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This paper demonstrates a method for analyzing target evoked potentials in an auditory oddball task,
using Wiener deconvolution to separate the brain’s task-dependent properties from its task-invariant
response. It is shown that a target response can be deconvolved, and the result contains two delta-like
peaks separated by approximately 100 ms, implying that targets resemble a superposition of two standard
responses. The latencies and areas of these delta-like peaks give quantitative measures of the evoked
potential, providing a method of analysis that is simpler and more physiologically meaningful than peak
scoring. This deconvolution method is applied to both synthetic and experimental evoked potential data,
and is demonstrated to be applicable even when normal evoked potential features are not clearly visible.

© 2008 Elsevier B.V. All rights reserved.

1. Introduction

Auditory oddball evoked potentials (EPs) are used for a large
number of clinical and research purposes, despite the fact that
the mechanisms of their generation are still largely unknown. Fur-
thermore, most research has focused on the target P3 component,
shown in Fig. 1, and comparatively little work has been done on
other target features or on standard responses. Our aim is to present
a method for the unified analysis and quantification of the target
response that separates it into a task-invariant response (which
is common to both targets and standards) and a task-dependent
response (which differs between targets and standards).

Clinical EPs are commonly analyzed using peak scoring, which
consists of listing the latency and amplitude of a small number of
predetermined extremums, shown in Fig. 1A; all other information
contained in the EP time series is discarded. Additionally, if the pro-
cesses that generate different EP components overlap intime, thena
change in either amplitude or latency of an underlying process will
affect both amplitude and latency of the EP components, leading to
ambiguity in the physiological interpretation of peak scores.

While numerous studies have applied deconvolution techniques
to evoked potentials, to our knowledge, there has been no pre-
vious investigation of the use of deconvolution to determine the
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relationship between target and standard responses. Instead, pre-
vious studies have examined the spatial deconvolution of EP and
fMRI data (Nunez, 1987; Glover, 1999), Wiener filtering as an alter-
native to ensemble averaging for extracting EPs from the EEG
(Ungan and Basar, 1976; de Weerd, 1981; Wastell, 1981), and the
deconvolution of temporally overlapping EPs, using either time-
domain or frequency-domain methods. Temporally overlapping EPs
are produced when the single-trial EP (“source EP”) is convolved
with a known stimulus sequence. Time-domain deconvolution
methods rely on iteration (Woldorff, 1993) or inversion of the
stimulus sequence matrix (Gutschalk et al., 1999; Delgado and
0Ozdamar, 2004) to determine the source EP from the experimen-
tal data. Frequency-domain methods (e.g., Hansen, 1983; Jewett
et al.,, 2004) can reproduce the results of time-domain methods
(Zhang, 1998; Ozdamar and Bohérquez, 2006), and increase the
ease of noise filtering, including by Wiener filtering (Wang et al.,
2006). However, these time- and frequency-domain methods all
require knowledge of the stimulus sequence, and hence the con-
volution is between a known function (the stimulus sequence)
and an unknown function (the source EP). In contrast, time series
in seismology are typically convolutions of an unknown source
function and the unknown impulse response of the transmission
path, and are thus more analogous to the deconvolution prob-
lem discussed here. Several deconvolution methods have been
successfully applied to seismic data, including Wiener decon-
volution (Lines and Ulrych, 2006), homomorphic deconvolution
(Ulrych, 1971), and the projected Landweber method (Bertero et
al,, 1997).
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Fig. 1. Evoked potentials from a single subject in an auditory oddball task, recorded
from the Cz electrode. (A) Standard (solid) and target (dotted) EPs. (B) The difference
signal (or “difference wave”), which resembles a time-shifted standard response.

In EP research, combined analysis of target (or deviant) and
standard (or background) responses is typically achieved by simply
subtracting the standard response from the target response, result-
ingin a difference signal (called the “difference wave”, although this
terminology does not conform to the standard definition of “wave”
used in physics). This procedure is motivated by the assumption
that certain features of the response are invariant between stan-
dards and targets, and thus that targets can be understood more
clearly if these shared features are removed. Although difference
signals are used in the oddball paradigm (e.g., Pritchard, 1981),
the most widely used difference signal is the mismatch negativ-
ity, defined as the difference between the responses to deviant and
standard tones when no task is required (Nddtdnen, 1995).

Notably, the difference signal itself is often similar to a time-
shifted standard response, as shown in Fig. 1 (e.g., Alho, 1995). This
suggests the possibility that the target response is the superposition
of two standard responses, one of which is offset by approxi-
mately 100 ms. Indeed, a target-like response can be generated by
superimposing two standard responses of similar amplitudes and
a latency difference of about 70-110 ms, as shown in Fig. 2. While
superposition may explain many features of the target response, it
is unlikely to completely explain the posterior P3b component (also
called P300), which differs from earlier components in its scalp dis-
tribution, time course, and dependence on experimental variables
(Donchin et al., 1978; Polich, 2007).

