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In studies of cognitive neuroscience, multivariate pattern analysis (MVPA) is widely

used as it offers richer information than traditional univariate analysis. Representational

similarity analysis (RSA), as one method of MVPA, has become an effective

decoding method based on neural data by calculating the similarity between different

representations in the brain under different conditions. Moreover, RSA is suitable for

researchers to compare data from different modalities and even bridge data from different

species. However, previous toolboxes have been made to fit specific datasets. Here,

we develop NeuroRA, a novel and easy-to-use toolbox for representational analysis.

Our toolbox aims at conducting cross-modal data analysis from multi-modal neural

data (e.g., EEG, MEG, fNIRS, fMRI, and other sources of neruroelectrophysiological

data), behavioral data, and computer-simulated data. Compared with previous software

packages, our toolbox is more comprehensive and powerful. Using NeuroRA, users

can not only calculate the representational dissimilarity matrix (RDM), which reflects the

representational similarity among different task conditions and conduct a representational

analysis among different RDMs to achieve a cross-modal comparison. Besides, users

can calculate neural pattern similarity (NPS), spatiotemporal pattern similarity (STPS),

and inter-subject correlation (ISC) with this toolbox. NeuroRA also provides users

with functions performing statistical analysis, storage, and visualization of results. We

introduce the structure, modules, features, and algorithms of NeuroRA in this paper, as

well as examples applying the toolbox in published datasets.

Keywords: representational similarity analysis (RSA), multivariate pattern analysis, multi-modal, Python,

correlation analysis

SIGNIFICANCE STATEMENT

For the last two decades, neuroscience research envisions the prevalence of multivariate pattern
analysis, in which representation similarity analysis (RSA) is one of the core methods. As
representation bridges computation and implementation in David Marr’s model, RSA bridges data
from different modalities, including behavior, EEG, MEG, fMRI, et al. and even different species.
Our toolbox NeuroRA is developed based on Python and can be applied for multi-modal neural
data, as well as behavioral and simulated data. By calculating the representational dissimilarity
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FIGURE 6 | Schematic diagram for representational analysis for fMRI data using NeuroRA. (A) The calculating process for ROI-based analysis. For each ROI, users

can calculate the RDM based on the voxels in ROI and get the similarity between ROI RDM and the RDM for other modes. (B) The calculating process for

searchlight-based analysis. For each searchlight step, users define the size and strides of the calculation unit. After computations between the RDMs within the

searchlight blob for fMRI and the RDM for other modes (e.g., behavioral data, computer-simulated data), a NIfTI file can be obtained. At the bottom right is a demo of

the resulting NIfTI file drawn with NeuroELF (http://neuroelf.net), and color-coded regions indicate the strength of representation similarity between two modes. The

green text on the green indicates which function to use for the corresponding step.

functions and setting specific parameters. These calculations are
used in a similar way to calculate RDM or RSA, as described
in the above sections. In detail, Supplementary Table 1 shows

the shape of the input, the parameter settings with calculation
implementation, the corresponding shape of the output, and
recommended next steps in the analysis. Additionally, users can
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TABLE 2 | Script of searchlight representational analysis between fMRI data and a

coding model in NeuroRA.

1 from neurora.rdm_cal import fmriRDM

2 from neurora.corr_cal_by_rdm import fmrirdms_corr

3 import numpy as np

4

5 # calculate the searchlight fMRI RDMs for each subject

6 # the shape of fmri_data should be [n_conditions, n_subjects, nx, ny, nz]

7 # nx, ny, nz represent the size of fMRI-img

8 # here, the size of calculation unit is [3, 3, 3] and the strides for calculating is

[1, 1, 1]

9 # the shape of fmri_rdms will be [n_subjects, n_x, n_y, n_z]

10 # n_x, n_y, n_z represent the number of calculation units for searchlight

along the x, y, z axis.

