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1 Introduction

The 4-D Toolbox is a collection of Matlab scripts which can be used to analyze and visualize
magnetoencephalographic (MEG) data recorded by Neuromag systems. The scripts are
particular suitable for the analysis of raw data. Both online analysis as well as batch
processing can be performed. The 4-D Toolbox does not replace existing software packages
provided by Neuromag, but can be used together with these packages providing the user
optimal flexibility.

1.1 Whom are the tools designed for?

The 4-D Toolbox is designed for the user who feels that the existing analysis tools for
MEG data are too limiting. Matlab and the 4-D Toolbox scripts give you full freedom to
design your strategy of analysis. Most of the scripts can be used directly with no further
modifications. You can also modify and tailor the scripts to satisfy your own needs. Some
basic Matlab skills are required when applying the toolbox. Basic knowledge of Unix, such
as editing text files, renaming and copying files and navigating the directory structure, is
also required. The main feature of the 4-D Toolbox includes:

e Trigger-locked averages from a raw data file

e Extraction of single sensors traces from a raw data file (optionally trigger-locked)
e Extraction of traces using dipole projections from Xfit

e Power and amplitude spectra

e Coherence spectra

e Time-frequency representation of phase-locking statistics (related to the coherence
measure)

e Trigger-locked time-frequency representations using wavelets (replaces temporal spec-
tral evolution, TSE).

e Time-frequency representation of the phase-locking factor using wavelets.

e Pre-processing of raw data for localization of spontaneous oscillatory activity using
MCE.

e Color plots on a Neuromag helmet geometry

e Multi-sensor plots of evoked fields, time-frequency representations and amplitude/power
spectra.

Some of scripts can be used to pre-process data which can be used with the Neuromag
source modeling software Xfit [9] and MCE [8]. Do not expect the scripts to perform
functions which these packages already provide.
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1.2 System requirements

1.2 System requirements

The 4-D Toolbox requires Matlab version 5 or 6. Some of the scripts make use of the statis-
tical and signal processing toolboxes provided by Matlab. The toolbox makes heavily use
of a set of precompiled Matlab functions for reading and writing the Neuromag Functional
Image File Format (FIFF). These conversion functions have been developed by Kimmo
Uutela at the Brain Research Unit of Technical University of Technology. The public
distribution of the conversion functions is sponsored by Neuromag Ltd. These functions
which will work under Linux or HP-UX can be downloaded from the 4-D Toolbox webpage
(see below). The 4-D Toolbox has been tested on data recorded by the Neuromag-122 and
the Vectorview (306 sensors) system.

1.3 Development of the package and license

The 4-D Toolbox is written by Ole Jensen at the Brain Research Unit at Helsinki Univer-
sity of Technology. Users and developers are encouraged to provide new functions. The
functions are continuously updated and improved, so it is wise to frequently download and
update the full package. It is the user’s own responsibility to verify results obtained using
the 4-D Toolbox and the author takes no responsibility for bugs. If you find bugs please
report them to ojensen@neuro.hut.fi. Feedback of any kind is very valuable, so please do
not hesitate to send an e-mail if you have ideas for modifications, improvements or new
functions.

The 4-D Toolbox is distributed as free software (but not the conversion routines convert-
ing the FIFF format to Matlab). This allows you to redistribute and modify the functions
under the terms of the GNU General Public License as published by the Free Software
Foundation. A copy of the GNU General Public License is distributed with the 4-D Tool-
box and it can also be obtained by writing the Free Software Foundation, Inc., 59 Temple
Place, Suite 330, Boston, MA 02111-1307 USA.

2 Installation

If you do not have the FIFF to Matlab conversion functions, download and install them
from the 4-D Toolbox webpage: http://boojum.hut.fi/~ojensen/4Dtools. Installation
instructions are available at the webpage.

The next step is download the file 4Dtools.tar. If you do not have the directory
/matlab in your home directory, create it (mkdir ~/matlab). Move the file 4Dtools.tar
to the ~/matlab directory. Unpack the tar-file:

> tar -xf 4Dtools.tar

A new directory has been created (~/matlab/4Dtools-v1.2) containing the Matlab scripts.
Now set up the path to the toolbox: if your home directory is /home/users/ojensen add
the line



addpath /home/users/ojensen/matlab/4Dtools-v1.2

in the text file /home/users/ojensen/matlab/startup.m (create the file if it does not
exist). The installation is now complete. Move to the directory where the FIFF files are
stored. Start Matlab by the command

> matlab

and you are ready to proceed.

3 Tutorial

This section provides examples of how to use the 4-D Toolbox . You can work your
way through each section independently. However, it is highly recommended that you
go through the first section on evoked fields in which the basic principles are introduced.

3.0.1 Getting help

After starting Matlab, there is a number of ways to get help. By writing the command
>> helpdesk

a webpage with comprehensive help on the Matlab environment appears. If you are a novel
user of Matlab read the 'Getting started’ section on this webpage or have a look at the
manual [5]. By using the help command you can get information about standard Matlab
functions, as well as the 4-D Toolbox . Try

>> help fiff2FEF
If you are searching for a particular operation, but do not know the function name, the
lookfor command is helpful:

>> lookfor ttest

3.1 The sample data

The file mnStim150.fif used in the examples can be downloaded from the 4-D Toolbox
website. After downloading, move the file to the preferred working directory, and unzip it:

gunzip mnStim150.fif.gz

The FIFF file nnStim150.fif contains raw MEG data recorded by a Neuromag Vectorview
system (306 sensors). The data are from an experiment in which a subject received alter-
nating electrical stimuli to the left and right median nerve at the wrists. The times of left
and right hand stimulation are respectively marked by trigger channel 1 and 2. There are
about 200 stimuli per hand. The interstimulus interval was 3 s each side. The data were
digitized at 600 Hz and then downsampled to 150 Hz using the Unix command provided
by Neuromag:

fiff downsample 4 mnStim.fif mnStim150.fif



3.2 Evoked fields

3.2 Evoked fields

This section covers how to calculate and visualize evoked fields (EFs). After launching
Matlab, make sure that the FIFF file mnStim150.fif is in the working directory using the
command:

>> 1s
ans =

mnStim150.fif
>>

If not, change to the working directory to where the file is using the cd command.

3.2.1 Calculating evoked fields
The EFs are calculated from the FIFF file (mnStim150.fif) using the function

>> fiff2FF(’mnStim150.fif’, ’mnStiml1’,1,[-0.050 0.500]);

Parameter file:
/tmp_mnt/net/neuro/home/ojensen/matlab/tutorial/InitParam.txt

Data matrix, rows: MEG=1 to 306. E0G=316. Trigger=307 to 315.

