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Evoked potentials and stages of information
processing: Methods of analysis

JONATHAN VAUGHAN, DOUGLAS J. HERRMANN, and GREGORY BELL
Hamilton College, Clinton, New York

The use of principal components analysis (peA) for the study of evoked-response data may be
complicated by variations from one trial to another in the latency of underlying brain events.
Such variation can come from either random intra- and intersubject variability or from the ef
fects of independent variables that are manipulated between conditions. The effect of such varia
bility is investigated by simulation of these latency-varying events and by analysis of evoked
responses in a behavioral task, the Sternberg memory search task, which is well known to generate
variation in the latency ofbrain events. The results ofPCA ofwithin-subjects differences in these
two situations are plausibly related to underlying stages of information processing, and the tech
nique may augment reaction time data by providing information on the time of occurrence as
well as the duration of stages of information processing.
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The event-related potentialhas been used by a number
of investigators in recent years to supplement reaction
time measurements duringperformance on cognitive tasks
(Coles, Donchin, & Porges, 1986; Donchin, 1984). In
one approach, evoked responses are related to cognitive
stages of information processing by measurementof the
latency of peaks in the averaged evoked response, often
together with reaction-time measurements (e.g., Kutas,
McCarthy, & Donchin, 1977; McCarthy & Donchin,
1981; Renault, Ragot, Lesevre, & Remond, 1982). Such
observationsdemonstratethat differentstagesof process
ing are affectedby differentvariables. For example,P300
(a positive deflection of theaveraged evokedpotential with
latency of 300 msec or longer) has been associated with
several aspects of active cognitiveprocessingof stimulus
information, such as stimulus evaluation (Pritchard,
1981). Peak measurements presuppose, of course, that
the brain activity that is associated with each cognitive
stage (hereafter referred to as an event) is accompanied
by observable peaks in the evoked-response waveform,
and that these peaks are best characterizedby the latency
or amplitude of the locally maximum excursion of the
recorded voltage from baseline.

In anotherapproachto characterizing evokedresponses,
principal componentsanalysis (PCA) has been applied to
evokedresponses obtained duringtasksof the additive fac
tors design (Chapman, McCrary, & Chapman, 1981;
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Donchin& Heffley, 1978). PeA requiresno a priori iden
tifi.cation of particular peaks, and comparisons acrosscon
ditions are not limited to a few arbitrary characteristics
of the waveform. Rather, the technique summarizes the
data from each of a large number of individual observa
tions as a linear combinationof a few components, each
of which represents a pattern of correlated differences
across observations. In the most commonlyused method
of applying PCA, the average waveforms for several
within-subjects conditions are combined to provide the
corpus of raw data that is submitted to PCA. Typically,
a few components describe a large proportion of the
observation-to-observation variability, and the scores of
someof thesecomponents vary in a consistent (i.e, statisti
cally significant) manner from one experimental condi
tion to another. Althoughtask variations implicitlyaffect
cognitive processes and brain events and empirically af
fect the components extracted by PCA from evoked re
sponses, it cannot be claimed that the event and compo
nent are necessarily identical. Logically, the events
associated with a particular process might affect none,
one, or several of the components extracted by PeA of
within-subjects differences in the evokedresponse. In par
ticular, variations in the scores for a component cannot
be taken in every case as the variation in the amplitude
of an underlying brainevent, stationary in time, that varies
in amplitude from one condition to another, although it
maybe possibleto do so in particularcircumstances (e.g.,
Chapman et al., 1981).

An often unstated assumption in evoked-response re
search is that the sequence of brain events in successive
trials is similar in latency on every trial that contributes
to the average (referredto as the stationarity assumption).
The assumption is, of course, central to the logic of the
averagingprocess: signal, in the evoked-responsewave
form in each trial, is time locked with the stimulus that
initiates each sampling period and is additive across the



averaged trials, whereas noise is not time locked and thus
is uncorrelated across trials.

The purpose of the present paper is to explore the con
sequences of violations of the stationarity assumption. We
can evaluate the robustness of the assumption for situa
tions of particular interest to psychologists by briefly ex
amining the sources of variation in the most commonly
used dependent variable, reaction time. Then, having
demonstrated that the stationarity assumption is not strictly
met in many experimental situations and is frankly vio
lated in others, we consider the consequences of its vio
lation by using principal components analysis to exam
ine both simulated data and behavioral data (from the
Sternberg memory search task, 1966, 1969) that violate it.