One possible physiological explanation of superposition is the
sequential activation (or phase synchronization) of one or more
anatomically and dynamically similar cortical networks by the tha-
lamus. In this hypothesis, the first activation or synchronization
(N1 and P2) results from thalamocortical projection of a stimulus
signal, while the second (N2 and P3a) results from corticocortical
projection via the thalamus. This hypothesis explains why the delay
between N1 and N2 is similar to the estimated thalamocortical loop
delay (Rowe et al., 2004), and is consistent with the role of thalam-
ocortical loops as generators of both EPs and ongoing EEG activity

(Steriade et al., 1990; Rennie et al., 2002; Kerr et al., 2008). This
possibility is considered further in Section 2.3.

Like the difference signal, deconvolution aims to remove the
invariant features between targets and standards. However, decon-
volution allows these features to be removed without making the
assumption that the target consists of an independent signal super-
imposed on a standard response. This has two advantages: first, it
is applicable to targets that appear to contain an amplitude-scaled
or time-shifted standard response; second, it is applicable to tar-
gets that appear to contain more than one standard response, as
suggested by Figs. 1 and 2.

The remainder of this paper is organized as follows. Section 2
describes the general theory of deconvolution, including a specific
implementation of Wiener deconvolution, and the experimental
data used to demonstrate the method. Section 3 presents the results
of the deconvolution of synthetic and experimental data, showing
considerable similarity between the deconvolutions of noisy syn-
thetic data and experimental data. Section 4 summarizes the results
and describes their possible links to physiology.

2. Theory and methods
2.1. Data and preprocessing

This section describes the synthetic and experimental data used
to illustrate the deconvolution method; however, we emphasize
that our method does not rely on the details of data acquisition
presented in this section.

2.1.1. Synthetic data

A noiseless synthetic standard EP was created by superimpos-
ing two Gaussians, one with latency L = 100 ms, standard deviation
o =25 ms, and amplitude A = —1.0 wV, and one with L = 300 ms,
o =75ms,A = 0.5 V. A noiseless synthetic target was then gener-
ated by superimposing two synthetic standards, the second with a
time offset of 100 ms. The resultant time series are shown in Fig. 5A.

Noisy synthetic data were generated by adding brown noise to
the data with the form

a

2 _
IN@P = 1275

(1)

where |[N(w)|? is the noise power spectrum, w is angular frequency,
a is a scale factor, and b = 62.8s~! = 10 Hz modulates the shape
of the spectrum. The scale factor was chosen such that the noisy
synthetic EPs had a signal-to-noise ratio (SNR) of approximately
2. The resulting noise had amplitude and spectral characteristics
comparable to noise in experimental data, as shown in Fig. 5C.

2.1.2. Experimental data

Experimental auditory oddball data were obtained from 43 male
subjects (aged 20-30 years; mean 25) via the Brain Resource Inter-
national Database (Gordon et al., 2005). Recordings were made at
500 Hz from 26 sites of the International 10-10 system using an elec-
trode cap, following previously published methods for acquisition
and artifact removal (Rowe et al., 2004; Gordon et al., 2005).

Subjects were presented with a series of standard and target
tones (500 and 1000 Hz, respectively), at 75dB SPL and lasting
for 50 ms, with a constant interstimulus interval of 1s. Subjects
were instructed to ignore standard tones, but to respond to target
tones with a button press. There were 280 standard and 60 target
tones presented in pseudorandom order, with the only constraint
being that two targets could not appear consecutively. EP data were
extracted from EEG recordings by averaging over a window from
-200 ms to 800 ms relative to stimulus onset; target and standard
responses were averaged separately.
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Fig. 2. Generation of a target-like response by superimposing two standard EPs. (A) A standard EP from a single subject was recorded using the Cz electrode (black line).
Assuming this standard response is caused by an impulse-like event at t = 0 (gray bar), a target-like response can be synthesized using two impulses (columns B and C), which
corresponds to the superposition of two amplitude-scaled copies of the standard EP. (B) The effect of different latencies of the second impulse on the synthetic “target”. (C)
The effect of different amplitudes of the second impulse. Note that subplots (iii), (iv), and (viii)-(x) resemble typical target EPs.

Scoring of the amplitude and latency of each target and stan-
dard EP component was performed by Brain Resource Ltd. (Ultimo,
NSW, Australia) using an automated system (Haig et al., 1995), with
the criteria that N1 was scored between 80 and 140 ms, P2 was
scored between 150 and 200 ms, N2 was scored between 205 and
290 ms, and P3 was evident between 280 and 550 ms and not due to
EOG contamination (as seen in the EOG channel). Amplitudes were
measured relative to a pre-stimulus (200 ms duration) baseline. If
automated EP scoring was incorrect (10% of data), a manual scoring
of components was undertaken.