SSP applied

Reading trial:

1-2-3-4-5-6-7-8-9-10-11-12-13-14-15-16-17-Reject :E0G-18-19-20-21-22-23-
24-25-26-27-28-29-30-31-32-33-34-35-36-37-38-39-Reject : E0G-40-41-
Reject:E0G-42-43-44-45-46-47-48-49-50-51-52-53-54-55-56-57-58-59-60-61-
62-63-64-65-66-67-68-69-70-71-72-Reject : EOG-73-74-75-76-77-78-79-80-81-
82-83-84-85-86-87-88-89-90-91-92-93-94-95-96-97-98-99-100-Reject : EOG-
101-102-103-104-105-106-107-108-109-110-111-112-113-114-115-116-117-118-
119-120-Reject:MEG 0123(F)-121-122-123-124-125-126-127-128-129-130-131-
132-133-134-135-136-137-138-139-140-141-142-143-144-145-146-147-148-149-
150-151-152-Reject :MEG 2623 (F)-Reject:E0G-153-154-155-156-157-158-
Reject:E0G-Reject:E0G-159-160-161-162-163-164-165-166-Reject :MEG 0112(F)
-167-168-169-170-171-172-Reject :MEG 0112(F)-173-174-Reject:MEG 0112(F)-
175-Reject:MEG 0112(F)-176-177-Reject:E0G-178-179-180-181-182-183-
Reject:E0G-184-185-

>>

The first argument in fiff2EF.m is the name of the input file and the second argument
the name of the output file. The third argument determines that the EFs are averaged
time-locked to trigger 1. As indicated by the last argument, the duration of the EF are
from 0.050 s prior (pre-stimulus interval) to 0.5 s after the trigger. The first output lines
produced by the function list the parameter file used. The parameter file which defines
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3.2 Evoked fields

threshold setting for rejections etc will be described in the next section. The next lines list
the numbering of the MEG, EOG and trigger channels. This information might be of use
later. As the routine works through the FIFF file each trace number is listed. Some of the
traces are rejected due to artifacts in the EOG or the MEG sensors. Reject:EQG indicates
that a trace was rejected due to the signal in the EOG channel exceeding a threshold
(probably because of an eyeblink). Reject :MEG 0112(F) denotes that a trace was rejected
due to MEG sensor 0112 exceeded a threshold. Section 3.2.6 will return to the issue of
’bad’ sensors.

>> 1s
ans =

mnStiml.fif
mnStiml.mat
mnStim150.fif

The file mmStim1.fif is in FIFF format and contains the averaged EF's, which can be read
by Xfit, Xplotter or the 4-D Toolbox function plotEF.m. The file mnStiml.mat contains
similar information and can be loaded to the Matlab environment:

>> load mnStiml.mat

The dimension and size of variables and arrays just loaded are viewed using the whos
command:

>> whos

Name Size Bytes Class

DFDTrej 1x1 8 double array
EFM 316x82 207296 double array
EOGrej 1x1 8 double array
Frej 1x1 8 double array
Fs 1x1 8 double array
InitParam 1x1 660 struct array
Trials 1x1 8 double array
rowEEG 0x0 0 double array
rowEQG 1x1 8 double array
rowMEG 306x1 2448 double array
rowMISC 0x0 0 double array
timeVec 1x82 656 double array

Grand total is 26316 elements using 211108 bytes

>>
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Figure 1: The evoked field for sensor 121 (MEG1133) calculated using fiff2EF.m

Of particular interest is the array EFM which contains the EFs for the 306 sensors, EOG
and trigger channels (316 rows) each having 82 time points. The array timeVec contains
the time points for which the EFs have been calculated. To plot the EF for a single sensor,
e.g. sensor 121 (corresponding to MEG1133), write

>> plot(timeVec,EFM(121,:))
>> xlabel(’Time (s)’);ylabel(’Field (T/m)’)

The resulting graph is displayed in Fig. 1. The figure is printed using the command

>> print -dpsc

To save the figure as an encapsulated postscript file write

>> print -depsc myfig.eps

The encapsulated postscript file can be read by graphics programs such as Adobe lllustrator
for further manipulation.

3.2.2 Parameter initialization, InitParam.txt

All the functions reading the FIFF files make use of a set of parameters which are defined
in the file InitParam.txt. The parameters can be changed by editing this file using your
favorite text editor or the editor which is built into the Matlab environment. To view/edit
the file using the Matlab editor, write

>> edit InitParam.txt

and an editor with the files appears:



3.2 Evoked fields

EOGreject = 150 % EOG threshold (peak to peak), e.g. 150 uV
DFDTreject = 1e6 % Threshold for ’jump in field’,e.g. 1le6 ft/cm/s
Freject = 3000 % threshold for max field’,e.g. 3000 ft/cm
applySsp = 1 % 0/1 : apply SSP noise reduction? Only for NM306
stimDelay = 0.0 % Delay in stimulus system between trigger and

% and stimulus onset (site specific!)
% Viivi system at HUT, Helsinki:

% SEF: 0.000 s
% Auditory:  0.030 s
% Visual: 0.034 s
% Tactile: 0.029 s

% Motion_exp : 0.0673 s

The variables EOGreject, DFDTreject and Freject determine the threshold for traces
which must be excluded from the analysis due to the respective artifacts as described in the
comments. The preset values are reasonable, but can be changed. The variable applySSP
allows for the signal-space projection (SSP) noise reduction to be turned on and off. For
most Neuromag-122 sensor systems the SSP projections for noise reduction are typically
not part of the FIFF file. For Vectorview systems, SSP noise reduction is usually applied.
If you intend to use Xfit [9], MCE [8] and Xplotter [7] for further analysis of the FIFF
files generated by fiff2EF.m be careful with the SSP. If the EF's are generated applying
the SSP, remember to deactivate SSP in Xfit, MCE and Xplotter (the SSP projections are
used as the default in these programs). HINT: It is probably safest to disable the SSP
noise reduction (applySSP = 0) when using fiff2EF.m if you intend to use the output in
Neuromag programs.

The default InitParam.txt file is in the directory ~/matlab/4Dtools-v1.2. However,
you can copy the parameter file to the working directory where your data are placedand
the toolbox will apply the parameter file stored there. This is convenient if you are running
several projects each using different parameter files.

3.2.3 Displaying evoked fields

After the EFs have been calculated they can be displayed topographically according to the
location of the individual sensors using Xplotter [7]. Another possibility is to evoke the
Matlab script plotEF.m with the arguments timeVec and EFM:

>> plotEF (timeVec,EFM, ’x1limits’, [-0.050 0.300],’comment’,’MN Stim 1\n
Rigth\nSubject 0J’,’coils’,’gradl’);
>>

The command must be written in one line. The resulting figure (Fig. 2) shows the EFs for
the first set of MEG sensors. Since 306 figure hardly can fit on one page the sensors have
been divided into three sets. The first set is the 102 planar gradiometers (’gradi’) which
measure horizontal gradients. The second set is 102 planar gradiometers (’grad2’) which
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3.2 Evoked fields

measure vertical gradients. The last set (’mag’) is the 102 magnetometers. The sets can
be selected using the string ’coils’ followed by ’gradl’, ’grad2’ or ’mag’. There are
a large number of parameters which can be set beyond those illustrated in the example.
Write

>> help plotEF

in order to list the possibilities. The arguments following EFM can be given in any order
and are composed of a parameter name followed by its value (e.g. ’xlimits’,[-0.050
0.300]). Note that it also is possible to define a baseline for the EFs.

