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There are also several strategies that you can use for determinin,s 
the starting positions and orientations of the dipoles, and differenl 
strategies will lead to different results. Unfortunately, most paper"!' 
using the BESA technique describe the model produced by one or 
two different starting positions. Almost every time I have read a 
paper that used the BESA technique, I wished the authors ha(j 

provided a detailed description of the results that would have 
been obtained with a wide variety of different starting locations. il 
would be possible for researchers to do this. Indeed, Aine, Huang. 
and their colleagues have developed what they call a multi-start 
approach to localization, in which they apply the localization algo· 
rithm hundreds or even thousands of times with different startinb 
parameters (Aine et aI., 2000; Huang et aI., 1998). It is then possi­
ble to determine which dipole locations occur frequently in the 
solutions and are therefore relatively independent of the starting 
parameters. 

Another strategy is to start with dipoles in locations that art: 
based on preexisting knowledge about the brain. The location::. 
could be based on general knowledge (e.g., the location of primar~ 

and secondary auditory areas), or they could be based on specific 
results from previous experiments (e.g., activation centers from 
a similar fMRI experiment). When using the latter approach, re­
searchers sometimes say that the solution is based on seeded 
dipoles, and some studies have explicitly shown that similar 
results were obtained with random dipole locations and seeded 
dipoles (e.g., Heinze et aI., 1994). This is, in some ways, a reason­
able approach. However, it seems likely to lead to a confirmation 
bias, increasing the likelihood that the expected results will be 
obtained even if they are not correct. 

Shortcomings of the BESA Approach 
The BESA approach has several shortcomings, but the most signif­
icant problem is that there is no mathematically principled means 
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of quantifying the accuracy of a solution. Specifically, in the pres­
ence of noise, it is possible for a substantially incorrect solution to 
have the same (or lower) residual variance than the correct solu­
tion. Even with minimal noise, it is possible for a substantially in­
correct solution to have a very low residual variance (especially 
when using more than a few dipoles). One reason for this is that 
each BESA dipole has five free parameters (plus a time-varying 
magnitude parameter). Thus, a model with only six dipoles has 
thirty free parameters, and a relatively large error in one of these 
parameters can easily be offset by small adjustments in the other 
parameters, resulting in low residual variance. Even if only one 
dipole is present, the BESA solution may be inaccurate due to 
noise in the data and errors in the head model. Without some 
means of quantifying the likelihood that a solution is correct or 
even nearly correct, it's hard to use a BESA solution to provide 
strong support for or against a hypothesis. 

The second most significant shortcoming of the BESA technique 
is the operator dependence of the technique (as mentioned briefly 
in the previous section). In addition to setting the number and ini­
tial positions of the dipoles, a researcher can adjust several other 
parameters that control how the algorithm adjusts the positions 
and orientations of the dipole while searching for the configuration 
with the least residual variance. Moreover, at several points in the 
process, the researcher makes subjective decisions about adding or 
deleting dipoles from the solution or changing various constraints 
on the dipoles. I have seen ERP researchers spend weeks applying 
the BESA technique to a set of data, playing around with different 
parameter settings until the solution "looks right." Of course, what 
"looks right" is often a solution that will confirm the researcher's 
hypothesis (or at least avoid disconfirming it). 

Another significant shortcoming of the BESA technique is that 
it will produce an incorrect solution if the number of dipoles is 
incorrect. It is difficult or impossible to know the number of 
dipoles in advance, especially in an experiment of some cognitive 
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complexity, so this is a significant limitation. Moreover, BESA uses 
a discrete dipole to represent activity that may be distributed 
across a fairly large region of cortex, and this simplification ma~ 

lead to substantial errors. 

ASimulation Study 
There have been a variety of tests of the accuracy of equivalent cur­
rent dipole localizations, but they have mostly used only one or 
two simultaneously active dipoles (see, e.g., Cohen & Cuffin, 1991; 
Leahy et aI., 1998). These simulations are useful for assessing the 
errors that might be likely in very simple sensory experiments, bUI 
they do not provide meaningful information about the errors that 
might occur in most cognitive neuroscience experiments. 