11 fmri_rdms = fmriRDM(fmri_data, ksize=[3, 3, 3], strides=[1, 1, 1],

sub_opt=1)

12

13 # initialize the correlation coefficients

14 corrs = np.zeros([n_subjects, n_x, n_y, n_z, 2], dtype=np.float)

15

16 # calculate the correlation coefficients between searchlight fMRI RDMs and

a model RDM

17 # the shape of model_rdm should be [n_conditions, n_conditions]

18 # the shape of corrs will be [n_subjetcs, n_x, n_y, n_z, 2], 2 represents a

r-value & a p-value

19 for sub in range(n_subjects):

20 corrs[sub] = fmrirdms_corr(model_rdm, fmri_rdms[sub])

The calculation parameters of fMRI data are ksize=[3, 3, 3] and strides=[1, 1, 1]. Users

can just input different data and obtain the correlation results between two modes.

TABLE 3 | Script of saving the calculation results as a NIfTI file for fMRI data.

1 from neurora.nii_save import corr_save_nii

2

3 # corrs represents the similarities (correlation coefficients) between fMRI

and other mode

4 # the shape of corrs should be [n_x, n_y, n_z, 2]

5 # filename represents the filename of the result.nii file

6 # affine represents the information of the fMRI-image array data in a

reference space

7 # here, the size of fMRI-image is [60, 60, 60], the size of calculation unit is

[3, 3, 3] and the

8 # strides for calculating is [1, 1, 1]

9 filename = “demo_result.nii”

10 corr_save_nii(corrs, filename, affine, size=[60, 60, 60], size=[60, 60, 60],

ksize=[3, 3, 3],

11 strides=[1, 1, 1], p=0.05, correct_method=’FDR’)

12

13 # The output is an [60, 60, 60] NumPy-array

14 # And a.nii file named ’demo-results.nii’ has been generated

Users can get the correlation results based on the script in Table 2. The NIfTI file can be

obtained by entering some necessary parameters.

use help() (a built-in function in Python) to see and understand
the detailed description of the purpose of the specific function
or module.

TABLE 4 | Modules and functions for NPS, STPS, ISC in NeuroRA.

Analysis

Method

Module for Computing Functions for Statistical Analysis

NPS neurora.nps_cal module For EEG-like:

neurora.stats_cal.stats()

For fMRI:

neurora.stats_cal.stats_fmri()

STPS neurora.stps_cal module For EEG-like:

neurora.stats_cal.stats_stps()

For fMRI:

neurora.stats_cal.stats_stpsfmri()

ISC neurora.isc_cal module For EEG-like:

bneurora.stats_cal.stats()

For fMRI like:

neurora.stats_iscfmri()

TABLE 5 | Example of statistical analysis for channel-time based EEG RSA

calculation and searchlight fMRI RSA calculation.

Type of Calculation Example Script

channel-time based

EEG-like calculation

from neurora.corr_cal import bhvANDeeg_corr

from neurora.stats_cal import stats

# calculate the correlation coefficients between

behavioral data and EEG data

corrs=bhvANDeeg_corr(bhv_data, eeg_data,

sub_opt=1, chl_opt=1, time_opt=1)

# the shape of corrs should be [n_subs, n_chls, n_ts, 2]

stats(corrs, permutation=True, iter=1000)

# The output is an [n_chls, n_ts, 2] NumPy-array

# 2 represents a t-value and a p-value

searchlight fMRI

calculation

from neurora.corr_cal import bhvANDfmri_corr from

neurora.stats_cal import stats_fmri

# calculate the correlation coefficients between

behavioral data and fMRI data

corrs=bhvANDfmri_corr(bhv_data, eeg_data,

sub_opt=1, chl_opt=1, time_opt=1)

# the shape of corrs should be [n_subs, n_x, n_y, n_z, 2]

stats_fmri(corrs, permutation=True, iter=10000)

# The output is an [n_x, n_y, n_z, 2] NumPy-array

Statistical Analysis
NeuroRA provides functions for statistical analysis based on the
representational analysis results. The inputs are the similarity
maps for each subject, which can be obtained by functions
in calculation modules (corr_cal, corr_cal_by_rdm, nps_cal,
stps_cal, and isc_cal modules), and the output will be the
statistical results (a t-value & p-value map) (Table 5). The output
from the functions of calculation modules always includes an
r-value map and a p-value map. Although only the r-value map is
used for subject-level statistical analysis, users can directly input
the output of functions in calculation modules as the input of
functions in stats_calmodule for convenience.