Since discontinuities between the initial and final points of the
EP time series can cause artifacts when the signal is Fourier trans-
formed, a sigmoidal window function W was applied to the initial
and final 200 ms of each time series:

W(t) = (1 + €

where tis the time, 7y = —100 ms and 7, = 700 ms (relative to stim-
ulus onset) define the midpoints of the sigmoids, and o = 15 ms
defines their width.

neyT (1 el /oy (2)

2.2. Deconvolution

Since standard and target stimuli have both similarities (e.g.,
modality, amplitude, duration, etc.) and dissimilarities (e.g., pitch,
task relevance, attention, etc.), the responses to these stimuli would
also be expected to have similarities and dissimilarities, as is the
case (e.g.,, N1 and N2, respectively). Additionally, some subcom-

ponents of the nervous system are used to process both types of
response (e.g., the cochlea), while others are unique to a single type
(e.g., the motor cortex). Thus, the responses to incoming stimuli
involve numerous task-invariant and task-dependent subcompo-
nents.

EPs are almost certainly the result of a complex network of
interactions between these different subcomponents, and approx-
imations are necessary to make the problem tractable. Specifically,
we make the assumption that groups of task-invariant and task-
dependent subcomponents are linked serially, allowing these
subcomponents (and the stimulus) to be combined into just two
functions: a task-invariant function and a task-dependent func-
tion. This precludes complex interactions between the two types
of subcomponent, but does allow both anatomical separation and
complex interactions between subcomponents of a single type.
Assuming linearity, the EP time series are produced by convolving
these functions:

Rs(t) = Ds(t) ® I(t) + Ns(t), (3)
Rr(t) = Dr(t) @ I(t) + Nr(t), (4)

where ® represents convolution; Rs and Ry are the standard and
target responses, respectively; Ds and D are task-dependent func-
tions for standards and targets, respectively; I is the task-invariant
function; and N5 and N7 are noise in the target and standard,
respectively. In addition to instrumental noise, the noise terms Ng 1
include contamination from ongoing EEG activity, as well as any
part of the EP response that does not result from the process of
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convolution (i.e., the extent to which the assumptions of linearity
and serially linked components are invalid).

Despite the fact that Egs. (3) and (4) are explicitly linear, they
are valid regardless of whether EPs are the result of evoked activity
or phase synchronization, as long as the resultant signals sum-
mate linearly. The calculation of the difference signal also requires
this assumption of linearity; however, in contrast to deconvo-
lution, it relies on the assumption that the task-invariant and
task-dependent components are activated in parallel, implying an
addition between I and Ds 1 instead of a convolution. No other (sim-
ple) assumptions are anatomically possible.

To separate the task-invariant function I from the task-
dependent functions Ds and Dr, we first Fourier transform Egs. (3)
and (4), obtaining

Rs(w) = FIRs(t)] = Ds()(w) + Ns(w), (5)
Rr() = FIRr(t)] = Dr(w)(w) + Nr(w), (6)
where F denotes a Fourier transform, and tildes denote frequency-
domain functions.

If any one of Ds, Dr, or I can be accurately estimated, the other
two functions can be obtained from Eqs. (5) and (6), assuming neg-
ligible (or known) noise. However, since none of these functions
can be directly obtained from the data, we instead take the ratio of
Egs. (6) and (5). This gives
. D N. N
Pe=ZL(1-22) + =5, )

Ds Rs Rs
where D¢ represents the change in the brain’s task-dependent prop-

erties between target and standard responses. In the absence of
noise (Ns = Ny = 0), Eq. (7) simplifies to

Dr

D = = 8
€= 3 (8)

Finally, an inverse Fourier transform completes the deconvolution:

Dc(t) = F ' [De(w)]. 9)

All differences between the target and standard responses are con-
tained in the deconvolution D¢. Since D¢ is produced by an inverse
Fourier transform, it is a periodic function, with a period equal to
the length of the input data. The time window chosen to represent
D¢ is arbitrary, and Figs. 4-7 use the same range for D¢ as is used
for the input data (—-0.2 < t < 0.8 s).

The forms of D7, Ds, and I are unconstrained, and are not required
to determine D, although they do affect the physical interpretation
of Dc. Rewriting Eq. (9) using Eq. (8) gives

Dc(t) = Dr(t) ® Dg (1), (10)

where D;'(t) = 7 1[Dg'(w)] is the inverse of the standard task-
dependent function. While the functions Ds, Dy, and I can be
interpreted physiologically, this is not the case for Dgl, and hence
neither this function nor D¢ correspond directly to physiology.
However, an approximate physiological interpretation of D may be
possible, depending on the form of Ds. For example, if Ds is delta-
like (e.g., a Gaussian or Mexican hat form centered at t = 0), and if
the collective activity of the brain is in a linear regime, then D¢ can
be related to the physiologically meaningful function Dr, since in
this case D¢ ~ Dr and I ~ Rs. However, if Dg has significant tempo-
ral structure, or if the brain is in a nonlinear regime, then D¢ will
not have a direct physiological interpretation, even though it can
still be calculated.