Miltner et al. (1994) performed the most informative simulation 
study in the context of cognitive neuroscience. This study used 
BESA's spherical, three-shell head model to simulate a set of 
dipoles and produce corresponding ERP waveforms from thirty­
two electrode sites. From these ERP waveforms, nine participants 
attempted to localize the dipoles using BESA. The participants 
consisted of ERP researchers with various levels of expertise with 
BESA (including three with very high levels of expertise).l The 
participants were told that the data were simulated responses from 
left somatosensory stimuli that were presented as the targets in an 
oddball task, and they were given the task of trying to localize the 
sources. The simulation comprised ten dipoles, each of which was 
active over some portion of a 900-ms interval. White noise was 
added to the data to simulate the various sources of noise in real 
ERP experiments. The simulation included two dipoles in left pri­
mary somatosensory cortex (corresponding to the PlOD wave and 
an early portion of the N150 wave), a mirror-symmetrical pair of 
dipoles in left and right secondary somatosensory cortex, midline 
dipoles in prefrontal and central regions, and mirror-symmetrical 
pairs of dipoles in medial temporal and dorsolateral prefrontal 
regions. 
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This is a fairly large set of dipoles,2 but the participants' task 
was made easier by at least seven factors: (1) the solution included 
several dipoles that were located exactly where they would be 
expected (e.g., the primary and secondary somatosensory areas); 
(2) three of the dipole pairs were exactly mirror-symmetrical 
(which matches a typical BESA strategy of assuming mirror 
symmetry at the early stages of the localization process); (3) the 
spherical BESA head model was used to create the simulations, 
eliminating errors due to an incorrect forward solution; (4) the tem­
poral overlap between the different dipoles was modest (for most 
of the dipoles, there was a time range in which only it and one 
other dipole or mirror-symmetrical dipole pair were strongly 
active); (5) with the exception of the two dipoles in primary soma­
tosensory cortex, the dipoles were located fairly far away from 
each other; (6) the white noise that was added was more easily fil­
tered out than typical EEG noise and was apparently uncorrelated 
across sites; and (7) the simulation used discrete dipoles rather 
than distributed regions of activation. 

Despite the fact that the simulation perfectly matched the as­
sumptions of the BESA technique and was highly simplified, none 
of the participants reached a solution that included all ten dipoles 
in approximately correct positions. The number of dipoles in the 
solutions ranged from six to twelve, which means that there were 
several cases of missing dipoles and/or spurious dipoles. Only 
two of the nine participants were able to distinguish between the 
midline prefrontal and midline central dipoles, and the other 
seven participants tended to merge them into a single dipole even 
though the actual dipoles were approximately 5 cm apart. 

Across all dipoles that appeared to be localized by the partici­
pants, the average localization error was approXimately 1.4 cm, 
which doesn't sound that bad. However, this was a simplified sim­
ulation based on the BESA head model, and the errors with real 
data are likely to be greater. Moreover, there were many cases in 
which an individual dipole's estimated location was 2-5 cm from 
the actual dipole's location, and the mean errors across dipoles for 
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would be meaningless. Thus, the source localization techniques 
that are currently in widespread use do not, in practice, provide a 
meaningful estimate of the margin of error. 

Probabilistic Approaches 
The commonly used source localization techniques attempt to find 
a single pattern of internal electrical activity that best explains the 
observed scalp distribution (along with satisfying other implicit or 
explicit constraints). When I read a paper that reports source local­
ization models, I always wonder what other distributions would fit 
the data as well as, or almost as well as, the reported solution. Are 
all reasonable solutions similar to the reported solution? Or are 
there other solutions that are quite different from the reported solu­
tion but fit the data and the constraints almost as well? After all. 
the presence of noise in the data implies that the correct solution 
will not actually fit the data perfectly, so a solution that explains 
only 97 percent of the variance may be closer to the correct solu­
tion than a solution that accounts for 100 percent of the variance. 

Figure 7.5 shows a simulation presented by Koles (1998) that 
illustrates this problem. Koles created a distributed source by using 
several nearby dipoles arranged along a curved surface, and fit an 
equivalent current dipole to the scalp distribution produced by 
this distributed source. He placed model dipoles systematically at 
a variety of locations, and measured the residual error for each of 
these locations. As the right side of figure 7.5 shows, the error was 
lowest near the location of the best equivalent current dipole, but 
there wasn't much difference in error over a fairly wide range of 
locations. This is exactly the sort of information that one needs to 
know when trying to evaluate a source localization model. 