In this part, the correlation coefficients calculated by
calculation modules are tested against zero for significance.
Besides, we add a permutation test to all processes of statistical
analysis. This means the statistical significance could be
assessed through a permutation test by randomly shuffling
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FIGURE 7 | Examples of visualizations implemented in NeuroRA. Left-top: Plot the RDM by function plot_rdm() and plot_rdm_withvalue(). Right-top: Plot the results

by time sequence by function plot_corrs_by_time() and plot_corrs_by_hotmap(). Left-down: Plot fMRI results as 2-D slices by function plot_brainrsa_montage().

Right-down: Plot fMRI results as surface in the 3-D space by function plot_brainrsa_surface().

the data and calculated the results for many iterations (for
example, 5000) to draw a distribution. Real data exceeding
95% of the distribution are regarded as significant. Table 5

is a script to show how to use stats_cal module to conduct
statistical analysis for RSA results from different modes. Users
can independently choose to use the permutation test or
not and change the iteration number by set parameters in
related functions.

Visualization of Results
NeuroRA provides several functions to visualize the results in
rsa_plot module. Some typical features are shown in Figure 7.

The basic option is to visualize RDMs by function plot_rdm()
or plot_rdm_withvalue(). The more advanced option for
EEG-like data is to visualize the results across different time
points. On the one hand, users can use specific functions,
plot_corrs_by_time() and plot_tbytsim_withstats(), to plot the
curve. On the other hand, users can use specific functions,
plot_corrs_hotmap(), plot_corrs_hotmap_stats() (for r-values),
plot_stats_hotmap() (for t-values) and plot_nps_hotmap()
(for NPS), to plot the hotmap. Also, NeuroRA has options
for plotting fMRI results on a brain. Users can use functions
such as plot_brainrsa_glass(), plot_brainrsa_montage() and
plot_brainrsa_regions() to plot fMRI results as 2-D slices,
and use plot_brainrsa_surface() to plot results as surfaces
in the 3-D space. Feature and applicability of functions in

rsa_plot module are shown in Table 6. The implementation of
visualization requires the Pyplot module in the Matplotlib and
nilearn package.

We also provide several code demos in NeuroRA on the
publicly available datasets. The first demo is based on visual-
92-categories-task MEG datasets (Cichy et al., 2014). We
extracted the first three subjects’ data. Figure 8A shows the
correlation-based RDMs of three different time-points using
NeuroRA [SVM-based RDMs in Cichy et al. (2014) for the first
three subjects can be seen in Supplementary Figure 1A] and
the temporal similarity results by comparing with the neural
representations of 200 and 800ms. There were more similar
neural patterns when participants were viewing human faces (the
small blue squares in RDMs), and representations of nearby times
were more similar. The second demo is based on the subject2’s
data in Haxby fMRI datasets (Haxby, 2001). Figure 8 shows the
searchlight-based RSA results between an “animate-inanimate”
coding model RDM and searchlight RDMs from fMRI data.
The results indicated that the temporal cortex was primarily
involved in coding information of animate or inanimate. The
third demo is based on EEG datasets from a working memory
task using NeuroRA (Bae and Luck, 2019). We extracted the
first five subjects’ event-related potentials (ERP) data. Figure 8C
shows the RSA-based decoding results by comparing a coding
model RDM and temporal RDMs from EEG data (The temporal
SVM-based decoding results of these five subjects can be
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TABLE 6 | Feature and applicability of functions for plotting results in NeuroRA.