2.3. Special cases

In the trivial case where Rs =Ry (i.e., target and standard
responses are identical), Dc(w) = 1, and thus D¢(t) is a delta spike

Power (n VZHz")

1 10 100
Frequency (Hz)

(B)

Power (1 V2Hz")

1 10 100
Frequency (Hz)

Fig. 3. The spectral power of standard (solid) and target (dotted) EPs. The spectrum
above 20 Hz resembles the noise-like power law P o« w2, implying that most of the
signal is contained in the frequency band below 20 Hz. (A) Power spectra calculated
from the standard and target EPs of a single subject. (B) Power spectra calculated by
averaging the spectra of 43 single-subject EPs. The difference in total power between
standard and target spectra is largely due to the difference in the number of single
trials averaged together to produce each type of EP (280 and 60 for standards and
targets, respectively).

at t = 0. This is the simplest possible result, and corresponds to the
brain having no task-dependent properties.

As outlined in Section 1, the idealized case closest to experi-
mental EPs is where the target response is a linear superposition
of two standards. In this situation, the task-dependent functions
Ds and Dy represent impulse functions (e.g., from the thalamus to
the cortex); all other properties of the brain remain constant. If Dg
is a single delta-like impulse, and if D1 consists of two delta-like
impulses separated by a latency difference At, then

Rs(t) = I(t), (11)
Rr(t) = al(t) + BI(t — At), (12)
Rr(t) =I(t) ® [ad(t) + BS(t — At)], (13)

where §(t) is a delta function, and « and 8 are scale factors. Substi-
tuting the Fourier transform of Eq. (13) into Egs. (8) and (9) gives

Dc(t) = F! {J(“))} — ad(t) + BS(t — At). (14)
Ds(w)

Thus, if targets are a superposition of two standard responses, we
would expect the deconvolution time series D¢ to show two delta-
like peaks. The areas Ap 1 of these peaks are equal to the scale factors
a and B; the latencies Ly ; are determined by the relative latencies
of the target and standard. If the N1 components of the target and
standard have the same latency, then the first peak will be centered
atLy = O ms. The latency of the second peak is primarily determined
by the latency difference between target N2 and standard N1, and
is thus expected to be L; ~ 100 ms.
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Fig. 4. The effect of different choices of filter on the deconvolution time series,
tested using synthetic data. Vertical axes are arbitrary but to scale, showing the
large amplitude of the unfiltered deconvolution, and decreasing amplitude with
decreasing low-pass cutoff frequency. (A) No filtering. (B) Time-domain smooth-
ing, corresponding to the application of a low-pass filter with a cutoff frequency of
approximately 20 Hz. (C) Wiener filtering with a constant NSR, such that the cutoff
frequency f. ~ 40 Hz. (D) Wiener filtering with a constant NSR, fc ~ 20 Hz. (E) Wiener
filtering with a constant NSR, f. ~ 10 Hz. (F) Wiener filtering using the NSR given by
Eq. (18).

2.4. Wiener filtering

Since D¢ is a ratio of two experimental signals, the deconvolution
given by Eq. (7) is highly sensitive to noise. Additionally, since the
noise terms in Eq. (7) are divided by Rs, small values of Rs(w) for a
given w can produce a disproportionate effect on D¢c. While a large
increase in power at a given frequency is unlikely to be due to noise,
our data showed apparently random decreases in spectral power at
individual frequencies by as much as 103, as shown in Fig. 3A. Thus,
it is necessary to attenuate frequencies where either Ns or Ny is
large, or when R is small.

The optimal solution to these problems (in the sense of minimiz-
ing mean-squared error) is given by Wiener deconvolution (Wiener,
1949; Walter, 1969; Helstrom, 1967; Jansson, 1984). Provided that
an estimate can be made of the power spectra of both the expected
signal § and the expected noise Nr, Eq. (7) can be replaced with
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Fig. 5. Deconvolution of synthetic data, showing the effects of low-pass filtering
and noise on the deconvolution. (A) Noiseless synthetic standard (solid) and target
(dotted) responses. (B) Deconvolution time series D¢ for the noiseless synthetic data,
showing two clear delta-like spikes, plus oscillatory artifact resulting from low-pass
filtering. (C) Synthetic data with noise added such that SNR ~ 2; standard (solid)
and target (dotted) responses are shown. (D) Deconvolution time series D¢ for the
noisy synthetic data, showing two delta-like peaks, plus artifact and noise.

where the term in brackets is the Wiener filter, and NSR is the noise-
to-signal ratio, defined as

_ INrp(w)?
NSR(w) = G (16)

where Ny is an estimate of the noise in Ry, and S is an estimate of the
signal D¢. Although the Wiener filter only explicitly incorporates
the noise in the target response, there is no reason for N5 and Ny to
differ appreciably in spectral content, so the Wiener filter should
be equally effective for both sources of noise.