In order to compare EFs from different conditions it is often useful to plot several
graphs on the same figure. In this example EFs for both left and right nerve stimulation
are shown simultaneously. Generate the EFs for right nerve stimulation (trigger 2) using
the command

>> fiff2EF(’mnStim150.fif’, ’mnStim2°’,2,[-0.050 0.500]);
The ERs for the two conditions must now be loaded and assigned different names:

>> load mnStiml.mat
>> EFM1 = EFM;
>> load mnStim2.mat
>> EFM2 = EFM;

In order to visualize the two EFs simultaneously, write

>> plotEF (timeVec ,EFM1,EFM2, ’x1limits’,[-0.050 0.300],’comment’,’MN,
Stim 1/2\nBlue:left Green:rigth\nSubject 0J’,’coils’,’gradl’)

The resulting figure is shown in Fig. 3
The function plotEF.m can also plot a FIFF-file containing evoked fields which already
are calculated either by the acquisition program program, Graph or fiff2EF.m:

>> plotEF (’mnStiml.fif’,’x1imits’,[-0.050 0.300])

where ’mnStiml.fif’ is the name of the FIFF file.

3.2.4 Applying projections (’spatial filters’) from Xfit

Often it is possible to build a source model by equivalent current dipoles (ECDs) which can
account for the EFs [1]. This section describes how to construct ’spatial filters’ which aim to
extract the single-trial activity of the ECDs. The positions of the ECDs are fixed, but their
currents are allowed to vary over time. The spatial filters are linear projections, constructed
from signal-space projections (SSPs) [14, 15]. These projections are typically constructed
from the fields produced by the individual ECDs calculated by 'forward modeling’ applying
a spherical or realistic head model. The spatial selectivity of the projections depends on

12



3.2 Evoked fields

£eTzoaN £rTZoan
—— i
IS
£r5zoaN — AGEN
Zetzoan
zeezoan 2€6193N
[ e P =
]
£e5293N 15z £T129aN SEI FAASEN
erezoaN £26T9aN
IS e ]
S
£2629aN b, | EVETOIN
] 280293 Zr0zoan ==
z25293N EAGEN
o] ]
££9293N c1ecoan N e C16193N €6STOIN
EEVZOTAN || e epotoan
£20293N £10293N A
o~ T
o]
Zrveoan 2e9TO3N [S SN 7o
L] 62293 " e £r8T9aN e o]
Do Zr9zoan ZzsToaN
L] Zvzzoan 268103 g( S Vaa
£2v2oan £19T93W
BN o] AN
€c9coan Z1v2oan O I e 229T93N SvSTo3N
Eeeeoan ZTz2oan zz8ToaN ETETOIN
= £62093N 72093
L~ ] ] [T
e Py %\//?f g«(
219293 FN S 2 Yaam ATET
£6£TOaN £72093N
CvETO3N €ETTOIN ZYTTOaN 2ev093IN £rP09IN 2€2093N
SEAS £22093N £1.093N oot |
£evTOIN s A | S I NURP VI [} ae iy Pﬁ&,?f £¥T093N
SPIAW B.)\(?..\//Q«.()Qﬂl oA [
[A3AGEM Z2093N p= O
p— £r0TO3N £69093N e—
£2eToan [E— 222093 £12093N
ZryToan 2€1093N
] " o
L ze0TOaN 229093 2r9093N e | DN
EVCTOaN €EE09IN
LA ] N I
£2yTOaN 21O ceeroan ] €ee093n £r£093N €TT093N
[ £20T93N pe— £19093W ———
(s own. o] ——
I——
20 10 0 2£6093N 2v5093N
00T- BAGBEN £1£093N
3 Z¥6093N £S09JN ]
0 W RE
00t
S
£26093N £15093N 2Z/T WIS’ NW
£16093N £25093N
£18093N

T Sialswolpelo

. Figure produced using the

ion

lat

1mu

The EFs for left (blue) and right (green) st

plotEF.m command.

Figure 3

13



3.2 Evoked fields

a number of factors: how well the ECD models explain the measured data, the degree of
‘overlap’ between the field patterns produced by the individual ECDs and the noise level.

It will now be demonstrated how the script fiff2SSPcomponents.m can extract the
single trial activity for a one or more ECDs constructed using Xfit. In the case of median
nerve stimulation, as used in this tutorial, a single time-varying ECD in primary somato-
sensory cortex provides a reasonable model explaining the early part of the EF. The first
step in the process is to generate EF's in which the SSP projections for noise reduction are
not applied (they will be applied later). First turn off the SSP noise reductions by setting
the SSP variable in the script InitParam.txt to 0 (applySSP = 0) using the editor as
described on page 8. Generate the EFs:

>> fiff2EF(’mnStim150.fif’, ’mnStiminossp’,1,[-0.050 0.500]);

Alternatively you could have used the evoked field files generated directly by the Neuromag
data acquisition during recordings. Per default the SSP noise reduction is not applied to
the data in the FIFF file when saving, but the linear transformation (SSP matrix) is stored
with the FIFF file. Start Xfit and load mnStiminossp.fif. In this particular example,
Device Coordinates (z,z,z = {0,0,0}) were chosen for the spherical conductor model,
but you can select the coordinates and conductor model that you prefer. Fit a dipole to
time = 33.5 ms. You will obtain a goodness-of-fit of about 84.2 %. Add the dipole to
the projections by selecting the Dipole fitting window and highlighting the dipole using
the left mouse button. In the window Dipole fitting select the menus [Process] —
[Projection]. A window named Linear Projection pops up. Here you select the menu
[Add] — [Selected dipoles (fixed)]. The dipole projection is now listed together
with the SSP projections. Save this set of projections by choosing the menu [File] —
[Save lisp ...]. Use the name mnStiml.1lsp. Exit Xfit and make sure that the file
mnStiml.1sp is in the same directory as mnStim150.fif. Apply the projections to the
raw data file:

>> fiff2SSPcomponents (’mnStim150.fif’, ’mnStiml.1sp’, ’mnStimiDipl’,1,
[-0.150 0.500])

Parameter file:

/tmp_mnt/net/neuro/home/ojensen/matlab/tutorial/InitParam.txt

Number of vectors read : 9, of these 8 are PCA vectors

Warning: Closing the previous raw data file

Data matrix, rows: MEG=1 to 306. E0G=316. Trigger=307 to 315.

