samplesN, irrespective of class. The accuracy is exactly equivalent to

1 X
acc=1 o loa(yn:T (xn)); (5.1)
n
wherelor(Yn; f (Xn)) is a 0-1 loss function that counts each classi cation error as costing 1 and each classi -
cation success as costing O:

. - 0 yn="f(xn)
|01(Yn,f (Xn)) - 1 Yn 6 f (Xn) (52)
Balanced accuracy takes the number of samples in each class into account, and gives equal weight to the
accuracies obtained on test samples of each class. In other words, the class-speci ¢ accuracy is computed by
restricting the sum of equation 5.1 to be taken overC disjoint subsets of the whole testing data, where each

subset contains only test samples from one class. This produces a set of class-speci ¢ accuratss;:::;acc g,
from which the balanced accuracy can be computed as
| 1 X
acc® = c A (5.3)

Balanced accuracy is the measure of choice when there is class imbalance (one class, calledrttagority
class has much more data than others).

some classes over others. If class 1 represents control subjects, and class 2 represents patients, then class 1
accuracy is equivalent to speci city, and class 2 accuracy is equivalent to sensitivity. In the same way, the
gure displays class positive predictive value, which represents the number of false positives for each class. An
example of classi cation stats is displayed in Figure 5.2. Area Under the Curve (AUC) will be described later

in the chapter.

5.4.2 Regression

As previously mentioned, model performance for regression is assessed by the correlation between the predic-
tions and the targets (linear correlation), the coe cient of determination ( R?), the mean square error (MSE),
and the normalized MSE. An example of such stats window is displayed in Figure 5.3.

The mean-squared error is calculated as:

1 X )
MSE =5 On f(xn) (5.4)
n
Where vy, is the real target for the examples/sample n and f(%,) is the predicted target for the exam-
ples/sample n. This is the standard measure when assessing goodness-of- t for regression models.
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Figure 5.2: Example statistics for all folds of a two-class problem modelled by an L1-MKL.

Figure 5.3: Example statistics for all folds of a regression problem modelled with a KRR.
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Since the magnitude of the MSE depends on the scale gf we also calculate the Normalised Mean Square
Error, "Norm. MSE"

MSE

var(y)

where we divide the MSE by the variance of the targets over the data. This gives a scale invariant measure
of prediction accuracy. In addition, the correlation coe cient of the targets and predictions are determined:

P
nn Y (xn) 1)
P T
a2 o(F(Xn)  1)202
where y and ; are the sample means of the targets and predictions respectively. The resulting measure
1 < CORR < 1 provides a measure of the strength of the linear dependence between the targets and the
predicted targets, with values close to zero indicating no relationship, values close to 1 indicating a positive
relationship, and values close to -1 indicating a negative relationship. Values o€ORR less than zero would
imply that the model has performed poorly, as this would mean that targets with large values tend to be given
smaller predicted values than targets with small values. However, it should be remembered that a large positive
value of CORR does notnecessarily mean that the model is giving accurate predictions, since a global scaling
and shifting of the predictions gives the same value foCORR. We would therefore recommend examining both
CORR and MSE, as well as the scatterplots, to verify that the model is performing well. For completeness,
the statistics table also include the “coe cient of determination' R?, which is given by

Norm:MSE = (5.5)

CORR =

(5.6)

R? = CORR? (5.7)

5.4.3 Permutation testing

Much of statistical theory and machine learning theory rests on the assumption that the data is 11D (indepen-
dently and identically distributed). However, in functional neuroimaging this assumption is often not met, due
to e.g. within-run correlations and haemodynamic e ects. Therefore, classical estimates of con dence intervals
(such as the binomial con dence interval) may not be appropriate. Permutation testing is a non-parametric
procedure that allows to obtain p-values for the performance metrics in this case. Because it requires retraining
the model a number of times, which can be costly in computation time, this is not done by default.

If a user wants to run permutation test, this can be done in the "Model: Run' module. In order to run
permutation test for a speci c model the user needs to select the “Perform permutation test' button in GUI,
or select the "Permutation test' option in the ‘Do permutation test?' eld in matlabbatch . You also have to
Il in the repetitions eld with the desired number of repetitions R. Having done this, when you run the
"Model: Run' module, PRoNTo will estimate the model for the speci ed humber of repetitions with permuted
labels/targets, and produce a p-value for performance statistics (see Figure 5.2).

The smallest increment in p-value is equal to ¥R (e.g. 20 permutations gives you increments of 0.05),
with a minimum value of 1=R (i.e. running 10 permutations will never lead to statistically signi cant result
at the commonly used threshold ofp < 0:05). Usually, we would recommend computing several hundreds to a
thousand permutations.

For both classi cation and regression models, the p-value associated with each performance measure can
be estimated using permutations. Until they have been estimated, "N.A." will be displayed (standing for “not
available").

Important note:  This step is essential to assess model performance! It is not methodologically sound to

simply assume that the chance level is close to 50% and that any balanced accuracy higher than that threshold
is signi cant. Please report p-values as computed from permutations along with model performance.

5.5 Visualizing the model performance

Looking at a model output's graphically can often yield insights into its performance. In PRoNTo, plots are
di erent for classi cation and regression. As previously described, from PRoNTo v3.0 there is a change in the
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way we estimate a model's performance. As mentioned in 1.4.1, model performance was typically concatenated
across folds (in the confusion matrix or ROC curve). The concatenation can however lead to over-optimistic
model performance estimations and further re ects a model that was not estimated (instead, we estimated
multiple models). We have hence modi ed the code to compute the average of performance across folds. This
is also, primarily, re ected in the "Display results' window where some plots have been replaced at the model
level (e.g. replacing the overall confusion matrix by a the new “balanced accuracy distribution' performance
measure across folds in a violin plot). In general, the results will re ect more the average but also the deviation
of the results across folds. We encourage the users to report both values.

5.5.1 Classi cation
Accuracy Distribution

From PRoNTo v3.0, a new performance measure that is being displayed in the "Plot' panel of the "Display re-
sults' is the “balanced accuracy distribution' of the model, together with the mean. The balanced accuracy here
is de ned as the average accuracy obtained on either class. So based on a typical confusion matrix notation, the
balanced accuracy is given by equation 5.3. The di erence between the balanced accuracy and the conventional
accuracy is that the latter doesn't take into account each class individually.

So the bene ts of balanced accuracy over the conventional accuracy is that some times the conventional
accuracy can be high only because the classi er takes advantage of an imbalanced testing set, where in that
case the balanced accuracy would drop closer to chance, which would be much more representative of the
model's performance. If on the other hand the classi er performs equally well on either class, then the balanced
accuracy reduces to the conventional accuracy (i.e. the number of correct predictions divided by number of
predictions). Figure 5.4 shows an example of such a plot for a binary classi cation (SPM EEG dataset, Faces
versus Scrambled).

Figure 5.4: Example of a balanced accuracy distribution for a binary problem modelled by L1-MKL.

Histogram plot

The histogram plot is a smoothed density version of the predictions plot, showing how function values are
distributed. A good classi er would have minimal overlap between the densities. The error rate of the classi er
is proportional to the area of the overlap. The ROC curve can be thought of as the result of sweeping a
decision threshold over the range of functional values, and recording the joint sensitivity/speci city values for
each decision threshold setting. A typical linear SVM would have a decision threshold at 0. Figure 5.5 shows



5.5. VISUALIZING THE MODEL PERFORMANCE 69

an example of such a plot for a binary classi cation (SPM EEG dataset, Faces versus Scrambled, LOBO CV).
From PRoNTo v3.0 with the change in the way we estimate a model's performance, this performance measure
is available only for within each fold.

Figure 5.5: Example function values histogram curve for a binary problem modelled by L1-MKL.

Confusion matrix plot

The confusion matrix shows counts of predicted class labelg, = f (x,) (in rows) versus true class labelsyy,

(in columns). An ideal confusion matrix is diagonal: all predicted class labels correspond to the truth. O -
diagonal elements represent errors. It is important to check that none of the classes is \sacri ced" to gain
accuracy in other classes - in other words, if all classes are equally important to classify, no class should have
more o -diagonal than on-diagonal entries. Many summary statistics, including class accuracy, total accuracy,
sensitivity, and speci city, can be computed from the confusion matrix. Figure 5.6 shows an example of a
confusion matrix (Haxby dataset, Faces versus Houses versus Scissors, LOBO CV). From PRoNTo v3.0 with
the change in the way we estimate a model's performance, this performance measure is available only for within
each fold.

Predictions plot

A prediction plot displays, for a particular fold (y-axis), the output value of the machine's decision function for
each test sample (x-axis, e.g., the function value corresponds to the distance of the test example to the boundary
in case of an SVM or to the posterior probability of the test example belong to a speci c class in case of GP). The
decision boundary/threshold is displayed by a vertical line at the centre of the plot. A well-performing classi er
will yield very di erent function values for samples of di erent classes, i.e. samples from di erent classes will
fall on di erent sides of the decision threshold. The inspection, in each fold, of the overlap of function values
between classes, can help to identify which of the test blocks/subjects/conditions is atypical with respect to the
training set. This plot is available for binary classi cation. On the plot, each class is represented by a di erent
marker and color, and indicated in the legend. Figure 5.7 shows an example predictions plot.

Receiver Operating Characteristic (ROC) plot

ROC curve is a commonly used measure to evaluate a binary classi er performance. It shows the trade o
between the true positive rate (TPR) (sensitivity, the number of correctly classi ed positive instances divided
by the total number of positive instances) and false positive rate (FPR) (1-speci city, the number of incorrectly
classi ed negative instances divided by the total number of negative instances) across a number of thresholds. An
ideal classi er would have an ROC passing through the top-left corner, depicting all true positives and no false
positives. The area under curve (AUC) is a summary measure of classi er performance, where higher is better (1
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Figure 5.6: Example confusion matrix for all folds of a three-class problem modelled by GP.

Figure 5.7: Example predictions plot for a two-class problem modelled by an SVM.

represents perfect performance, 0.5 represents random performance). Please note that there might be discrep-
ancies between AUC and balanced accuracy as AUC measures the relative ranking of positive and negative test
samples in terms of decision values while balanced accuracy re ects whether each decision value is correct or in-
correct [7]. For example: assume a testing set comprising 4 images, 2 of faces (our positive class) and 2 of houses
(our negative class) and an SVM binary classi er. The function values are [ 0:5087 0:0371 2:2863 1:5753],
which corresponds to all scans being classi ed as “houses' (since the decision threshold for SVM is 0). However,
we naotice that the decision values for the positive scans (rst 2 values) are higher than for the negative scans,
which leads to an AUC of 1. It is hence important to report both measures when assessing model performance
and/or comparing models.

In PRoNTo, the ROC and AUC are estimated within each fold if a speci c fold is chosen. Users may notice
that sometimes AUC is "NaN' (Not a Number) within fold. AUC is computed by using TPR and FPR, which
are both proportions. However, if at least one of the two proportions doesn't exist, AUC cannot be computed.
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For example, if users choose leave-one-subject-out as the CV scheme with one image per subject, there is only
one test target in each fold. Hence, there will be no positive instance or negative instance from which we can
compute TPR or FPR. AUC is therefore NaN. Another case leading to a NaN value is when there is only one
class in the test targets within one fold (e.g. leave-one-block-out with one class per block as in Haxby dataset),
even if there are multiple test targets. In all of those cases where AUC is NaN, we still display it, such that users
are aware of this limitation. Figure 5.8 shows an example of ROC plot (Haxby dataset, Faces versus Houses,
4-folds nested CV, LOBO outer CV, display All folds).

Figure 5.8: Example ROC curve for a two-class problem.

5.5.2 Regression

All plots that follow are from the regression tutorial in Chapter 14. That tutorial uses fMRI data from di erent
subjects and the target is to predict their age. For more detailed information the reader is advised to read the
tutorial.

Prediction Errors

As for classi cation, the plots have been modi ed according to re ect the fact that we are now estimating model
performance within each fold and then averaging the performances. A “Prediction Errors' plot was added to
re ect, for each point, the di erence between the target and the predictions. A perfect regression model would
lead to all points being located on the "0' vertical axis. An example is shown in gure 5.9.

R2 Distribution

Similarly to the “Accuracy distribution' plot, a "R2 Distribution' plot displays the distribution of R2 across
the di erent folds in a violin plot. The plot is symmetric and displays the mean of the R2 distribution if no
permutations were performed while it will contain the “true label' R2 distribution on its left and the “permuted
label' R2 distribution on its right if permutations were estimated (Figure 5.10). The same thing applies to
classi cation problems (example in gure 5.2). Note: Since we are plotting the distribution of the R2s of
across the di erent folds, this performance measure is available only when you choose "All folds / Average'.

Predictions (scatter)

This plot represents the predicted values (x-axis) against the real values or targets (y-axis). A perfect corre-
spondence between targets and predictions would be represented by a diagonal on this plot. Figure 5.11 displays
such a plot, where each di erent color represents a di erent fold.
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Figure 5.9: Prediction Errors using a KRR model.

Figure 5.10: R2 distribution plot without (left) and with (right) permutations.

Figure 5.11: Scatter plot of target values and predictions modellled by KRR.

Predictions (bar)

This plot displays, for each image/sample, the target and the prediction in bar plots. An example plot is
displayed in Figure 5.12 for the same KRR model. From PRoNTo v3.0, this plot exists only for each fold.
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Figure 5.12: Example of bar prediction plot for a KRR model with 25 subjects.

Predictions (line)

This plot displays, for each fold, the target and the prediction, each in line plots. An example plot is displayed
in Figure 5.13 for the same KRR model. From PRoNTo v3.0, this plot exists only for each fold.

Figure 5.13: Example of line prediction plot for a KRR model with 25 subjects.

5.5.3 Inuence of the hyper-parameter on performance

This plot will be present in the list if hyper-parameter optimization was performed. When displaying the average
across folds, for each value of the hyper-parameter, it displays the average model performance (balanced accuracy
for classi cation and MSE for regression, line on the plot) across nested folds, with an error bar representing
the standard deviation of model performance. The frequency of selection of a hyper-parameter value (i.e. the
number of times this value was returned as “optimal' to the outer CV fold) is represented with a gray bar plot

on the right-side y-axis. An example of such a plot is displayed in Figure 5.14 for the optimization of the
soft-margin parameter in L1-MKL (Haxby dataset, Faces versus Houses, 4-folds nested CV, LOBO outer CV).
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When selecting a speci c fold, this plot displays the model performance for each value of the hyper-parameter,
and represents the optimal value (i.e. the one leading to highest performance) in red.

Figure 5.14: Example performance curve depending on the hyper-parameter value with frequency of selection
of each hyper-parameter.
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6.1 Introduction

The previous modules allow the user to specify one or more models. These include the machine to be used,
the cross-validation scheme and the classi cation/regression problem. The estimation of those models led to

predictions on unseen/test data (in each fold), from which measures of performance of the model can be derived
and displayed.

In addition, as PRoNTo uses linear models it provides the option of recovering the model weights in the
original feature space, and transforming the weights vector into an image, or map. These maps contain at each
feature the corresponding weight of the linear model (that together de ne the predictive function), and which
related to how much this particular feature contributed to the classi cation/regression task in question. The
weights can later be displayed using the "Display weights' modules (described below).

Furthermore, the MKL machine estimates contribution of each kernel to the predictive function. This means
that there will be one value per region of interest as de ned by an atlas and/or per modality (depending on how
multiple kernels were built). Therefore, it is possible to build maps at the kernel level, in addition to the maps at
the feature level. Kernels (which can correspond to di erent regions, di erent channels or di erent modalities)
can then be ranked according to their contribution to the model. Since L1-MKL is a sparse algorithm, only a
subset of the kernels will have a non-null contribution to the model, this can facilitate model interpretation.

If the user wants to create images of the weights, using the GUI, the user rst needs to click the "Compute
weights' button on the main PRoNTo window. This will launch the window shown in Fig 6.1. To estimate the
weights and create the weight maps the user needs to selectRRT.mat le. The window is then divided in two
panels: a "Feature weights' panel and a "Atlas-based weights' panel which are further explained in the sections
below.

75
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Figure 6.1: Weights computation in GUI.

6.2 Feature weights

For kernel methods the weights can be estimated as a linear combination of the training examples. For non-
kernel algorithms the weights are directly computed and saved in the PRT structure. For the kernel algorithms
PRoONTo saves the coe cients of the training examples. These coe cients are then multiplied by the training
examples to obtain the model weights. The vector of model weights has the same dimensions of the original
feature space. In case of NIfTI and MEEG data the model weights can be converted to an image with the same
dimensions of the input images. This computation is done for each fold. If for example we have standard MRI
data which have 3 dimensions, then the weights can be converted to a 3D image. The resulting 3D images for
all folds are then assembled into a single 4D NIfTI le with dimensions [3D x (humber of folds + 1)], where

1 corresponds to an extra 3D image with the averaged weights over all folds. The NIfTI le is saved in the
same directory as PRT.mat. In the case of multi-class classi cation, one image will be built for each class,
the index of the class being saved in the image name (e.gimage. name. cl.img). In the case of multiple
modalities being considered as multiple kernels (i.e. not concatenated in samples), one image will be built for
each modality, the modality name being appended to the image name. In case of data of lower dimensions, for
example MEEG data in sensor space (2D), as well as data in a .mat le format, the procedure remains the same.

In the “Feature weights' panel, PRoNTo will show the list of available models, and the user can choose one
model for which to estimate the weights. If the selected model is the MKL modelling of ROI-based kernels, the
"Atlas-based weights' panel will be automatically updated, and the name of the selected atlas at the feature set
step will appear. Otherwise, those elds will stay blank.

In this panel, it is also possible to de ne the name of the created image le, which is saved in the same
directory as PRT.mat. Alternatively, if left empty, PRoNTo will name the le according to the model name,
class (if multi-class machine) and/or modality (if MKL on modalities).
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6.3 Atlas-based weights

The "Atlas-based weights' panel allows the user to estimate the contribution to the model, of each anatomically
de ned region of interest (ROI), as de ned by an atlas (same dimensions as for the feature weight images).
If the model refers to an MKL machine estimated on kernels per region, the “Atlas name' eld will be lled
automatically and the contribution of each region is derived from the contribution of each kernel (i.e. they
correspond to the kernel weights). If this is not the case (single kernel machine or feature set), an atlas should
be loaded (using the browse option). The weights will then be summarized for each region a posteriori.

Two options are available when estimating such contributions:

Contributions of kernels estimated through MKL: In this case, the contributions of each region to the
model are derived from the contributions of each kernel. This option is available for MKL modelling of
feature sets containing multiple kernels based on ROIs de ned by an atlas.

Summarizing the weights according to ROIs: If, for example we have MRI data and a whole brain feature
set was used, or if the kernels were added to perform single kernel modelling (e.g. SVM, GP, KRR, RVR),

it is possible to select an atlas and summarize a posteriori the weights in each anatomically de ned ROI.
The contribution of each region is then simply the sum of the absolute values of the weights within that
region, divided by the number of voxels (or features in general) in that region (see [23] for details). If
summarizing weights by using an atlas is desired, this atlas should be used as a second level mask in the
“feature set' step to ensure a perfect overlap between the atlas and the model features. Otherwise, any
voxels used as features (or features used in general) in the model but not present in the atlas will be
summarized in one extra region referred to as “other' that will not correspond to any anatomical region.

In both cases, the contribution of each region is divided by the total contribution of all regions. The derived
values can then be seen as percentages of contribution of each region to the decision function. The contributions
can be ranked, leading to a list of regions sorted by descending contribution to the model. This list can also
be computed if multiple modalities were built and used in an MKL model. In this case, each modality has a
contribution to the model, that can be normalized and a sorted list can be derived.

Furthermore, for MKL models - which are sparse in the number of kernels contributing to the model - a bar
graph can be built, representing the number of kernels with a non-null contribution to the model. The same
graph bar will depict the contribution of each region to the decision function in the case of summarized weights.
In this case, the bar graph will not be sparse.

Finally, from PRoNTo v3.0, there is also a new button below the "“Atlas-based weights' panel, named "Build
weight images for permutations' which when checked, enables to build weight images for each permutation
independently.