Function Feature and Applicability

for RDM plot_rdm() Plot the RDM

- The input should be an RDM (N_conditions×N_conditions).

plot_rdm_withvallue() Plot the RDM with values

- The input should be an RDM (N_conditions×N_conditions).

for EEG-like plot_corrs_by_time() Plot the correlation coefficients for different conditions by time sequence

- The input should be a matrix (N_conditions×N_time-points) of correlation coefficients.

plot_tbytsim_withstats() Plot the similarity averaging all subjects by time sequence with statistical results

- The input should be a matrix (N_subs×N_time-points) of similarities.

plot_corrs_hotmap() Plot the hotmap of correlation coefficients for channels/regions by time sequence

- The input should be a matrix (N_channels×N_time-points) of correlation coefficients.

plot_corrs_hotmap_stats() Plot the hotmap of correlation coefficients for channels/regions by time sequence with the significant outline

- The input should be a matrix (N_channels×N_time-points) of correlation coefficients and a matrix

(N_channels×N_time-points×2) of t-values and p-values.

plot_stats_hotmap() Plot the hotmap of statistical results for channels/regions by time sequence

- The input should be a matrix (N_channels×N_time-points×2) of t-values and p-values.

plot_nps_hotmap() Plot the hotmap of NPS for channels/regions by time sequence

- The input should be a matrix (N_channels×N_time-points) of similarities.

for fMRI plot_brainrsa_glass() Plot the 2-D projection of the RSA-results

- The input should be the.nii file generated by functions in neurora.nii_save module

plot_brainrsa_montage() Plot the RSA-results by different cuts

- The input should be the.nii file generated by functions in neurora.nii_save module

plot_brainrsa_regions() Plot the high-correlation regions of RSA-results by three cuts (frontal, axial, and lateral)

- The input should be the.nii file generated by functions in neurora.nii_save module

plot_brainrsa_surface() Plot the RSA-results into a brain surface

- The input should be the.nii file generated by functions in neurora.nii_save module

seen in Supplementary Figure 1). Both orientation and position
could be successfully decoding based on ERP data in a visual
working memory task. In these demos, user can learn how
to use NeuroRA to perform representational analysis and plot
the main results, including calculating RDMs from different
time points (Figure 8A), correlations over the time series
(Figure 8A), searchlight calculation between the brain activities
and an “animate-inanimate” codingmodel (Figure 8B), using the
hypothesis-based RDM to fit RDMs based on neural activities
by time sequence (Figure 8C) and so on (see more: https://
github.com/neurora/NeuroRA/tree/master/demo). These demos
contain several critical sections: loading data & preprocessing,
calculating RDMs, calculating the neural similarities or similarity
matrix, and plotting. Users can download the tutorial on
NeuroRA website and find further details.

User Support
To report any bugs in the code or submit any queries or
suggestions about our toolbox, users can use the issue tracker on
GitHub: https://github.com/neurora/NeuroRA/issues. We will
reply and act accordingly as soon as possible.

DISCUSSION

RSA provides a novel way of observing big data, which is
powerful in the field of cognitive neuroscience. An increasing
number of studies have used such multivariate analysis to
obtain novel information that could not be observed through
univariate analysis (Mahmoudi et al., 2012; Sui et al., 2012; Haxby
et al., 2014). More importantly, experimental data obtained from

different modalities must be assessed simultaneously, and RSA
is a suitable method way to quantitatively compare results from
different modalities with distinctive dimensions, resolutions and
even obtained from different species (Salmela et al., 2016; Cichy
and Pantazis, 2017).

In the present study, we have developed a Python-based
toolbox that can perform representation analysis for neural
data from many different modalities. Compared with other
toolkits or modules that can also implement RSA, our toolbox
has a much wider application and more convenient and rich
functionalities that users can use tiny codes to conduct not
only RSA but also NPS, STPS, ISC, statistical analysis, and
visualization, especially for the analysis of multi-modal data and
cross-modal comparisons. Moreover, it is open-source, free to
use, and cross-platform.

For detailed information on each module and function in
our toolbox, including the format of input data, the choice
of parameters, and the format of output data, users can refer
to our toolbox tutorial. To further understand the specific
implementation of each function in the toolbox, people can read
the source code directly. If users encounter any problems or
difficulties during use, they can consult NeuroRA’s tutorials and
email our developers.