Reading trial

1-Reject:MEG 0813(F)-2-3-4-5-6-7-8-9-10-11-12-13-14-15-16-17-18-19-20-

21-22-23-24-25-26-27-28-29-30-Reject :MEG 0813(F)-31-32-33-34-35-36-37-

38-39-40-41-42-43-44-45-46-47-48-49-50-51-52-53-54-55-56-57-58-59-60-

61-62-63-64-65-66-67-68-69-70-71-Reject :MEG 0112(F)-72-73-74-75-76-77-

78-79-80-81-82-83-84-85-Reject :MEG 0813(F)-86-Reject:MEG 0813(F)-87-88-

89-90-91-92-93-94-95-96-97-98-99-100-101-102-103-104-105-106-107-108-

109-110-111-112-113-114-115-116-117-118-119-120-121-Reject :MEG 2043(F)-
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3.2 Evoked fields

Reject:MEG 1433(F)-Reject:MEG 2043(F)-122-123-Reject:MEG 0813(F)-124-
125-126-Reject :MEG 0813(F)-127-128-Reject:MEG 0813(F)-129-130-131-132-
133-134-135-136-137-138-139-140-141-142-143-Reject :MEG 0813(F)-144-1
45-146-147-148-Reject:MEG 2623 (F)-149-150-151-152-153-Reject:MEG 0813(F)-
154-Reject:MEG 0813(F)-155-156-157-158-159-160-161-162-163-Reject:

MEG 0112(F)-164-165-166-167-168-Reject:MEG 0813(F)-Reject:MEG 0112(F)-
Reject:MEG 0112(F)-169-Reject:MEG 0112(F)-Reject:MEG 0112(F)-Reject:

MEG 0112(F)-170-171-172-173-174-175-176-177-178-179-180-181->>

The first argument is the name of the FIFF file, while the second argument is the name
of the file with the projections made in Xfit; then follows the name of the output file. The
fourth argument denotes that the traces are extracted with respect to trigger 1. The last
argument is the time interval of the traces with respect to the trigger. Clear the existing
variables in Matlab, read the file, and view the variables:

>> clear all
>> load mnStimiDip1l

>> whos

Name Size Bytes Class

DFDTrej 1x1 8 double array
EOGrej 1x1 8 double array
Frej 1x1 8 double array
Fs 1x1 8 double array
InitParam 1x1 792 struct array
TS 97x181 140456 double array
Trials 1x1 8 double array
rowEEG 0x0 0 double array
rowEOG 1x1 8 double array
rowMEG 306x1 2448 double array
rowMISC 0x0 0 double array
timeVec 1x97 776 double array

Grand total is 17978 elements using 144520 bytes
>>

The array TS contains 97 time points for the 181 current traces for the time-varying dipole.
The SSP projections for noise reduction have automatically been taken into account when
calculating the dipole current. Plot the current of the averaged traces:

>> plot(timeVec,1le9*mean(TS,2))
>> x1im([-0.050 0.500])
>> xlabel(’time (s)’);ylabel(’Current (nAm)’);

15



3.2 Evoked fields
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Figure 4: The evoked response for a time-varying dipole obtained using the
fiff2SSPcomponents.m command.

The resulting plot is shown in Fig. 4. If you wish to apply more than one dipole projection,
fiff2SSPcomponents.m can handle that as well.

3.2.5 Extracting single sensor traces

Extraction of traces for one or more channels with respect to a trigger is done using the
command

>> fiff2singlechans (mnStim150.fif’ ,mnCh121Stim1’,1,121,[-0.600 1.600]);

This command read the data from the file mnStim150.fif and stores the result in the
Matlab file mnCh121Stim.mat. Multiple traces are extracted with respect to trigger 1 for
sensor 121. It is also possible to use a list of channels as an argument if you want to extract
traces from multiple channels. In principle you can list all the channels ([1:3161), but
Matlab would probably crash due to lack of memory. Because of the long traces (1.2 s), quite
a few of the trials are rejected due to EOG artifacts. The format of the variables resulting
from fiff2singlechans.m is similar to the one resulting from fiff2SSPcomponents.m.
After the calculations have finished, plot the results:

>> load mnCh121Stiml

>> subplot(211)

>> EF = EFbaseline(timeVec,mean(TS,1),[-0.1 0]);

>> plot(timeVec,1e13*EF);

>> x1im([-0.1 0.5]) ;xlabel(’time (8)’);ylabel(’Field (£fT/cm)’)
>> subplot(212)

>> TSbl = EFbaseline(timeVec,TS,[-0.1 0]);
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3.2 Evoked fields
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Figure 5: The top panel shows the evoked field for sensor 121 (MEG1133) calculated from
the average of the single trial traces. The lower panel shows a colorplot of the traces of
the individual trials after smoothing has been applied and a baseline subtracted.

>> TSsmooth = smoothing(TSbl,15);
>> imagesc(timeVec,1:330,1e13*TSsmooth) ;
>> x1im([-0.1 0.5]) ;xlabel(’time (s)’);ylabel(’trace #’)

This set of commands illustrates different ways of manipulating and representing the single
trial data (see Fig. 5 for the resulting figure). EFbaseline.m subtracts a baseline (-100
ms < t < 0 ms) from the averaged traces or an array of traces. smoothing.m performs
smoothing by Savitzky-Golay filtering using a 15 traces wide kernel [10]. imagesc.m is a
build-in Matlab function which produces the colorplot.

3.2.6 How to deal with bad sensors

Quite often a few sensors in the MEG system do not function properly during the recording
session. It is always advantageous to identify and eliminate these sensors as early as possible
in the analysis process. Failing to eliminate bad sensors can have the following negative
effects:

e Rejection of too many traces when averaging/extracting data
e 'Spread’ of noise from bad to functional sensors by the SSP projection
e Non-optimal results when using Xfit and MCE

For these reasons always remember to mark the bad sensors in the FIFF file. This is easily
done with the Unix command provided by Neuromag:

> mark_bad_fiff 0085 0101 mnStim150.fif
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3.3 Frequency analysis: power and amplitude spectra

In this case sensor MEGO0085 and MEG0101 are marked as bad. Often one can identify
bad sensors during acquisition. Another possibility is to keep an eye on the sensors caus-
ing rejection when using e.g. fiff2EF.m. If a sensor repeatedly causes rejections, stop
fiff2EF.m, mark the sensor bad, and restart fiff2EF .m.

3.3 Frequency analysis: power and amplitude spectra

This section explains how to calculate and display power- and amplitude-spectra. The

functions are based on Welch’s method applying data windowing and fast-Fourier transform
(FFT).