6.4 Batch interface

The matlabbatch module to compute the weights has the same options as the GUI. One main di erence being
that instead of listing the available models in a given PRT, it will ask for the name (string) of the model to be
used. As for estimating models, the name of the model should be exactly the name given in "Model: Specify
new/from'.
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Figure 6.2: Weights computation in matlabbatch .
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7.1 Introduction

In PRONTO it is possible to visualize the weights for a speci ¢ model. There is a huge debate in the neuroimag-
ing eld on how to interpret weights of linear machine learning models ([9, 24, 25, 29]). Nevertheless, the model
parameters or weights can provide some insights on which features are driven the predictions.

Some brain areas are probably more informative about class membership/regression targets than others. For
example, in a visual task, we would expect discriminative information in the occipital lobe. This can be seen
as information mapping, and it can be helpful to evaluate a speci c model - if the discriminative weights of a
machine are concentrated in the eyes, for example, it is important to correct the mask used in the analysis to
exclude them. Theweight mapis a spatial representation of the decision function, i.e. every feature with non
zero weight contributes to the decision function. Pattern recognition models (classi ers or regression functions)
are multivariate, i.e. they take into account correlations in the data. Since the discrimination or prediction is
based on the whole pattern, rather than on individual regions or features, all features (with non zero weights)
contribute to the classi cation or regression and no conclusions should be drawn about a particular subset of
features in isolation.

It is also possible (starting from ProNTo v2.0) to derive weights at the region level (as anatomically de ned
by an atlas, from MKL or from summarizing the weights). The "Display weights' window allows to display
maps of voxels/features and of region contribution. Furthermore, the region contributions can be ranked in
descending order, yielding a sorted list of regions according to their contribution to the classi cation/regression
model. We hope this will help the interpretation of model's weights.

Moreover, as mentioned in chapter 1, starting from PRoNTo v3.0, PRoNTo supports MEEG (SPM) data
as well as any .mat le, for example MEEG data in sensor space (2D, or even 1D), or any kind of .mat data,
therefore the models' weights can have di erent dimensions (corresponding to the data used).

Important note:  The implemented version of MKL ([20]) is sparse in the kernel combination. This means
that only a few kernels (which might correspond to di erent modalities, regions or channels, for example) will
contribute to the model. However, this selection of kernels might depend on the dataset, and small variations in
the dataset (as induced by cross-validation) might lead to di erent subsets of kernels begin selected. Therefore,
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care should be taken when reporting selected kernels and each fold should be looked at separately. We also
provide a quanti cation of the variability across folds of the ranking of the kernels ("Expected Ranking', see
further) to provide some insights on this issue.

7.2 Displaying weights

To launch the "Display weights' window, make sure that weight maps have been computed for at least one
model (Compute Weights, Chapter 6) and press the “Display weights' option. At the "Select PRT.mat' window,
navigate to where your "PRT.mat' le is stored (using the left column), and select it in the right column. The
display window then opens (Figure 7.1).

Figure 7.1: Display weights main window after selection of PRT.mat.
The window is divided into four panels. Going from top left to bottom left, they are:

Display : This panel allows the user to choose which model and weights to display. As well as whether to
display the voxel/feature weights or the region contributions, whenever this is available. Finally the user
can also display the average weights across all folds, or the weights of a speci c fold.

Weights map : This displays di erent weights (according to the type and dimension of data) of the selected
weight map and allows to navigate it.

Anatomical img : The user can also load an anatomical image, which if loaded, it will display three projec-
tions, and the cross-hair will be synchronised with the weight map. Note: This option only makes sense
for weights for NIfTI brain data, e.g. MRI or fMRI.

Additional plots  : The blank area at the bottom of the window will display additional information about the
model weights, such as a sorted list of the kernels (e.g. regions or channels) according to their contribution
(if weights per region/channel were computed, in the form of a table) and a bar plot of the relative kernel
contribution. If MKL modelling was performed based on multiple modalities, the same table and bar plot
will display the relative contributions of each modality to the decision function.
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7.2.1 Select image to display

The "Display' panel shows the models for which weights have been computed and weight images were found in
the same folder as the PRT. For each model, the list of images available is displayed in the "Weights' pop-down
list. Typically, one image will be created for a binary classi er or regression with only one modality or multiple
modalities concatenated as samples (e.g. multiple runs). On the other hand, multiclass classi cation models
will return one image per class (with the index of the class appended to the name of the image). In the same
way, multiple modalities used in multiple kernels will lead to the building of one weight image per modality. For
each image, the weight map can be displayed for each fold or for their average. Starting from PRoNTo v2.0, in
case of NIfTI brain data, it is possible to display the contributions of each voxel (‘weights per voxel') or of each
region (‘weights per region', if previously computed).

Note: the weight images (per voxel and per region) are automatically detected in the list of les in the PRT
folder according to the name speci ed in the "Compute weights' step (Chapter 6). Modifying the image name
afterwards or moving the images might lead to warning messages and the images will not be listed in the GUI.

To display a weight image, select a model, an weight image and a fold. If we have MRI data, and if only
weights per voxel were estimated, the window will look similar to Figure 7.2. Notice that the “weights per
region' radio button is currently deactivated.

Figure 7.2: Displaying weight image of a two-class SVM model.

As we mentioned before, from the current release (v3.0), PRoNTo also supports MEEG (SPM) data, as well
as data in simple .mat format. Therefore, weights maps can be built and displayed for all modality types, i.e.
for MEEG data, both directly from their original MEEG format, and also from the NIfTI images generated
from them inside SPM, and also from any generic .mat les that were analyzed. More speci cally:

For 1D data: For MEEG and .mat, weights are displayed as bar graphs (with the color of the bar
representing the amplitude of the weight) (e.g. vector with brain connectivity features used for .mat).
Example in gure 7.3.
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Figure 7.3: "Display weights' for 1D MEEG or .mat data.

For 2D data: The display shows the matrix, with y-axis as the 1st dimension and x-axis as the 2nd
dimension (after squeezing out dimensions of size 1), with the color of a (x,y) pair displaying the magnitude
of its weight. Example in gure 7.4. Finally, 2D NIfTI images (like MEEG data) are displayed as before,
except a small change in the color map. Example in gure 7.5.

Figure 7.4: "Display weights' for 2D MEEG or .mat data.

Figure 7.5: "Display weights' for 2D NIfTI images derived from 2D MEEG data (using SPM).

For 3D data: Displaying weights in 3D data in PRoNTo v3.0 is only available using NIfTI brain images,
as has been from versions 2.X. Examples in gure 7.2.
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7.2.2 Weights map

All the di erent types of weight maps are displayed with a colorbar. 2D and 3D NIfTI images are also displayed
with a cross-hair. The colorbar indicates the relative importance of the voxel/feature to the decision function.
This value is also indicated in the “intensity' eld of the "Anatomical img' panel. Note that all voxels/features
with weight di erent from zero contribute to the decision function, since the analysis is multivariate. Contrary
to common practice in Statistical Parametric Mapping, which is a mass-univariate approach, it

is not recommended to threshold the weight map and report only on the peaks of the decision

function's weight map, unless they have perfectly null contribution (as might happen with sparse

models such as L1-MKL modelling)

7.2.3 Anatomical image

By clicking on the [... ] button next to the "Load anatomical img' eld, a dialogue opens that allows you to
select an anatomical images ".img' le that was co-registered with the data images. In this panel, the cross-hair
position is displayed in voxels and in mm. It can also be reset to the origin of the image. For each position, the
corresponding voxel weight is displayed in the “intensity’ eld.

The main reason behind displaying the anatomical image next to the weights map was to help users identify
which parts of the brain correspond to which weights in the weights map, therefore it only makes sense for
NIfTI brain data (e.g. MRI, fMRI). This correspondence is only used as an approximation and you should not
rely it.

Note: One should only use the co-registered anatomical images as a crude heuristic to help them navigate
through the weights maps only in the case of MRI (3D) NIfTI images. There is no real correspondence between
the anatomical image and other types of data (for example 2D MEEG data).

7.2.4 Additional plots

Additional information will be displayed in two main cases:

Multiple Kernel Learning modelling: MKL modelling based on modalities, regions or channels, will
provide weights at two levels: the kernel level and the voxel/feature level. The kernel contributions, which
sum to 1, can then be ranked in descending order.

Summarizing weights per region: Starting from PRoNTo v2.0, weights can be summarized within
regions of interest as de ned by an atlas (user-speci ed). For each region, a normalized contribution can
be de ned, and those contributions can then be ranked in descending order. If the atlas was not selected
as second-level mask at the feature set step, users might see one extra region in the ROI label column in
a table labelled as “other' in case there are voxels/features that do not overlap with the selected atlas (see
Chapter 6).

In both cases, the kernel's or region's contributions will be displayed in a table as well as in a bar plot, for
each fold and for their average (according to the selected fold in the "Display' panel). An example is displayed
in Figure 7.6, for weight summarization per region after MKL modelling.

In the case where kernels were built both at the modality and at the region level (i.e. multiple modalities
with each multiple regions as de ned by an atlas), two tables will be displayed (one for regions, one for modal-
ities). The table for modalities will sum the contributions of each region within that modality.

Note: Everything mentioned above also applies to all the other types of data formats.

Sorted table of region/modality contributions

The displayed table comprises one row per region and 5 columns (for an example on ROIls, as displayed in
Figure 7.6):

Index of the ROI:  The rst column displays the ranking of the region of interest in the selected fold,
according to its contribution.
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Figure 7.6: Displaying ROI contributions for a two-class MKL model.

ROI Label: When using the atlas provided in your PRoNTo folder/atlas, the labels of each region will
be loaded automatically from a .mat, stored alongside the atlas. If using another atlas, the labels can be
loaded through the “Load Labels' button. In this case, the user should select a .mat comprising a cell
array of size( number of regions,1), with the label for each region in the corresponding cell (in characters).
The cell array should be saved under the variable name "RQlnames'. Otherwise, generic names will be
used (e.g. ROL 1).

ROI weight:  The (normalized) contribution of each region is displayed in the third column (in %). The
rows of the table are sorted in descending order according to this value.

ROI size: This column displays the size of the ROI in voxels/features. This gives indications on the
overlap between the atlas and the data.

Expected Ranking : This measure re ects how stable the ranking of the region is across folds. It is
computed from the ranking in each fold (see [23] for details), and is therefore the same, whether the user
is displaying fold 1, or the average of all folds. If the Expected Ranking (ER) is close to the ranking in
the selected fold, then it re ects that this region has a similar ranking across folds. On the contrary, if
the ER is quite di erent from the ranking shown for the selected fold, this means that the ranking might
be variable across folds. This variability can come from the fact that the region did not have the same
contribution across the di erent folds. It might also happen that it is not selected at all in some folds (as
can happen with L1-MKL since it will not select kernels with correlated information).

When selecting a speci ¢ region label in the table, the weight map will only display colored voxel or region

weights (according to which plot was selected) for this region, the rest of the image being in grey scale. This
allows e.g. to look closely at the voxel weights within a region that highly contributes to the selected model
and fold (Figure 7.7). Finally, the table can be exported as a text le using the "Export Table' button.

Bar plot of kernel

The bar plot displays the third column of the table, i.e. the contribution of each kernel to the decision function.
The x-axis represents the index of the ROIl/channel/modality in the table (i.e. rst column of the table), in the
selected fold, while the y-axis displays the contribution of each ROIl/channel/modality. The bar graph provides
insights on how sparse or dense the kernel contributions are for the model.
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Figure 7.7: Displaying fusiform weights for binary MKL model.
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Chapter 8

List of input les

In PRoONTO, dierent les need to be input by the user depending on the type of data that will be analyzed.
These typically need to include a speci c variable or satisfy certain conditions. Here is a summary of input les
and their requirements:

Data & Design

.mat inputs:  For .mat modalities, PRoNTo expects one le per sample, as for nifti. This means that,
no matter the dimensionality of the data, one .mat le needs to be saved per subject for "Select by Scans'
or per trial “Select by Subject'. The rst variable of this le will then be extracted as the data for that
sample. The data array can be of any dimensionality but needs to be consistent across samples and should
not contain missing values.

A script is provided (in Appendix and in PRoNTo/utils) to convert a matrix that contains all the data
for the di erent samples into separate .mat les. The script reads each row of the matrix and saves it as
a .mat le in a separate subdirectory.

Regression target le - across subjects: A regression target le needs to have 2 variables:

{ "names". a cell array with the names of the regression targets, the rst hame corresponding to the
rst column of the matrix, and so on. Example: "age’, score'.

{ “rt_subj: a matrix of size # of subject x # of regression targets. For 3 subjects and the 2 regression
targets mentioned above, we would have:

>> rt_subj = [25, 6; 26, 8; 30, 7]

rt_subj =
256
26 8
307

Covariate le - across subjects: The covariate le at the subject level should contain a matrix R, of
size # subjects x # covariates. It cannot contain missing or NaN values and cannot be a cell array. For
categorical variables, the values need to be one-hot encoded if no ordinal ranking is expected. For the 3
subjects above, a one-hot encoding of gender would be (2 males and 1 female, using the representation [0
1] for female and [1 0] for male):

>> R=[1,0;1,0;0, 1]
R =
10

10
01

87



88 CHAPTER 8. LIST OF INPUT FILES

The same number of covariates should be provided across subjects.

Conditions le - within subject: To specify the design of a subject using a .mat le, 5 variables
can be provided (this option is normally used with data types that have temporal information with an
experimental design happening during the data acquisition, e.g. fMRI, MEEG):

{ names: cell array of conditions names, e.g. "A','B'
{ onsets: cell array of vectors on onsets for each condition, e.g. [1,4,8],[2,5,7]

{ durations: cell array of vectors or single values for each condition, e.g. 1,1. In the case of a single
value, this value will be repeated for all trials.

{ (optional) rt _trial: cell array of vectors containing one target per trial (including bad trials for
MEEG), e.g. [1.2, 1.3, 1.1],[2.1, 2.5, 2.3].

{ (optional) R: cell array of matrices or vectors containing covariates per trial (including bad trials for
MEEG). Each matrix should have the size # trials in condition x # covariates. The same number
of covariates should be provided across conditions and subjects. E.g. [1,0;0,1;1,0],[0,1;1,0;1,0].

Feature set

Atlas for .mat:  When loading an atlas for a .mat modality, PRoNTo will extract the rst variable of
that le. This rst variable (which can have any name) should contain one array. This array should have
the exact same dimensions as the dimensions of the data from the rst (and other) subjects. It should
include values between 1 and the number of ROIs. 0 and NaN values will be excluded from the feature
set (as the atlas is also forced as 2nd level mask).

To include labels of ROIs with the atlas, a separate le called "Labelsatlasname.mat' needs to be found
along the atlas “atlasname.mat'. This le should contain the variable "ROlLnames’, a cell array of ROI
labels. The structure of this le is the same as for nifti ROI labels. Alternatively, ROI labels can be
loaded at the “Display weights' step.

A script that builds an atlas and its labels automatically from a list of networks for connectivity matrices

is provided in appendix and along the PRoNTo distribution (in /utils). If we assume that 2D connectivity
matrices are provided as input, estimated from a certain number of time series (e.g. 200). Among those
time series, some are thought to pertain to a same “network' (e.g. "Default Mode' or “Visual'). The script
will build a ROI for each “network' within and between interaction. For example, "Visual-Visual' will be
ROI1, "Visual-Default Mode' will be ROI2 and “Default Mode-Default Mode' will be ROI3.

Channel selection le for MEEG in batch: The “channel selection' module in the batch comes from
SPM directly. They accept a le containing a cell array called “label', with each cell being a channel hame
to include.

Model

Custom cross-validation: Custom cross-validation allows to load a matrix. The name of the variable
in the .mat le should be "CV' and the matrix should be of size #samples x #folds. The values in the
matrix need to be either 0 (sample not selected in fold), 1 (sample used for training) or 2 (sample used
for testing).

Display weights

Labels for ROIs:  For nifti and .mat, ROI labels can be loaded when displaying the weights (MEEG
comes with its own labelling). The loaded .mat le should contain a variable 'ROlLLnames', a cell array of
ROI labels. The number of labels has to match the number of regions as de ned in the atlas.
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Chapter 9

Data & Design

Specify the data and design for each group (minimum one group).

9.1 Directory

Select a directory where the PRT.mat le containing the speci ed design and data matrix will be written.

9.2 Groups

Add data and design for one group. Click 'new' or 'repeat' to add another group.

9.2.1 Group
Specify data and design for the group.

Name

Name of the group. Example: 'Controls'.

Select by

Depending on the type of data at hand, you may have many samples per subject, such as a fMRI time series, or
you may have many subjects with only one sample per subject , such as PET images. If you have many samples
per subject select the option 'subjects'. If you have one sample for many subjects select the option 'samples'.

Subjects  Add subjects/samples.

Subject Add new modality for this subject.

Modality Add new modality.

Name Name of modality. Example: 'BOLD'. The names should be consistent accross subjects/groups and
the same names speci ed in the masks.

Data format ~ Data format for this modality. The di erent input les should be in either nifti, SPM MEEG
object or .mat format

Interscan interval Specify interscan interval (TR). The units should be seconds.

Files Select les for this modality. They must all have the same image dimensions, orientation, voxel size
etc. Only one le allowed for MEEG input format.

Data & Design  Specify data and design.
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Load SPM.mat (for nifti inputs only) Load design from SPM.mat (if you have previously specied the
experimental design with SPM).This option is available for nifti inputs only. Not available for MEEG or .mat
input formats.

Specify designSpecify design: samples (data), onsets and durations.

Units for design The onsets of events or blocks can be speci ed in either scans or seconds.

Conditions Specify conditions. This option is not available for MEEG. You are allowed to combine both
event- and epoch-related responses in the same model and/or regressor. Any number of condition (event or
epoch) types can be specied. Epoch and event-related responses are modeled in exactly the same way by
specifying their onsets [in terms of onset times] and their durations. Events are speci ed with a duration of 0. If
you enter a single number for the durations it will be assumed that all trials conform to this duration.For factorial
designs, one can later associate these experimental conditions with the appropriate levels of experimental factors.

Condition Specify condition: name, onsets and duration.

Name Name of condition (alphanumeric strings only).

Onsets Specify a vector of onset times for this condition type.

Durations Specify the event durations. Epoch and event-related responses are modeled in exactly the same
way but by specifying their di erent durations. Events are speci ed with a duration of 0. If you enter a single
number for the durations it will be assumed that all trials conform to this duration. If you have multiple
di erent durations, then the number must match the number of onset times.

Covariates Select a .mat le containing your covariates (i.e. any other data/information you would like to
include in your design). This le should contain a variable 'R' with a matrix of covariates. Its size should be
#samples x #covariates.

Regression targets (per trial) Enter one regression target per trial onset. or enter the name of a variable.
This variable should be a vector [Ntrials x 1], where Ntrials is the number of events for the selected condition.

Multiple conditions Select the *.mat le containing details of your multiple experimental conditions.

If you have multiple conditions then entering the details a condition at a time is very ine cient. This option
can be used to load all the required information in one go. You will rst need to create a *.mat le containing
the relevant information.

This *.mat le must include the following cell arrays (each 1 x n): names, onsets and durations. eg.
names=cell(1,5), onsets=cell(1,5), durations=cell(1,5), then names2='SSent-DSpeak’, onsets2=[3 5 19 222],
durations2=[0 0 0 0], contain the required details of the second condition. These cell arrays may be made
available by your stimulus delivery program, eg. COGENT. The duration vectors can contain a single entry if
the durations are identical for all events.

Time and Parametric e ects can also be included. For time modulation include a cell array (1 x n) called
tmod. It should have a have a single number in each cell. Unused cells may contain either a 0 or be left empty.
The number speci es the order of time modulation from 0 = No Time Modulation to 6 = 6th Order Time
Modulation. eg. tmod3 = 1, modulates the 3rd condition by a linear time e ect.

For parametric modulation include a structure array, which is up to 1 x n in size, called pmod. n must be
less than or equal to the number of cells in the names/onsets/durations cell arrays. The structure array pmod
must have the elds: name, param and poly. Each of these elds is in turn a cell array to allow the inclusion
of one or more parametric e ects per column of the design. The eld name must be a cell array containing
strings. The eld param is a cell array containing a vector of parameters. Remember each parameter must be
the same length as its corresponding onsets vector. The eld poly is a cell array (for consistency) with each cell
containing a single number specifying the order of the polynomial expansion from 1 to 6.

