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Abstract
The complementary properties of the Electroencephalography (EEG) and the Blood Oxygen Level Dependent (BOLD)-Functional Magnetic Resonance Imaging (fMRI) techniques have been particularly important for mapping epileptic brain networks. However, the relationship between both neuroimaging signals
remains an open question.
We addressed this problem by estimating the EEG correlates -EEG Fingerprint (EFP)- of BOLD-fMRI
fluctuations measured at specific distributed epileptic networks previously identified on the fMRI, based on
simultaneous EEG-fMRI recordings from a group of five epilepsy patients: fMRI-informed EEG. Due to
previous findings, EFPs were based on three power-weighted metrics: 1) Linear Combination of EEG power
over frequency bands (LC), 2) Root Mean Squared Frequency (RMSF) and 3) Total Power (TP) - in order
to predict the BOLD signal changes.
The resulting EFPs were estimated using different linear regression methods and, their prediction performance was compared by different selection criteria. The considered methods were: Elastic Net Regularization approach including Ridge and Lasso, Least Angle Regression (LAR), Stepwise Regression (SR)
and Least-squares (LS) for comparison purposes. We found that when the predictors from all channels
were integrated, the SR yielded the best BOLD prediction measures, whereas when the investigation was
restricted to each channel, no significant differences were found between SR, Ridge and LS. Therefore, Ridge
regression was chosen due to its favourable advantages dealing with the overfitting effect. In relation to the
different metrics, LC with a flexible hemodynamic delay was consistently the best model.
In conclusion, this work revealed that SR and Ridge of LC model with no-predefined delay performed
best at predicting the BOLD signal of epileptic networks. This methodology may have important applications in the subsequent use of the epileptic EFPs to drive EEG-based Neuro-Feedback (NF) interventions.
Keywords: EEG Fingerprint, Simultaneous EEG-fMRI, Time-frequency, Epilepsy, Linear methods for
regression, Power-weighted metrics
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Introduction

fact that the signals captured at the scalp reflect a
mixture of electrical potentials from several sources
leads to an ill-posed reconstruction problem. Several
strategies have been proposed to tackle this problem,
although they all provide limited spatial resolution
[3].
On the other hand, the Blood Oxygen Level Dependent (BOLD)-Functional Magnetic Resonance Imaging (fMRI) allows the localization of activity sources
with an excellent spatial resolution. However, fMRI
provides an indirect measure of neuronal activity of
limited temporal resolution, because of the relatively
slow nature of the hemodynamic response [4].
The EEG-fMRI acquisition is a reliable multimodal
measurement of brain activity due to the complementarity of their properties, notably important in

Epilepsy is a chronic neurological disease with a
prevalence that exceeds more than 50 million people worldwide. This disease is characterized by an
abnormal excessive and synchronous firing of neurons
whose epileptogenic focus may be focal or generalized.
The mapping of epileptic networks has been particularly important in patients with drug-resistant focal
epilepsy, undergoing pre-surgical evaluation. In order
to perform it, different imaging techniques have been
used [1].
The most commonly used technique in clinical neurology is the Electroencephalography (EEG) [2], due
to its high temporal resolution on the order of milliseconds, portability, low cost and non-invasiveness.
However, the EEG has significant disadvantages. The
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epilepsy. Nevertheless, this integration poses a number of both technical and conceptual challenges. The
two modalities are essentially different in terms of
their neural substrates which results into a temporal
gap between BOLD changes and the onset of neuronal activity captured by the EEG [5]. Moreover,
an integration strategy must be chosen between symmetrical or asymmetrical [6]. The first treats the EEG
and fMRI data symmetrically by developing a model
that explains both data. The second, which is more
commonly used, analyzes one technique using some
representative information taken from the other. A
typical procedure of the last mentioned approach is
to use the EEG data to identify brain regions with
correlated BOLD signal fluctuations: EEG-informed
fMRI [7].

over, this approach uses a specific data-driven timedelay of the HRF for each subject, electrode and
considered metric. For each of the three, two models were constructed depending on whether the predictors were convolved with six HRFs - LCHRF s ,
TPHRF s and RMSFHRF s , or only with the canonical HRF - LCcanHRF , TPcanHRF and RMSFcanHRF .
At the end, the best method and EEG model were
selected based on the BOLD predictive performance
given by different selection criteria. Given the variety
of this disease across patients, the EFP was estimated
on a patient-specific basis [14].

2
2.1

Methods
Data characterization

The data of this study was acquired from five drugrefractory focal epilepsy patients from the Program of
Surgery for Epilepsy of the Hospital Center of West
Lisbon, presenting clear inter-ictal (patients P2 to P5)
or ictal (patient P1) epileptic activity recorded with
EEG. Details of all patients are provided in table 1.