There are two sources of latency variation in reaction
time in tasks that require speeded overt responses. First,
reaction time can be observed to vary from one trial to
another (random latency variation). In addition to this ran
dom variation, reaction time varies in response to indepen
dent variable manipulation (experimental latency varia
tion). Within the information-processing tradition, there
are many manipulations of independent variables that
change response latency (e.g., Chase, 1984; Donders,
1869/1969; Posner, 1978; Wickens, 1984); for the pur
poses of the present discussion, memory search (Stern
berg, 1966, 1969) serves as a prototypical paradigm for
the examination of experimental latency variation.

Random latency variation affects evoked-response
measures as well as reaction time, and it may have the
same sources. The latency of underlying brain events has
been shown to vary with reaction time (Kutas et al.,
1977). Kutas et al. demonstrated that in a categorization
task, P300 latency and reaction time were correlated
(r= .61) when subjects were instructed to maintain ac
curacy.

As an example of experimental latency variation, Adam
and Collins (1978) and Ford, Roth, Mohs, Hopkins, and
Kopell (1979) showed that in the Sternberg memory
search task, P300 latency increased at a constant rate per
item, slightly less than reaction time in the same ex
periments.

Either source of variation in the latency of brain events
may at best reduce the effectiveness or at worst totally
invalidate the use of signal averaging techniques, and it
may have unusual effects on the results of PCA (Don
chin & Heffley, 1978; Hunt, 1984; MOCks, 1986). Ran
dom latency variation is probably the more tractable of
the two sources, since its magnitude is likely to be smaller,
and since plausible techniques may be developed to
eliminate or minimize its effects. One method for reduc
ing random latency variation of a particular component
from one trial to another, for example, is to translate the
time scale of each trial so that its waveform optimally
agrees with a template (Kutas et al., 1977; Woody, 1967).
The positive or negative translation serves to bring the
latency-varying features of the waveform into alignment,
but inevitably displaces others; in particular, it eliminates
the synchrony of the stimulus onset on translated trials.
Other monotonic distortions of the time scale of individual
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trials may prove to be effective in eliminating random
variability in the latency of evoked-response events
without interfering with subsequent treatment of the wave
form as a whole in further analysis, such as expanding
or contracting the time scale of trials to align these separate
events. (Because pilot attempts to use such techniques on
data acquired for other purposes have not shown consis
tent improvements of analysis, techniques for reducing
the effects of random latency variability are not discussed
further here.)

The effects of experimental latency variation can be
large enough to translate parts of the evoked response over
a large enough time range that the shapes of the wave
form from different conditions are quite obviously differ
ent. This raises no problem for the peak latency and am
plitude and latency measurements, since waveforms are
averaged separately for each experimental condition and
subject. However, PCA is often applied across conditions
that have produced latency differences. The effect of PCA
approaches to analysis when such conditions obtain was
first explored in a simulation.

SIMULATION ANALYSIS OF STAGES AND
PRINCIPAL COMPONENTS ANALYSIS

In order to determine how PCA might be affected by
latency variation, simulated evoked-response data were
generated that contained two different "events": one with
constant latency but varying amplitude and another with
varying latency but constant amplitude.

Method
Thirty trials were generated for each of six conditions

in a 2 X 3 design. In each trial there were two half-sinusoid
components with arbitrary amplitude of 10 units, embed
ded in random noise. There were two conditions (AI and
A2) for the first component: it was present in each trial
in either positive (AI) or negative (A2) polarity and had
a constant latency of 400 msec after the beginning of each
simulated sample. There were three conditions (Bl, B2,
B3) for the second component: it always had positive
polarity, but latency varied among 600, 680, and
760 msec for conditions Bl, B2, and B3. The six condi
tions of the experiment corresponded to the factorial com
bination of the two A conditions and three B conditions.
Think of variable A as being similar to a stimulus manipu
lation affecting a perceptual process (such as stimulus
identification) in such a way that brain events do not vary
appreciably in latency, and variable B as representing a
manipulation (such as memory set size) that affects the
latency of some brain events in a consistent manner from
one condition to another. The interval (80 msec) between
different conditions was chosen to be representative of
one that might be observed in memory search when set
size was varied among 1, 3, or 5 items (see behavioral
data, below). PCA was conducted in a manner similar
to that used on behavioral data; that is, the component
analysis was performed on the differences in each condi
tion from the grand mean.
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Figure 1. Components (Cl, C2,and eJ) extracted byprincipal components analysis
from simulated evoked-response data.

Results
PCA of the simulated data extracted three components,

and an analysis of variance (ANDYA) after varimax ro
tation indicated that the first component was significantly
related to the first independent variable (A) and the sec
ond and third were related to the second independent vari
able (B) (all ps < .(01). Figure I indicates the compo
nent loading pattern for each of the three components that
were extracted by the PCA. To evaluate how well the
latency-varying event is represented by the PCA solution,
the data were reconstructed by linear combination, using
only the second and third components, that is, the com
ponents that showed significant effects of the latency
varying variable. Figure 2 indicates the reconstruction of
three of the six experimental conditions from loading pat
tern and independent variable scores, for three of the
memory set sizes at one intensity. The second and third
components represent the latency-varying event almost
perfectly. From these results one could easily infer the
underlying pattern of simulated events.