Note that each condition is assigned its corresponding entry in the structure array (condition 1 parametric
modulators are in pmod(1), condition 2 parametric modulators are in pmod(2), etc. Within a condition multiple
parametric modulators are accessed via each elds cell arrays. So for condition 1, parametric modulator 1
would be de ned in pmod(1).namel, pmod(1).paraml, and pmod(1).polyl. A second parametric modulator
for condition 1 would be de ned as pmod(1).name2, pmod(1).param2 and pmod(1).poly2. If there was also
a parametric modulator for condition 2, then remember the rst modulator for that condition is in cell array
1: pmod(2).namel, pmod(2).paraml, and pmod(2).polyl. If some, but not all conditions are parametrically
modulated, then the non-modulated indices in the pmod structure can be left blank. For example, if conditions
1 and 3 but not condition 2 are modulated, then specify pmod(1) and pmod(3). Similarly, if conditions 1 and
2 are modulated but there are 3 conditions overall, it is only necessary for pmod to be a 1 x 2 structure array.

EXAMPLE:

Make an empty pmod structure:

pmod = struct('name’,",'param’,,'poly",);

Specify one parametric regressor for the rst condition:
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pmod(1).namel = 'regressorl’;

pmod(1).paraml =[1 2 4 5 6];

pmod(1).polyl = 1;

Specify 2 parametric regressors for the second condition:

pmod(2).namel = 'regressor2-1';

pmod(2).paraml =[1 35 7];

pmod(2).polyl = 1;

pmod(2).name2 = 'regressor2-2';

pmod(2).param2 = [2 4 6 8 10];

pmod(2).poly2 = 1;

The parametric modulator should be mean corrected if appropriate. Unused structure entries should have
elds left empty.

No design Do not specify design. This option can be used for modalities (e.g. structural scans) that do
not have an experimental design. Possibility to specify one regression target and/or covariatefor the considered
subject.

No conditions No conditions to specify for this subject.

Covariates Select a .mat le containing your covariates (i.e. any other data/information you would like to
include in your design). This le should contain a variable 'R' with a matrix of covariates. Its size should be
#samples x #covariates.

Regression targets (per trial) Enter one regression target per trial onset. or enter the name of a variable.
This variable should be a vector [Ntrials x 1], where Ntrials is the number of events for the selected condition.

Events in MEEG le (for MEEG inputs only) Events already in MEEG le. This option should be used for
MEEG object inputs. Possibility to add covariates or regression targets

Events in le Specify condition: nhame, onsets and duration.

Add regression targets/covariatesEvents already in MEEG le. This option should be used to add covariates
or regression targets for MEEG object inputs.

No regression targets/covariatesNo regression targets/covariates for this subject/modality.

Conditions Specify conditions for which to add regression targets and/or covariates.

Condition Specify condition: name, regression targets and covariates.

Name Name of condition (alphanumeric strings only).

Covariates Select a .mat le containing your covariates (i.e. any other data/information you would like to
include in your design). This le should contain a variable 'R' with a matrix of covariates. Its size should be
#samples x #covariates.

Regression targets (per trial) Enter one regression target per trial onset. or enter the name of a variable.
This variable should be a vector [Ntrials x 1], where Ntrials is the number of events for the selected condition.

al

Samples Depending on the type of data at hand, you may have many samples per subject, such as a fMRI
time series, or you may have many subjects with only one or a small number of samples per subject, such as
PET images. Select this option if you have many subjects per modality to spatially normalise, but there is only
one sample for each subject. This is a faster option with less information to specify than the 'select by subjects’
option. Both options create the same 'PRT.mat' but 'select by samples' is optimised for modalities with no
design.

Modality =~ Specify modality, such as name and data.

Name Name of modality. Example: 'BOLD'. The names should be consistent accross subjects/groups and
the same names speci ed in the masks.

Data format Data format for this modality. The di erent input les should be in either nifti, SPM MEEG
object or .mat format

Files Select les for this modality. They must all have the same image dimensions, orientation, voxel size
etc. Only one le allowed for MEEG and for .mat input formats.

Regression targets (subject)  Add regression targets per subject. Only for nifti or .mat formats.

No targets  No regression targets.

From file  Select .mat le containing regression targets. It should contain the values in a matrix rt.subj of
size number of subjects times number of regression targets. Additionally, if the variable names is a cell of size
number of targets times 1 and contains strings, these strings will be associated with the targets as their names
and referred as such later on.
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Specify Specify each regression target.

Target Subject regression targets. Specify hame and values for each.

Name Name of regression target. Example: 'Age'. The names should be consistent accross subjects/groups.

Values Enter one regression target per subject. This vector should have the following dimensions: [Nsubjects
x 1], where Nsubjects is the number of subjects in group.

Covariates Select a .mat le containing your covariates (i.e. any other data/information you would like to
include in your design). This le should contain a variable 'R' with a matrix of covariates. One covariate per
image is expected.

9.3 Masks

Select rst-level (pre-processing) mask for each modality format. The name of the modalities should be the
same as the ones entered for subjects/scans.

9.3.1 Modality

Specify name of modality and le format for each mask. The name should be consistent with the names chosen
for the modalities (subjects/scans).

Name

Name of modality. Example: 'BOLD'. The names should be consistent accross subjects/groups and the same
names speci ed in the masks.

Data format

Data format input. Either nifti, MEEG or .mat
Nifti ~ Specify name of mask le for nifti modality.

File Select one rst-level mask (image) for each modality. This mask is used to optimise the prepare data
step. In 'specify model' there is an option to enter a second-level mask, which might be used to select only a
few areas of the brain for subsequent analyses.

HRF overlap If using fMRI data please specify the width of the hemodynamic response function (HRF).
This will be used to calculate the overlap between events. Leave as 0 for other modalities (other than fMRI).

HRF delay If using fMRI data please specify the delay of the hemodynamic response function (HRF).
This will be used to calculate the overlap between events. Leave as 0 for other modalities (other than fMRI).

MEEG No mask for MEEG obiject les

.mat No mask for .mat les

9.4 Review

Choose 'Yes' if you would like to review your data and design in a separate window. This window needs to be
closedbefore proceeding further.
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Feature set/Kernel

Compute feature set according to the design speci ed

10.1 Load PRT.mat

Select data/design structure le (PRT.mat).

10.2 Feature/kernel name

Target name for kernel matrix. This should containonly alphanumerical characters or underscores._§.

10.3 Data format

Data format for selected modalities. The dierent input les should be in either nifti, SPM MEEG object or
.mat format

10.3.1 Nifti

Add modalities in nifti format

Modality

Specify modality, such as name and data.
Modality name Name of modality. Example: 'BOLD'. Must match design speci cation

Samples / Conditions Which task conditions do you want to include in the kernel matrix? Select conditions:
select speci ¢ conditions from the design. All conditions: include all conditions extracted from the design. All
samples: include all samples for each subject. This may be used for modalities with only one sample per subject
(e.g. PET), if you want to include all samples from an fMRI timeseries (assumes you have not already detrended
the timeseries and extracted task components)

All samples  No design specied. This option can be used for modalities (e.g. structural) that do not
have an experimental design or for an fMRI designwhere you want to include all samples in the timeseries

All Conditions Include all conditions in this kernel matrix
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Voxels to include Specify which voxels from the current modality you would like to include
All voxels  Use all voxels in the design mask for this modality
Specify mask le Select a mask for the selected modality.

Detrend  Type of temporal detrending to apply
None Do not detrend the data

Polynomial detrend Perform a voxel-wise polynomial detrend on the data (1 is linear detrend)
Order Enter the order for polynomial detrend (1 is linear detrend)

Discrete cosine transform Use a discrete cosine basis set to detrend the data.
Cuto of high-pass Iter (second) The default high-pass Iter cuto is 128 seconds (same as SPM)

Scale input scans Do you want to scale the input scans to have a xed mean (i.e. grand mean scaling)?
No scaling Do not scale the input scans
Specify from *.mat Specify a mat le containing the scaling parameters for each modality.

Use atlas to build ROI specic kernels Select an atlas le to build one kernel per ROI. The AAL atlas
(named 'aal_.79x91x69.img") is available in the 'atlas' subdirectory of PRoONTo

10.3.2 MEEG
Add modalities in SPM MEEG format

Modality

Specify modality, such as name and data.
Modality name Name of modality. Example: 'BOLD'. Must match design speci cation
Channels

Channel selection Channel selection.

All

Select channels by type  Select channels by type.

Custom channel Enter a single channel name.

Regular expression Enter a regular expression for matching multiple channel labels.
Channel le

Average Average across selected.

Multiple kernels Build one kernel per selected feature in this dimension.
This will result in e.g. one kernel per channel, per time point, or

per frequency bin. Choosing multiple kernels on one dimension does not
exclude the computation of multiple kernels on other dimensions.

Time points

Time window Start and stop of the time window (ms).
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Average Average across selected.

Multiple kernels Build one kernel per selected dimension.

No Do not build multiple kernels

One kernel per time point Build one kernel per time point

One kernel per time window Build one kernel per time window
Time window (ms) Length of time window to consider (in ms). E.g. 10

Frequencies
Frequency window Start and stop of the frequency window (Hz).
Average Average across selected.

Multiple kernels Build one kernel per selected feature in this dimension.
This will result in e.g. one kernel per channel, per time point, or

per frequency bin. Choosing multiple kernels on one dimension does not
exclude the computation of multiple kernels on other dimensions.

10.3.3 .mat

Add modalities in .mat format

Modality

Specify modality, such as name and data.
Modality name Name of modality. Example: 'BOLD'. Must match design speci cation

Samples / Conditions Which task conditions do you want to include in the kernel matrix? Select conditions:
select speci ¢ conditions from the design. All conditions: include all conditions extracted from the design. All
samples: include all samples for each subject. This may be used for modalities with only one sample per subject
(e.g. PET), if you want to include all samples from an fMRI timeseries (assumes you have not already detrended
the timeseries and extracted task components)

All samples  No design speci ed. This option can be used for modalities (e.g. structural) that do not
have an experimental design or for an fMRI designwhere you want to include all samples in the timeseries

All Conditions Include all conditions in this kernel matrix
Scale input scans Do you want to scale the input scans to have a xed mean (i.e. grand mean scaling)?
No scaling Do not scale the input scans
Specify from *.mat Specify a mat le containing the scaling parameters for each modality.
Features to include Specify which features from the current modality you would like to include
All features  Use all features in the matrix for this modality
Specify mask le Select a mask for the selected modality.

Use atlas to build ROI speci c kernels Select an atlas le to build one kernel per ROI. The atlas should
have the same dimensions as the input .mat data.
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Chapter 11

Model: Specify new

Construct model according to design speci ed

11.1 Load PRT.mat

Select data/design structure le (PRT.mat).

11.2 Model name

Name for model

11.3 Feature sets

Feature set(s) to include in this model.

11.3.1 Feature set name

Add onefeature set to this model. Click 'new' or 'repeat' to add another feature set.

Name

Enter the name of a feature set to include in this model. This can be kernel or a feature matrix.

11.4 Model Type

Select which kind of predictive model is to be used.

11.4.1 Classi cation

Specify classes and machine for classi cation.

Classes

Specify which elements belong to this class. Click 'new' or 'repeat' to add another class.
Class Specify which groups, modalities, subjects and conditions should be included in this class

Name Name for this class, e.g. 'controls’
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Groups Add one group to this class. Click 'new' or 'repeat’ to add another group.

Group Specify data and design for the group.

Group name Name of the group to include. Must exist in PRT.mat

Subjects Subject numbers to be included in this class. Note that individual numbers (e.g. 1), or a range
of numbers (e.g. 3:5) can be entered

Conditions / Samples  Which task conditions do you want to include? Select conditions: select specic
conditions from the design. All conditions: include all conditions extracted from the design. All samples:
include all samples for each subject. This may be used for modalities with only one sample per subject (e.g.
PET), if you want to include all samples from an fMRI timeseries (assumes you have not already detrended the
timeseries and extracted task components)Target: to specify which regression target to use. This may be used
when multiple regression targets were speci ed while having only one sample per subject.

Specify Conditions Specify the name of conditions or of the target to be

included. Multiple conditions can be combined.

Condition Specify condition to use.

Name Name of condition to include.

All Conditions Include all conditions in this model

All samples No design speci ed. This option can be used for modalities (e.g. structural) that do not have
an experimental design or for an fMRI designwhere you want to include all samples in the timeseries

Target Specify target to use.

Name Name of target to include.

Subsample examples based on class de nition

Whether to subsample the example, or not. If Yes, the code will match the number of examples in each class
as close as possible. This operation takes the duration of the examplesinto account (i.e. will not cut an event).

Machine Type

Select whether a kernel or non-kernel method is to be used.

Kernel machine Choose a kernel prediction machine for this model

SVM Classi cation Binary support vector machine.
SVM string argument String argument for LIBSVM interfacing.
Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouLeave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per classk-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.
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k Number of folds/partitions for CV. To create a 50
Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Gaussian Process Classi cation Gaussian Process Classi cation
String arguments  String arguments for GPML machine binary classi cation machine.

Multiclass GPC Multiclass GPC
String arguments  String arguments for GPML multiclass classi cation machine.

L1 Multi-Kernel Learning Multi-Kernel Learning. Choose only if multiple kernels
were built during the feature set construction (either multiple modalities or ROIs).
It is strongly advised to "normalize" the kernels (in "operations").

Machine optimization and parameters Choose whether to optimize machine or not
No optimization  Getting default value.
Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1(1—2:5] or 1:100:1000 or 0.01 0.1
1 10 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per class-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Custom machine Choose another prediction machine

Function Choose a function that will perform prediction.

Custom machine string argument String argument for custom machine.

Custom machine optimization and parameters Choose whether to optimize machine or not

No optimization  Enter parameter xed value if needed.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Hyper-parameter range for prediction machine.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50
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Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per classk-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Non-kernel machine Choose a non-kernel prediction machine for this model

Binary L2-SVM Non-kernel L2-regularized L2-Loss support vector machine,can be used for multiclass
problem.

String arguments  String arguments for LIBLINEAR interfacing.

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per class-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Multiclass SVM Multiclass support vector classi cation by Crammer and Singer, can also be used for
binary classi cation.

String arguments  String arguments for LIBLINEAR interface.

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration
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k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per classk-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Binary L1-SVM Non-kernel L1-regularized L2-Loss support vector machine.
String arguments  String arguments for LIBLINEAR interface.
Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per clas-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

L2-Logistic Regression Non-kernel L2-regularized Logistic Regression from LIBLINEAR.

String arguments  String arguments for LIBLINEAR interface.

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used
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Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per class-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

L1-Logistic Regression Non-kernel L1-regularized Logistic Regression from LIBLINEAR.

String arguments  String arguments for LIBLINEAR interface.

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per classk-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Custom machine Choose another prediction machine

Function Choose a function that will perform prediction.

Custom machine string argument String argument for custom machine.

Custom machine optimization and parameters Choose whether to optimize machine or not
No optimization  Enter parameter xed value if needed.

Optimize hyper-parameter Specify range of values and nested CV.
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Regularization hyper-parameter Hyper-parameter range for prediction machine.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per class-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

11.4.2 Regression

Add group data and machine for regression.

Groups

Add one group to this regression model. Click 'new' or 'repeat' to add another group.
Group  Specify data and design for the group.
Group name  Name of the group to include. Must exist in PRT.mat

Subjects  Subject numbers to be included in this class. Note that individual numbers (e.g. 1), or a range
of numbers (e.g. 3:5) can be entered

Conditions / Samples Which task conditions do you want to include? Select conditions: select speci c
conditions from the design. All conditions: include all conditions extracted from the design. All samples:
include all samples for each subject. This may be used for modalities with only one sample per subject (e.qg.
PET), if you want to include all samples from an fMRI timeseries (assumes you have not already detrended the
timeseries and extracted task components)Target: to specify which regression target to use. This may be used
when multiple regression targets were speci ed while having only one sample per subject.

Specify Conditions  Specify the name of conditions or of the target to be

included. Multiple conditions can be combined.

Condition  Specify condition to use.

Name Name of condition to include.

All Conditions  Include all conditions in this model

All samples No design speci ed. This option can be used for modalities (e.g. structural) that do not have
an experimental design or for an fMRI designwhere you want to include all samples in the timeseries

Target Specify target to use.

Name Name of target to include.

Machine Type

Select whether a kernel or non-kernel method is to be used.
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Kernel machine Choose a kernel prediction machine for this model

Kernel Ridge Regression Kernel Ridge Regression.

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1(1—2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouLeave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per class-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

epsilon-SVR  Kernel epsilon Support Vector Regression from LIBSVM.

String arguments  String arguments for LIBSVM interface.

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouLeave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per class-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50
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Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Relevance Vector Regression Relevance Vector Regression. Tipping, Michael E.; Smola, Alex (2001).
"Sparse Bayesian Learning and the Relevance Vector Machine". Journal of Machine Learning Research 1:
211-244,

Gaussian Process Regression Gaussian Process Regression
String arguments  String arguments for GMPL machine prt_machine.gpr.

Multi-Kernel Regression Multi-Kernel Regression

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
1 10 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per class-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Custom machine Choose another prediction machine

Function Choose a function that will perform prediction.

Custom machine string argument String argument for custom machine.

Custom machine optimization and parameters Choose whether to optimize machine or not

No optimization  Enter parameter xed value if needed.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Hyper-parameter range for prediction machine.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.
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k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per classk-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Non-kernel machine Choose a non-kernel prediction machine for this model

epsilon-SVR  Non-kernel epsilon-Support Vector Regression from LIBLINEAR.

String arguments  String arguments for LIBLINEAR interface.

Machine optimization and parameters Choose whether to optimize machine or not

No optimization  Getting default value.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Value(s) for hyper-parameter. Examples: 1@-2:5] or 1:100:1000 or 0.01 0.1
110 100.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.

k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per classk-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

Custom machine Choose another prediction machine

Function Choose a function that will perform prediction.

Custom machine string argument String argument for custom machine.

Custom machine optimization and parameters Choose whether to optimize machine or not

No optimization  Enter parameter xed value if needed.

Optimize hyper-parameter Specify range of values and nested CV.

Regularization hyper-parameter Hyper-parameter range for prediction machine.

Cross-validation type for hyper-parameter optimization Choose the type of cross-validation to be used

Leave one subject outLeave a single subject out each cross-validation iteration

k-folds CV on subjectsk-partitioning of subjects at each cross-validation iteration

k Number of folds/partitions for CV. To create a 50

Leave one subject per group ouleave out a single subject from each group at a time. Appropriate for
repeated measures or paired samples designs.
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k-folds CV on subjects per groupK-partitioning of subjects from each group at a time. Appropriate for
repeated measures or paired samples designs.

k Number of folds/partitions for CV. To create a 50

Leave one block outLeave out a single block or event from each subject each iteration. Appropriate for
single subject designs.

k-folds CV on blocksk-partitioning on blocks or events from each subject each iteration. Appropriate for
single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one block per class outeave out a single block or event from each class each iteration. Appropriate
for single subject designs.

k-folds CV on block per classk-partitioning on blocks or events from each class each iteration. Appropriate
for single subject designs.

k Number of folds/partitions for CV. To create a 50

Leave one run/session outLeave out a single run (modality) from each subject each iteration. Appropriate
for single subject designs with multiple runs/sessions.

11.5 Cross-validation type

Choose the type of cross-validation to be used

11.5.1 Leave one subject out

Leave a single subject out each cross-validation iteration

11.5.2 k-folds CV on subjects

k-partitioning of subjects at each cross-validation iteration

k

Number of folds/partitions for CV. To create a 50

11.5.3 Leave one subject per group out

Leave out a single subject from each group at a time. Appropriate for repeated measures or paired samples
designs.

11.5.4 k-folds CV on subjects per group

K-partitioning of subjects from each group at a time. Appropriate for repeated measures or paired samples
designs.

k

Number of folds/partitions for CV. To create a 50

11.5.5 Leave one block out

Leave out a single block or event from each subject each iteration. Appropriate for single subject designs.

11.5.6 k-folds CV on blocks

k-partitioning on blocks or events from each subject each iteration. Appropriate for single subject designs.

k

Number of folds/partitions for CV. To create a 50
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11.5.7 Leave one block per class out

Leave out a single block or event from each class each iteration. Appropriate for single subject designs.