In order to bridge the different nature of the two
signals, appropriate features of the EEG are extracted
and convolved with a Hemodynamic Response Function (HRF) to derive predictors of the BOLD signal [8]. Some studies focused on the influence of
the HRF variability on BOLD prediction, suggesting that a data-driven approach to estimate the HRF
led to improvements [9]. Several EEG metrics have
been derived which can be mainly divided into three
categories: 1) temporal, 2) spectral or 3) multivariate methods such as functional connectivity. The
first is essentially based on the information contained
in the ictal and inter-ictal events; Linear Combination of EEG power over frequency bands (LC) [10],
Root Mean Squared Frequency (RMSF) [11] and Total Power (TP) [12] are examples of metrics derived
from the time-frequency decomposition of EEG and
the level of synchronization of the EEG oscillations
across the scalp [13] is an example of the third. However, the electrophysiological quantities that best describe BOLD signal fluctuations of interest remains
an open question.

1
The CSWS in table 1 refers to Continuous Spike Wave
discharges in slow wave Sleep.

2.2

Data acquisition

The EEG and the fMRI data were simultaneously
recorded. The fMRI data was acquired by a 3 Tesla
Siemens Verio scanner (Siemens, Erlanger) with a
12-channel Radiofrequency (RF) receive coil and the
EEG data was acquired by an MR-compatible 32channel BrainAmp MR plus amplifier (Brain Products, Germany), with a standard cap of 10-20 system
(acquisition parameters and more details in [13] in
“EEG-fMRI data acquisition” section).

2.3

Data pre-processing

Pre-processing of the fMRI data using FMRIB’s Software Library (FSL) https://fsl.fmrib.ox.ac.uk/
fsl/fslwiki includes the removal of the first three
volumes and the non-brain tissue, the quasi-periodic
and aperiodic blood flow pulsatility and respiratoryinduced magnetic field changes (see [15] and [16],
respectively, for details), slicing timing and motion
correction, spatial smoothing using a Gaussian kernel (FWHM = 5 mm) and high-pass filtered at 100
s. Lastly, six Motion Parameters (MPs) from the
fMRI data were also estimated. The BOLD signals
across the epileptic networks were extracted based on
the EEG Phase Synchronization Index (PSI) metric
within an Interictal Epileptiform Discharge (IED)specific frequency band. Then, the signals were averaged and used as the target functions throughout the
work. Pre-processing steps of the EEG data by Matlab functions, include the removal of Magnetic Resonance (MR)-induced gradient [17] and cardio-ballistic

In this work we estimated the EEG correlates of
BOLD-fMRI fluctuations measured at specific distributed epileptic networks previously identified on
the fMRI, based on simultaneous EEG-fMRI recordings: fMRI-informed EEG [10]. In other words, the
average BOLD signal across an epileptic network was
used as the target function, and the linear combination of EEG features that best describes it is called
an EEG Fingerprint (EFP). The EFPs were derived
from applying different linear regression methods shrinkage, subset selection and Least-squares (LS)on the derived EEG models retrieved from all channels and from single channels. The metrics used in
this work are based on time-frequency representation of the EEG, namely the aforementioned three
power-weighted metrics: LC, RMSF and TP. More2

Table 1: Characterization of the five patients studies and the respective EEG-fMRI datasets.
Patient

Age

P1

11

P2

9

P3
P4
P5

33
27
8

Dataset

Duration
[min]

# IEDs

Mean head
motion [mm]

Clinical Condition
Childhood absence epilepsy (CAE), with IEDs
restricted to the left hemisphere.

1

10

1 (seizure)

0.14

1

10

596

0.04

2

20

738

0.06

1

10

288

0.16

2

10

342

0.15

1

10

15

0.19

2

5

7

0.21

1

20

754

0.16

2

10

292

0.12

CSWS1 , with IEDs over the left temporal lobe, and verbal
agnosia (Wernicke type) and impaired ability to sustain attention.
Continuous partial epilepsy, with large left-temporal cortical
dysplasia, accompanied by continuous myoclonias of the right hand.
Refractory focal epilepsy, with IEDs over the posterior occipitaltemporal lobe, and frontal propagation.
CSWS1 , with right neonatal thalamic hemorrhage and IEDs over
the posterior right quadrant epileptogenic focus and frontal propagation.

[18] artifacts and, downsampling to 250 Hz. Two additional clean-up steps were included, which are described next.