As before, the deconvolution D¢(w) given by Eq. (15) can be
transformed into a time series D¢(t) using Eq. (9). In the absence
of noise, Eq. (15) reduces to Eq. (8). As noise at some frequency
increases, the Wiener filter in Eq. (15) attenuates the contribution
of that frequency to the overall deconvolution. The most general
choices of N and S are white noise (no preferred noise frequencies)
and a delta spike in time (all signal times independent), respec-
tively. While this choice produces an acceptable result, we can
refine these estimates based on physiological considerations and
the experimental EP power spectra.

As shown in Fig. 3, above about 20 Hz, Ry decreases with fre-
quency approximately according to the power law Rp(w) x w™1;
this type of spectrum is commonly produced by nonstationary
noise-like processes (West and Deering, 1994), and is unlikely to
contain significant signal. Thus, the noise N is given by the approx-



106 C.C. Kerr et al. / Journal of Neuroscience Methods 179 (2009) 101-110

. 2T ]
=z O: (A)
4] [ ]
(=)} L 4
s of .
=) r ]
> 4f ]
5 4
E 4
[&] ]
[ £ 0 1 - LA St e R T e e e -
~. 4
> E
[m] e
S os5f =
EXR: ]
o) .0OE .
2 ol :
5 05 E
= 1.0t k|
g E
[&] ]
() a
-b ]
@] B
2
= e W oE Rl E
o) E
3 e
=) ]
> ]
g E
(&] ]
()]
-._b ]
[m] B

0.2 0.4 0.6
Time (s)

o
o)

Fig. 6. Deconvolution of synthetic data, showing the effects of perturbations of the
EP time series on the deconvolution time series. (A) Synthetic standard (solid) and
target (dotted) responses with an augmented target P3, and (B) their deconvolu-
tion, showing considerable artifact. (C) Synthetic standard (solid) and target (dotted)
responses where an additional feature has added to the target, and (D) their decon-
volution, showing only localized effects. (E) Synthetic standard (solid) and target
(dotted) responses where an additional feature has been added to the standard, and
(F) their deconvolution, demonstrating the sensitivity of deconvolution to noise in
the standard.

imation
N(w) =aw™ !, (17)

where « is a scale factor.

Since the signal S characterizes large-scale processes in the
brain, this places an upper bound on its frequency content. Thus, a
Gaussian impulse in the time domain describes a signal that is both
physiologically plausible and similar to the assumption-free choice
of signal S(t) = 8(t). Combining these estimates of N and S give

aw™!
o202

2
NSR(w) = , (18)

where the numerator is the noise spectrum N and the denomina-
tor is the signal spectrum S. The constant o was chosen such that
NSR(10Hz) ~ 1, as this is similar to estimates of single-subject NSR,
and provided the best empirical result. The constant o corresponds
to the temporal width of the Gaussian signal S(t), and was chosen to
be 0 = 10 ms, as this provided optimal filtering of high-frequency

noise. The function NSR has minimums at w ~ +o0~1, and tends to
infinity as w — 0 and w — +oo. Thus, the Wiener filter defined by
Egs. (15) and (18) has a bandpass character, but any filter with a
low-pass cutoff frequency of approximately 15-20 Hz will produce
reasonable results. Several different filter choices are demonstrated
in Fig. 4, showing that the overall magnitude of NSR (relative to Rs)
is more important to the deconvolution time series than its precise
form (Fig. 4B, D, and F).

2.5. Quantification

If the SNR of the deconvolution time series D¢ is high enough
that one or more peaks are clearly distinguishable, then D¢ can be
quantified in terms of their areas and latencies. These peaks are typ-
ically much smoother (due to Wiener filtering) and more delta-like
than those in the EP time series, and each peak is determined by the
entirety of the original time series. Compared to traditional scoring
methods, this increases the objectivity and simplicity of quantifica-
tion, and allows the peaks to be more completely described by only
two parameters (latency and area).

Peak latency can be easily and accurately quantified by inspec-
tion, since peaks in the deconvolution time series are usually
symmetric about their extremums. Additionally, the width of a typi-
cal deconvolution feature is approximately half that of a component
in the EP time series, allowing greater precision to be obtained.