11.5.8 k-folds CV on block per class

k-partitioning on blocks or events from each class each iteration. Appropriate for single subject designs.

k

Number of folds/partitions for CV. To create a 50

11.5.9 Leave one run/session out

Leave out a single run (modality) from each subject each iteration. Appropriate for single subject designs with
multiple runs/sessions.

11.5.10 Custom

Load a cross-validation matrix comprising a CV variable

11.6 Include all scans

This option can be used to pass all the scans for each subject to the learning machine, regardless of whether
they are directly involved in the classi cation or regression problem. For example, this can be used to estimate
a GLM from the whole timeseries for each subject prior to prediction. This would allow the resulting regression
coe cient images to be used as samples.

11.7 Data operations

Specify operations to apply

11.7.1 Mean centre features

Select an operation to apply.

11.7.2 Other Operations

Include other operations?

No operations

No design specied. This option can be used for modalities (e.g. structural scans) that do not have an
experimental design or for an fMRI designwhere you want to include all scans in the timeseries

Select Operations

Add zero or more operations to be applied to the data before the prediction machine is called. These are
executed within the cross-validation loop (i.e. they respect training/test independence) and will be executed in
the order speci ed.

Operation  Select an operation to apply.
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Model: Run

Trains and tests the predictive machine using the cross-validation structure speci ed by the model.

12.1 Load PRT.mat

Select PRT.mat ( le containing data/design structure).

12.2 Model name

Name of a model. Must match your entry in the
'Specify model' batch module.

12.3 Do permutation test?

Perform a permutation test on accuracy, or not

12.3.1 No permutation test

Do not perform permutation test

12.3.2 Permutation test

Perform a permutation test.

Number of permutations

Enter the number of permutations to perform

Save permutations parameters

Set to Yes to save the parameterss obtained from eachpermutation.

Copy permutations from model

Set to Yes to copy the permutations from anothermodel. This option should be selected to correct for multiple
comparisons. The 2 models should contain the exact same samples.

No Do not copy permutation from another model.
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Copy from  Yes, copy permutations from a previous model.

Mdel name  Name of a model. Must match your entry in the
'Specify model' batch module.
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Chapter 13

Block design fMRI dataset
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This chapter will describe the steps necessary to perform a classi cation using PRoNTo. The datasétused
in this chapter can be found in PRoNTo's website http://www.mInl.cs.ucl.ac.uk/pronto/prtdata.html
(data set 1) and the whole’ dataset is available in http://data.pymvpa.org/datasets/haxby2001/

This fMRI dataset originates from a study on face and object representation in human ventral temporal
cortex [10]. In this study, the subject was shown a set of grey scale images of 8 categories (faces, houses, cats,
chairs, bottles, scissors, shoes and scrambled pictures), with 12 runs/blocks. Each image was displayed for 500
ms and was followed by a 1500 ms rest interval. This experiment consisted of a block-design of 9 scans of each
category followed by 6 scans of inter-stimulus interval. Images were acquired with a TR of 2.5 s. The full-brain
fMRI data consisted of 1452 scans/volumes with 40 x 64 x 64 voxels. The dimensionality of each voxel was 3.5
x 3.75 x 3.75 mm.

For simplicity, in this example we will use PRoNTo to predict if the subject is viewing an image of a face
or a house based on the fMRI scans. We will classify the whole brain images using Support Vector Machines,
using a leave one block out cross-validation scheme.

13.1 GUI analysis

We will rst analyse the data using PRoNTo's GUI and then repeat the analysis using the matlabbatch system.

1Pre-processed (realigned and normalised) data from participant 1.
2Not pre-processed.
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To start, create a new directory in which to save the results of the analysis, then start upMatlab and type
“prt’ or “pronto’ in the Matlab  prompt (considering that the PRoNTo and SPM folders have been previously
added to the Matlab  path). This will open the main interface of PRoNTo (Figure 13.1).

Figure 13.1: Main interface of PRoNTo.

13.1.1 Data & Design

In PRoNTo's main window, click on "Data & Design' and a new window will open, ‘Data and design’
(Figure 13.2). Then, browse the directory in which to save the PRT structure (saved as "PRT.mat").

Figure 13.2: "Data and design' GUI.

In the panel "Groups', click on “"Add' and provide a name to the group (we only have one group/subject),
with no spaces or special characters, e.g. "G1'".
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Add a subject in the "Subject/Samples' option, e.g. 'S1', and leave the "Samples' tick box below the panel
unchecked. See Chapter 2 of the manual for more information on this option.

In the "Modalities' panel, click on "Add' and provide a name to the modality, e.g. “‘fMRI'. The “Specify
modality’ GUI allows one to specify the format of the Data and the design of the experiment. In the
"Data format', choose Tnifti' (Figure 13.3). In the "Design' eld, choose the option "Load SPM.mat'
(Figure 13.4). This le is available with the Haxby dataset on PRoNTo's website® inside the folder
Haxby _dataset/design/. Finally, in this case leave "Regression targets' as it is, in the "No targets' option.

Figure 13.3: “Specify modality' GUI. First Figure 13.4: “Specify modality' GUI. Here we
we specify the format of our data (here nifti). load a speci ed design from an "SPM.mat' le.

{ Incase there is no "SPM.mat' le available to use, create a new design by selecting the option "Specify
design'. Choose how many conditions you have, which in this case are 8 conditions (corresponding to
the 8 categories of images). This will open another window that allows the user to write the names,
onsets and durations of each condition (Figure 13.5). If the duration of each event is di erent, you
must specify the duration of all events as shown in the gure above. If however the duration is the
same for all events, specifying one value per class will su ce (Figure 13.6). The unit in which the
onsets/durations are read in this case is ‘scans' and the interscan interval (TR) is 2.5 seconds. The
design information (names, onsets and durations) can be found inside the “Haxbglesign.pdf' le in
the Haxby dataset folder.

Figure 13.5: “Specify design' GUI to enter the con- Figure 13.6: If all events have the same duration,
ditions, the units of design, TR and covariates. you can specify this with only one number.

3http://vww.minl.cs.ucl.ac.uk/pronto/prtdata.html
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Finally, load all the image les available in the fMRI directory (Haxby _dataset/fMRI/). You can select
all the les by using the right mouse button and clicking on the option "Select All' (Figure 13.7). When
all the images are selected, click on the “Done' button.

In the "Masks' eld, on the bottom left of the "Data and design' window, select the “wholebrain' mask
for the modality speci ed (Figure 13.8). The mask is available in the masks directory inside the folder
Haxby _dataset/masks/. Once you have specied the mask for each modality, you will notice that the
color of the word “"Masks' changes from red to black. This tells you that you have de ned a mask for each
modality.

Figure 13.7: "Files' eld is used to select the scan- Figure 13.8: This window is called when one clicks
sfimages for the selected subject. "Masks'.

Click on "Review' button to check the data and the design inserted in this modality (Figure 13.9). For
more information on what one can do with the Review option please see Chapter 2.

Figure 13.9: "Review' GUI allows the user to check the data and design.

Click on “Save' button to create "PRT.mat' le with the structure containing the information that has
been previously speci ed. If there is no error, the "Save' button changes color, from red to black; which
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also tells you that everything has been properly saved right up until that moment. The "Data and design'
window after you click "Save' should look similar to the Figure 13.10. If "Save' turned black and no errors
are shown in theMatlab command window, leave the "Data and design' window by clicking "Quit'.

Figure 13.10: “Data and design' GUI nal con guration.

13.1.2 Prepare feature set

Next we have to prepare the feature set, so click on "Prepare feature set' in PRoNTo's main window.
A new window will open prompting you to select a PRT.mat le. Select the "PRT.mat' le previously
created in the “Data & Design' step (Figure 13.11).

Figure 13.11: "Prepare feature set' GUI.

Once you click “Done' another window will appear, “Specify modality to include' (Figure 13.12). Here you
set the speci cation of di erent parameters and options for each modality, which are:

{ "Modality' eld: select the modality previously speci ed in the "Data & Design' step, ‘fMRI'.
{ "Conditions' eld: select "All scans'.
{ “Parameters box": select the polynomial detrend with order 1 and the 'No scaling' option.

{ "Features box': leave the additional mask eld as it is and the “build one kernel per region' tick box
unchecked. Then, click on the "Done' button.
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As an optional step, in the "Additional mask for selected modality' eld, the user can specify a
“second-level' mask, which can be used to select regions of interest (ROIs) on which the classi-
cation can be performed. For instance, we can enter the “fusiformgyrus' mask available with
this dataset.

Once you specify the modality to include and click "Done’, yet another window will appear, "Prepare
feature set'. Here you provide a name for the feature set, e.g. "HaxbyFeatures' and nally you click on
"Build kernel / data matrix' to build the kernel. If everything was done correctly, a progress bar will pop
up, marking the start of the procedure (Figure 13.13), which can take a few minutes.

Figure 13.12: “Specify modality to include' GUI. Figure 13.13: Preparing feature set.

13.1.3 Model: Specify new

Next we have to specify a model. In PRoNTo's main window, click on “Specify new' and a new window will
open, “Specify model' (Figure 13.14).

Select the "PRT.mat' le and provide a name to the model, e.g. 'svmFacesHouses'.

Select from the list one of the "Feature Set' previously de ned. In this case, there is only one "HaxbyFea-
tures', but in general from v3.0 you are free to choose more than one feature set that can be combined
using Multiple Kernel Learning.

Leave the option “Use kernels' tick box as it is, i.e. “Yes'.

Select the “Classi cation' model type and click on "De ne classes' button. A new window will open,
“Specify classes' (Figure 13.15), to de ne the number of classes and a nhame for each class. We will de ne
2 classes. First click "Class 1' on the tab "Class'. For "Class 1' select subject "S1' and the condition “Faces'
and, similarly, for "Class 2' select subject “S1' and the condition "Houses'. Leave the “Subsample according
to smallest class' as it is for now. Once you have appropriately speci ed everything, click “Done'.

Select the "Binary support vector machine' option, in the "Machine' eld.

Leave the option "Optimize hyper-parameter' tick box unchecked and “Cross-Validation Scheme' (internal
loop) as it is.

Select the "Leave One Block Out' cross-validation scheme (external loop).

In the “Data operations' box, select the “Sample averaging (within block)' option, which corresponds to
a temporal compression of the data within each block, and "Mean centre features using training data’'
option. Then, the “Specify model' window should look similar to Figure 13.16.
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Figure 13.14: "Model: Specify new' GUI. Figure 13.15: “Specify classes' GUI.

Figure 13.16: "Model: Specify new' GUI nal con guration.
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Click on "Specify and run model' and the model will be immediately estimated, therefore there is no need
to use the "Run model' module in this case. However if you wish to run permutation tests you need to
specify this in the "Run model' module.

If you do not wish to average the scans within each block (i.e. to do temporal compression), go back
to the “Specify model' window, give another name to the model and select the same options mentioned
above, except in the data operations part. Here, choose only the "Mean centre features using training
data' option. Finish by clicking on the “Specify and run model' button.

13.1.4 Model: Specify from (optional step)

The “Specify from' window is the same as the “Specify new' window, except that some elds have been
disabled to ensure comparability of the models, and there is also an extra popup menu that allows to select
which model to copy from (Figure 13.17). For more information on what one can do with the “Specify
from' option please see Chapter 4.

Select the "PRT.mat' le we have been using so far and provide a new name for the model. It's recom-

mended giving a meaningful name to the model so that there is no confusion later on. We previously

used SVMs, so now we can try a dierent machine for comparison, for example the Gaussian Process
(GP) classi er, so we can name it ‘gpFacesHouses'. Alternatively, assuming you had previously created a
second feature set called "HaxbyFeatures2' or another more meaningful name according to your preference,
you could now try also deselecting "HaxbyFeatures' and selecting for example "HaxbyFeatures2' as your
selected feature set.

Notice that Classes/Regression selection and outer CV options cannot be modi ed. Only the "Machine'
(with its hyper-parameter optimization), the feature sets and the "Data operations' can be modi ed when
using speci cations from a previously de ned model.

After you have speci ed everything, the nal con guration would look like the one in Figure 13.18. Now
click “Specify and run model' to create a second model comparable to “svmFacesHouses' model.

Figure 13.17: "Model: Specify from' GUI.  Figure 13.18: "Model: Specify from' GUI nal con guration.
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For further information the reader should look at the tutorial of Chapter 4.

13.1.5 Model: Run

From the "Run model' window you can run the model(s) you have specied in the previous section. It
is useful when you have speci ed some model(s) but did not run it/them, and also if you want to run

permutations for multiple models (Figure 13.19).

Figure 13.19: "Model: Run' GUI.

If you want to run permutation tests, check the options “Perform permutation test' and “Save permutation
parameters', and also specify the number of repetitions. Keep in mind that in order to check the signi -
cance of the results you must run permutation tests. It has been shown that 1000 repetitions approximate

well the null distribution, so it's best if you are as close to that number as possible.

13.1.6 Display model (optional step)

To review the model speci cation, in the main PRoNTo GUI, click on "Review kernel & CV' and after you
select the "PRT.mat' le to review, a new window will open, "Review Model Speci cation' (Figure 13.20).

Figure 13.20: Review CV & kernel window.

Select the model, “svmFacesHouses', from the list at the top and click on "Review model’; then, select
one class from the list of "Class' to see which groups, subjects and conditions this class comprises (Figure

13.21).
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Figure 13.21: Review model speci cation window for Class 1.

To review the data and cross-validation matrix click on "Review CV' (Figure 13.22). For more information
on what these matrices mean, please consult chapter 4.

Figure 13.22: Data and cross-validation matrix from “Review CV' option.

To review the kernel, click on "Show kernel' (Figure 13.23).

13.1.7 Display results

In PRoNTO's main window, click on "Display results' and select the "PRT.mat' le. This will open the
main results window. In the "Model' panel, select the model that you want to view, ‘'svmFacesHouses'.
The main results window together with the performance stats should be similar to the one in Figure 13.25.
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Figure 13.23: Kernel matrix used for classi cation. Figure 13.24: "Compute weights' GUI.

Figure 13.25: "Results' GUI.

In the "Results' window, one can select speci ¢ folds in the “Fold' list and also check their performance
with di erent plots in the “Plot' list.

Keep in mind that if you have not run permutation tests, the values of ‘BA p-value' and "CA p-value'
would be "N.A.".

A very important change in v3 is that model performance is computed within folds, and then the stats are
averaged across all folds. In v2, stats were computed within folds but then predictions were concatenated across
folds to produce the model-level stats. This has been advised against as being over-optimistic. For further
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information regarding that the reader is referred to chapter 4. This change is re ected in the "Display results'
window: the list of plots available across folds is not the same as the list of plots available within folds.

Across fold the user can display:

“Accuracy distribution': The balanced accuracy in each fold plotted as a violin plot, with its mean displayed
in red. If permutations were estimated, the left side of the violin corresponds to the accuracy distribution
(with additional histogram), while the right side corresponds to the distribution of average balanced
accuracy with permuted labels.

“Predictions’: Same as v2.

"ROC': In v2, the ROC was built from the concatenated function values. In v3, we now build the average
ROC curve and display its standard deviation across folds as shaded area.

‘Inuence of the hyper-parameters'. Similar to v2, but added scatter plot representing the balanced
accuracy within each fold for each value of the hyper-parameter.

Within folds, the plots are the same as in v2. Minor changes were performed to improve their appearance.

13.1.8 Compute weights (optional step)

In PRoNTo's main window, click on “Compute weights' and a new window will open, "Compute weights'
(Figure 13.24).

Select the "PRT.mat' le.
Select the model from the list of "Models computed in PRT', 'svmFacesHouses' model.

If you previously run permutation tests and want to review and display the weights for the permutations,
check the option "Build weight images for permutations'. Note that this option will create one weight
image for each permutation.

Leave the option "Compute average/kernel weight per region' unchecked.

Click on "Compute weights' button. Computations will be displayed on the Matlab command window.

13.1.9 Display weights

In PRoNTOo's main window, click on “Display weights' and select the "PRT.mat' le. This will open the
"Model interpretation’ window.

By clicking on "Model', svymFacesHouses, an image will appear in the "Weights map' box. To show the
"Anatomical img' you have to load an anatomical image for reference. A template image can be found
in SPM's canonical folder (‘singlesubj_T1" le). The nal window will look similar to the one shown in
Figure 13.26.

13.2 Batch analysis

This tutorial will now show how to analyse the same data but using the matlabbatch system.

Once again, create a new directory where you wish to save the results. On the main interface of PRoNTo
click on the "Batch' button to open the “matlabbatch '. Alternatively, type “prt _batch' on the Matlab command
window. On the menu bar of the batch, there is a PRoNTo menu with the 6 options shown in the main steps
interface (Figure 13.27).
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Figure 13.26: "Model interpretation' GUI with results.

13.2.1 Data & Design

Click on "Data & Design' in the PRoNTo menu. Figure 13.28 is the starting "Data & Design' module menu
and Figure 13.29 is the full drop-down list of options. All modules follow the same general structure with
some initial options appearing at rst, that have a variety of sub-options that appear once you specify
them. Figure 13.30 is the nal con guration of the matlabbatch ‘Data & design' module.

Figure 13.27: Menu PRoNTo in the main Figure 13.28: "Data & design' module inmatlabbatch
matlabbatch window. window.

In the “Directory' eld, select a directory where the "PRT.mat' le will be saved. There are three ways of
editing all elds in matlabbatch : (i) by using the right mouse button and clicking on the current option,

(ii) clicking on current button in the window or (iii) by double clicking.
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Figure 13.29: Drop-down list of options in the Figure 13.30: Final con guration of the matlabbatch
matlabbatch “Data & design' module. "Data & design' module.

In the "Groups' eld:

Add one group.

{
{ Inthe eld "Name', provide a name without spaces to that group, e.g. "‘G1..
{ Inthe eld "Select by', select the "Subjects' option and add one subject.

{

Add one modality for this subject and provide a name, e.g. ‘fMRI'; choose the appropriate data
format (here nifti); de ne the interscan interval of 2.5 seconds; and in the eld "Files', select all the
image les available in the fMRI directory of the Haxby dataset.

{ In the "Data & Design' eld, since our data are in nifti format, choose the "Load SPM.mat' option.
This le is available with the Haxby dataset on PRoNTo's website# inside the folder Haxby_dataset/design/.

{ In case our data were in MEEG format, we could choose the “Events in MEEG le' option, where we
could also further specify regression targets/covariates.

In case there is no "SPM.mat' or "MEEG Events' le available to use, create a new design by
selecting the option “Specify design'. Choose the units (scans in our case), how many conditions
you have, which in this case are 8 conditions (corresponding to the 8 categories of images) and
also write the names, onsets, durations and any covariates and/or regression targets of each
condition (Figure 13.31). For further information on how to enter covariates and/or regression
targets the reader should look at the tutorial of Chapter 14.

In the "Masks' eld, add a new modality and provide the same modality name, ‘fMRI', choose the appro-
priate data format and nally select the "whole _brain' mask available in the masks directory of the Haxby

dataset. The name of the modality here has to be exactly the same as in "Modalities', otherwise it will
not work.

Leave the "HRF overlap' and the "HRF delay' elds as default.

In the "Review' eld, select “Yes' if you would like to review your data and design in a separate window.
Otherwise, leave as it is, i.e. "No'. Keep in mind that the procedure pauses while you review the data and
that you have to close the "Review' window for the procedure to continue.

13.2.2 Feature set / Kernel

Click on “Feature set / Kernel' option on PRoNTo's matlabbatch menu.

4http://mww.minl.cs.ucl.ac.uk/pronto/prtdata.html
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Figure 13.31: "Data & design' module. The "Specify design' option.

With "Load PRT.mat' eld selected, click on the "Dependency’ button to associate the "PRT.mat' le
created in the previous "Data & Design' step or click on the "Select les' button to browse where "PRT.mat'
le was saved. The window of Figure 13.32 is called to establish a dependency connection with the previous
"Data & design' module.

Figure 13.32: “Feature set / Kernel' module in Figure 13.33: Final con guration of the matlabbatch
matlabbatch . “Feature set / Kernel' module.

Provide a name to the “Feature/kernel' set, e.g. "HaxbyFeatures'.