the number of time samples and p is the number of
predictors.
The average BOLD signal was upsampled to 4 Hz
and normalized to have zero mean and one standard
deviation. The EEG data with a temporal resolution
of 250 Hz was decomposed into time-frequency using
Morlet wavelets, w(t, f ), with a wavelet factor R=7.
The convolution of w(t, f ) with the time series resulted into time-varying power within 100 frequency
bins whose values were logarithmic distributed from
1 Hz to 45 Hz.
In case of LC, the frequency resolution was reduced
by splitting the frequency range into five frequency
bands representing well-known EEG rhythms: δ (1-4
Hz), θ (4-8 Hz), α (8-13 Hz), β (13-30 Hz) and γ (3045 Hz). Then the power over each frequency band
was averaged. The TP and RMSF were extracted
from the spectrogram as reported in [22] and [6] and,
also used as epilepsy-related BOLD predictors. The
TP was also computed due to its lower feature’s dimension in comparison to LC and by being the most
extensively power metric used in BOLD prediction,
as in [23]. These metrics were derived from the 31
channels of the EEG.
Then, each of the generated signals from the three
metrics was convolved with different HRFs in order
to account for possibly different delays between subjects, electrodes and the different metrics. It was
constructed 6 different HRFs: one was derived to be
as similar as possible to the canonical HRF with a
peak at 5 sec and the remaining five were derived by
changing the parameters of the canonical HRF’s double gamma function in order to obtain peaks around
2, 4, 6, 8 and 10 sec. Then, the convolved EEG signals
were downsampled to the same intermediate sampling
frequency, as was done for the BOLD signal, of 4 Hz.
Lastly, all predictors were also normalized.
Later, given the good results demonstrated by the
LCHRF s model throughout the work, indicating the
need to account for deviations from a fixed, canonical HRF, the LCcanHRF +T +D model was constructed,

2.3.1 ICA of EEG signals
The Automatic Pre-Processing pipeline (APP) based
on the Independent Component Analysis (ICA), created in [19], was firstly used to determine artefactual
Independent Components (ICs). However, the eyemovement and bad channel-related ICs were not determined by it for three main reasons: this work did
not use electrooculography electrodes as [19], their
study was tested on data from a different disease and
they recommended to used it as an auxiliary tool
when less than 32 electrodes were included. Therefore, after applying it, other ICs were further discarded by visual inspection, aided by the practical
guide described in [20].
The ICA was used at the last step of the work
to ascertain whether this extra clean-up would influence the performance of the entitled “best” model and
method for BOLD prediction.
2.3.2 Regression of motion parameters
2
The coefficient of determination, Radj
, as formulated in [21], was the chosen criterion to measure the
amount of variance explained of the EEG metric by
the six MPs.
In the “Models with all channels” section, this
step was only performed on the TPcanHRF and
RMSFcanHRF models and concerning the “Models
with each channel individually”, all models were submitted to this additional clean-up before analyze.

2.4

Models generation

Six different models of the BOLD signal, Y , were
tested, which were each a linear combination of one
of 3 EEG metrics (LC, TP or RMSF), X:
Y = Xβ ,

(1)

where Y is the [N × 1] vector of the BOLD signal
samples over time, X is a matrix of dimension [N ×
p], β is the [p × 1] vector of coefficients, where N is
3

2
Squared Error (NMSE) (equation 5), the Radj
and the
effective Degrees of Freedom (DOF), whose formulation changes according to the considered regression
method. In case of CV, all measures were averaged
across the test sets and the fitting error was replaced
2.5 Model estimation and evaluation by the average prediction error. BIC is an increasing
Each model considered as was identified for each pa- function of the Residual Sum-of-Squares (RSS) and of
tient using linear regression, by estimating the model p. In other words, lower values of BIC implies either
coefficients, β̂, such that:
fewer variables, better fit or both. Therefore, given
(2) two models, the one with lower value of BIC is the
Ŷ = X β̂ = HY ,
one to be preferred.
where Ŷ is the predicted/estimated BOLD signal and