Peak areas are more difficult to quantify, due to the fact that the
signal does not always immediately return to zero on either side of
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Fig. 7. Deconvolution of experimental EPs. (A) Group average standard (solid) and
target (dotted) responses. (B) Deconvolution time series D¢ of the group average
EPs, showing two clear delta spikes, plus additional signal, oscillatory artifact, and
noise. (C) Standard (solid) and target (dotted) responses recorded at the Cz electrode
from a single subject. (D) Deconvolution time series D¢ for these single-subject EPs,
showing two clear delta spikes, despite the absence of a well-defined N2 feature in
the target.
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Fig. 8. Distributions of quantitative EP measures for 43 single subjects, comparing
measures determined by scoring with equivalent measures in the deconvolution
time series. (A) Latency difference between target N1 and standard N1, determined
by scoring. (B) Latency of the first peak in the deconvolution time series. (C) Ratio of
target N2 amplitude to standard N1 amplitude, determined by scoring. (D) Area of
the second peak in the deconvolution time series.

a peak, due to noise or artifact. In cases where it does, peak area A
can be calculated by

)
A= c/ D¢(t)dt, (19)

ta

where t; and t;, are the times at which D¢ returns to zero on either
side of the peak, and C is a normalization coefficient, given by
o = =
\D’ Dc\ dw
C= % (20)
S IDc? dw

where D¢ is the Wiener-filtered deconvolution spectrum, and D/-
is the spectrum prior to filtering. This normalization coefficient is
necessary because the Wiener filter produces attenuation, but not
amplification, and hence changes the total power of the deconvo-
lution spectrum. The inclusion of D¢ in both the numerator and
denominator of Eq. (20) optimizes the normalization factor for the
frequencies that contribute most strongly to De.

3. Results

This section demonstrates the advantages and limitations of the
deconvolution method by applying it to the synthetic and exper-
imental data described in Section 2.1. In addition to qualitative
comparison with Fig. 2, this section compares quantitative mea-
sures of peak amplitude and latency obtained using deconvolution
to those obtained using peak scoring.

3.1. Synthetic data

Deconvolution of the noiseless synthetic data produced a time
series D¢ consisting of two delta-like spikes at latencies Ly = 0 ms
and L; = 100 ms, in exact agreement with prediction, as shown
in Fig. 5B. The areas of the two peaks, which measure the ampli-
tudes of the target features with respect to the standard, were
Ao = A1 = 1.03, compared to the ideal value of A = 1; relative peak
area was identical to the ideal value (A /Ag = 1). Wiener filtering

causes a truncation of the power spectrum at ~ 20 Hz, and its effect
is apparent in Fig. 5B as an oscillatory artifact and a broadening
of the spikes. This attenuation of high frequencies is necessary for
removing noise in real data, but causes an unavoidable loss of sig-
nal; it is compensated for by the normalization coefficient in Eq.
(20).

Deconvolution of the noisy synthetic data yielded two delta-
like features for 34 out of 40 of trials; an example is shown in
Fig. 5D. Despite the fact that peak latencies (Lp = 0.2 + 3.3 ms and
Ly = 103 £ 4 ms [mean & SEM]) and areas (Ap = 0.97 £ 0.07,A; =
0.92 £+ 0.08) both showed considerable variability, their means
were very close to the expected values. Hence, even in the pres-
ence of significant noise, both qualitative and quantitative results
can be obtained using this method. (Note: SEM is used throughout
as an approximate indication of uncertainty.)

To investigate the effect of simple perturbations of the input
data on the deconvolution, simulation studies were performed by
modifying the noiseless synthetic data, as shown in Fig. 6. The addi-
tion of a large P3 component to the noiseless synthetic target time
series (Fig. 6A) resulted in artifact affecting primarily the region
of the time series surrounding the peaks (Fig. 6B; cf. Fig. 5B). The
addition of a small-amplitude feature late in the target time series
(Fig. 6C) produced only a localized disruption to D¢ (Fig. 6D); there
was no effect on the two peaks. In contrast, the addition of a small
feature in the standard time series (Fig. 6E) created artifact in D¢(t)
for all t (Fig. 6F). Thus, although noise in the target time series at
time t will only affect the deconvolution time series at time t ~ t,
noise in the standard will affect the entire deconvolution. The rea-
son can be seen from Eq. (7): a perturbation in Ry corresponds to a
nonzero Ny, which has an additive effect on the deconvolution; in
contrast, a perturbation in Rg, corresponding to a nonzero Ng, has a
multiplicative effect.

3.2. Experimental data

The deconvolution of the group average target EP from the Cz
electrode produced two delta-like peaks with a relatively flat base-
line, a result qualitatively identical to the noisy synthetic data, as
shown in Fig. 7. This supports the hypothesis that target EPs can be
largely accounted for as two superimposed standard responses. The
negative deflections on either side of the two peaks in Fig. 7B are
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Fig.9. Effects of the number of subjects (horizontal axis) and number of target trials
per subject (vertical axis) used to produce the group average EPs on the SNR of the
deconvolution time series (shading). Increasing either the number of subjects or
the number of trials per subject increases the SNR of the deconvolution time series,
indicating that the SNR is proportional to the total number of trials, regardless of
their distribution across subjects.
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Fig. 10. (A) SNR of the deconvolution time series (vertical axis) as a function of the
total number of single target trials (n, horizontal axis). A single subject corresponds
to n = 60, while the group average corresponds to n = 2580. (B) SNR as a function
of /n, showing a linear relationship for n < 500.

partially due to artifact resulting from low-pass filtering, as shown
in Fig. 5B.