In my view. it is misguided to attempt to find a unique solu­
tion given the uncertainties inherent in ERP localization. A better 
approach would be to report the entire range of solutions that fit 
the data and constraints to some criterion level (e.g., a fit of 95 per­
cent or better). Moreover, it would be useful to report the range of 
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Example of a distributed electrical Source (A) and the amount of error that WOt 
Occur in estimating this Source by a single dipole over a range of positions (8). I 

though a single point of minimum error eXists, the amount of error varies little 0\ 
a fairly wide range. (Adapted from Koles, 1998. © 1998 Elsevier Science Irela 

. Ltd.) Thanks to ZoJtan Koles for providing electronic versions of these images. 

solutions obtained as one adds and removes various constraints. : 
for example, one Were to find high levels of estimated activity j 

a particular region in almost any solution, no matter what COl 
straints were used, then this would give us considerable conl 

dence that this region really contributed to the observed ERPs. 
A few investigators have explored this general sort of approacl 

For example, as described in the section on equivalent soure 
dipole approaches, Huang, Aine, and their colleagues (1998) ha\ 
developed a multi-start approach in which the dipole localizatio 
procedure is run hundreds or thousands of times with differer 
starting positions. This makes it possible to See which dipole lOCi 
tions are found frequently, independent of the starting positions ( 
even the number of dipoles in the model. This approach poter 
tially solves the most significant shortcomings of equivalent soure 
dipole approaches. In particular, the solutions are largely operata 
independent, and it is possible to assess the likelihood that a give 
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dipole location occurred because of the starting positions of the 
dipoles or because of incorrect assumptions about the number of 
dipoles. 

Although the multi-start approach addresses these shortcomings, 
it still falls short of providing a quantitative description of the 
probability that a particular brain area contributed to the observed 
ERP data. That is, a dipole may have been found in a given region 
in some percentage of the solutions, but the localization approach 
does not guarantee that the space of adequate solutions is sampled 
completely and evenly. However, Schmidt, George, and Wood 
(1999) have developed a distributed source localization technique 
based on Bayesian inference that provides a more sophisticated 
means of assessing probabilities. This technique is similar to the 
multi-start technique insofar as it generates thousands of potential 
solutions. However, its basis in Bayes's theorem allows it to pro­
vide a more complete and quantitative description of the space of 
possible solutions. This is the most promising localization tech­
nique that I have seen. Unfortunately, it has not yet been widely 
applied to real experiments, and other groups of researchers 
have not yet thoroughly explored its limitations. Nonetheless, the 
more general principle embodied by this approach and the multi­
start approach-which systematically explore the space of likely 
solutions-seems like the best direction for the development of 
source localization techniques. 

commendations 
I will end this chapter by providing some recommendations about 
whether, when, and how you should use source localization tech­
niques. My basic conclusion is that ERP localization is extremely 
difficult, and it should be attempted only by experts and only 
when the solution space can be reduced by well-justified con­
straints, such as structural MRI data and the combination of elec­
trical and magnetic data. In addition, the most commonly used 
techniques are useful primarily for obtaining converging evidence 
rather than providing a conclusive, stand-alone test of a hypothe-
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sis, although ongoing developments may someday allow source lo­
calization data to provide definitive results. 

Source Localization and Scientific Inference 
To assess the value of source localization techniques, it is useful 
to put them into the context of general principles of scientific infer­
ence. Perhaps the most commonly cited principle of scientific in­
ference is Popper's (1959) idea of falsification. A commonly used, 
although less commonly cited, extension of this idea is Platt's 
(1964) notion of strong inference, in which the best experiments 
are those that differentiate between competing hypotheses, sup­
porting one and falsifying the other. 

How do source localization techniques fare when judged by 
these standards? Not well. I don't think anyone really believes that 
a single source localization model can conclusively falsify a hy­
pothesis or definitively decide between two competing hypotheses. 
There are simply too many uncertainties involved in source local­
ization. On the other hand, it is rare that a single experiment us­
ing any method is 100 percent conclusive, so this standard may be 
unrealistic. 