(4)
BIC = ln(N )p + N ln N MNSE ,
H is the hat matrix which transforms the Y into Ŷ .
This section is divided into two main parts in relation to the predictors that are integrated into the re- where the NMSE is the adopted similarity measure
gression method: firstly the predictors from all chan- between Y and Ŷ : when its value is higher than 1,
nels are incorporated and secondly, the predictors then the prediction is doing worse than its mean [26].
from each channel separately.
PN
(yi −ŷi )2
SE(Y )
Different linear regression methods were used: varPi=1
N M SE = M
,
(5)
N
2
V AR(Y ) =
i=1 (yi −Y )
ious shrinkage methods, a subset selection method
-Stepwise Regression (SR)- and simple LS. The M SE and V AR are the Mean Squared Error and the
methodology subsequently explained was applied to Variance, respectively.
each of the five patients. The shrinkage methods 2.5.1 Models with all channels
tested were: the Least Angle Regression (LAR) and
The LCHRF s , TPHRF s and RMSFHRF s are the modan Elastic Net Regularization approach covering five
els tested in this section, except in some further tests.
different elastic-net penalties - α = 0.25, 0.5, 0.75 and
Ridge and Lasso
also the two extreme values, Ridge with α = 0 and
In relation to the Elastic Net Regularization, two difLasso with α = 1, which is the same of only having
ferent functions from Matlab were used: the ridge in
L2 penalty or L1 penalty, respectively (formulated in
case of α = 0 and the lasso for the remaining values.
equation 3) [24]. The α is a scaled constant derived
The regularization technique was motivated to hanfrom the combination of both regularization paramedle or minimize the possible overfitting problem as a
ters, λ1 and λ2 .
consequence of incorporating different HRF-delays.
n
o
PN
Pp
2
1
2
In order to reduce the number of regularization pa(y
−
β
−
,
(3)
β̂ = argmin 2N
x
β
)
+
λ
kβk
+
λ
kβk
0
2
1
i=1 i
j=1 ij j
2
1
β
rameters to be tested, 20 λ values, logarithmically diswhere xij represents the value in the time sample i tributed, were selected between a pre-defined range.
of the predictor j from a specific model and yi is the Regarding the Ridge, this range was determined by
average BOLD signal (Y ) at time sample i. Moreover, Singular Value Decomposition (SVD) of the postif the two regularization parameters are equal 0, a processed EEG predictors matrix and was bounded
between the minimal and the squared maximal sinsimple LS takes place [25].
Every time a specific model was estimated by a gular values (details in [27]). Regarding each of the
specific method, two main steps were performed: a other α values, the range was set by ensuring that
Cross-Validation (CV) procedure for parameter/s se- the largest value would uniquely produce one DOF
lection and assessment of prediction measures and, (one non-zero coefficient) and the ratio between the
model fitting using the original data to obtain the smallest and the largest would be equal to the default
final estimated model (EFP), β1 , . . . , βp , where p value, 1e4 . A general estimation of the DOF, directly
equals the number of predictors, as represented in fig- used in case of Ridge, is the trace of the hat matrix,
ure 1b. Before CV, the data was always shuffled in df = tr(H) [28].
In order to optimize the two regularization paramorder to obtain a representative learning and test sets
of the variability of the time-dependent signal. Then, eters, λ and α, which control the strength and the
the data was randomly attributed to the learning and type of regularization, respectively, a M-K fold nested
CV procedure was applied, with M=K=10. The adtest sets.
In each part, the following performance measures ditional inner CV (M-fold CV) was applied on the
were determined: the Bayesian Information Crite- learning set for finding the best regularization parion (BIC) value (equation 4), the Normalized Mean rameters, by splitting it into training and validation

where the temporal and dispersion derivatives of the
canonical HRF were added to the canonical HRF in
order to model small differences in the latency and
duration of the peak response, respectively.

4

sets. In the training set, the regressor ran with different combinations of parameters, 5α × 20λ, and selects the one that yielded the lowest BIC value on the
validation set. Then, the same was repeated for the
remaining M-1 validation sets and the combination
with the largest number of occurrences across the m
folds, m= 1, . . . ,M, was used to estimate the coefficients on the learning set and then to calculate the
prediction error on the test set. The average prediction error was performed across the K test sets. This
was named of hybrid approach. On the other hand, in
the non-hybrid approach, a specific α was fixed and
therefore, only 1α×20λ combinations were evaluated.
This approach was thought to help the choice of α
and λ values in case the occurrences of one combination did not stand out in the hybrid approach (which
was not needed) but also to study the differences in
the prediction performance of the considered types of
regularization.
Least Angle Regression
The LAR was performed by the lar function
of SpaSM toolbox (https://www.jstatsoft.org/
article/view/v084i10) from Matlab (details in
[29]) and its implementation steps are described in
[30]. This function intrinsically performs an inner CV
which allows to select the regularization parameter
based on BIC in a less time-consuming procedure for
a given test set. As in Lasso, the number of non-zero
coefficients are an unbiased estimation of the model’s
DOF [30].
Least-squares Regression
The LS was used for comparison purposes because it
is the standard approach in regression analysis. The
glm function from Matlab was used for coefficient estimation. Since no parameter had to be optimized, an
external K-CV was the strategy applied to estimate
the prediction error.
Stepwise Regression
The stepwise function from Matlab was used to carry
out the SR algorithm. This implementation is a hybrid stepwise-selection which considers both forward
and backward selection at each time based on the pvalue with and without the potential parameter (details in [31]). Since there was no need for parameter
optimization, an external K-CV was the solution.
After comparing the predictive performance of the
aforementioned methods (as subsequently shown in
Results), the SR and the LS were selected to perform
further tests, described hereafter.
Further tests using LS and SR
In the first test, the models TPcanHRF and
RMSFcanHRF were used because, by having one predictor per channel, the interpretability of the results
becomes easier. Moreover, the MPs were regressed