Select the "nifti' option for a data format, add one modality and select the modality name with the
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‘Dependency’ buttor(Data & Design:Mod#1 name).

{ In the “Samples/Conditions' eld , select the "All samples' option.

{ Inthe "Voxels to include' eld, select "All voxels' option, this means we are not entering an additional
second-level mask.

This is an optional step. In the "Voxels to include' options, the user can specify a “second-level'
mask, which would de ne regions of interest (ROIs) on which the classi cation can be performed.
In this case, select the “fusiformgyrus' mask.

{ In the "Detrend' eld, select "Polynomial detrend' option with order 1.
{ In the “Scale input scans' eld, select "No scaling' option and nally leave "Use atlas to build ROI
speci ¢ kernels' as default.

Figure 13.33 is the nal con guration of the matlabbatch “Feature set / Kernel' module. For the other
Data formats please refer to Chapter 17.

13.2.3 Model: Specify new
Click on "Model: Specify new' option on PRoNTo's matlabbatch menu.

With “Load PRT.mat' eld selected, click on "Dependency' button to associate the "PRT.mat' le created
in the previous "Feature set / Kernel' step, or alternatively either double-click on “Load PRT.mat' option
or click on “Specify' button to browse where "PRT.mat' le was saved.

Provide a name to the model, e.g. 'svmFacesHouses'.
In the “Feature sets' eld, select the feature set name with the “Dependency’ buttof.
Select the “Classi cation' model type:

{ Add 2 new classes.

{ For Class (1) write "Faces' on the name eld and add one group. Select the group name from the “Data
& Design' module (‘Data & Design:Group#1 name') with the ‘Dependency' button’. Similarly, for
Class (2) write "Houses' on the name eld and add the group created in the "Data & Design' module,
"Gl

{ In the "Subjects' eld, type "1' (only subject 1 is selected).

{ In the “Conditions / Scans' eld, select the "Specify Conditions' option and add a new condition.
Provide a name for this condition, i.e. for Class (1) "Faces' and for Class (2) 'Houses'. Note that this
name needs to be spelled exactly as speci ed in the "Data & Design' module: if you simply loaded
an "SPM.mat' le for the design, you must know the names of the conditions.

Leave “Subsample examples based on class de nition' as it is, i.e. "No'.
In the "Machine Type' eld:

{ Select the "Kernel machine' and the "SVM Classi cation' options.

{ Leave the 'SVM string argument’ as it is, i.e. -q-s 0 -t 4 -C'.

{ Finally, on the "Machine optimization and parameters' eld select "No optimization'.
In the "Cross-validation type' eld, select "Leave one block out' option.
Leave the “Include all scans' eld as it is, i.e. "No'.
In the "Data operations' eld:

{ Leave the "Mean centre features' eld as it is, i.e. “Yes'.
{ Leave the "Other Operations' eld as it is, i.e. "No operations'.

Figure 13.34 is the nal con guration of the matlabbatch “Model: Specify new' module.

50r type it in manually, ‘fMRI', but the name needs to be  exactly the same as the one speci ed in the “Data & Design' module.

6or write it exactly as previously de ned in the “Feature set / Kernel' module (option ‘Feature set/Kernel: Feature/kernel
name'), here "HaxbyFeatures'.

7Or write it exactly, as previously de ned in the Data & Design' module, here "G1'
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Figure 13.34: Final con guration of the Figure 13.35: "Model: Specify from' module in
"Model: Specify new' module matlabbatch .

Figure 13.36: Final con guration of the "Model: Run' module in matlabbatch .
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13.2.4 Model: Specify from (optional step)

Click on "Model: Specify from' option on PRoNTo's matlabbatch menu. Figure 13.35 is the full drop-down
list of options.

The “Specify model from' module is similar to the "Specify model new' module, with the appropriate
elds disabled to ensure comparability between models. As in the “Specify model new' module rst with
the "PRT.mat' le selected, click on "Dependency' button to associate the "PRT.mat' le created in the
previous step, or alternatively either double-click on "Load PRT.mat' option or click on “Specify' button
to browse where "PRT.mat' le was saved.

Choose a "Model name', e.g. “gpFacesHouses', and then specify the name of an existing model from which
the previous speci cations will be loaded, here “svmFacesHouses'.

There are three di erent options you can change in your new model. The feature set, the model type and
the data operations. For further information regarding these options the user is referred to 4.

13.2.5 Model: Run

Click on the "Model: Run' option on PRoNTo's matlabbatch menu.

With the "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
created in the previous “Specify model' step.

Select the model name from the "Model: Specify new' module with the "Dependency' button, or write it
exactly, as previously de ned in the "Model: Specify new' module, here “'svmFacesHouses'.

In the eld Do permutation test?', select "Permutation test' with 1000 repetitions, or as many as you can
closer to 1000.

Leave both "Save permutations parameters' and "Copy permutations from model' as they are, i.e. "No".
“Copy permutations from model' should be set to “Yes' if one wants to make sure the same permutations
are run for the di erent models, this will enable applying statistical tests to compare the models. In that
case the two models should have exactly the same samples in each fold and use the same cross-validation
scheme.

Figure 13.36 is the nal con guration of the matlabbatch “Model: Run' module.

13.2.6 Compute weights (optional step)

Click on the "Compute weights' option on PRoNTo's matlabbatch menu.

With "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
created in the previous "Run model' step.

Select the model name from the "Model: Specify new' module with the "Dependency' button.
It's optional to de ne a name for the image.

Leave the "Build weights images for permutations' eld as it is, i.e. "No'.

Finally, save the batch (e.g. as batchrun_all.m) and click on the "Run Batch' option, in the “File menu'.
The batch le created can then be opened and edited for further analyses. The results will be the same as those
obtained using the GUI (see Section 13.1.7 of this chapter). Please note that in this case the "Sample averaging
(within block)' operation was not selected when specifying the model. In order to obtain the same results as
before, the model has to use the same data operations.

Figure 13.37 is the nal con guration of the matlabbatch “Compute weights' module.
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Figure 13.37: Final con guration of the "Compute weights' module in matlabbatch .
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Regression dataset
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This chapter will describe the steps necessary to perform a regression using PRoNTo. These are similar
to the ones in the previous chapter, thus, the reader is advised to complete the tutorial in Chapter 13 before
moving on, since the explanation of some steps will be less descriptive. The dataset used in this chapter can be
found on PRoNTOo's website http://www.mlinl.cs.ucl.ac.uk/pronto/prtdata.html (data set 3).

14.1 GUI analysis

As in Chapter 13, the analysis of the data will start with the PRoNTo's GUI. Please create a folder in your
computer to store the results and type “prt' or “pronto’ on the Matlab command window. This will open the
main interface of PRoNTo (see Figure 13.1 in the previous chapter).

14.1.1 Data & Design

In PRoNTo's main window, click on "Data & Design'. Like in the previous chapter, browse the directory
in which to save the PRT structure (saved as "PRT.mat").

In the panel "Groups', click on "Add' and provide a name to the group, e.g. "Aged".

Unlike the previous chapter, all the images in the dataset correspond to di erent subjects; therefore, click
on the “Samples' tick box. This will lock the “Subjects/Samples' eld, allowing you to skip to the third

eld.
In the "Modalities' panel, click on "Add' and provide a name for the modality, e.g. 'sMRI'.

In the "Data format' choose the appropriate format for your data (here nifti); For other data formats the
reader is referred to the tutorial of Chapter 17.

135
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You can see that the “Design' section is unavailable. Since we are doing a regression and every subject
has only 1 sample/scan, there is no design matrix.

Load all the image les available in the directory (IXldata/aged/Guys/). You can select all the les by
using the right mouse button and clicking on the option “Select All'. When all the images are selected,
click on the "Done' button.

Into the "Regression targets' eld click "Specify Targets'. A new window will appear where you can either
directly write (or paste) the list of target values, where in our case they are available in the "Ageold_Guys'
le (IXldata/aged/), or if you have a .mat le with the regression targets, you can select it directly by
selecting the option "From .mat le' and choosing the appropriate .mat le. The two di erent options are
shown in Figures 14.1 and 14.2.

Figure 14.1: “Specify' option in the Figure 14.2: "From .mat le' option in
“Specify targets' GUI. the “Specify targets' GUI.

Leave the "Covariates' section as it is, and press "OK'.

In the "Masks' eld, on the bottom left of the "Data and design' window, select the 'SPM.mask noeyes'
mask for the speci ed modality. The mask is available in the path where you have installed PRoNTo
(PRoNTo/masks/).

The "Data and design' window should look similar to Figure 14.3. Click on the “Save' button to create
"PRT.mat' le with the structure containing the information that has been previously specied. If no
errors are shown in theMatlab command, leave the “Data and design' window by clicking "Quit'.

14.1.2 Prepare feature set

In PRoNTo's main window, click on "Prepare feature set' and a new window will open prompting you to
select a 'PRT.mat' le. Select the "PRT.mat' le previously created in the "Data & Design' step and you
are now in the "Specify modality to include' window (see Figure 13.12 in the previous chapter). There is
no need to change anything for this example. Just click on the "Done' button.

Once you click on the "Done' button the window “Prepare feature set' will appear. Provide a name to the
feature set, e.g. "ScalaMomentum'; and click on "Build Kernel / data matrix' to build the feature set
and kernel.

14.1.3 Model: Specify new

Next we have to specify a model. In PRoNTo's main window, click on "Specify new' and a new window
will open, "Specify model' (see Figure 13.14 in the previous chapter).

Select the "PRT.mat' le and provide a name to the model, e.g. "KRR".
Select from the list one of the "Feature Set' previously de ned. In this case, there is only one, “Scalaomentum'.

Leave the option "Use kernels' tick box as it is, i.e. “Yes'.



14.1. GUI ANALYSIS 137

Figure 14.3: "Data and design' GUI nal con guration.

Select the "Regression’' model type and click on the “Select subjects/scans’ button. This will open a new
window, “Specify subjects/scans to regress', click on the “Select all' button to use all the scans for the
regression and “age' as our regression target (Figure 14.4). Current models available in PRoNTo do no
enable multi-output prediction.

Select the “Kernel Ridge Regression' option, in the Machine eld.

Leave the option "Optimize hyper-parameter' tick box unchecked and "Cross-Validation Scheme' (internal
loop) as it is.

Select the "Leave One Subject Out' cross-validation scheme (external loop).

In the “Data operations' box, select only the “"Mean centre features using training data' option. The nal
“Specify model new' window should look similar to the Figure 14.5. Click on the “Specify and run model'
button.

14.1.4 Model: Specify from

Use this module to copy the con gurations of the previously de ned KRR model but select the other options

in the "Machine' drop-down list ('Relevance Vector Regression' and “Gaussian Process Regression') and give
di erent names to each model. For further information regarding the "Model: Specify from' section the reader

is referred to 13.1.4 in the previous chapter and to chapter 4.

14.1.5 Display results

In PRoNTo's main window, click on "Display results' and select the "PRT.mat' le. This will open the
main results window similar to the Figure 14.6.

In the "Results' window, one can select the di erent regression models in the "Model' list on the upper
right panel. This will show the results obtained using each one of the regression models.

Since we didn't run any permutation testing, the p-values of Correlation, R2, MSE and Normal MSE
are not available. If one wants to check the statistical signi cance of the results, one should run his/her
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Figure 14.4: "Select subjects/scans' GUI. Figure 14.5: "Model: Specify new' GUI.

Figure 14.6: "Display results' GUI.

models from the "Model: Run' section of the main window, with permutation testing. For more detailed
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information the reader is referred to 13.1.5.

14.2 Batch analysis

In this section, the previous experiment will be repeated using thematlabbatch ' system. The reader is advised
to complete the tutorial in Section 13.2.1 before continuing, since the explanation of each step will be less
descriptive.

Once again, to analyse the data, create a new directory in which to save the results of the analysis. On
the main interface of PRoNTo click on the “Batch' button to open the “matlabbatch '. Alternatively, type
“prt_batch' in the Matlab prompt.

14.2.1 Data & Design

Click on "Data & Design' in the PRoNTo menu (see Figure 13.29 in the previous chapter).
In the "Directory' eld, select a directory where the "PRT.mat' le will be saved.

In the "Groups' eld:

{ Add one group.
{ Inthe eld 'Name', provide a name without spaces for this group, e.g. "Aged'.

{ In the eld "Select by', select the "Samples' option and add a new modality. For more information
on the Samples option please consult Chapter 2.

{ Provide a name for this modality, e.g. 'sMRI' and choose the appropriate data format (here nifti).
{ Select the image les available in the "aged/Guy' directory of the IXI dataset.

{ Inthe "Regression targets (subject)' option specify the regression targets by selecting the "Ag#d_Guys'
.mat le (IXIdata/aged/).

{ Leave "Covariates' eld as default.

In the "Masks' eld, add a new modality and provide the same modality name, "sMRI'; choose the appro-
priate data format, and select the "'SPM.mask noeyes' mask available in the path where you have installed
PRoNTo (PRoNTo/masks/). The name of the modality here has to be exactly the same as in "Modalities',

otherwise it will not work.

Leave the "HRF overlap' and the "HRF delay' elds as default.

In the "Review' eld, select “Yes' if you would like to review your data and design in a separate window.
Otherwise, leave as it is, i.e. 'No".

Figure 14.7 is the nal con guration of the matlabbatch “Data & design' module.

14.2.2 Feature set / Kernel

Click on the “Feature set / Kernel' option on PRoNTo's matlabbatch menu.

With “Load PRT.mat' eld selected, click on the "Dependency’ button to associate the "PRT.mat' le
created in the previous "Data & Design' step or click on the "Select les' button to browse where "PRT.mat'
le was saved.

Provide a name to the “Feature/kernel' set, e.g. “ScalaMomentum'.

Select the "Nifti' option for a data format, add one modality and select the modality hame with the
‘Dependency’ button'(Data & Design:Mod#1 name).

{ In the "Samples/Conditions' eld, select "All samples' option.

10r type it in manually, 'sMRI', but the name needs to be  exactly the same as the one speci ed in the “Data & Design' module.
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Figure 14.7: Data & design module inmatlabbatch .

{ In the “Voxels to include' eld, select "All voxels' option, this means we are not entering with an
additional second-level mask.

{ Inthe "Detrend' eld, select the "None' option.

{ Inthe "Scale input scans' eld, select the "No scaling' option and nally leave "Use atlas to build ROI
speci ¢ kernels' as default.

Figure 14.8 is the nal con guration of the matlabbatch “Feature set / Kernel' module. For the other
Data formats the reader is referred to chapter 4.

Figure 14.8: Feature set / Kernel module. Selected parameters in the Modality option.

14.2.3 Model: Specify new (KRR)
Click on the "Model: Specify new' option on PRoNTo's matlabbatch menu.

With "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
created in the previous “Feature set / Kernel' step or click on the “Select les' button to browse where
"PRT.mat' le was saved.

Provide a name to the model, e.g. 'KRR'.

Select the feature set name with the “Dependency' buttoh. From v3.0, multiple feature set is supported
S0 you can put more than one feature set names.

2or write it exactly as previously de ned in the “Feature set / Kernel' module (option “Feature set/Kernel: Feature/kernel
name'), here “Scalar _.Momentum'.
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Select the "Regression' model type:

{ Add a new group and call it "Aged".

{ Inthe "Subjects' eld, type "1:102'. This will instruct the program to use all the 102 scans, i.e. from
scan 1 to scan 102.

{ Inthe "Conditions / Samples' choose "Target' and type in "age’, as this is the name of our regression
target variable in the "Age_old_Guys.mat' le.

In the "Machine' eld:

{ Select 'Kernel machine' and then select the "Kernel Ridge Regression' option:

{ In the "Machine optimization and parameters', select "No optimization’, and leave "No optimization’
asitis,ie. "1\

In the “Cross-validation type' eld, select "Leave One Subject Out' option.
Leave the “Include all scans' eld as it is, i.e. "No'.

In the "Data operations' eld:

{ Leave the "Mean centre features' eld as it is, i.e. “Yes'.
{ Leave the "Other Operations' eld as it is, i.e. "No operations'.

The nal con guration of the of the matlabbatch "Model: Specify new' module should look similar to Figure
14.9.

Figure 14.9: "Model: Specify new' module immatlabbatch , nal con guration.

14.2.4 Model: Run (KRR)

Click on the "Run model' option on PRoNTo's matlabbatch menu.

With "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
created in the previous "Specify model' step.

Select the model name from the “Specify model' module with the “Dependency’ buttoh

In the eld Do permutation test?', leave as it is, i.e. "No permutation test'

3or write it exactly as previously de ned in the Specify model' module, here "KRR'
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14.2.5 Model: Specify and Run (RVR and GPR)

The speci cation of the other models (‘'Relevance Vector Regression' and “Gaussian Process Regression') can
be done using the “Specify from' module. The only di erence is that in the "Machine' eld of the “Specify from'
module, one has to choose the appropriate machine to use (‘Relevance Vector Regression' or "Gaussian Process
Regression'). The parameters used for each machine should be the default ones.

Note that when the "PRT.mat' le is loaded in each module, the user should select the latest option on the
list.

When all the models are de ned, the "Module List' should contain 8 modules:

Data & Design.
Feature set/Kernel.
Mode: Specify new.
Mode: Run.

Mode: Specify from.
Mode: Run.

Mode: Specify from.

© N o o &~ W D PE

Mode: Run.

Note that modules 3 and 4 correspond to the KRR model; 5 and 6 to the RVR model; 7 and 8 to the GPR
model.

When all the modules are added, just click on the "Run Batch' button. The resulting "PRT.mat' le will be
saved in the speci ed directory and the results can be viewed using the process described in Section 14.1.5.

14.3 Removing confounds (optional)

In this tutorial until now we only had subjects from a speci ¢ testing site. Say now that in your study this
isn't true. For example in the IXI study there were 3 testing sites, Hammersmith Hospital using a Philips 3T
system, Guys Hospital using a Philips 1.5T system and the Institute of Psychiatry using a GE 1.5T system.
What changes? How could we account for the potential di erences of the scanner systems? One way to do it is
by ‘regressing out the covariates'. Please see section 2.5.1 for important considerations on covariates.
Chapter 16 is a detailed tutorial about removing confounds in a classi cation example, so the reader is strongly
advised to go through that tutorial rst and if one is interested to try a regression example as well, one should
come back here afterwards as this is not a complete tutorial regarding removing confounds.

The rst main thing that one has to change is in the "Data & design' module.

In the "Files', you need to select all 170 subjects from all the 3 di erent folders (representing one testing
site each).

In the "Covariates' eld, you need to type the covariates you want to regress out. Covariates can be input
to PRoNTo by directly copying values into the Covariate if there is only one confounding factor (e.g. a
continuous confound), or by typing the full path of the Rmatrix containing either one column or multiple
columns. As "Testing site' is categorical, one-hot encoding was used (i.e. one column for each testing site
in the "R' matrix). In this example, you need to select the le Confounds/_one/_hot.mat found in the
IXI/Data/aged/ folder.

The second important thing is in the "Specify model new' module.

Select the "Kernel Ridge Regression' option in the Machine eld. You can also do the same procedure
choosing "Gaussian Process Regression' if you want to try more than one machines.

Check the option "Optimize hyper-parameter' tick box. Type "10.7[-5:5]' on the right eld. Then, select
“k-fold CV on Subject-Out' option in the "Cross-Validation Scheme' eld (internal loop), and type "5' in
the new window that will open.
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Select the "Leave One Subject Out' cross-validation scheme (external loop).

Now here comes the important part, where we specify that we want to regress out covariates. In the "Data
operations' box, rst select the "Mean centre features using training data' option as we are doing so far.

But now also select the "Regress out covariates (subject level)' option, which corresponds to the removal
of the contribution of some external variables to the data. Click on the “Specify and run model' button.

If you now wish to nd the e ects of removing the covariates, you have to rerun a new model exactly the
same with the previous one, but without regressing out the covariates in the “Data operations' box, and compare
the di erences in the performance measures.

14.4 Within- and between- subject regression

As mentioned sporadically throughout the whole PRoNTo Manual, until PRoNTo v2.1, the user could only
input one regression target per subject. Thus, the option of doing within-subject regression was not available,
and between-subject regression could only be done with one regression target.