Discussion
To summarize the simulation results, the event that is

stationary in latency is well represented by one compo
nent (the first extracted), as expected. The latency-varying
event is, however, significantly related to two compo
nents. Thus the simulation indicates that a brain event
varying in latency affects more than one component of
the PCA, and that, together, those components identified
by ANDYA as being affected by the same independent
variable(s) can be combined (using appropriate weights
from the component scores calculated for each experimen
tal condition) to reconstruct the original voltage changes
produced by the independent variable manipulation(s).
Conversely, when the results of PCA reveal two or more
consecutive components that are affected by the Same in
dependent variable manipulations, it suggests (but does
not prove) that there is a single underlying event whose
latency varies in response to the relevant independent vari
able manipulation.

STERNBERG MEMORY SEARCH

Many of the performance situations that have been of
interest to students of cognitive processes have been con
ceptualized in a sequential stage framework. 1 Evoked
response data from these situations carry large sources
of experimental latency variation.

Previous applications (Chapman et al., 1981; Karis,
Fabiani, & Donchin, 1984) attempted to identify the com
ponents extracted from evoked-response data with par
ticular brain events, with the goal of a one-for-one cor
respondence between the two. For some events this is a
plausible strategy (e.g., the association of the P300 peak
with completion of stimulus evaluation), but for other
events the one-for-one correspondence between events and
components will not obtain.

First, consider the underlying stages of information
processing that are assumed to occur in the Sternberg
memory search task (Figure 3). For simplicity, each trial
is presumed (Sternberg, 1966, 1969) to consist of three
separate stages of processing: stimulus identification,
memory search, and response selection. For convenience,
we will assume that stimulus identification is constant in
duration, memory search varies in duration depending on
the size of the memory set, and response selection is again
constant. Now, consider what would happen if the evoked
responses to all trials were compared at many latencies
after the onset of the test letter in each trial, as occurs
in PCA. At the time indicated by the arrow marked A,
the comparison should indicate effects related to indepen
dent variable manipulations that affect the stimulus iden
tification stage: for example, stimulus degradation or in
tensity manipulations. At B, such comparison would
compare the early stages of memory search across con
ditions in which memory set size varied. If search was
qualitatively different, depending on memory set size, the
effect might be apparent.

At C, comparison across conditions would be more
complex. In the simplified model, at this latency after test
letter onset, the comparison would cut across qualitatively
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Figure 2. Reconstruction of that part of thesimulated evoked response that
is represented by the second and third components extracted (those that
showed a significant effect ofthe B variable). Solid lines: simulated data for
conditions AIBI (top), AIB2 (middle), and AIB3 (bottom). Dashed lines:
reconstructed data.

different processes. Evoked responses at time C contain
events related to response selection if memory set size
is 1, those related to memory search if set size is 5. Ef
fects of the comparison would include those that affect
memory search (such as memory set size) as well as those
that affect response selection (most notably response type,
yes or no). In terms of the analysis, these complex ef
fects could appear as memory set x response type inter
actions on components that represent this time epoch.

At D in Figure 3, a latency long enough to exceed the
effects of memory search, a comparison across conditions
might show only the effects of response type, if these per
sisted in time for all conditions.

The model's use is illustrated with data from a Stern
berg memory search experiment.

Method
Seven subjects were given 216 trials each of Sternberg

memory search in which memory set size was varied ran
domly from trial to trial among the values 1, 3, and 5;
and target letter intensity was high or low. On each trial,

evoked responses from three scalp locations (CPZand just
anterior to P3 and P4; Jasper, 1958), referred to linked
ears, were recorded for 1.2 msec after the onset of the
test letter. Evoked-response data were next averaged by
condition and centered with respect to each person's grand
average at each scalp location, so as to reflect only within
subjects differences (see Mocks & Verleger, 1985, for
a similar approach to within-subjects differences, and a
more fully developed rationale for it). The data were then
reduced by PCA and varimax rotation and evaluated by
an ANOVA of the component scores for each of the in
dependent variables.

Results
Analysis of reaction times showed main effects of

memory set (p < .00(1) and target intensity (p < .05),
but no differences due to response type (yes or no). Reac
tion time was 515 msec for Memory Set Size 1, 660 msec
for Set Size 3, and 726 msec for Set Size 5. Responses
to high-intensity test items were slightly faster (620 msec)
than to low-intensity test items (647 msec). Of 10 com-
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ponents extracted by PeA (whichtogether accountedfor
38.9% of the variance in the difference waveforms), the
scores of 8 showed significanteffects of the independent
variable manipulations. These effects are shown in Ta
ble 1, along with the latencyafter stimulusonset at which
the peak of the component loadingpatternoccurred. (This
latency is referred to below as component latency.)