3.3.1 Calculating spectra

The first example shows how to calculate the amplitude spectral densities (ASDs) from
raw data saved in the FIFF format. The ASDs are calculated irrespective of triggers:

>> fiff2ASD(’mnStim150.fif’,’mnStimASD’,256) ;

The results are saved in the file mnStimASD.mat. The number of points used in the fast-
Fourier transform (fft) algorithm is nfft = 256. The ASDs are calculated using Welch’s
method: the time is subdivided into windows of length nfft with 50% overlaps. Each
subtrace is then detrended and multiplied to a Hanning window [3]. Then, the absolute
values of the Fourier transformed windows are averaged. The number of points, nfft,
determines the frequency resolution of the ASD. A larger value for nfft results in more
narrow spectral peaks, but a more noisy base level. A smaller value lowers the noise of the
base level, but broadens the spectral peaks. Read and inspect the variables generated by
function:

>> clear all
>> load mnStimASD

>> whos

Name Size Bytes Class

ASD 316x128 323584 double array
DETREND 1x1 8 double array
DFDTrej 1x1 8 double array
EOGrej 1x1 8 double array
Frej 1x1 8 double array
Fs 1x1 8 double array
InitParam 1x1 660 struct array
freqVec 1x128 1024 double array
nfft 1x1 8 double array
nsum 1x1 8 double array
tStart 1x1 8 double array
tStop 1x1 8 double array
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3.4 Time-frequency representations using wavelets

Field (fT/cm)

Figure 6: The amplitude spectra for sensor 46 (MEG0443) calculated using the fif£2ASD.m
command.

The first variable, ASD, contains the ASDs for the 316 channels (channel 1 to 306 are the
MEG sensors), each having 128 frequency points.

If you want to calculate the power spectral density (PSD) rather than the ASD apply
the script £iff2PSD.m in a similar way.

3.3.2 Displaying amplitude and power spectra
The ASD can be plotted for a single sensor as follows

>> plot(freqVec,1e13*ASD(46,:))
>> x1im([5 40])
>> xlabel (’Frequency (Hz)’);ylabel(’Field (£T/cm)’)

As a result, the ASD as a function of frequency for sensor 46 (MEG0443) is displayed
(Fig. 6).

To display the spectra for all the planar gradiometers according to the sensor position
use the function plotASD.m:

>> plotASD(freqVec,ASD, ’x1limits’,[56 25],’ylimits’,[56 12]))

Note that the ASDs for the gradiometers with the same location but orthogonal orientations
are averaged (Fig. 7). The division of the sensors into 3 sets is done the same way as for
plotEF.m (see page 9). Write help plotASD in order to list the possible plotting options.

3.4 Time-frequency representations using wavelets

Time-frequency representations (TFRs) are used to study how oscillatory signals evolve
over time. Previously, temporal spectral evolution (TSE) has been widely used for this
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Figure 7: The amplitude of the gradiometers arranged topographically produced using
plotASD.m. Each graph represents the averaged ASDs calculated for two gradiometers

with the same location, but orthogonal orientations.
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3.4 Time-frequency representations using wavelets

purpose (reviewed in [2]). With TSE it is only possible to investigate one frequency band
at a time, whereas with TFRs it is possible to calculate and visualize a broad range of
frequencies simultaneously. The 4-D Toolbox allows you to calculate and then average the
TFRs for multiple traces extracted with respect to a trigger. The first approach is to
extract the MEG activity for a single sensor or a dipole projection and then calculate the
TFR. The second approach is to calculate the TFR directly for a FIFF file for a subset of
the sensors. The TFRs are calculated using a method based on Morlet wavelets: for a
given time and frequency a Morlet wavelet is convolved to the data. The squared absolute
value is the energy (“power”) of the signal. The 'width’ of the wavelet determines the time
and frequency resolution ([11, 12]).

3.4.1 Time-frequency representations for time-varying dipoles and single sen-
sor data

Previously it was shown how to extract the traces for dipole projection using

fiff2SSPcomponents.m (Section 3.2.4) and single sensors using fiff2singlechans.m (Sec-
tion 3.2.5). Load the file mnCh121Stimi.mat containing the traces for sensor 121 (or the file
mnStimDipl.mat containing the traces for the dipole projection). First view the elements:

>> clear all
>> load mnCh121Stiml

>> whos

Name Size Bytes Class
ChNames 316x1 34108 cell array
Chans 1x1 8 double array
DFDTrej 1x1 8 double array
EOGrej 1x1 8 double array
Frej 1x1 8 double array
Fs 1x1 8 double array
InitParam 1x1 660 struct array
TS 169x330 446160 double array
Trials 1x1 8 double array
rowEEG 0x0 0 double array
rowEQG 1x1 8 double array
rowMEG 306x1 2448 double array
rowMISC 0x0 0 double array
timeVec 1x330 2640 double array

The array TS contains the 169 traces of 330 times points for which the TFRs are calculated
by the command:

>> [TFR,timeVec2,freqVec] = traces2TFR(TS’,5:0.5:60,Fs,7);
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Figure 8: The averaged time-frequency representations (TFR) for the traces extracted from
sensor 121 (MEG1133). The stimuli are delivered at t = 0 s. The colorscale is (f7'/cm)?
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168 169 >>

Note that the results from traces2TFR.m are not saved as a Matlab file but stored in the
variables TFR, timeVec2, and freqVec. The first argument for traces2TFR is TS’ which is
the transposed array of traces. The list, 5:0.5:60, is the frequency vector determining that
the TFR is calculated from 5 to 60 Hz with 0.5 Hz increments. Fs denotes the sampling
frequency which is already loaded from mnCh121Stiml.mat. The last argument, which is
set to 7, is the 'width’ (in cycles) of the wavelet used when calculating the TFR. If the
value is increased the frequency resolution becomes better, but the time resolution worse,

and vice versa. It is not recommended to use a value less than 5. In order to plot the TFR
use the commands

>> imagesc(timeVec,freqVec,1e1372+TFR) ;axis xy
>> x1im([-0.5 1.5])

>> colorbar

>> xlabel(’Time (s)’);ylabel(’Frequency (Hz)?)

The function imagesc.m makes a color plot of the TFR. The function colorbar.m creates
a bar with a color code of the energy values. The resulting plot is shown in Fig. 8. Quite
a lot can be learned from this diagram. The high energy at ~20 Hz, from t = 0.6 s to 0.9
s. is known as ’rebound’ in the mu-rhythm [2]. The energy from 35 to 50 Hz just after t
= 0 s is explained by phase-locked activity in the gamma band.
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3.4.2 Calculating the TFR for a set of sensors

The TFR can also be calculated directly from the FIFF file for a set of sensors. In this
example the TFRs for all 306 sensors are calculated:

>> fiff2TFR(’mnStim1560.fif’,’mnTFRall’,1,[1:306],[-0.6 1.6],[10:25],7);

This command calculates the TFRs using the data in mnStim150.fif and stores the result
in the Matlab file mmTFRall.mat. The TFRs are calculated for the traces extracted with
respect to trigger 1, as denoted by the third argument. The list [1:306] determines the
sensors for which the calculations are performed. You can also calculate the TFR for
a single sensor by only listing one number. The 2-element list [-0.6 1.6] is the time
interval with respect to the trigger (pre and post) for which the TFRs are calculated. The
list [10:25] determines that the TFRs are calculated for frequencies 10 to 25 Hz with 1
Hz increments. The last argument, 7, denotes the 'width’ of the wavelet as described in
section 3.4.1. Note that this calculation can be quite time-consuming, depending on the
speed and memory of your computer. On an HP B2000 workstation, which is fairly fast,
the calculation takes approximately 1/2 hour. Depending on your patience and the speed
of your workstation, you can run the calculation as a batch process as explained in section
3.6.