A more flexible approach is to apply Bayes's Theorem to scien­
tific inference. In this context, we can summarize Bayes's Theorem 
by stating that a new result increases the probability that a hypoth­
esis is true to the extent that (a) there is a high probability of that 
result being true if the hypothesis is true, and (b) there is a low 
probability of that result being true if the hypothesis is false. In 
other words, a finding that is consistent with a hypothesis does 
not give us much more faith in the hypothesis if the finding is 
likely even if the hypothesis is wrong. 

In this context, a given source localization model will have value 
to the extent that it not only supports a specific hypothesis but is 
also unlikely to have been obtained if the hypothesis is false. It's 
the second part of this equation that is especially problematic for 
source localization models, at least as researchers typically use 
them. As discussed in the previous section, source localization 
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models provide an estimate of the internal distribution of electrical 
activity, but they do not typically quantify the probability that the 
estimate is incorrect (which is related to the probability that the 
finding would be obtained even if the hypothesis is false). How­
ever, this problem can be overcome, at least in principle. For 
example, the probabilistic approaches described in the previous 
section are designed to provide information about the range of 
possible solutions, making it possible to assess the probability that 
activity would appear in a given location in the models even if the 
corresponding brain location were not truly active. Thus, although 
most source localization methods are not well suited for this kind 
of scientific inference, this does not appear to be an intrinsic limi­
tation of the entire source localization enterprise. 

Another commonly cited principle of scientific inference is the 
idea of converging evidence, which was first developed in the con· 
text of perception research (Garner, Hake, & Eriksen, 1956) but is 
now widely used in cognitive neuroscience. The basic idea is that 
many interesting questions about the mind cannot be answered by 
means of any single method, but a clear answer can be obtained 
when many methods with different strengths and weaknesses con­
verge on the same conclusion. This is a common use of source 
localization models. That is, the researchers understand that the 
models are not conclusive evidence that the ERPs are generated in 
specific brain regions, but they believe that the models are valuable 
insofar as they converge with data from other sources. Box 7.1 pro­
vides an example of this from my own research. 

Until source localization techniques routinely provide meaning­
ful, quantitative information about the probability that a given 
model is correct, the main role of source localization models will 
be to provide converging evidence. However, not all cases of con­
verging evidence are created equal: If a model uses weak methods 
to create a given source localization model, then this model will 
provide only weak converging evidence. And the value of such 
models is questionable, especially given the time and expense 
often involved in the modeling process. At present, source local· 
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801 7.1 Converging Evidence 

The following is an example of how I have used source localization to provide 
converging evidence for a specific hypothesis. My initial visual search experi­
ments examining the N2pc component suggested that this component reflects 
the focusing of attention onto a target and filtering out irrelevant information 
from the distractor objects (luck & Hillyard, 1994a, 1994b). This seemed 
similar to the types of attention effects that Moran and Desimone (1985) 
observed in single-unit recordings from area V4 and from inferotemporal cor­
tex, but I had no way of localizing the N2pc to these areas. Then leonardo 
Chelazzi conducted a series of follow-up stUdies in Desimone's lab using vi­
sual search tasks that were mOre similar to the tasks that I had used to stUdy 
the N2pc component (Chelazzi et aI., 1993, 1998,2001). The onset of the at­
tention effects in these single-unit stUdies was remarkably similar to the onset 
time of the N2pc component, and this suggested that the N2pc component 
might reflect the same neural activity as the single-unit attention effects. 
To test this hypothesis, I conducted a series of N2pc experiments that paral­
leled Chelazzi's single-unit experiments, and I found that the N2pc compo­
nent responded to several experimental manipulations in the same way as the 
single-unit attention effects. To prOVide converging eVidence, I collaborated 
with Max Hopf and Hajo Heinze on a combined ERP/ERMF stUdy of the N2pc 
component using the cortically constrained minimum norm approach (Hopf et 
al., 2000). The resulting source localization model was consistent with a 
source in the general area of the human homologues of monkey V4 and IT 
(with an additional source in posterior parietal cortex). In this manner, the 
source localization data provided converging evidence for a link between the 
N2pc component and a specific type of neural actiVity (see luck. 1999 for an 
extended discussion of this general approach, which combines traditional hy­
pothesis testing with source localization). 

ization models provide reasonably strong converging evidence 
only if they are the result of state-of-the-art methods and only if 
they are developed thoughtfully and carefully. 