Of the 43 single-subject target and standard EPs, peak scor-
ing for all EP components (standard N1 and P2; target N1, P2, N2,
and P3) was possible for 38 subjects, although these peak scores
were unambiguous for only 22 subjects (i.e., only one extremum
of the correct sign was present within the given latency range).
Deconvolution produced at least one quantifiable peak for 42 sub-
jects; of these, quantification was unambiguous for 31 subjects
(i.e., peaks were delta-like, returned to zero on either side, and
were of larger amplitude than the rest of the time series). Thus,
deconvolution provided unambiguous quantification for nearly
50% more subjects than peak scoring. Significantly, some targets
lacking a clear N2 component still produced deconvolutions con-
taining two obvious peaks; an example is shown in Fig. 7C. In
contrast to peak scoring, which would suggest an absence of P2
and N2 components, deconvolution analysis implies that both N1
and N2 are still present, but are superimposed into a single broad
peak. Deconvolution did not produce useful results for all sub-
jects, however, especially those with either small standard P2
amplitudes or large target P3 amplitudes. This implies that P3
cannot be entirely explained as a superposition of standard P2
features.

3.2.1. Quantification

To evaluate the relative effectiveness of peak scoring and
deconvolution as methods of EP quantification, their estimates of
component latency and amplitude were compared. To determine
the latency difference ALy; between target and standard N1 com-
ponents, the latency score of the standard N1 was subtracted from
the latency score of the target N1 for each of the 43 subjects, yield-
ing ALyy = —5.5 4+ 2.5 ms (mean & SEM), as shown in Fig. 8A. The
corresponding measurement in the deconvolution time series is the
latency of the first peak, which was Ly = 0.8 = 1.8 ms. Compared
to scoring, this measurement has smaller variance and mean, as
shown in Fig. 8B. Furthermore, a Wilcoxon signed-rank test showed
that the deconvolution data is consistent with a median latency
difference of zero (p > 0.9), while scoring data is not (p < 0.03).
Thus, while both methods show that standard and target N1 laten-
cies are similar, deconvolution allows increased precision for this
measurement, and provides stronger evidence that both are gener-
ated by the same system. The latency difference between target
N2 and standard N1 features determined by peak scoring was
ALy, = 95 + 4 ms, which does not significantly differ from the cor-
responding value obtained using deconvolution (L = 96 + 3 ms).

Since the areas Ag and A; of the peaks in the deconvolution
time series D¢(t) represent the target/standard amplitude ratios,
they can be compared to amplitude ratios determined using peak
scoring. The distribution of target/standard N1 amplitude ratios
obtained by scoring was 1.8 + 0.2, which is consistent with the cor-
responding distribution of deconvolution peak areas (Ap = 1.6 &+
0.1), according to a Kolmogorov-Smirnov test (p > 0.5). In con-
trast, the target N2/standard N1 amplitude ratio distribution was
1.2 4+0.2 (Fig. 8C), compared to A; =2.1+0.2 from deconvolu-
tion (Fig. 8D), a difference that is highly significant (p < 0.007).
Although peak scoring yielded larger target N1 amplitudes than
N2 amplitudes, this assumes no temporal overlap between tar-
get P2 and N2 components. If temporal overlap occurs, it can be
removed using deconvolution, allowing a more accurate estimate
of N2 amplitude. Since deconvolution yielded peak areas A; > Ay,
this indicates that underlying N2 amplitude may be larger than N1
amplitude on average. In summary, for each of the four quantita-
tive results, deconvolution yielded a smaller variance than scoring,
reaching statistical significance for the target/standard N1 latency
difference (Levene’s test, p < 0.03) and the target N2/standard N1
amplitude ratio (p < 0.003).

3.2.2. Signal-to-noise ratio

To determine the effects of the number of subjects (ns) and the
number of target trials per subject (n;) on the SNR of the deconvolu-
tion time series, an average EP was calculated for each combination
of ng and n;, up to the limits of the dataset (ns = 43, n; = 60). Decon-
volution was performed on the resultant EPs, and the SNR was
computed as SNR = v, /ve — 1, where v, and v, are the variances of
the peaks in the deconvolution time series and the region excluding
the peaks, respectively. Deconvolution of single-subject EPs gave
SNR = 2.0 & 0.2, while the group average gave SNR = 8.2, as shown
in Fig. 9. The hyperbolic contours in Fig. 9 imply that the SNR is
determined by the total number of trials n, regardless of their distri-
bution across subjects; this is also shown by the clustering of points
in Fig. 10. For n < 500, the SNR of the deconvolution is proportional
to +/n,and hence it can be improved by increasing either the number
of subjects or the number of single trials per subject used to gen-
erate the EP. Furthermore, the asymptotic behavior above n ~ 500
indicates that near-optimal results can be obtained even with a rel-
atively small sample size (8-10 subjects, with 60 target trials per
subject).