The PLF is calculated directly from a FIFF file for a set of sensors in a similar manner
using fiff2PLF.m.

3.4.3 Displaying the TFRs for all the sensors

The next step is to load and display the results of the TFR calculations:

>> load mnTFRall

>> whos
Name Size Bytes Class
Chans 1x306 2448 double array
DFDTrej 1x1 8 double array
EOGrej 1x1 8 double array
Frej 1x1 8 double array
InitParam 1x1 660 struct array
TFR 16x330x306 12925440 double array
Trials 1x1 8 double array
freqVec 1x16 128 double array
timeVec 1x330 2640 double array
>>

>> plotTFR(timeVec,freqVec, (1e1372)*TFR,’zlimits’, [0 1.2e3],
’x1imits’,[-0.5 1.5],’coils’,’gradl2’)
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3.4 Time-frequency representations using wavelets

The time-frequency representations are stored in the 3-dimensional array: TFR. The rows
are the 16 frequency points. The columns are the time points, and the last dimension the
306 sensors. The parameters in plotTFR.m are quite similar to those in plotEF.m as de-
scribed in section 3.2.3. The resulting figure showing the TFR for the planar gradiometers
is shown in Fig. 9. Note that the TFR for gradiometers which have the same location,
but orthogonal orientations, are averaged in the same graph. This is determined by the
string ’grad12’ which follows ’coils’. The minimum and maximum of the energy is set
by the list [0 1.2e3] which follows *zlimits’. As seen in the figure the rebound in the
mu-rhythm is restricted to the areas over the right sensory-motor cortex.

3.4.4 Topographical color plots on the Neuromag helmet

This section describes how to make a color plot on a Neuromag helmet. Such plots are
useful when studying the spatial distribution of a processed signal. In the following example
the relative rebound of the mu-rhythm is displayed. The first step is to calculate the energy
in the 15 to 20 Hz frequency band from time t=0.5 s to t=0.8 s following the stimuli relative
to the energy in a 0.3 s interval preceeding the stimuli.

>> load mnTFRall

>> idcPre = find(timeVec >= -0.3 & timeVec <= 0);

>> idcPost = find(timeVec >= 0.5 & timeVec <= 0.8);

>> idcFreq = find(freqVec >= 15 & freqVec <= 20);

>> TFRpre = squeeze(mean(mean(TFR(idcFreq,idcPre,:),1),2));
>> TFRpost = squeeze(mean(mean(TFR(idcFreq,idcPost,:),1),2));

The find.m function extracts indices of the TFR array for the time intervals and the
selected frequency band. The mean.m function calculates the mean energy with respect
to the just defined indices. The squeeze.m function removes ’singleton’ dimensions of the
array. If these functions are unfamiliar to you, use the help command in order to study
them. Now the actual rebound can be calculated:

>> relRebound = 100*(TFRpost-TFRpre) ./TFRpre;

>> relReboundGrad = (relRebound(1:3:306) + relRebound(1+1:3:306))/2;
>> relReboundMag = relRebound(3:3:306);

>>

>> subplot(121)

>> topohelmet (relReboundGrad, ’maplimit’, [0 100]);
>> colorbar

>> view([90 30])

>> title(’gradiometers’)

>>

>> subplot(122)

>> topohelmet (relReboundMag, ’maplimits’, [0 100]);
>> colorbar
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3. T e p ase-locking factor

Figure 10: The topography of the mu-rebound illustrated using the topohelmet.m com-
mand for the gradiometers and magnetometers.

>> view([90 30])
>> title(’magnetometers’)

The first line calculates the relative rebound. The second and third line extract the re-
bound values for the planar gradiometers and the magnetometers. The results are respec-
tively stored in array relReboundGrad and relReboundMag which each have 102 elements.
topohelmet.m plots the array on a geometry corresponding to a Neuromag helmet. Write
help topohelmet to view the possibible parameter settings. view([90 30]) determines
the angle from which the helmet is viewed. The resulting figure showing the distribution
of the mu-rebound is shown in Fig. 10. A dipolar source producing the rebound is likely
to be located under the maximum of the rebound in the gradiometers, and aligned parallel
with the two maxima observed in the magnetometers. After writing

>> rotate3d

you can grab and rotate each of the helmets with the mouse.

3. The phase-locking factor

The phase-locking factor (PLF) is a tool for characterizing evoked activity phase-locked to
the stimuli [13]. For the traces extracted from sensor 121 (MEG1133) the PLF is calculated
as
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3. atc processes

>> [PLF,timeVec2,freqVec] = traces2PLF(TS’,10:1:75,Fs,7);
1234567 89 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

168 169 >>
The variable PLFLF is a complex representation of the phase-locking factor. The absolute

value (abs (PLF)) yields a number between 0 and 1 determining the degree of phase-locking.
There are several ways of showing the phase-locked response:

>> subplot(311)

>> plot(timeVec,mean(1e13*TS,1));

>> x1im([-0.1 0.3])

>> xlabel(’Time (s)’);ylabel(’Field (fT/cm)’);
>> title(’Evoked field’)

>>

>> subplot(312)

>> plot(timeVec,fftbandpass(mean(1e13%*TS,1),Fs,20,30,50,60));
>> x1im([-0.1 0.3])

>> xlabel(’Time (s)’);ylabel(’Field (fT/cm)’);
>> title(’Evoked field, bandpass 30-50 Hz’)

>>

>> subplot(313)

>> imagesc(timeVec,freqVec,abs(PLF)) ;axis xy
>> x1im([-0.1 0.3])

>> xlabel(’Time (s)’);ylabel(’Frequency (Hz)’);
>> title (°PLF’)

The top panel in Fig. 11 shows the evoked field for sensor 121 for the sake of compar-
ison. The second panel show the EF bandpass filtered in the gamma range (type help
fftbandpass for more information on the 4-D Toolbox bandpass filter). The last panel
shows a color representation of the PLF. From this representation we learn that there is
phase-locking constrained in the gamma band peaking a 40 Hz: the early part of the evoked
field is partly composed of the phase-locked gamma response.

The PLF can also be calculated directly for a set of sensors using the fiff2PLF.m
command (equivalent to fiff2TFR.m.