The shortestlatencycomponent (80 msecaftertest letter
onset) was affected by a location x intensity interaction.
The effect of intensity is compatiblewith the comparison
at time A in Figure 3. Three medium-latency components
(with latencies of 320, 380, 460 msec) were affected by
memory set size and response type interactions, among
other complex interactions, including some with inten
sity. (Note that one of the components at 380 msec was
biphasic, with large pattern scores also at a latency of
740 msec. No interpretation is offeredfor the latter, since
it occurs well after the response had occurred in nearly
every condition.) These effects are consistent with the
comparison at C in Figure 3, as well as with other times
somewhat sooner or later than C that also cut across pre
sumed search and response selection processes.

An effect on one extracted component, the location x
response type interaction on the componentof a latency
of220 msec, does not fit wellintothe scheme of Figure 1.
The interaction results from the larger effect of response
type (yes or no) on the midline than on the lateral elec
trode locations. Its inconsistency with the model of Fig
ure 1 is in the expected order of effects of the various
independent variables. According to the assumed sequence
of stages, effects of response type, alone or in combina
tion with effects of memory set size, should occur only
after the memory search has been completed in at least

the Set Size 1condition.However, this effectof response
type occurs for a component whoselatencyis shorter than
any that show effects of memory set, and it is not differ
ent for different set sizes.

GENERAL DISCUSSION

The simulationand behavioral data reported here indi
cate that principal components analysis may be a useful
analytic tool in situations where independent variable
manipulations causelarge variations in the latencyof both
underlying brain events and manual response latencies.

The simulation data indicate that when sucheventsvary
in time, the manipulated variables affect more than one
of the components extracted by PeA. In some cases it
may be possible to infer from the pattern of effects the
actual sequence and timing of underlying events.

Table 1
Results of Principal Components Analysis of Memory Search Data

Peak Percent Independent
Pattern Loading Variance Variable

Latency* Explained Effectst

380; 74Q 7.3 I
460 5.3 MXT§, M, T

IxMxT, LXlxMxT
C3 920 5.2 LxMxT
C5 320 4.4 MxT
C6 80; 180 3.0 t.xr
C8 220 2.6 LxT
CIO 380 1.5 LXI:!:.lxT

*Latencyof most prominent peakof loading pattern of component. Com
ponents C1 and C6 each had two prominent peaks. tSignificance
levels are p < .01 except as indicated::tp < .001 and § < .0001. Key
for effects: I-intensity; M-memory set size; L-electrode location:
T-response type.



In the case of the behavioral data from a Sternberg
memory search task, PCA indicates not only that there
is brain activity that varies with response type, but it also
suggests the time epochs at which the variable affects
processing. The components whose peaks lie between 320
and 460 msec may be taken to indicate the time course
of memory search and response selection, since these
show effects of memory set size and response type, in
various patterns of interaction. Response selection could
begin at about 320 msec at the earliest, even on trials with
only a single item in the memory set. This time estimate
is consistent with the observed reaction time of
480-560 msec with only a single item in memory, because
this allows 160 msec for the response selection stage to
be completed under even the conditions of the fastest
manual response. This sequence (memory search followed
by response selection) is perfectly consistent with reason
able expectations for this task. However, if this analysis
is correct, then the early effect of response type at
220 msec must represent the effect of response type on
a process different from memory search and comparison
or response selection. It would complicate the interpre
tation of response latency data in the traditional additive
factors paradigm, since it suggests that a variable
(response type in this case) can affect different stages that
are widely separated in time. Exactly what the early
process affected by response type might be is not clear,
but stimulus priming or other preattentive processes may
provide plausible hypotheses (Vaughan & Bell, 1986).

In summary, PCA of evoked-response data has con
tributed to the study of the sequence and timing of stages
of cognitive performance. The simulation data presented
here suggest how evoked responses may be analyzed when
underlying stages vary in latency, and the behavioral data
suggest how evoked-response analysis can elucidate both
the duration of underlying stages and their time of oc
currence.
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NOTE

1. For the purposes of this paper, arguments will bedeveloped as
suming a sequential stage model. Several alternatives have been pro
posedfor this simplemodel(Coles, Gratton, Bashore, Eriksen, & Don
chin, 1985; McClelland, 1979), such as cascade or overlapping-stage
models.However, the argumentsmadehere are not affectedby the type
of underlying model assumed, as long as it is essentially sequential in
nature.