out from the TPcanHRF and RMSFcanHRF and the
performance measures from CV were compared with
the ones previously obtained.
In the second test, the Relative Overfitting Rate
(ROR) formulation given in [25] was implemented and
tested on the following models: TPcanHRF , TPHRF
and LCHRF s . The TP was chosen because of its better predictive performance comparing to RMSF.
Then, the TPcanHRF and RMSFcanHRF models
were selected to perform a control test. The predictor
from each model and patient that exhibited the highest correlation with the BOLD signal was kept equal
and the remaining 30 were generated by phase randomization of the first. As has been performed, the
performance measures from CV were also calculated.
2.5.2 Models with each channel individually
Using the predictors from each channel to estimate
the BOLD signal, enables to drastically reduce the
number of parameters in the EFP and simplify its
interpretation. By this way, it is also possible to establish an order of the channels according to their
prediction performance. In this section, the SR and
LS were the only regression methods used. The first
was applied because it outperformed the others, in
the previous section.
For each of the six models, the predictors were separated by the correspondent channels and used to estimate the BOLD signal, namely derive the average
NMSE and BIC values by CV. The two channels that
yielded the lowest average NMSE and BIC, for each
model, were selected and compared. Interestingly, the
“best channels” were the same independently of the
chosen selection criterion. Subsequently, the predictors from the best channel, among all models, were
then used to predict the BOLD signal and estimate
the correspondent EFP. In a last attempt, the Ridge
was used to verify if the decrease on the DOF would
improve the prediction performance in relation to the
previous section. Then the resulted EFP were analyzed, due to the much restricted range of values.
Concerning the Ridge, a non-hybrid approach was applied for α = 0 and the regularization parameter, λ,
was optimized at each channel. The channel yielding
the best results was used to predict the BOLD and
the EFP obtained was analyzed (represented in figure
1). This method was only applied on the LCHRF s
given its better results across all methods, when all
channels were studied together and separately.
Moreover, the LCcanHRF +T +D model was uniquely
fitted by LS in order to avoid a sparse estimation of
the coefficients, since both derivatives just make sense
when together with the canonical HRF. Afterwards,
the predictors from the best channel were used to estimate the BOLD signal.
5

Figure 1: Illustration of the linear modeling framework for the identification of the EEG-derived predictors of the
BOLD signal (for the case of the LCHRF s model): a) Processed EEG data retrieved by a specific electrode. b) The
EFP estimated by Ridge. The strong yellow and blue coefficients refers to positive and negative predictors that when
combined provide better prediction results of the BOLD signal. c) The BOLD (blue) and the predicted BOLD signals
(red). The predicted one was produced using the information contained in EEG, then it is sensitive to changes that
occur in the high temporal resolution.

3

Results

SR was associated to the lowest value of BIC for the
three models.

The main results were evaluated by means of repeated
measures Analysis of Variance (ANOVA) in order to
investigate whether significant differences were found
between methods, models, channels and subjects,
considering a p < 0.05 level of significance. The
NMSE and BIC results were tested separately. The
methods, models and channels were assigned to fixed
factors, subjects to random factors and the 10 folds to
repeated measures. For all the performed tests, the
factor subjects always exhibited a significant effect
which confirmed the need for patient-specific model
estimation.

3.1

3.1.2 Further tests using LS and SR
Concerning the TPcanHRF and RMSFcanHRF , before
and after MPs correction, the TP metric consistently
showed better average BIC results across all patients,
regardless of the chosen method: LS or SR.
The results of ROR on LCHRF s , TPHRF s and
TPcanHRF using SR, showed lowest results (closer to
zero) for the first metric, indicating less overfitting,
which was against to what was expected. Regarding
the other two models, the TPHRF s showed, overall, a
higher ROR value in comparison to TPcanHRF .
The control test showed that the absolute value
of the highest estimated coefficient derived from
RMSFcanHRF and TPcanHRF models by using SR
and LS methods, always corresponded to the predictor exhibiting the highest correlation with the BOLD
signal. The performance measures derived from this
were higher than the ones obtained from the original
RMSFcanHRF and TPcanHRF models.

Models with all channels

3.1.1 Comparison of methods and models
The average NMSE and BIC values from the
LCHRF s , RMSFHRF s and TPHRF s models and eight
methods (LS, LAR, SR and the five variants of
the Elastic Net Regularization including Ridge and
Lasso) were computed for each patient. Regarding
both selection criterion, a significant effect was found
in relation to the factors models and methods (figure
2).
Although the average error of the hybrid approach
may not be the lowest across the five regularization
variants evaluated in the non-hybrid approach, it was
always linked to the lowest values of BIC. Therefore, it was the selected approach. Moreover, the
Ridge was selected in almost all learning sets for all
patients, in the hybrid approach. Given the better
predictive performance obtained by SR comparing to
LAR, the results from the first are also represented
hereafter. The LS results are also reported for comparison purposes. The LCHRF s and TPHRF s models
outperformed in relation to RMSFHRF s , thus only
the results from the first two are given in table 2.
Comparing the three methods in the same table, the

3.2

Models with each channel individually

The figure 3 shows the results of the two channels
that yielded the lowest NMSE and BIC for each of
the six models, across the five patients. In each model
represented in the figure, the best and the second best
channels are represented on the left and right sides,
respectively.
The results derived from LS are not presented because when compared with the ones from SR, no
significant effect was found for the factor methods.
Within each method, although the results from the 31
channels exhibited no significant effect, the opposite
was found for models. Moreover, by uniquely using
the BIC results from the best channels, no significant
differences were found between LCcanHRF /TPHRF s
6