3. atch processes

In many situations it is convenient to run Matlab scripts as a batch process (’in the back-
ground’), for instance when the calculation time is long. To make a batch process, create
a text file with the commands you want executed exactly as you would have written them
in the Matlab environment. In order to calculate the TFR as described in section 3.4.2,
create the text file batch.m containing the line
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Figure 11: Several ways of illustrating phase-locking in the gamma band in response to
medial nerve stimulation, sensor 121 (MEG1133). The top panels show respectively the
EF and the EF bandpass filtered in the gamma band. The lower panel shows a color
representation of the PLF. The colorscale is from 0 to 0.75.

fiff2TFR(°mnStim150.fif’, ’mnTFRall’,1,[1:306],[-0.6 1.6],[10:25],8);

Place this file in the same directory as the data file mnStim150.fif. In the Unix environ-
ment write

> matlab < batch.m > out.txt &

The Matlab commands defined in batch.m are then executed. The text output produced
by Matlab is written in the file out.txt. With the tail-command listing the last lines in
the out.txt file, you can follow the progress of the calculation:

> tail -f out.txt

u ar o t e tools

Far from all the script in 4-D Toolbox are covered by the tutorial. Nevertheless, the scripts
are written in a fairly consistent way so if you have worked your way through the tutorial
and studied the help information it is straight forward to use the rest of the scripts. Here
is a short summary of the tools and their function.

4.1 rocessing F FF files

These functions extract and manipulate data from raw data FIFF files. Traces with arti-
facts (EOG and/or field) are automatically rejected and SSP noise reduction can optionally
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4.1  rocessing F' FF files

be applied. The parameters determining if SSP noise reduction is applied and the thresh-
olds rejections are defined in InitParam.txt.

4.1.1 £fiff2ASD.m

Calculates the amplitude spectral density (ASD) from a raw data FIFF file. A standard
Welch method using ’windowing’ and fast-Fourier transformation (FFT) is used (a Han-
ning window are multiplied to the 50 % overlapping detrended subtraces) [3]. Triggers are
not taken into account. The results are stored in a Matlab array. The results can (among
others) be displayed by plotASD.m.

Example:

fiff2ASD(’input.fif’,’output’,512)

The ASD is calculated for all sensors in the raw data file input.fif using a 512 point FFT
algorithm.

4.1.2 fiff2coh.m

Calculates the coherence between a reference channel and multiple other channels (e.g. all
the MEG sensors) from a raw data FIFF file [3]. A Hanning window of length nfft with
overlap nfft/2 is applied prior to fast-Fourier transformation (FFT). The results can be
displayed by plotEF.m.

Example:

fiff2coh(’input.fif’,’output’,317,[1:306],512)

The coherence is calculated between the reference channel (317, e.g. an EMG channel)
and all the MEG sensors for a raw data FIFF file. 512 points are used in the fast-Forier
transform algorithm.

4.1.3 fiff2EF.m

Generates the evoked fields from a raw data FIFF file with respect to a trigger. The results
are stored in a Matlab file and a FIFF file. The results can be display with Xplotter or
plotEF.m

Example:

fiff2EF(’input.fif’, ’output’,1,[-0.1 0.5])

Calculates the evoked fields with respect to trigger 1. The traces are 500 ms long and start
100 ms prior to the trigger.

4.1.4 fiff2freqloca.m

Pre-process a raw data FIFF file for the purpose of localizing spontaneous oscillatory
sources by MCE [8]. A paper on the method is in the process.
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4.1  rocessing F' FF files

Example:

fiff2freqloca(’input.fif’,’output’,512,11)

Creates a FIFF file which can used by MCE for localizing spontaneous oscillatory activity
at 11 Hz. A 512 point fast-Fourier transform algorithm is applied.

4.1.5 fiff2PLF.m

Calculates the phase-locking factor (PLF) for a set of sensors from a raw data FIFF file
with respect to time and frequency[13]. The traces for which the PLF is calculated are
extracted with respect to a trigger. The results are stored in a Matlab file. The results can
be displayed using imagesc.m and plotTFR.m.

Example:

fiff2PLF (’input.fif’,’output’,1,1:306,[-0.5 1.5],[10:0.5:40],7)

The PLF is calculated for the 306 sensors with respect to trigger 1. 2 s traces, starting 0.5
s prior to the trigger, are applied in the calculations. The frequency is from 10 Hz to 40
Hz with 0.5 Hz steps and the 'width’ of the wavelets is 7 cycles.

4.1.6 fiff2PSD.m

Calculates the power spectral density (PSD) from a raw data FIFF file. A standard Welch
method using 'windowing’ and fast-Fourier transformation is used (a Hanning window are
multiplied to the 50 % overlapping detrended subtraces) [3]. Triggers are not taken into
account. The results are stored in a Matlab array. The results can (among others) be
displayed by plotPSD.m.

Example:

fiff2PSD(’ input.fif’,’output’,512)

The PSD is calculated for all sensors in the raw data file input.fif using a 512 point FFT
algorithm.

4.1.7 fiff2SSPcomponents.m

Applies signal-space projections (SSPs) from Xfit to extract single trial traces with respect
to a trigger. The projections can for instance extract the current traces of a time-varying
dipole (’spatial filter’) [14, 15]. The results are stored in a Matlab file.

Example:

fiff2SSPcomponents (’input.fif’,’comp.1lsp’,’output’,1,[-0.1 0.5])

Extract the single trial data for the SSP projections defined in comp.lsp (obtained from
Xfit) with respect to trigger 1. The traces runs from 0.1 s prior to 0.5 s after the trigger.
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4.1  rocessing F' FF files

4.1. fiffSetup.m

Extracts relevant information from FIFF file prior to data analysis (sampling frequency,
sensor information and SSP noise reduction transformation). It is a subfunction for the
fiff2... scripts.

4.1. fiff2singlechans.m

Extract traces from a set of channels from a raw data FIFF file with respect to a trigger.
The results are stored in a Matlab file.

Example:

fiff2SSPsinglechans (’input.fif’,’output’,1,[1 4 7]1,[-0.1 0.5])

The traces recorded by sensor 1, 4 and 7 are extracted with respect to trigger 1. The time
traces are 0.6 s long, starting 0.1 s prior to the trigger.

4.1.10 fiff2singlechansRaw.m

Extract the ongoing trace from a set of channels from a raw data FIFF file. Triggers are
ignored. The results are stored in a Matlab file.

Example:
fiff2SSPsinglechansRaw(’input.fif’, ’output’, [1:10])
The traces recorded by sensor 1 to 10 are extracted and stored in a Matlab file.

4.1.11 {fiff2TFR.m

Calculates the time-frequency representation (TFR) of the energy for a set of sensors from
a raw data FIFF file. The trigger-locked representations are averaged over multiple trials
[12]. The results are stored in a Matlab file. The results can be display using imagesc.m
and plotTF.m.