Specific Recommendations 

My first specific recommendation is to avoid techniques that 
involve substantial input from the operator (which is true of 
many, but not all, equivalent current dipole approaches). These 
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techniques are so prone to experimenter bias that they can provide 
only the weakest sort of converging evidence. In fact, I would argue 
that these models are often worse than no models at all, because 
they provide the illusion of strong evidence when in fact the evi­
dence is weak. The one exception to this recommendation is that 
these approaches may be adequate when a combination of three 
criteria are met: (1) the data are very clean; (2) you can be sure 
that only one or perhaps two dipoles are present; and (3) you have 
good reason to believe that the electrical activity is relatively fo­
cused rather than being distributed over a large region. Localiza­
tion is fairly easy under such conditions, and validation studies 
have shown that localization errors average approximately 1 em or 
less when these criteria are met (see, e.g., Cuffin et aI., 1991; Leahy 
et aI., 1998). 

My second specific recommendation is to obtain structural MRI 
scans from each subject so that you can create a reasonably ac­
curate head model and use one of the cortically constrained 
approaches (which typically involve distributed source solutions 
rather than equivalent current dipole solutions). For most experi­
ments in cognitive neuroscience, it is very likely that the activity 
is generated exclusively in the cortex with a perpendicular orien­
tation, and this provides a powerful constraint that reduces the 
solution space considerably. The most common versions are the 
depth-weighted minimum norm and LORETA techniques, de­
scribed previously in this chapter. LORETA is well suited for 
situations in which (a) you want to determine the center of each 
activated region, (b) you do not care about the spatial extent of the 
activated regions, and (c) the activated regions are well separated 
from each other. If these conditions are met, LORETA appears to 
work quite well (see, e.g., the impressive LORETA/fMRI corre­
spondence obtained by Vitacco et aI., 2002). If these conditions 
are not met, I would recommend using the depth-weighted mini­
mum norm approach. 

My third recommendation is to use difference waves to isolate a 
single component (or small set of components; see chapter 2 for 
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more discussion). The more components are active, the more of 

a mess you will have to sort out. Equivalent Current dipole ap­
proaches become particularly problematic when more than a few 
sources are present, but this can also be a problem for distributed 
SOurce approaches. 

My fourth recommendation is to record ERMFs in addition to 
ERPs. ERMFs have two major advantages over ERPs. First, they are 
not blurred and distorted by the high resistance of the skUll, lead­
ing to greater resolution and a smaller space of possible solutions 
(see, e.g., the simulation results of Leahy et aI., 1998). Second, be­
cause biological tissues are transparent to magnetism, it is not nec­
essary to create a model of the conductivities of the brain, skull, 
and scalp, and this eliminates one possible source of error. ERMF 

recordings do have a couple disadvantages, though. First, they are 
very expensive, both in terms of the initial capital investment and 
the maintenance costs (particularly the coolant). Second, ERlIIfF 
recordings will not be able to detect sources that are deep or per­
pendicular to the surface of the head (note, however, that this 
becomes an advantage rather than a disadvantage when ERMFs 
are combined with ERPs). In my experience, Source localization is 
just too uncertain when based on ERPs alone. 

The bottom line is that SOurce localization is extremely difficult,
 
and any serious attempt at localization will require sophisticated
 
methods and considerable costs (both in terms of time and money).
 
If you simply record ERPs from a large number of channels and
 
try to fit a half dozen dipoles to the data with no additional con­

straints, it's not clear what you will have learned. At best, you will
 
gain some weak converging evidence. At worst, you will be misled
 
into believing in a solution that is simply incorrect.
 

I would like to end by noting that the clear strength of the ERP 
technique is its temporal resolution, not its ability to localize brain 
function. It is therefore sensible to use this technique primarily to 
answer questions that require temporal resolution, leaving ques­
tions about localization of function to other techniques. When a 

question requires a combination of temporal and spatial resolution, 
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a combination of ERPs, ERMFs, structural MRI scans, and fMRi 
data may provide reasonably strong evidence, but the commonly 
used methods for localizing ERPs/ERMFs do not make it cleM 
how strong the evidence is. As new techniques are developed­
particularly those based on probabilistic approaches-we may 
eventually get to the point where we can have a reasonably high 
(and known) level of certainty. 
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