Figure 2: Boxplots of the prediction error (NMSE) represented on the right figures and the BIC values represented
on the left figures obtained by LCHRF s , RMSFHRF s and TPHRF s models across the different regression methods and
the five patients. Both criteria were calculated on the 10 test sets. The two figures on the first row are the result
from using the LCHRF s and the two figures on the second row from using the TPHRF s and RMSFHRF s . Due to
different ranges of BIC values across patients, the BIC values were normalized within each patient for visualization
and comparison purposes.
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and between RMSFHRF s /RMSFcanHRF , given by
multiple comparison step after ANOVA.
As in the last section, the LCHRF s exhibited the
best predictive performance. Regarding the results
from LCHRF s , LCcanHRF +T +D and LCcanHRF models (figure 4), across the five patients, significant effect
was found for models but not for channels. After the
multiple comparison step, only Patient 3 was highlighted by achieving no significant differences between
the BIC values of LCHRF s and LCcanHRF +T +D models.
Then, the Ridge results from the best channels were
compared with the ones obtained by SR and LS on
the LCHRF s model. The three methods showed no
significant effect independently of the selection criterion. Then, the Ridge was the selected method for
EFPs analysis when the study was restricted to each
channel individually, given the easier interpretability
of the shrunk range of values.
The two channels associated to the lowest average
BIC and NMSE values, originated by Ridge, SR and
LS applied on the LCHRF s predictors from each patient, were overall the same, regardless of the regression method (except in patient 1).
Lastly, the results from applying the SR or Ridge
on LCHRF s predictors derived from the EEG with
and without the ICA procedure, showed no significant
effect, for both selection criterion.

Discussion

The current study used a data-driven approach for the
construction of an EEG prediction (EFP) of fMRIBOLD activity from patient-specific epileptic networks previously identified. The estimation of models including all EEG channels was motivated by recent evidence suggesting that epileptic networks are
better reflected by the interaction patterns between
networks of multiple electrodes [32]. However, the
increased dimension of the feature space suggested
the use of a more parsimonious approach, which was
further supported by a similar study [10]: a single
channel each time.
Our results reinforce previous evidence of the
HRF’s variability [9] across subjects, electrodes and
predictors, because when all delays were incorporated
in the regression, showed improved BOLD estimation. However, the −2 sec delay, as can be seen in
figure 1 and in the other patients (although not presented) consistently provided a lower contribution for
prediction. This may suggest that the temporal gap
between the EEG and BOLD signals, for this specific
patients, is higher than this period of time. Moreover,
the different frequency bands contribute to BOLD
prediction as well, reinforcing findings from [33].
It should be noted that the data had to be shuffled
before CV led to an adverse effect on the resulted prediction error, by introducing an optimistic bias due
7

Table 2: CV measures by using the hybrid approach from the Elastic Net Regularization, SR and LS on the LCHRF s
and TPHRF s models obtained from each of the five patients. The results correspond to the average of the following
2
measures across the ten test sets: BIC, Radj
, DOF and error. The grey cells highlight the regression method that
yielded the lowest BIC for each model and patient.
Comparison of methods and models

Average
DOF

Average
2
Radj

Average error
(NMSE)

Hybrid α = 0 λ = 0.2965

267.0

-2.04

0.9701

0.0263

SR

552.7

-2.79

0.9997

1.99×10−4
1.91×10−4

LCHRF s
Patient 1

LS

930.0

-2.53

0.9997

Hybrid α =0 λ =0.0023

143.1

-1.77

0.8261

0.1626

SR

156.2

-1.87

0.8992

0.0937
0.0903

TPHRF s

LS

186.0

-1.85

0.9014

Hybrid α = 0 λ = 0.1390

517.1

-6.41

0.9055

0.0873

SR

825.1

-7.69

0.9922

0.0069
0.0069

LCHRF s
Patient 2

LS

930.0

-7.60

0.9920

Hybrid α = 0 λ = 0.333

116.3

-5.69

0.5010

0.4905

SR

132.9

-5.73

0.5380

0.4530
0.4363

TPHRF s

LS

186.0

-5.70

0.5515

Hybrid α = 0 λ = 0.0212

558.6

-4.50

0.9825

0.0153

SR

816.8

-5.72

0.9992

6.74×10−4
6.12×10−4

LCHRF s
Patient 3

LS

930.0

-5.62

0.9992

Hybrid α = 0 λ = 0.1680

133.7

-3.56

0.5945

0.3932

SR

107.6

-3.59

0.6067

0.3837
0.3721

TPHRF s

LS

186.0

-3.54

0.6115

Hybrid α = 0 λ = 0.0457

134.7

-2.37

0.7194

0.2679

SR

610.3

-3.90

0.9997

2.77×10−4
1.82×10−4

LCHRF s
Patient 4

LS

930.0

-3.74

0.9997

Hybrid α = 0 λ = 0.003

63.5

-2.30

0.5664

0.4244

SR

149.0

-2.46

0.8102

0.1803
0.1724

TPHRF s

LS

186.0

-2.44

0.8161

Hybrid α = 0 λ = 0.0015

713.9

-6.49

0.9342

0.0589

SR

793.3

-7.36

0.9860

0.0124
0.0123

LCHRF s
Patient 5

LS

930.0

-3.74

0.9997

Hybrid α = 0 λ = 0.0075

159.6

-5.64

0.4820

0.5059

SR

125.1

-5.66

0.4820

0.5085

LS

186.0

-5.63

0.4975

0.4888

TPHRF s

to the use of temporal correlated samples in different
sets.