Example:

fiff2TFR(’input.fif’,’output’,1,1:306,[-0.5 1.5],[10:0.5:40],7)

The TFR is calculated for the 306 sensors with respect to trigger 1 and then averaged. 2
s traces, starting 0.5 s prior to the trigger, are applied in the calculations. The frequency
is from 10 Hz to 40 Hz with 0.5 Hz steps and the ’width’ of the wavelets is 7 cycles.
4.1.12 trigger2fiff.m

Write a list of triggers into a FIFF file.

Example:

31



4.2 ost-processing

fiff2TFR(’ input.fif’, ’output’,[1 3.4 5 10.2 12])
Set the trigger (trigger channel 1) high at the time points 1, 3.4, 5, 10.2 and 12 second.

4.2 ost-processing
4.2.1 EFbaseline.m

Subtract baseline from a single traces or multiple traces defined in a Matlab array.

Example:

TS = EFbaseline(timeVec,TS,[-0.1 0])

Subtracts the baseline (-0.1 s to 0 s) from the array TS (trails x time), where timeVec is
the vector of time points generated by fiff2ER.m.

4.2.2 fftbandpass.m

An acausal (zero phase shift) FFT bandpass filter [10]. The filter function is constructed
from a Hamming window. If the function is called without output arguments, the filter
function and impulse response are plotted.

Example:
Sf = fftbandpass(S,600,5,10,15,20) Bandpass filter signal S (sampled at 600 Hz) with
a passband from 10 to 15 Hz and stopbands below and above 5 and 20 Hz.

4.2.3 fftlowpass.m

An acausal (zero phase shift) FFT lowpass filter [10]. The filter function is constructed
from a Hamming window. If the function is called without output arguments, the filter
function and impulse response are plotted.

Example:
Sf = fftlowpass(S,600,40,50) Lowpass filter signal S (600 Hz sampling) with a pass-
band below 40 Hz and a stopband above 50 Hz.

4.2.4 fft50notch.m
An acausal (zero phase shift) 50 Hz notch filter. The stopband is from 48 to 52 Hz and
the passband below and above 46 and 54 Hz.

Example:
Sf = fft50notch(S,600)
Applies a 50 Hz notch filter to the signal S.
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4.2 ost-processing

4.2.5 1nr50.m

Line noise reduction (50 Hz). The amplitude and phase of the line noise is estimated.
A sinusoid with these characteristics is then subtracted from the signal. In many cases
this approach is better than notch filtering, since it does to a lesser degree reduce brain
responses in the 50 Hz band.

Example:
Sf = 1nr50(S,600)
Reduce the 50 Hz noise in the signal S (trials x time).

4.2.6 signals2coh.m

Calculates the coherence between two signals. A Hanning window of length nfft with over-
lap nfft/2 is applied. Signals are detrended prior to fast-Fourier transformation.

Example:

[COH,freqVec] = signals2coh(S1,52,600,512) The coherence between signal S1 and
S2 is calculated (600 Hz sampling rate). 512 points are used in the FFT algorithm.The
result can e.g. be display as plot (freqVec,COH).

4.2.7 smoothing.m

Smooth a data array using Savitzky-Golay filtering [10].

Example:
Sf = smoothing(S,10)
The data matrix (trials x time) is smoothed over trials using a 10 trials wide filter kernel.

4.2. traces2PLF.m

Calculates the averaged time-frequency representation of the phase-locking factor (PLF)
of multiple trials (from a Matlab array) [12].

Example:

[PLF,timeVec,freqVec] = traces2PLF(S,5:40,300,7);

The PLF is calculated for a set of traces (S, time x trials). The frequency is from 5 Hz to
40 Hz and the ’width’ of the wavelets is 7 cycles.

4.2. traces2PLS

Calculates a measure for phase-locking statistics (PLS) for two traces over multiple trials
(from a Matlab array) [4].
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4.3  rap ical displaying

Example:

[B,Bstat,Bplf,freqVec,timeVec] = traces2PLS(S1,S2,5:40,300,7)

The phase-locking statistics from 5 to 40 Hz is calculated between S1 and S2 which each con-
tain signals from two sensors recorded over multiple trials (time x trials). Morlet wavelets
(width = 7) are applied. The output variable B is the phase-synchrony and Bstat is the
phase-locking statistics containing the statistically significance of the synchrony.

4.2.10 traces2TFR.m

Calculates the averaged time-frequency representation (TFR) of one or multiple trials (from
a Matlab array) [12].

Example:

[TFR,timeVec,freqVec] = traces2TFR(S,5:40,300,7);

The TFR is calculated for a set of traces (S, time x trials) and then averaged. The frequency
is from 5 Hz to 40 Hz and the ’width’ of the wavelets is 7 cycles.

4.3 raphical displaying

4.3.1 plotASD.m

Plots amplitude spectral densities generated by fiff2ASD.m. The plots are arranged to-
pographically according to sensor positions.

4.3.2 plotEF.m

Plot evoked fields generated by fiff2EF.m. The plots are arranged topographically ac-
cording to sensor position.

4.3.3 plotPSD.m

Plot power spectral densities generated by £iff2PSD.m. The plots are arranged topograph-
ically according to the sensor positions.

4.3.4 plotTFR.m

Plot time-frequency representations (TFR) generated by fiff2TFR.m and fiff2PLF.m.
The plots are arranged topographically according to the sensor positions.

4.3.5 topohelmet.m

Plots a topographic map (in colors) on the geometry of a Neuromag helmet for a vector of
61 or 102 elements.
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no n ro le s

Pro 1 m Trigger channel 5 and 6 have shorter trigger pulses than trigger channel 1 to
4 (Helsinki, BRU). This is a hardware setting. This may cause problems when the
sample rate is too low. When sampling at (or downsampling to) 75 Hz some triggers
in channel 5 and 6 disappears. When the sampling frequency is 150 Hz, the triggers
are only one sample point wide, which is unfortunate since at least two sample points
are required when identifying combined trigger signals [6].

Solution When using trigger channel 5 and 6 do not use a sample rate lower than 300
Hz.

uture de elo ent

The 4-D Toolbox is constantly improved with new function. Here is a list of applications
which are under development:

Statistical testing of evoked fields (EFs) in individual subjects. In most studies
Student’s t-test is applied on group data of EFs in order to test statistical significance.
In many cases it is useful to test whether a particular effect is significant in individual
subjects by comparing single trial statistics.

Faster and more flexible scripts for plotEF.m, plotASD.m and plotPSD.m. These
script are currently being developed. They will also allow zooming on subparts of
the charts.

Conversion routines allowing the 4-D Toolbox to read MEG data recorded by Magnes
(Biomagnetic Technologies, Inc) and CTF systems.

Conversion routines allowing the toolbox to read EEG files recorded by Neuroscan
equipment.

If you have suggestions for new functions or ideas for improvements, please send an email
to ojensen@neuro.hut. .
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