From PRoNTo v3.0, multiple regression targets can be speci ed at the Data & Design level (although they
can only be modelled independently, i.e. one regression model per target). The new functionalities in this
version, enable users to specify both which target and which samples (i.e. which subjects for between-subject
regression or which trials for within- subject regression) to use for the regression model.

The user is referred to Part | for further information regarding this topic.
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Multiple Kernel Learning example
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This chapter will describe the steps necessary to perform a classi cation with SimpleMKLhttp://asi.
insa-rouen.fr/lenseignants/ ~arakoto/code/mklindex.html [20] using PRoNTo. These are similar to the
ones in Chapter 13, thus, the reader is advised to complete the tutorial in Chapter 13 before moving on, since
the explanation of some steps will be less detailed.

Many practical learning problems involve multiple and heterogeneous data sources. In this way, Multiple
Kernel Learning (MKL) [2] has been proposed to combined di erent data sources in a single predictive model
by learning the relative contribution of each kernel (often corresponding to each data source) to the model. In
MKL, the kernel K can be considered as a linear combination df1 “basis kernels'. For further details, please
refer to [2].

One example of a MKL approach based on SVM is the SimpleMKL algorithm [20]. Essentially, the algorithm
is based on a gradient descent on the SVM objective value and iteratively determine the combination of kernels
by a gradient descent wrapping [20]. For further details, please refer to [20]

We will use the same dataset used in Chapter 13, this fMRI dataset originates from a study on face and
object representation in human ventral temporal cortex [10]. The dataset used in this chapter can be found
in PRoNTo's website http://www.mlnl.cs.ucl.ac.uk/pronto/prtdata.htmi (data set 1) and the wholé€
dataset is available in http://data.pymvpa.org/datasets/haxby2001/

For simplicity, in this example we will use PRoNTo to predict if the subject is viewing an image of a Face or
a House based on the fMRI scans. We will classify the whole brain images using SimpleMKL and a leave one
block out cross-validation scheme.

1Pre-processed (realigned and normalised) data from participant 1.
2Not pre-processed.
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15.1 GUI analysis

We will rst analyse the data using PRoNTo's GUI and then repeat the analysis using the matlabbatch system.
To start, create a new directory in which to save the results of the analysis, then start upMatlab and type
“prt' or “pronto’ in the Matlab  prompt. This will open the main interface of PRoNTo.

15.1.1 Data & Design

In PRoNTo's main window, click on "Data & Design'. Like in the previous chapters, browse the directory
in which to save the PRT structure (saved as "PRT.mat);

In the panel "Groups', click on “Add' and provide a name to the group (we only have one group/subject),
with no spaces, e.g. "G1

Add a subject in the "Subject/Samples' option, e.g. "S1', and leave the "Samples' tick box below the panel
unchecked. See Chapter 2 of the manual for more information on this option;

In the "Modalities' panel, click on "Add' and provide a name to the modality, e.g. fMRI'. In the "Data
format', choose nifti'. In the "Design' eld, choose the option "Load SPM.mat'. This le is available with
the Haxby dataset on PRoNTo's websit€’ inside the folder Haxby_dataset/design/. Finally, in this case
leave "Regression targets' as it is, in the "No targets' option.

{ The reader is referred to Chapter 13 and chapter 2 for the case where there is no "SPM.mat' le
available.

Finally, load all the image les available in the fMRI directory (Haxby _dataset/fMRI/). You can select
all the les by using the right mouse button and clicking on the option “Select All'. When all the images
are selected, click on the "Done' button;

In the "Masks' eld, on the bottom left of the "Data and design' window, select the “wholebrain' mask for
the speci ed modality. The mask is available in the masks directory inside the folder Haxbydataset/masks/;

Click on the "Review' button to check the data and the design inserted for this modality. For more
information on what one can do with the Review option, please see Chapter 2;

Click on the "Save' button to create the "PRT.mat' le with the structure containing the information
that has been previously speci ed. If no errors are shown in theMatlab command, leave the "Data and
design' window by clicking "Quit'. The “Data and design' window should look similar to the one in Figure
13.10 from the previous chapter.

15.1.2 Prepare feature set

Next we have to prepare the feature set, so click on "Prepare feature set' in PRoNTo's main window.
A new window will open prompting you to select a PRT.mat le. Select the "PRT.mat' le previously
created in the "Data & Design' step, as in Figure 13.11 from Chapter 13. Once you click ‘Done' another
window will appear, “Specify modality to include’, as in Figure 13.12 from Chapter 13. Here you set the
speci cation of di erent parameters and options for each modality, which are:

{ "Modality' eld: select the modality previously speci ed in the "Data & Design' step, fMRI’;

{ “Conditions' eld: select "All scans';

{ “Parameters' box: select the polynomial detrend with order 1 and the 'No scaling' option;

{ “Features' box: select the "Build one kernel per region' tick box and load the "AAL' atlas (named

'‘aal_79x91x69") available in the PRoNTo directory (PRoNTo/atlas/). Then, click on the '‘Done’
button. The nal "Specify modality to include' window should look similar to the one in Figure 15.1;

Once you specify the modality to include and click "Done’, yet another window will appear, "Prepare
feature set'. Here you provide a name for the feature set, e.g. "HaxbyFeatures' and nally you click on
“Build kernel / data matrix' to build the kernel. If everything was done correctly, a progress bar will pop
up, marking the start of the procedure, similar to the Figure 13.13 from Chapter 13, which can take a few
minutes.

3http://vww.minl.cs.ucl.ac.uk/pronto/prtdata.html
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Figure 15.1: “Specify modality to include' GUI nal con guration.

15.1.3 Model: Specify new

In PRoNTo's main window, click on “Specify model' and a new window called “Specify model' will open
(see Figure 13.14 in Chapter 13);

Select the "PRT.mat' le and provide a name to the model, e.g. ‘mklFacesHouses';
Select one of the feature sets previously de ned. In this case, there is only one: "HaxbyFeatures';
Leave the option "Use kernels' tick box as it is, i.e. “Yes';

Select the "Classi cation' model type and click on the 'De ne classes™ button. A new window will open,
“Specify classes', to de ne the number of classes and a name for each class. We will de ne 2 classes. First
click "Class 1' on the tab "Class'. For "Class 1' select subject "S1' and the condition "Faces' and, similarly,
for "Class 2' select subject "S1' and the condition "Houses'. Leave the “Subsample according to smallest
class' as it is for now. Once you have appropriately speci ed everything, click ‘Done’.

Select the "L1 Multi-Kernel Learning' option, in the "Machine' eld;

Select the "Optimize hyper-parameter' tick box, leave the "De ne Range' at its default range (i.e. [0.1, 1,
10" 100]) and in the "Cross-Validation Scheme' (internal loop) eld, select the option “k-fold CV on Block'.
A window will appear asking to de ne the value of k, set it to 4.

Select the "Leave One Block Out' cross-validation scheme (external loop);

In the "Data operations' box, select the "Mean centre features using training data’ and "Normalize samples
options. Then, the “Specify model' window should look similar to the one in Figure 15.2;

Click on "Specify and run model' and the model will be immediately estimated, therefore there is no need
to use the "Run model' module in this case. If however you wanted to check the statistical signi cance of
your results, you need to use the "Run model' module in order to do permutation testing. It will take a
few minutes to complete.

15.1.4 Model: Specify from

The reader is referred to Chapter 13 and chapter 4 for more details regarding the "Model: Specify from'
module.
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Figure 15.2: "Specify model new' GUI nal con guration.

15.1.5 Model: Run

The reasons for using the "Model: Run' module and not just click “Specify and run model' in the "Model: Specify
new/from' module are the following:

One might want to specify one or more models now but run it/them later.
One might want to specify more than one models rst and run them all together at once afterwards.
One might want to run permutation tests in order to check the statistical signi cance of the results. The

reader is referred to Chapter 13 and section 5.4 for more details.

15.1.6 Display model (optional step)

To review the model speci cation, in the main PRoNTo GUI, click on "Review kernel & CV' and after you
select the "PRT.mat' le to review, a new window will open, "Review Model Speci cation' (Figure 13.20)
in Chapter 13).

Select the model, “'mkIFacesHouses', from the list at the top and click on "Review model’; then, select one
class from the list of "Class' to see which groups, subjects and conditions this class comprises, similar the
one to Figure 13.21) in Chapter 13;

To review the data and cross-validation matrix click on "Review CV' and a Figure similar to Figure 13.22
in Chapter 13 will appear. For more information on what these matrices mean, please consult chapter 4.

To review the kernel, click on "Show kernel' (Figure 15.3).
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Figure 15.3: Kernel matrix used for classi cation.

15.1.7 Display results

In PRoNTO's main window, click on "Display results' and select the "PRT.mat' le. This will open the
main results window. In the "Model' panel, select the model that you want to view, “mkiFacesHouses',
and the results through performance will be similar to the one in Figure 15.4;

Figure 15.4: "Display results' GUI.

In the "Results' window, one can select the di erent plots in the "Plots' list.

In the "Results' window, one can select speci ¢ folds in the “Fold' list and also check their performance with
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di erent plots in the "Plot' list. Please note that there is a new plot on the list, this displays information
about the hyper-parameter optimization, for more information, please refer to Chapter 5.

Also keep in mind that if you have not run permutation tests, all p-values would be "N.A.".

15.1.8 Compute weights

In PRoNTo's main window, click on "Compute weights' and a new window will open, "Compute weights'
(see Figure 13.24 in Chapter 13);

Select the "PRT.mat' le;
Select the model from the list to "Models computed in PRT', ‘'mklFacesHouses' model;
Check the tick box option "Compute average/kernel weight per region’;

Click on the 'Compute weights' button. Computations will be displayed on the Matlab  prompt.

15.1.9 Display weights

In PRoNTO0's main window, click on “Display weights' and select the "PRT.mat' le. This will open the
primary "Display weights' window. By clicking on "Model', mklFacesHouses, an image will appear in the
"Weights map' box; and to show the “Anatomical img' you have to load an anatomical image for reference.
A template image can be found in the SPM's canonical folder “singlsubj_T1'. The nal result window
will look similar to that shown in Figure 15.5.

Since the machine used in the example was MKL with a kernel calculated for each brain region, it is
possible to see the contributions of each region (i.e. the kernel's weights). The labels for the regions can
be found in the same folder where the atlas is located (PRoNTo/atlas). For more information, please refer
to Chapter 7.

Figure 15.5: "Display weights' GUI.
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15.2 Batch analysis

This tutorial will now show how to analyse the same data but using the matlabbatch system.

Once again, to analyse the data, create a new directory in which to save the results of the analysis, saved
as 'PRT.mat'. On the main interface of PRoNTo click on the “Batch' button to open the “matlabbatch '.
Alternatively, type “prt _batch' in the Matlab prompt.

15.2.1 Data & Design

Click on "Data & Design' in the PRoNTo menu and a window like the one in Figure 13.28 will appear.

In the "Directory' eld, select a directory where the "PRT.mat' le will be saved. There are three ways of
editing all elds in matlabbatch : (i) by using the right mouse button and clicking on the current option,
(ii) clicking on current button in the window or (iii) by double clicking;

In the "Groups' eld:

Add one group;

In the eld “Select by, select the "Subjects' option and add one subject;

Add one modality for this subject and provide a name, e.g. ‘fMRI'; choose the appropriate data
format (here nifti); de ne the interscan interval of 2.5 seconds; and in the eld “Files', select all the
image les available in the fMRI directory of the Haxby dataset;

{ In the "Data & Design' eld, since our data are in nifti format, choose the "Load SPM.mat' option.
This le is available with the Haxby dataset on PRoNTo's website* inside the folder Haxby_dataset/design/.
The reader is referred to Chapter 13 in case there is no "SPM.mat' le available.

{ The reader is referred to the tutorial of chapter 17 in case the data are not in nifti format.

{
{ Inthe eld 'Name', provide a hame without spaces to that group, e.g. "G1';
{
{

In the "Masks' eld, add a new modality and provide the same modality name, ‘fMRI', choose the appro-
priate data format and nally select the "whole _brain' mask available in the masks directory of the Haxby

dataset. The name of the modality here has to be exactly the same as in "Modalities', otherwise it will
not work;

Leave the "HRF overlap' and the "HRF delay' elds as default;

In the "Review' eld, select “Yes' if you would like to review your data and design in a separate window.
Otherwise, leave as it is, i.e. "No'. Keep in mind that the procedure pauses while you review the data and
that you have to close the "Review' window for the procedure to continue.

The nal con guration should look similar to the Figure 13.30 in Chapter 13.

15.2.2 Feature set / Kernel

Click on “Feature set / Kernel' option on PRoNTo's matlabbatch menu.

With "Load PRT.mat' eld selected, click on the "Dependency’ button to associate the "PRT.mat' le
created in the previous "Data & Design' step or click on the "Select les' button to browse where "PRT.mat'
le was saved. The window of Figure 13.32 in Chapter 13 is called to establish a dependency connection
with the previous ‘Data & design' module.

Provide a name to the "Feature/kernel' set, e.g. "HaxbyFeatures';

Select the "Nifti' option for a data format, add one modality and select the modality name with the
‘Dependency’ buttor®(Data & Design:Mod#1 name);

{ In the “Samples/Conditions' eld , select the "All samples' option;

4http://www.minl.cs.ucl.ac.uk/pronto/prtdata.html
50r type it in manually, ‘fMRI', but the name needs to be  exactly the same as the one speci ed in the "Data & Design' module.
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In the "Voxels to include' eld, select "All voxels' option;
In the "Detrend' eld, select "Polynomial detrend' option with order 1;
In the “Scale input scans' eld, select "No scaling' option.

In the "Use atlas to build ROI specic kernels', select an atlas le AAL (named "aal_-79x91x69)
available in the PRoNTo directory (PRoNTo/atlas/).

e e ]

Figure 15.6 shows the nal con guration of the matlabbatch “Feature set / Kernel' module.

Figure 15.6: Final con guration of the matlabbatch “Feature set / Kernel' module.

15.2.3 Model: Specify new
Click on the "Model: Specify new' option on PRoNTo's matlabbatch menu.

With "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
created in the previous “Feature set / Kernel' step or click on the “Select les' button to browse where
"PRT.mat' le was saved,;

Provide a name to the model, e.g. "mklIFacesHouses';
In the “Feature sets' eld, select the feature set name with the “Dependency’ buttof;

Select the “Classi cation' model type:

{ Add 2 new classes;

{ For Class (1) write "Faces' on the name eld and add one group. Select the group name from the "Data
& Design' module (‘Data & Design:Group#1 name') with the "Dependency’ button’. Similarly, for
Class (2) write "Houses' on the name eld and add the group created in the "Data & Design' module,
"Gl

{ Inthe "Subjects' eld, type "1' (only subject 1 is selected);

{ In the “Conditions / Scans' eld, select the “Specify Conditions' option and add a new condition.
Provide a name for this condition, i.e. for Class (1) "Faces' and for Class (2) "Houses'. Note that this
name needs to be spelled exactly as speci ed in the "Data & Design' module: if you simply loaded
an 'SPM.mat' le for the design, you must know the names of the conditions;

Leave “Subsample examples based on class de nition' as it is, i.e. "No'.

6or write it exactly as previously de ned in the “Feature set / Kernel' module (option ‘Feature set/Kernel: Feature/kernel
name'), here "HaxbyFeatures'.

7Or write it exactly, as previously de ned in the Data & Design' module, here “G1'
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In the "Machine' eld:

{ Select the "Kernel machine' and the "L1 Multi-Kernel Learning' option;
{ In the "Machine optimization and parameters' eld, select the "Optimize hyper-parameter' option;

{ Here we need a range of values only for the "Regularization hyper-parameter' optimization, which
you can leave with the defaults (i.e. [0.01, 0.1, 1, 10, 100, 1000]);

{ Inthe "Cross validation type for hyper-parameter optimization' (internal loop) eld, select the “k-folds
CV on blocks' option and on the eld "k’ input the value 4;

In the “Cross validation type' (external loop) eld, select “Leave one block out' option;
Leave the “Include all scans' eld as it is, i.e. "No';

In the “Data operations' eld:

{ Leave the "Mean centre features' eld as it is, i.e. "Yes'

{ Click on the “Other Operations' eld and select the option “Select Operations', then add a new
operation and select the "Normalize samples' option;

Figure 15.7 shows the nal con guration of the matlabbatch "Model: Specify new' module.

Figure 15.7: Final con guration of the matlabbatch “Model: Specify nhew' module.
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15.2.4 Model: Run
Click on the "Model: Run' option on PRoNTo's matlabbatch menu.

With the "Load PRT.mat' eld selected, click on the "Dependency’ button to associate the "PRT.mat' le
created in the previous “Specify model' step;

Select the model name from the "Model: Specify new' module with the "Dependency' button, or write it
exactly, as previously de ned in the "Model: Specify new' module, here "mklFacesHouses';

Finally leave "Do permutation test?' as it is.

Figure 15.8 shows the nal con guration of the matlabbatch "Model: Run' module.

15.2.5 Compute weights (optional step)
Click on the "Compute weights' option on PRoNTo's matlabbatch menu.

With "Load PRT.mat' eld selected, click on the "Dependency’ button to associate the "PRT.mat' le
created in the previous "Model: Run' step;

Select the model name from the "Model: Specify new' module with the "Dependency' button;
It's optional to de ne a name for the image;

In the "Build weight images per ROI', load the atlas that was used for building the feature set, which can
be found in PRoNTo/atlas/;

Leave the "Build weights images for permutations' eld as it is, i.e. "No';

Finally, save the batch (e.g. as batchrun_all.m) and click on the "Run Batch' option, in the “File menu'.
The batch le created can then be opened and edited for further analyses. The results will be the same as those
obtained using the GUI (see Section 15.1.7 of this tutorial).

Figure 15.9 shows the nal con guration of the matlabbatch "Compute weights' module.

Figure 15.8: Final con guration of the Figure 15.9: Final con guration of the
matlabbatch "Model: Run' module. matlabbatch “Compute weights' module.
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16.1 Introduction

This chapter describes the steps necessary to remove confounding e ects using PRoNTo. Age, gender or scan-
ner/site (in case of a multi-site study) are examples of potential confounds (or covariates) that can be removed
from the pattern regression analysis. Please see section 2.5.1 for important considerations on covariates.

The dataset used in this chapter can be found on the OASIS's websitéttp://www.oasis-brains.org
(data set 1). In this example, 100 subjects were selected from the OASIS dataset with 50 demented patients
and 50 nondemented subjects. Age and gender are considered confounds. Gender is a categorical variable, so
it was represented using one-hot encoding (i.e. male was represented as [0 1] and female was represented as [1
0]). The preprocessed data can be found on PRoNTo's website.

We will use PRoNTo to classify subjects with dementia from healthy subjects based on structural MRI
scans. We will use Multiple Kernel Learning to classify the subjects based on whole brain images, so the reader
is advised to complete the tutorial in Chapter 13 and Chapter 15 before moving on.

As in previous Chapters, we will start analyzing the data with PRoNTo's GUI and then repeat the analysis

using the matlabbatch system. Please create a folder on your computer to store the results and typprt in
Matlab
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16.2 GUI analysis
16.2.1 Data & Design

In PRoNTo's main window, click on “Data & Design' and a new window will open, "Data and design'.
Like in previous chapters, browse the directory in which to save the PRT structure (saved as "PRT.mat').

In the panel Groups, click on "Add and provide a name to the group, e.g. 'Dem'. We will rst add all the
information about the demented subjects.

All the images in the dataset correspond to di erent subjects; therefore, click on the Samples tick box.
This will lock the Subjects/Samples eld, please see Chapter 2.4 of the manual for more information on
this option.

In the "Modalities' panel, click on "Add' and provide a name to the modality, e.g. "MRI_.GM', where we
used gray matter images.

In the "Data format' choose the appropriate format for your data (here nifti); For other data formats the
reader is referred to the tutorial of chapter 17.

Load all the image les belonging to the rst group. You can select all the les by using the right mouse
button and clicking on the option “Select All', or clicking on the rst subject then Shift-click on the last.
Please ensure that the order of the images in the selection is as expected (SPM le selector sorts the les
based on their names, which can lead to “Scanl10' being selected before “Scan2'). When all the images are
selected, click on the "Done' button.