4.1

Average
BIC values (×104 )

predictors are different from zero in the first method.
The LCHRF s model always provided the lowest values of error and BIC, regardless of the methods. Concerning the RMSFHRF s and TPHRF s models, an increase in prediction error was observed, probably due
to the reduction in the number of predictors in all
methods, across the five patients. This resulted in
higher BIC values in relation to LCHRF s model, in
contrast to what was expected when these two metrics were chosen.
Regardless the model considered until now, when
the order of the error was very low (as the ones presented by SR/LS for the LCHRF s model) it had a
2
stronger impact on Radj
measure than the number of
DOF. Therefore, the BIC was the selected option by
strongly accounting for the additional predictors.
Although the resulted average of DOF from SR,
LAR and LS was overall larger than in shrinkage
methods (Ridge, Lasso and elastic net resgularization), SR provided the lowest values of BIC.
Moreover, the prediction NMSE and BIC values
from the methods, LS, LAR, SR and the shrinkage
methods, described a common pattern across the five

Models with all channels

4.1.1 Comparison of methods and models
As λ gets larger, the bias is unchanged but the variance drops, in both Ridge and Lasso. The drawback
of Ridge is that its L2 penalty does not allow to select predictors. Lasso appears as a combination of
both shrinkage and subset selection, allowing to remove high correlated predictors. Having this in mind,
it was expected that the nested CV would give preference to Lasso, mainly in the LC metric, given the
higher number of highly correlated predictors. However, the choice of Lasso did not occur (table 2), except in RMSFHRF s in patient 2, indicating that a
model containing all predictors yields a better prediction than a sparse solution. Overall, the Ridge
was selected in almost all learning sets, given the associated lowest values of BIC, regarding the hybrid
approach. Other clear observation is that the chosen
Ridge parameter was always larger than in Lasso’s.
This observation points to a larger amount of regularization, which is needed to deal with the fact that all
8

Figure 3: Boxplots of the NMSE (in the right figure) and the BIC values (in the left figure) derived from applying
LS. This representation results from the average across the five patients. Both selection criterion were calculated on
the 10 test sets. The six different colors represent the six different models under study: each model has two boxes
presenting the results from the channel that yielded the lowest value (1st ) on the left side and the second lowest value
(2nd ) on the right side, for each selection criterion. Due to different ranges of BIC values across patients, the BIC
values were normalized within each patient for visualization and comparison purposes.

Figure 4: Boxplots of the NMSE (in the right figure) and the BIC values (in the left figure), for the LCHRF s (red),
LCcanHRF +T +D (blue) and LCcanHRF (black) models, using LS, across the five patients. For both selection criterion
and each model, the results of the best channel (1st ) and the second best channel (2nd ) are represented on the left
and right side, respectively. Due to different ranges of BIC values across patients, the BIC values were normalized
within each patient for visualization and comparison purposes.

patients (figure 2). However, the pattern depended
on the considered model: LCHRF s , RMSFHRF s , or
TPHRF s . The effect of the number of predictors
seemed to be the main difference behind these outcomes, indicating that the more the number of predictors given to the model, the higher the difference between the methods with and without the regularization restriction, which can be explained by the greater
degree of sparsity of the latter.
4.1.2

4.1.3 Further tests using LS and SR
Although the variability of the HRF was removed
from the model, the TP results were consistently better than the RMSF, across all patients. This was
interesting because it went against the findings in
epilepsy context presented by [22], which showed a
clear superiority of the RMSF in predicting the BOLD
signal, when compared to TP. Even after the regression of the MPs, TP metric remained the best. This
step was motivated by the [13] study, which found a
higher Variance Explained (VE) by the MPs particularly for the TP metric.
The use of ROR was motivated by the fact that,
not only the larger models could almost perfectly fit
the fluctuations present in BOLD and not on the
EEG predictors but also, the selection criteria continue to give them preference, suggesting overfitting.
However, its results continued to reinforce what was
discussed, by obtaining lower values for the LCHRF s
model for all patients. The fitting method adopts
strategies that mainly consists on estimating coefficients whose values blew up when features are higly