Although we already implemented the essential functions for
representational analysis, there are still several limitations to be
addressed in the future. First, NeuroRA is not yet designed to
process the raw data. However, users can utilize other toolboxes
such as EEGLAB (Delorme and Makeig, 2004), MNE (Gramfort
et al., 2013), and Nibabel (Brett et al., 2016) to import data
and transfer them into a format fit for NeuroRA. We plan to
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FIGURE 8 | Demo results. (A) Left: The RDMs of 0, 100, 200, 300ms based on all 302 channels’ MEG data for the first three subjects [data from Cichy et al. (2014)].

Right: Use the neural representations of 200ms and 800ms to calculate the similarities with all time-points’ neural representations. (B) The searchlight results between

an ’animate-inanimate’ coding model RDM and searchlight RDMs based on subject2’s data [data from Haxby (2001)]. In this coding model RDM, we assume that

there are consistent representations among animate objects and inanimate objects. (C) The RSA-based decoding results for orientation and position by calculating

the correlation coefficients between a coding model RDM and EEG RDMs by time sequence based on the first five subjects’ data in experiment 2 [data from Bae and

Luck (2019)]. In this coding model RDM, we assume that a large difference between the corresponding two angles corresponds to high dissimilarity, and vice versa. In

the two rightmost plots, the small orange rectangles inside the plotting area and orange shadow indicate p < 0.05; line width reflects ± SEM.

develop an integrated format conversion function in the next
version. Second, there is still significant room for improving
the computational performance of NeuroRA, especially in the
iterative calculation of fMRI data, which is often slow. This
is due to nested loops in the code structure when we need
to traverse the data from the entire brain and iterate the
random shuffle many times. In the future, we will reduce
the time by optimizing functions with GPUs and using some
multithreaded methods to accelerate some computing processes.
Third, there is no graphical user interface (GUI) right now,
which we plan to design and implement based on PyQt in
a future version. Users could then obtain the final results
by dragging the data file to a specific location in the GUI
with the mouse and filling in the relevant parameters. Fourth,

object-oriented programming methods can also be applied to
our toolkit development. We can build some classes with some
public methods requiring the visualization or statistical analysis
parameters and some private methods for data management
of the multidimensional matrices hidden from the user. Fifth,
we need to add some features for the plotting part, such as
returning the matplotlib object, assembling subplots and saving
them instead of displaying plots on screen only. Sixth, we
hope to provide a more straightforward version by streamlining
the full analysis workflow building on existing functions. After
simplifying the intermediate process, users don’t need to call
other functions to do extra operations for data transformation.
Finally, although we added unit tests in our toolbox, the tests
available assess only the shapes of the output corresponding
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to different inputs rather than check the correctness of the
computations. The work to add them will be an important part
of NeuroRA’s future development.

Through NeuroRA, for the first time, we provide a method
for researchers to perform representation analysis with neural
data from many different modalities. However, this is only a
starting point. With the development of the algorithm and
applications for representational analysis, we will include new
functionalities, such as using the classification-based decoding
accuracy between neural activities under two conditions as the
value in an RDM (Cichy et al., 2014; Cichy and Pantazis,
2017; Xie et al., 2020) and automatically generating RDMs
for each layer in a deep convolutional neural network, as
well as new visualization tools which can plot the space
representation of neural activities with t-SNE and show the
dynamic representational analysis results. We hope that many
exciting findings can be observed through our toolbox, and we
would like to collaborate with researchers interested in this tool
to improve the toolbox further.

INFORMATION SHARING STATEMENT

NeuroRA is available at https://pypi.org/project/neurora/. The
website for NeuroRA is https://neurora.github.io/NeuroRA/,
and the tutorial of the toolbox can be download here.
Also, users can read online API documentation on https://
neurora.github.io/documentation/. The code for our toolbox
NeuroRA can be accessed on GitHub: https://github.com/
neurora/NeuroRA.
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