You can see that the "Design’ section is unavailable. Since each subject has only 1 sample/scan, there is
no design.

Leave the "Regression targets' as it is, i.e "No targets'.

In the "Covariates' eld, type the covariates you want to regress out. Alternatively, you can save all the
covariates in a matrix namedRand input the full path of this matrix to “Covariates'. Each covariate should

be stored in one (continuous confound) or multiple (one-hot encoded categorical confound) columns, hence
if there is only one continuous covariate,R is a column vector; if there are multiple and/or categorical
confounds, Rwill be a matrix containing multiple columns. In this example, we input the full path of a
matrix where gender and age are the chosen confounding factors (Figure 16.1). The le containing matrix
R (Dem_cov.mat) can be found together with the pre-processed OASIS data on PRoNTo's website.

Figure 16.1: "Specify modality' GUI allows one to enter the covariates to be regressed out.

In the "Masks' eld, on the bottom left of the "Data and design window, select the ‘maskGM' mask (found
on OASIS/Data) for the modality speci ed.
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Finally, repeat the previous steps for a new group, the non-demented group, 'NonDem', including the
corresponding images and covariates, and using the same modality and mask as for the "Dem' group.
Click on the “Save' button to create the "PRT.mat' le. Notice that the only di erence with the tutorials

of the previous Chapters is that now we have two groups instead of one (Figure 16.2. The “Data and
design' window should look similar to Figure 16.3.

Figure 16.2: Review data in the "Data and design' GUI.

Figure 16.3: "Data and design' GUI nal con guration.
If no errors are shown in theMatlab command, leave the "Data and design' window by clicking "Quit'".

16.2.2 Prepare feature set
In PRoNTo's main window, click on “Prepare feature set' and a new window will open, “Prepare feature
set'.

Select the "PRT.mat' le previously created in the "Data & Design' step and another window will open,
“Specify modality to include'. Select the "Build one kernel per region' tick box and load the "AAL' atlas
(named “aal79x91x69") available in the PRoNTo directory (PRoNTo/atlas/). Leave all the other default
options and click "Done".

This will bring you back to the “Prepare feature set' window. Provide a name for the feature set, e.g.
"OASIS_ConfE ects _withCov'.

Click "Build kernel/data matrix' to build the feature set and kernel.
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16.2.3 Model: Specify new

In PRoNTo's main window, click on “Specify new' and a new window will open (see Figure 13.14 in
Chapter 13).

Select the "PRT.mat' le and provide a name to the model, e.g. ‘'mkLOASIS_ConfE ects _withCov'.
Select one of the "Feature Set' previously de ned. In this case, there is only one: "OASISonfE ects _withCov'.
Leave the option "Use kernels' tick box as it is, i.e. “Yes'.

Select the "Classi cation' model type and click on the "De ne classes™ button. A new window will open,
“Specify classes', to de ne the number of classes and a name for each class. We will de ne 2 classes. For
"Class 1' select group "‘Dem’, and all subjects in this rst group and, similarly, for “Class 2' select group
"NonDem' and all the subjects in this group. The class names can be any names the user prefers (in
alphanumeric characters). Here we simply use the same names as the group names. Leave the “Subsample
according to smallest class' as it is for now. Once you have appropriately speci ed everything, click "Done'.
The nal con guration of the “Specify classes' window should look similer to Figure 16.4

Figure 16.4: “Specify classes' GUI.

Select the "L1 Multi-Kernel Learning' option, in the "Machine' eld.

Click the "Optimize hyper-parameter’ tick box and leave the range unspeci ed, i.e. use the default hyper-
parameter range. Choose “k-folds CV on Subject per Class' for the "Cross-Validation Scheme' (internal
loop), and input 5 in the pop up window de ning the number of folds.

Similar to the inner loop, select the “k-folds CV on Subject per Class' cross-validation scheme for the
external loop, where k=10.

In the "Data operations' box, select the "Mean centre features using training data', "Normalize samples'
and "Regress out covariates (subject level)' option. The "Regress out covariates (subject level)' option
corresponds to the "regressing out" e ect of confounds from the data. Note that the order of the operations
is important and can a ect the results. However, when selected, the "Regress out covariates' option will
be performed rst (even if not selected as rst). Then, the "Specify model' window should look similar to
(Figure 16.5). Click on the “Specify and run model' button.
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Remember that if you want to check the statistical signi cance of the results you should specify your
models here and run them using the "Model: Run' module where you will have the option of choosing or
not to run permutation tests.

Figure 16.5: “Specify model' GUI nal con guration.

16.2.4 Model: Specify from

The reader is referred to Chapter 13 and chapter 4 for more details regarding the "Model: Specify from
module.

16.2.5 Model: Run

The reasons for using the "Model: Run' module and not just click "Specify and run model' in the "Model: Specify
new/from' module are the following:

One might want to specify one or more models now but run it/them later.
One might want to specify more than one models rst and run them all together at once afterwards.

One might want to run permutation tests in order to check the statistical signi cance of the results. The
reader is referred to Chapter 13 and section 5.4 for more details.
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16.2.6 Display results

In PRoNTO's main window, click on "Display results' and select the "PRT.mat' le. This will open the
main results window (Figure 16.6).

Figure 16.6: "Results' GUI.

In the "Results' window, we have dierent performance measures, as well as di erent plots; both the
average as well as for each fold. One can select di erent plots in the "Plots’ list. For further information
regarding the “Display results' module the reader is referred to chapter 5.

16.3 Batch analysis

In this section, the previous experiment will be repeated using thematlabbatch ' system. The reader is advised
to complete the tutorial in Section 13.2 before continuing, since the explanation of each step will be less detailed.

Once again, to analyse the data, create a new directory to save the results of the analysis. On the main
interface of PRoNTo click on the “Batch' button to open the "matlabbatch '. Alternatively, type “prt _batch' in
the Matlab  prompt.

16.3.1 Data & Design
Click on "Data & Design' in the PRoNTo menu.

In the “Directory' eld, select a directory where the "PRT.mat' le will be saved.

In the "Groups' eld:

{ Add two groups.
{ Inthe eld 'Name', provide a name without spaces to both groups, e.g. ‘Dem' and '‘NonDem'.

{ In the eld "Select by', select the “Samples' option and add a new modality. For more information
on the Samples option please refer to chapter 2.
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For both groups add one modality and provide the same name, e.g. "MRGM'.
For both groups select “nifti' for our data format.

In the eld “Files', select the proper images for each of the groups.

For both groups leave the "Regression targets (subject)' as it is, i.e. "No targets'.

L T e W e WY e S e )

Specify as “Covariates' the le with the confounds you want to remove. Remember that this le
should contain a variable "R’ with a matrix of covariates.

In the "Masks' eld, add a new modality, provide the same modality name, "MRIL.GM'; choose the ap-
propriate data format and select the ‘'maskGM' mask available in the Oasis dataset. The name of the
modality here has to be exactly the same as in "Modalities'.

Leave the "HRF overlap' and the "HRF delay' elds as default.

In the "Review' eld, select “Yes' if you would like to review your data and design in a separate window.
Otherwise, leave as it is, i.e. "No'. Note: if “Yes' is selected, users will need to close the Review window
after Running the batch to allow the execution of following modules.

The nal con guration of the matlabbatch “Data & Design' module should look similar to Figure 16.7.

Figure 16.7: "Data & Design' module inmatlabbatch .

The batch can either be run directly or the following modules can be added to complete multiple steps of
the analysis at once. We typically suggest users to save and run the "Data and Design' step in a separate batch
to avoid deleting/overwriting the PRTeach time the batch is run.

16.3.2 Feature set / Kernel

Click on the “Feature set / Kernel' option on PRoNTo's matlabbatch menu.
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With "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
created in the previous "Data & Design' step or click on the "Select les' button to browse where "PRT.mat'
le was saved. The window of Figure 13.32 in Chapter 13 is called to establish a dependency connection
with the previous "Data & design' module.

Provide a name for the "Feature set/kernel', e.g. "OASISConfE ects withCov'.

Choose the appropriate data format, add one modality and select the modality name with the "Dependency’
button *(Data & Design:Mod#1 name).

{ In the "Samples/Conditions' eld , select the "All samples' option.

{ Inthe "Voxels to include' eld, select "All voxels' option, this means we are not entering an additional
second-level mask.

{ Inthe "Detrend' eld, select 'None'.
{ In the "Scale input scans' eld, select the "No scaling' option.

{ And nally in the "Use atlas to build ROI speci c kernels' eld, load the AAL atlas as we did in the
GUI section. After all these steps, the batch editor should look similar to the one in Figure 16.8.

Figure 16.8: Final con guration of the matlabbatch “Feature set / Kernel' module.

16.3.3 Model: Specify new
Click on the "Model: Specify new' option on PRoNTo's matlabbatch menu.

With “Load PRT.mat' eld selected, click on the "Dependency’ button to associate the "PRT.mat' le
created in the previous "Feature set / Kernel' step or click on the “Select les' button to browse where
"PRT.mat' le was saved.

Provide a name for the model, e.g. "mklIOASIS_ConfE ects withCov'.
In the “Feature sets' eld, select the feature set name with the “Dependency’ buttoR.

Select the “Classi cation' model type:

{ Add 2 new classes.

{ For Class (1), specify a name by writing "Dem’ or using Dependency to choose the rst group's name
de ned in 'Data & Design' and add one group. The class name doesn't have to be the same as the
group name, this example uses this only for simplicity. After this step, select the group name from
the "Data & Design' module (‘Data & Design:Group#1 name') with the “Dependency’ button®.

10r type it in manually, "MRI _GM', but the name needs to be exactly the same as the one specied in the "Data & Design'
module.

2or write it exactly as previously de ned in the “Feature set / Kernel' module (option ‘Feature set/Kernel: Feature/kernel
name'), here "OASIS _ConfE ects _withCov'.

30r write it exactly, as previously de ned in the Data & Design' module, here ‘Dem’
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{ In the "Subjects' eld of Group 1, type "1:50'. This will tell the program to use all the 50 subjects,
i.e. from subject 1 to scan 50. In Conditions/Samples, select "All Samples'.

{ Similar to Class (1), write "NonDem' on the name eld for Class (2), or use Dependency to choose
the second group's name. Then Il the group name using Dependency, i.e. the second group's name
created in the "Data & Design' module, "NonDem'. In the "Subjects' eld of Group 2, type "1:50'. In
Conditions/Scans, select "All scans'.

{ Finally leave “Subsample example based on class de nition' as it is, i.e. "No".
In the "Machine' eld:

{ Select 'Kernel machine' and the "L1 Multi-Kernel Learning' option.

{ In the "Machine optimization and parameters' select the "Optimize hyper-parameter' and leave it to
the default values (i.e. “10"[-2:3]").

{ In the "Cross validation type for hyper-parameter optimization' eld, choose “k-folds CV on subjects
per group', and input 5" in the eld k'

In the “Cross-validation type' eld, choose “k-folds CV on subjects per group’, and input "10' in the eld
K.

Leave the “Include all scans' eld as it is, i.e. "No".
In the "Data operations' eld:

{ Leave the "Mean centre features' eld as it is, i.e. "Yes'".

{ Click on the "Other Operations' button, choose “Select operations’, 'New Operation' and select the
"Normalize samples'.

{ Click “Select operations', "New Operation’, and select "'Regress out covariates (subject level)' option
from the list.

After these steps, the batch editor should look similar to the one in Figure 16.9.

16.3.4 Model: Run
Click on the "Model: Run' option in PRoNTo's matlabbatch menu.

With the "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
updated in the previous “Specify model' step.

Select the model name from the “Specify model' module with the “Dependency' buttdn

In the eld "Do permutation test?', leave as it is, i.e. "No permutation test'.

16.3.5 Compute weights
Click on the "Compute weights' option in PRoNTo's matlabbatch menu.

With the "Load PRT.mat' eld selected, click on the "Dependency' button to associate the "PRT.mat' le
updated in the previous "Run model' step.

In the "Model name' eld, click on the "Dependency' button to associate the model name from the “Specify
model' module.

In "Build weight images per ROI', users can choose "Load atlas' to build a weight image showing where
the value in each region corresponds to the region/kernel's weight. This example uses MKL, where the
AAL atlas was selected during the Feature set module, hence the atlas will be automatically loaded here
if "Load atlas' is selected.

Leave the other elds as default.

We are now ready to run the batch: the arrow on top of thematlabbatch should be green and can be clicked.
If the arrow is gray, please check for missing inputs in the di erent modules (displayed with an < X).

4or write it exactly as previously de ned in the “Specify model' module, here ‘mkl _OASIS _ConfE ects _withCov'
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Figure 16.9: Final con guration of the matlabbatch “Model: Specify new' module.

16.3.6 Display weights

In PRoNTo's main window, click on “Display weights' and select the "PRT.mat' le. This will open the
"PRoNToO::Weights' window.

In the Display panel, click the model name in the "Model' eld, "'mkl_OASIS_ConfE ects withCov'. An
image will appear in the "Weights map' panel. To show the "Anatomical img' you have to load an
anatomical image for reference. A template image can be found in SPM's canonical folder ("singteibj_T1
le). Select "weights per region' to display the kernel/ROI contributions (see Chapter 6 for details on this
image). Select ‘weights per voxel' to display the voxels contributions. In the table below the weight
map, the contribution of ROI to the model and its corresponding rank are listed. A bar graph shows the
contribution of each ROI to the model (sorted), displaying how “sparse’ the model is. The nal window
will look similar to the one shown in the Figure 16.10.

16.4 E ects of removing covariates

This section shows the di erences between results with and without removing covariates.

In order to check the e ects of regressing out covariates one has to rerun the whole procedure keeping
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Figure 16.10: "Display weights' module where a weight map per region is shown.

everything the same, except that now we have to not choose “Regress out covariates' in the "Data operations'
when we specify our new model. This can be more easily done using the module "Model: Specify from'.

Figure 16.11 shows the accuracy of the same MKL model but without removing confounds: the average
balanced accuracy decreased from 75% (see 16.6) to 64%.

Figure 16.11: "Display results' GUI with the accuracies of MKL without removing covariates.
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The dataset used in this tutorial consists of is a visual experiment where pictures of famous faces (Fa-
mous), unfamiliar faces (Unfamiliar) and scrambled faces (Scrambled) are presented to the subjects. In to-
tal 16 subject were recorded with fMRI, EEG and MEG. The data is available for research purposes from
ftp://ftp.mrc-cbu.cam.ac.uk/personal/rik.henson/wakemandg _hensonrn/ and is fully detailed in the publica-
tion: A multi-subject, multi-modal human neuroimaging dataset, Wakeman, D. G. and R. N. Henson, Scienti c
Data, vol. 2, 150001, 2015.

A within-subject version of the dataset can be found, along with pre-processing batches, on the SPM website
(https://www. l.ion.ucl.ac.uk/spm/data/mmfaces/).

In this tutorial, the EEG and MEG data was used to derive 6 modalities:

MEG: average trace for each channel, in the considered time window. There are 102 MEG channels.
There is one le with the 3 traces per subject.

Interpolated EEG: nifti images from spatial interpolation of average trace per condition on the scalp, for
EEG. We thus obtain one image per condition and per subject.

Interpolated MEG: nifti images from spatial interpolation of average trace per condition on the scalp, for
MEG.

167
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Connectivity EEG: for each pair of channels, we computed the correlation between the average traces of
a condition. The output is a 70*70 matrix per condition and per subject. Only the upper triangular part
of the matrix was extracted.

Connectivity MEG: for each pair of channels, we computed the correlation between the average traces of
a condition. The output is a 102*102 matrix per condition and per subject. Only the upper triangular
part of the matrix was extracted.

The EEG, MEG, interpolated EEG and MEG les were obtained from following the batches provided with
the corresponding chapter in the SPM manual. The connectivity was built from the obtained EEG and MEG
les, based on in-house scripts (in the Appendix).

17.1 GUI analysis

We will rst analyse the data using PRoNTo's GUI and then repeat the analysis using the matlabbatch system.
As this is a much more complex tutorial, readers are strongly advised to go through the other tutorials rst
to get a better understanding of PRoNTo's functionalities. Also, since this is the fourth tutorial, some parts
that have been previously described will be only shortly described here. Therefore, the reader is advised to go
through the previous tutorials rst.

To start, create a new directory in which to save the results of the analysis, then start upMatlab and type
“prt' or “pronto’ in the Matlab  prompt. This will open the main interface of PRoNTo.

17.1.1 Data & design

There are 16 subject to input. For each subject, there are 6 modalities to specify. The easiest way to do this is
to fully specify subject 1, then use the entered modalities and designs in further subjects.

Choose a directory to save the resulting PRT.mat.

Add a group (e.g. "G1"), one subject ('S1"), and leave the “Samples' tick box below the panel unchecked.
See Chapter 2 of the manual for more information on this option.

EEG/MEG (MEEG data format)

The rst modality to be speci ed will be the EEG. Provide the name "EEG' and choose its type as "MEEG'.
The MEEG data formats usually consist of two les, one :mat and one:dat. In this case we have to go to
=Multimodal _face_dataset=data=SI=EEG where we'll nd the EEG data of the rst subject ("S1").

When the le is selected, PRoNTo will automatically read the design from it. The design can be reviewed
be clicking on "Events in le'.

In Figure 17.1 we see both the MEEG modality speci cation in mention, and the MEEG design review.
There we see 3 conditions: Unfamiliar, Famous and Scrambled. The units are already set to seconds and
the TR is the sampling interval (in seconds) in the le. In this example, the TR of 0.005 corresponds to

a sampling rate of 200Hz.

The same can be done for the MEG modality, where you will only have to change the name and choose
the appropriate MEG les, instead of the EEG les that we chose before.

Interpolated EEG/MEG (nifti data format)

The interpolated EEG and MEG consist of nifti les. This is similar to entering beta images from a GLM
analysis in previous versions of PRoNTo. The only di erence is that the type now needs to be speci ed;
even though nifti is the default option.

In the “Specify modality' GUI, provide a name to the modality, e.g. “interpEEG', choose nifti' and select
the appropriate les, which are found in =Multimodal _face_dataset=data=SI=EEG_interp . As there are
3 conditions, we have 3 di erent les, one for each condition.
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Figure 17.1: “Specify modality' and "Specify conditions' GUIs.

{ Very important note  : the order you choose the conditions (their les) should be the same across
all modalities that will be used in a single model. This means that we should use the same order
(Unfamiliar, Famous, Scrambled) that was input with the EEG and MEG les.

Since there is no SPM.mat le for the design, we need to specify the design ourselves.

{ Create a new design by selecting the option "Specify design'.

{ If we do not have a .mat le with the design information, we need to specify the experimental design
manually. Select the "Specify' option in the “Specify conditions’ GUI. First you need to write how
many conditions you have, which in this case is 3 (corresponding to the 3 image les). This will open
another window that allows the user to write the names, onsets and durations of each condition.

{ Aswhen using beta images, the onsets should correspond to the index of the image in the le selection,
with the smallest index (i.e. rst selected image) being 0. The duration should be set to 1 for all
images, and the units should be set to "Scans', with a TR of 1. Take great care when specifying
conditions manually. The initial and nal “Specify conditions' window should look similar to the one
in Figure 17.2.

The same can be done for the interpolated MEG modality, where you will only have to change the name
(CinterpMEG') and choose the appropriate MEG les, instead of the EEG les that we chose before.

Note: If we have many subjects and many conditions, this procedure can be tiresome and is quite prone to
mistakes. Therefore what one could do is manually create a "Design.mat' le and include the information re-
garding the names, onsets and durations inside that le. The name of the .mat le itself is irrelevant. What
is important is to have 3 di erent cell arrays named “names', ‘onsets' and “durations’. The dimensions of all
3 cell arrays should be 1 x #conditions. So in our case all 3 cell arrays will have 1x3 dimensions for the 3
conditions (Unfamiliar, Famous, Scrambled). You can nd one such example design le called "Design.mat' in
the =Multimodal _face_dataset=data

So for the interpolated MEG modality and from now on, do not input manually all the conditions in the
“Specify conditions' GUI. Instead, select the "From .mat le' option and choose the "Design.mat' le located in
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Figure 17.2: "Specify conditions' GUI and nal con guration.

the =Multimodal _face_dataset=datafolder. As you can see one still needs to choose the “Units of onsets/dura-
tions' and the “Interscan Interval' options. So again set the units to “Scans', and the TR to 1.