Nested model approach

A nested model approach was implemented, by LS,
to assess a minimum number of regressors for each
dimension of the feature space: channels, frequency
bands and delays given the LC metric as example.
However, the statistical tests indicated that for the
LCHRF s , RMSFHRF s and TPHRF s models and correspondent features, the full model was recommended.
In other words, there was no subset of predictors that
performed better than the model containing all, even
if it implies a much higher number of predictors. This
is consistent with with the ROR findings.
9

Figure 5: Boxplots of the NMSE (in the right figure) and the BIC values (in the left figure) of the LCHRF s model,
using Ridge (red), LS (blue) and SR (black), across the five patients. For both selection criterion and each model,
the results of the best channel (1st ) and the second best channel (2nd ) are represented on the left and right side,
respectively. Due to different ranges of BIC values across patients, the BIC values were normalized within each
patient for visualization and comparison purposes.

correlated with each other. Although this clearly
seemed like an overfitting issue, the ROR was not
sufficient to prove it in comparison to simpler models.

4.2

Models with each channel individually

The results from SR or LS allow to conclude that
adding the mean power over the five frequency bands
convolved with the canonical HRF or the total power
over the spectogram but convolved with six different
HRFs instead, led overall to the same results across
patients. Furthermore, including the six delays or
just the canonical HRF in the RMSF metric yielded
no significant differences on the best channel’s results.
Therefore, preference should be given to the less complex model.
The fact that no significant differences were found
between models LCHRF s and LCcanHRF +T +D in Patient 3, it can be concluded that the additional HRF
variability acquired by adding the temporal and dispersion derivatives to the canonical [6], allows this
model to be the choice in relation to the higher number of regressors offered by the LCHRF s model.
Moreover, no significant differences were detected
between Ridge, SR and LS, regarding the LC metric
and the results from the “best” channels. The first
method was chosen to study the EFPs given the lowest range of the coefficients’ values. Ridge offers some
advantages over the non-shrinkage methods, namely
in preventing overfitting by shrinking highly correlated predictors and therefore allowing the interpretation of the EFPs. In addition, the average of DOF
resulted for the “best” channel by Ridge and SR were
also compared: the Ridge method was associated to
a higher value than the one from SR. The number of
DOF of the second method was retrieved by one of
the outputs of the stepwise Matlab function, which

corresponded to the number of non-zeros in the final
model. However, to reach the final model an intensive search through the different steps was done but
not accounted for in the computed value. Therefore,
more DOF should be considered. This is a criticism
point of this method, which should be more carefully
analyzed [31].

5

Conclusions and Future work

This work presented a new approach to EEG-fMRI
data integration in the field of epilepsy. The adopted
methodology allowed a deeper understanding on the
applicability of some regression methods on identification of the EEG model predicting BOLD signal
and the influence of the feature space dimension (i.e.,
number of regressors) on the predictive performance
given by the LC, RMSF and TP metrics.
Despite of the variability found among the five patients, when the predictors from all channels were incorporated, the SR applied on the LCHRF s model led,
overall, to the lowest average BIC values. Therefore,
these were entitled the “best” model and method, respectively. Moreover, it was noticeable that the difference in the predictive power between the LC metric
and the RMSF/TP was higher when all channels were
included. Furthermore, the TP was consistently better than RMSF, even when the canonical HRF was
exclusively used.
The differences between the results from the six
models were attenuated when the number of predictors decreased to a single channel. Although the
LCHRF s model continued to retrieve the best prediction measures when the analysis was restricted to
the best channel of each model, no significant differences were detected between LCcanHRF /TPHRF s and
RMSFHRF s /RMSFcanHRF , for both LS and SR.
Focusing on the LCcanHRF +T +D model, it was concluded that for Patient 3, no significant differences
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were found between this model and the full LC model.
In a last attempt to compare the SR and the Ridge
regression when dealing with a limited number of predictors, no evident differences were found between
these techniques. Therefore, the Ridge regression was
proposed as the “best” method due to its preferential
properties to prevent overfitting and interpreting the
derived EFP. Furthermore, except for Patient 1, the
channels that yielded the lowest prediction measures
were the same, regardless of the methods.
In the model identification problem addressed in
this thesis, a number of sometimes highly collinear
regressors was considered, which motivated the use of
techniques that can deal with this problem, namely
shrinkage methods of linear regression. Moreover,
overfitting metrics were also computed. Although no
evidence of overfitting was found, this should nevertheless be further investigated. Related to this issue is
the fact that the CV procedure employed here might
suffer from over-optimism due to the fact that data
were previously submitted to temporal shuffling in order to eliminate auto-correlations. In the future, CV
procedures for time series should be considered.
It is hoped that with this approach, the need for
fMRI scanning is reduced and allow the use of EEG
for real-time NF protocol in order to minimize the
distributed epileptic brain networks. The general idea
would be to compute the EFP from the EEG being
acquired in real time, and display this as the NF signal
back to the patient. Moreover, a further investigation
about the introduction of multiple electrodes should
be taken due to problems arisen from the increase
dimension of the feature space.
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