4. Discussion and summary

This paper presents a method for deconvolving auditory odd-
ball target EPs by using standard EPs, allowing the brain’s
task-dependent response to be separated from its task-invariant
response. In contrast, traditional methods of identifying task-
dependent EP features, such as difference signals (“difference
waves”) and mismatch negativity, require the assumption that the
target response consists of task-specific activity superimposed on
an unchanged standard response. While such approaches can yield
useful results when interpreted carefully, deconvolution allows
task-dependent features to be identified without making specific
assumptions about the task-invariant response.

Unlike peak scoring, deconvolution allows the separation of
temporally superimposed features, as seen in Fig. 7. This shows that
targets appearing to lack an N2 component may instead have both
N1 and N2 superimposed into a single broad peak, in which case
scoring will yield inaccurate amplitudes and latencies for N1 (and
omit N2 entirely). Similarly, if there is significant temporal overlap
between P2 and N2 components, deconvolution can provide a more
accurate estimate of underlying N2 amplitude and latency than is
possible using other methods. Additionally, the latency of the first
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peak in the deconvolution time series yields a more precise mea-
sure of target-standard N1 latency difference than traditional peak
scoring.

Both scoring and deconvolution rely on a small number of
parameters to quantify the entire EP time series, but deconvolution
has two major advantages as a method of target EP quantification.
First, whereas peak scores are usually determined by only a hand-
ful of points in the data, each peak in the deconvolution time series
is determined by the entirety of the original EP time series. Sec-
ond, due to the delta-like form of the peaks in the deconvolution
time series, quantifying these in terms of area and latency allows
greater precision and discards less information than the compara-
ble method of scoring EP time series.

Deconvolution produced at least one clear peak for all but one
of the single-subject EPs, although many of these deconvolutions
also contained significant noise. Since the SNR of the deconvolution
time series was found to be directly proportional to the inferred
SNR of the input data, it can be improved by increasing the num-
ber of single trials used to produce the averaged EPs. This can be
achieved by increasing either the number of trials per subject or
the number of subjects used to produce the average EPs, with near-
optimal SNR provided by approximately 500 target trials, which
corresponds to averaging over approximately 10 subjects in a typ-
ical paradigm.

The two peaks seen in the deconvolution time series suggest that
target EPs (with the exception of P3b) resemble superpositions of
two standard EPs, a possibility that can be plausibly explained by
thalamocortical loops. The latency difference of approximately 100
ms between the peaks is comparable to the thalamocortical loop
delay (e.g., Csépe, 1995; Robinson et al., 2001; Rennie et al., 2002;
Rowe et al., 2004; Kerr et al., 2008), implying that, while standards
are produced by a single impulse from the thalamus to the cortex,
a second thalamocortical impulse is involved in target generation.
Additionally, the greater area of the second peak implies transient
amplification of the signal, consistent with an excitatory feedback
loop. Although this framework may appear to imply that EPs are
the result of evoked activity, it is also consistent with EPs being
the result of stimulus-induced phase synchronization of ongoing
EEG activity, as some authors have recently argued (e.g., Makeig
et al., 2002; Martinez-Montes et al., 2008), if the wavelets resulting
from phase synchronization can be linearly superposed. In this case,
the postulated thalamocortical impulses would result in phase-
resetting of ongoing activity in the cortex, as opposed to evoking
additional activity.

While it appears that target N1, P2, N2, and P3a features
can be accounted for as superpositions of standard N1 and P2
features, the target P3b feature requires a separate explanation.
This is consistent with the scalp distributions of these features,
since whereas N1, P2, N2, and P3a all have fronto-central scalp
distributions, P3b has a parietal distribution, suggesting a distinct
generating mechanism (Anderer et al., 1996; Polich, 2003, 2007,
Linden, 2005). It may be possible to use deconvolution to separate
P3a from P3b, and hence obtain estimates for their amplitudes and
latencies, even when they are superimposed as a single P3 feature.

Here we have considered only auditory EPs, as these present
the fewest complications, given the comparatively simple anatomy
of the auditory cortex. However, this method is applicable to any
condition-based paradigm where the resultant time series appear
to be partially condition-invariant; hence, deconvolution may be
applied to any EP paradigm featuring multiple conditions. Future
work will investigate the application of this method to different
paradigms, as well as to clinical EP data.

Note: Matlab and IDL implementations of the Wiener
deconvolution algorithm described in Section 2 are avail-
able for free download from: http://www.physics.usyd.edu.au/
complex-systems/.
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