Connectivity EEG/MEG matrices (.mat data format)

Finally we have the connectivity derived EEG and MEG matrices, which can be entered in a similar way
as for images. We set the name as "ConnEEG'.

The "Data format' needs to be set to ".mat'. The les in this case are ".mat' les, and usually we will have
1 le for each condition, hence 3 for each subject. The order with which we input the les needs to be
the same as before (Unfamiliar, Famous, Scrambled).

The possible design options are then Specify design or No design. Specifying the design is identical to
that of (nifti) images. As for images, PRoONTo expects one .mat le per trial/sample. Important note:
When loading the le, it will read the rst variable only (independently of the variables name). You hence
need to ensure that the variable of interest is saved as the rst one, or in a speci ¢ .mat. For ease of use,
keep using the last way we mentioned to specify conditions (using the design le called "Design.mat’ in
the =Multimodal _face_dataset=data).

The same can be done for the connectivity MEG modality, where you will only have to change the name
(ConnMEG") and choose the appropriate MEG les, instead of the EEG les that we chose before.

At this point we have nished inputting the rst subject *.

{ You can now start the second subject. You rst create a new subject, e.g. “S2".

{ The modalities of the second subject can then be entered by selecting the already speci ed modalities,
where rst you will need to select the appropriate data les of that subject, those of the second subject
instead of the rst one we selected before.

{ You will also need to specify the design wherever you speci ed it manually. So for EEG and MEG, the
design is read automatically. For nifti and .mat data formats, a new option will appear in the "Design’
menu of the “Specify modality’ GUI. The “Design' menu will have the extra option "Replicate design
from subject 1', that is very convenient in this application. You can of course re-specify it manually
again by locating the design le called "Design.mat' in the =Multimodal _face_dataset=data, as we
did before. You will need to do this for all 16 subjects.

1For the more experienced users we have included a small Matlab  script inside the =P RoNTo_main _folder=manual called
“16_script.m' that automatically creates the rest of the subjects provided you have followed exactly the same steps as the ones
mentioned in the tutorial, you have completely nished the rst subject, you have speci ed the interpolated EEG and MEG masks
and you have saved the struct. You need to load the "PRT.mat', and be sure you're in the same directory of your "PRT.mat'".
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Finally we need to specify the masks. While mask les de nitely need to be speci ed for nifti images, for
.mat and MEEG data formats, we indeed assume that the data only contains relevant features (therefore
there is no need for a mask), as this can be easily performed during pre-processing. Please ensure that
your data (.mat or MEEG) do not contain NaNs.

If the user wants to use a mask, it can still be done at the feature set level (for connectivity matrices,
we'll see in another tutorial that another option could be to enter the full matrix and specify a 2nd level
mask).

After you have speci ed everything, the nal con guration should look like the one in gure 17.3, with 16
subjects, each one with its 6 modalities.

Figure 17.3: "Data & Design' GUI nal con guration.

Note regarding NaN values: A simple "Check Reg' in SPM will show that the interpolated EEG (MEG)
images have NaNs at di erent pixels, for di erent subjects. We hence need to create a common mask to discard
those NaNs. This can easily be performed using SPNmCalc batch (select all images from the EEG interpo-
lated modality, select ‘read as matrix', operation can be: isnan(sum(X)) ) and should be done for EEG and
MEG separately.

Understanding the "PRT" structure: At this point we have a "PRT.mat' in the directory you previously
chose. It would be quite useful to load this inMatlab and take a look at its structure, in order to start famil-
iarizing yourself with how PRoNTo structures everything. Once you slowly start being comfortable with this,
you will start to understand its great practicality. Maybe for example you want to inspect something you did
and you are not sure of, and maybe there is no explicit way to inspect this through the available GUIs. Instead
of re-doing everything right from the start, you can inspect "PRT.mat' directly from the Matlab Workspace.

For example, if you load the "PRT.mat' le that was created and you go inside the "PRT.group’ eld, you
will see a eld called “gr.name' which only has one group, "G1', and another eld called “subject' whose value
is 1 x #subjects. If you now go inside “subject', you will notice two di erent elds. Now we are inside the
subjects of "G1'. Here you can see one eld with the name “subjame' where we can see the 16 di erent sub-
jects we created, and another eld called "‘modality' which includes the 6 di erent modalities for each subject.
Go further inside if you wish, to the “'modality’ eld of "S1'. Here you see 6 entries (one for each modality),
each of which has 6 elds, ‘'modname' which includes the names we input, “covar' which includes possible
covariates, ‘rt.subj' which includes potential regression targets, “design' which includes the designs we input,
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“scans' which includes the data les we input for each subject and nally “type' which is the data format of each
data le. That way you can easily check in a direct manner what you have input in every step you did previously.

Learning to explore and manoeuvre around the "PRT.mat', while not obligatory, will de nitely help you a
lot and make your life much more practical. It can save you from potential typo or other types of mistakes
because it's an easy and fast way to check your inputs. So we strongly advise readers who intend to make heavy
use of PRoNTo to start familiarizing themselves with the Matlab  Workspace and the main PRoNTo structures
and even write their own Matlab  scripts automating some of the trivial procedures, like the one we did. A
Matlab  script is a much safer way to process mundane tasks that require a lot of mouse clicks which can be
tiresome and quite prone to human errors.

As in the previous tutorials the design can be reviewed. If properly speci ed, it will display one group of 16
subjects, with 6 modalities. For nifti modalities, this is where you would specify HRF parameters if you were
using a design speci ed in seconds. This option is (obviously) not available for .mat or MEEG. In the present
case, our design is in terms of images/scans. The default values of 0 and it should not be modi ed. The "Review
data’ GUI would look like Figure 17.4.

Figure 17.4: "Review data' GUI.

17.1.2 Prepare feature set

In versions 2.X, modalities could be combined in 2 ways at this stage: either concatenated in samples (e.qg.
multiple runs of a same experiment), or by computing one kernel per modality and storing them together. This
had the limitation that combined modalities (in either way) had to have the exact same number of features.
We have now decoupled those operations for more exibility. At the feature set stage, modalities can only be
concatenated in samples. In this case they still need to have the exact same number of features.

As we want to use our modalities as di erent “features for the same model and not as di erent samples, we
hence need to build one feature set per modality. The di erent data types are handled in di erent ways: images
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and .mat in a way similar to v2, MEEG with a new window. This means that, after loading the "PRT.mat' in
the "Prepare feature set' GUI, a new window like the one in gure 17.5 will appear if multiple data formats are
contained in the "PRT.mat'. The window asks which data format the speci ed feature set will have. Feature
sets are built for only one data format at a time. The buttons available on this interface will re ect the data
formats present in your PRT. If only one type is present, this step is skipped.

Figure 17.5: "Specify type of data' GUI

Interpolated EEG/MEG (nifti data format)

We rst choose nifti' and will build the feature set for interpolated EEG. Once the data format has been
chosen, the process is similar to that of v2: if there are multiple modalities of that data format in the
PRT, the left window of gure 17.6 will appear, asking how many modalities to concatenate. Here, there
is only one modality to consider.

After specifying “1' and "Enter/Return’, the appropriate window, like the one in gure 17.7 will then open
to specify parameters for this speci c modality. If there were multiple modalities to concatenate, the
following windows would open as many times as the number entered.

Figure 17.6: "Prepare feature set' GUI. Figure 17.7: “Specify modality' GUI.

For nifti images, the whole process as we know it from versions 2.X and from the previous tutorials is the
same. All options previously available are included in v3, with no addition. We select all default options.
We then repeat the same procedure for the interpolated MEG modality (CinterpMEG') to create a second

feature set.

Connectivity EEG/MEG (.mat data format)

To create the connectivity EEG/MEG feature sets, we repeat the rst step but select ".mat'. As we have
2 .mat modalities (EEG and MEG), window in Figure 17.6 appears rst.
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Again, we enter "ConnEEG' as the feature set name and enter "1' as the number of modalities to include.
The next window is the same as for images, like the one in Figure 17.7. The only option not available is
the "Detrend'. In addition, 2nd level masks and atlases can be entered. An example is provided in another
tutorial. In the present case, we use all default options.

EEG/MEG (MEEG data format)

To build a MEEG feature set, we select 'MEEG' in the rst window and specify "EEG' as the feature set
name and "1' as the number of modalities to include in the second window.

Then, a new window appears. It allows to “play' along the di erent dimensions of the le, averaging across
dimensions or building multiple kernels. This last option will be equivalent in the code to creating an
atlas for the MEEG le. The atlas is not saved but the features selected along each dimension are stored
and further used to enable building the weights per kernel.

In the present case (gure 17.8), we choose all ‘good' channels (which is equivalent to all channels as this
is a multi-subject study), use the whole time window for consistency with the other modalities and do not
specify kernels along a dimension as we did not use an atlas for nifti or .mat.

The “Frequencies' panel is disabled as the signal is in voltage and was not decomposed in time-frequency.
Files with TF information enable this panel. Chapter 18 elaborates more on the di erent things one can
do when specifying MEEG modalities.

Important note: ~ For .mat and nifti, we assume that feature 1 in sample 1 is equivalent to feature 1 of
sample 2. For MEEG, the assumption is the same: the rst time point in the rst channel and frequency
bin should be equivalent across subjects/runs. This means that if the channel montage was di erent or
epoching was di erent, preprocessing steps need to be performed to ensure compatibility across les.

After we build the 6 feature sets, we can see in gure 17.9 the 12 new les along the "PRT.mat": 6 binary
le arrays (.dat) that collect the information across all subjects and samples in a modality, and 6 linear kernels
(-mat) that store the pair-wise similarity between all selected samples in a feature set.

Figure 17.8: "Specify modality' GUI for MEEG. Figure 17.9: The les of the 6 feature sets.
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17.1.3 Model: Specify new

Our goal is now to discriminate between the brain signals recorded during visualization of “Famous' faces and
“Scrambled’ faces. We will rst build one model for each modality separately, to see how they perform, then
we'll build a model that combines all the information and look at the contribution of each modality to the
predictive model. By the end of this tutorial we are going to have a total of 8 di erent models, 6 single kernel
models (one for each modality), one multiple kernel model, and a single kernel model using a 2nd level atlas
only for demonstration purposes.

In PRoNTo's main window, click on “Specify model' and a new window called “Specify model' will open
(see Figure 13.14 in Chapter 13).

Select the "PRT.mat' le and provide a meaningful name to the rst model, e.g. “interpEEG _SVM'.
Select the “interpEEG' feature set previously de ned.
Leave the option "Use kernels' tick box as it is, i.e. “Yes'.

Select the "Classi cation' model type and click on the 'De ne classes’ button. A new window will open,
“Specify classes', to de ne the number of classes and a name for each class. We will de ne 2 classes.
First click "Class 1' on the tab "Class'. For "Class 1' select all subjects and the condition "Famous' and,
similarly, for "Class 2' select all subjects and the condition “Scrambled'. A novelty in the class speci cation

is the possibility to randomly subsample the over-represented class (to match as close as possible the under-
represented class). However, we use only one condition per class and one image per subject, so our dataset
is balanced. So leave the "Subsample according to smallest class' unchecked. Once you have appropriately
speci ed everything, click "Done'.

Select the “Binary support vector machine' option, in the "Machine' eld.

Select the "Optimize hyper-parameter' tick box, in the ‘De ne Range' put '[0.1 1 10 100]' and in the
“Cross-Validation Scheme' (internal loop) eld, select the option “k-fold CV on Subject out'. A window
will appear asking to de ne the value of k, set it to 4.

Select the same cross-validation scheme for the external loop as well.

Note: Leave One Subject per Class Out or its k-folds variant is not appropriate here as we need to leave
out all images from a single subject. Using the “per Class Out' CV will throw an error and ask to select
Leave Subject Out instead.

In the "Data operations' box, select the "Mean centre features using training data' option.
In the end, the "Specify model new' window should look similar to the one in gure 17.10.

Permutation testing is set in the "Run model' module and since we are going to run permutations, we are
only going to specify the model here, and run it later. So click on “Specify model'.

This operation could be repeated across the di erent modalities. However, this is tiresome and prone to
human errors. In addition, if we had used the subsampling option, the di erent models would very likely select
di erent samples, which would make them harder to compare. Instead, we can now copy most of the parameters
from the model we just de ned. This is done in the next section using the “Specify model from' module.

17.1.4 Model: Specify from

The main interface has been modi ed to add a "Specify from' model option. This will launch a window that is
very similar to the “Specify model' window, but with a couple of changes: there is an extra popup menu that
allows to select which model to copy from. Some elds have also been disabled to ensure comparability of the
models: only the feature sets, the machine (with its hyper-parameter optimization) and the operations can be
modi ed. Classes/Regression selection and outer CV options cannot be modi ed.

To create the other models based on each modality, we simply need to load our PRT and select the
interpEEG _SVM model to copy from (it is by default the 1st model in the PRT).

We need to specify a model name for this new model, e.g. “interpMEGVM'.
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In the present case, we only want to change which feature set is used, so we click on “interpEEG' to
deselect it and then click on the modality we would like to add, namely “interpMEG'.

In the "Data operations' select the "Mean centre features using training data' option.

Leave all the other parameters intact.
The "Specify model from' window should look similar to the one in gure 17.11.

Figure 17.10: "Model: Specify new' Figure 17.11: "Model: Specify from'
GUI nal con guration. GUI nal con guration.

Do exactly the same procedure for the 4 other modalities, where each time you will only select the feature
set of that modality with a name exactly the same as the feature set itself, adding a_SVM' in the end,
e.g. EEGSVM', "MEG _SVM', "ConnEEG_SVM', "ConnMEG _SVM'.

Understanding the "PRT' structure: Now if you load and explore the "PRT.mat' le in the Matlab
Workspace, you are going to see that there are some new structures, which correspond to the feature sets and
the models you created. If you open the "PRT.model' you will see it has 3 elds, with 6 entries. The rst one,
“modelname’, you will recognize as the name of the model you wrote. Then we have the “input’, which is the
di erent parameters of the model, some of which you input manually and others that were de ned automatically.
Finally there is the “output', which is where the results of each model will be written once you run the models.
At the moment it is empty since you haven't run the models yet.

If for example you want to do a quick check of the feature set that you input in a model you want to build,
one way through the Matlab Workspace is to get inside the "PRT.model' and go to the input of the rst entry,
“interpEEG _SVM'. So now we ought to be inside "PRT.model(1).input' if you followed the instructions properly.
Inside there, you will nd a eld named fs'. *fs' in general is short for “feature set', and in that particular case
corresponds to the feature set of this particular model. So if you followed the instructions properly, the feature
set ought to be the “interpEEG"'. It is in that particular structure that you will nd more than one feature sets,
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corresponding to the feature sets, in the case of multiple kernel learning.
MKL model

We can also build multimodal models in PRoNTo and use it to investigate the di erent contribution of each
modality for the predictive model. In this example we can use the MKL model to investigate which modality
contains most information for the “Faces' versus “Scrambled' comparison, and see if using di erent features
improves performance when compared to the single modalities. So use the “Specify model from' module again,
but this time instead of having only one feature set, add all feature sets to the model. You will also need
to change the machine to the "L1 Multi-Kernel Learning'. Finally you will also need to add the “Normalize
samples' operation in the "Data operations' to compensate for the fact that di erent modalities have di erent
numbers of features. Leave all the other options as they are. The “Specify model from' window for the MKL
model should look similar to the one in gure 17.12.

17.1.5 Model: Run

We can use the "Run' module to run the previously speci ed models. After you select the "PRT.mat' le you
will see the 7 models we have created so far, 6 single kernel models and the MKL model. You can either select
and run them one by one, or you can select all and run them all together.

In "Permutations' select “Perform permutation test' with 100 repetitions. Be aware that 100 repetitions
is a small number when running permutation tests, and 1000 repetitions (or even more) are recommended if
you want to be able to obtain smaller p-values (since the minimum p-value possible is equal to 1/number of
permutations). The "Run' window should look similar to the one in gure 17.13.

Figure 17.12: "Model: Specify from' GUI - Figure 17.13: "Model: Run' GUI nal con-
nal con guration for the MKL model. guration to run all models together.
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17.1.6 Display results

Taking a quick look at the results we see that “interpMEG_.SVM' and "MEG _SVM' are the best performing
models, and "ConnMEGSVM' the worst performing model. We also see that the MKL model that included all
modalities had in fact worse performance than the best single-kernel modalities alone.

For more detailed information regarding the interpretation of the results, the dierent types of ways to
measure performance and the stats of the results the reader should take a look at all the previous tutorials,
especially chapters 13 and 15.

17.1.7 Compute weights

Accordingly, the weight computation window includes a tick box to allow building the average weights for each

permutation. As in the v2.X batch, these are saved in another folder. The window will also allow to select one
atlas per feature set included in the model. To this end, simply select multiple images or .mat, in the correct
order. If the Computer average/kernel weight per region option is selected, feature sets that were built using an
atlas will automatically use this atlas. If this option is selected and no atlas is speci ed for some feature sets,
only the weights will be built, not the weights per region/kernel. Please note that loading an atlas for weight

summarization is not available for MEEG data (only nifti and .mat).

In PRoNTo's main window, click on "“Compute weights' and a new window will open, “Compute weights'
(Figure 13.24).

Select the "PRT.mat' le.
Select one by one all models from the list of "Models computed in PRT".

Leave the options "Compute average/kernel weight per region' and “Build weight images for permutations'
unchecked.

Click on "Compute weights' button. Computations will be displayed on the Matlab command window.

The nal "Compute weights' window should look like the one in gure 17.14

Figure 17.14: "Compute weights' GUI.

17.1.8 Display weights

Weights can be displayed for all modality types. For 1D MEEG or 1D .mat data, weights are displayed as bar
graphs, with the color of the bar representing the amplitude of the weight (e.g. the connectivity vector used for
.mat). Example in gure 17.15.
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Figure 17.15: "Display weights' for 1D MEEG or .mat data.

For 2D data , the display shows the matrix, with y-axis as the 1st dimension and x-axis as the 2nd dimension
(after squeezing out dimensions of size 1), with the color of a (x,y) pair displaying the magnitude of its weight.
Example in gure 17.16. Finally, nifti images are displayed as before, except a small change in the color map.
Example in gure 17.17.

Figure 17.16: "Display weights' for 2D MEEG or .mat data.

Figure 17.17: "Display weights' for nifti images.

When building the weights from the "MKL _mods' model, we can also look at the feature set contributions.
From gure 17.18 we can see that the interpolated EEG has the largest contribution to the MKL model, followed
by the EEG and MEG traces. This can be due to the interpolated EEG smoothing some of the anatomical
variance in electrode placement, while EEG and MEG keep subject-speci ¢ information.
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Figure 17.18: "Display weights' for MKL model, with additional weight contribution shown.

17.1.9 Using an atlas with .mat

As for nifti, an atlas can be used with .mat and MEEG les. For MEEG les, the atlas is implicit, resulting
from the selection of channels, time points and kernels on which to build the kernels on. However, for .mat,
PRoONTo is agnostic of the type of features entered, so the atlas needs to be built by the user. As an example,
we built an atlas for the EEG connectivity derived modality. We de ned 11 “networks' that the channels could
belong to based on their anatomical position (e.g. “orbitofrontal’, “occipital', “left-parietal’, “central-parietal’,
...). The atlas then builds ROIs from pair-wise network interactions (i.e. “orbitofrontal-occipital', “orbitofrontal
left-parietal’, ...) leading to 66 ROIs (11*10/2 between networks interactions + 11 within-network interactions).
The atlas looks as in gure 17.19 (2D version but only the upper triangular part is saved).

Going back to the feature set step, we can build another .mat feature set (called "ConnEE@Gtlas') including
the ConnEEG modality and ticking the "Build one kernel per ROI' box ( gure 17.20. We can load the designed
atlas and PRoNTo will automatically gather ROI labels if a label le (called "Labels_atlasnamemat') is present
in the same folder and contains a "ROlnames' variable.

Model speci cation can then be performed as in v2.
Select the "ConnEEGatlas' feature set.
De ne the classes as we did before.
Choose the "L1 Multi-Kernel Learning' machine.

Use 4-folds CV on subjects out for both inner and outer CV.
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