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Temporal Dynamics of Brain Activity
in Human Memory Processes

Stephen J. Guastello,1,4 Kristy A. Nielson,1,2 and Thomas J. Ross3

We propose a line of study by which Functional Magnetic Resonance Imaging
(FMRI) can be used together with nonlinear dynamics concepts as a medium
for the study of brain organization. The concentration is on (a) the complex be-
havior of elementary neural circuits, and how they interact over brief spans of
time to produce cognition and memory; and (b) the change in circuit patterns
associated with aging. The method of orbital decomposition appears to be
ideally suited for these objectives and for determining how they integrate into
hierarchical processes. The adapted procedure begins with a 3-D FMRI matrix
of metabolic activity. Recurring patterns within a matrix row are identified and
matched across rows and across depth slices. These hierarchical patterns are
then compared over time for further recurrences. The computational proce-
dure identifies the optimal pattern length over time, the patterns, and the largest
Lyapunov for the system of patterns. Computations are assisted by statistical
tests for the extent to which the isolated patterns represent the underlying data.

KEY WORDS: FMRI; neural circuit; memory; topological entropy; Lyapunov exponent;
symbolic dynamics.

MESO-LEVEL NEURODYNAMICS AND COGNITION

Most of the early landmarks in the understanding of brain physiology
were derived from a simple but general hypothesis that localized functions
are associated with specific brain regions. The discoveries of Broca’s area and
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the sensory and motor cortices are examples that inevitably reinforced that
line of thinking. Other major discoveries have emanated from a microlevel
focus on the synaptic organization of the brain.

More contemporary research, however, has shifted the focus to meso-
levels of brain organization. The visual system is now understood as con-
taining many possible components which act in combination to produce a
particular perceptual result (Grigsby & Stevens, 2000). Similarly, there is
reason to believe that memory is a distributed process that involves many
groupings of neurons that are relatively small, and that the temporal patterns
of neuron firing contain a substantial amount of information about mem-
ory storage processing (Freeman, 2000; Grigsby & Stevens, 2000; Kohonen,
1989). Working from the micro end of hierarchical organization, patterns of
neuron firing are studied productively as neural networks (see Vickers &
Lee, 1998 for review). The temporal patterns of neuronal activation are
chaotic over time and the partial result of the combination of simple activa-
tion and inhibition responses of neurons in a cluster or pathway (Freeman,
2000; Kohonen, 1989). Furthermore, neuronal activation patterns differ for
novel stimuli compared to familiar stimuli. The formation of activation pat-
terns for familiar stimuli amounts to the formation of an attractor in the
nonlinear dynamics sense. Attractor structures are then thought to remain
stable, or shift, in the course of a lifespan.

The temporal dynamics of memory experiments can be analyzed for two
broad classes of information. Intertrial analyses would indicate whether and
how the response to one experimental trial would impact on the subsequent
responses. While intertrial response times have been traditionally regarded
as random or probabilistic processes, dynamical analyses indicates that is not
the case, and that modicum of structure and long-term patterning is evident
(Clayton & Frey, 1996, 1997). On the other hand, the meaning of those
patterns is yet to be revealed. Intra-trial analyses of memory experiment
data would provide information on the cue encoding, retrieval, and decision
processes.

FMRI AND MEMORY

FMRI technology is capable of detecting localized event-related chang-
es in MR signal over time. Its principal advantages over other non-invasive
methods are its excellent spatial and temporal resolution and, as no isotopes
are required, a virtually unlimited number of scanning sessions can be per-
formed on a given subject, making within-subject designs feasible. FMRI
has the ability to detect increases in cerebral blood volume, flow (Kwong,
Belliveau, & Chesler, 1992), and oxygenation (Bandettini, Wong, Hinks, &
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Tikofsky, 1992; Kwong et al., 1992; Ogawa, Lee, Kay, & Tank, 1992) that
locally occur in association with increased neuronal activity. A widely used
FMRI method for following human brain activity is based upon blood oxy-
genation level dependent contrast (Ogawa, Lee, Nayak, & Glynn, 1990).

FMRI has several inherent properties that enhance its utility for func-
tional brain mapping. The relatively small size of FMRI voxels (typically
2–4 mm) results in favorable image quality and spatial localization charac-
teristics. In addition, functional data can be registered with very high resolu-
tion standard MRI images acquired during the same scan session, giving the
ability to associate functional loci with specific anatomic landmarks. Third,
a large number of activation procedures can be performed in each subject
during a single session, enabling improved signal-to-noise ratios, exploration
of a wider variety of different functional systems in a given individual, and
virtual elimination of order effects in the experimental design.

Currently, the prevalent uses of neuroimaging in neuropsychology have
been centered on localization and show, for instance that certain regions,
such as the hippocampus and the prefrontal cortex, are simply involved
in memory (e.g., Abdullev & Posner, 1997; Gabrieli et al., 1996; LeBar &
Phelps, 1998). Medial temporal lobe damage, and specifically damage to
the hippocampus and adjacent structures, has been shown to result in se-
vere anterograde amnesia and lesser degrees of retrograde amnesia (e.g.,
Mishkin, 1978; Scoville & Milner, 1957; Zola-Morgan, Squire, & Amaral,
1986). Other regions, such as prefrontal cortex are also important for mem-
ory functions, especially in episodic and “working” memory tasks (e.g.,
Goldman-Rakic, 1990; McIntosh, Grady, Haxby, Ungerleider, & Horwitz,
1996). Neuroimaging studies using a variety of techniques support these
findings. For example, medial temporal lobe and hippocampal activation
occurs during encoding of visuospatial stimuli (Haxby et al., 1996; Tulving,
Markovitsch, Craik, Habib, & Houle, 1996), as well as during retrieval of ver-
bal (Nyberg, McIntosh, Houle, Nilsson, & Tulving, 1996; Schacter, Alpert,
Savage, Rausch, & Albert, 1996) and nonverbal stimuli (Schacter et al.,
1995). The prefrontal cortex shows asymmetric activation during memory
processing such that the left is active during encoding and the right during re-
trieval (Tulving, Kapur, Craik, Moscovitch, & Houle, 1994; Nyberg, Carbeza
& Tulving, 1996). Finally, other regions in temporal and parietal cortex have
also been shown to activate during either encoding or retrieval processes
(Haxby et al., 1996). The foregoing work does not show, however, how and
when those regions interact to produce a memory or the successful retrieval
of a memory.

Relatively few functional neuroimaging studies have been published
examining cognition in aging. However, most demonstrate differences be-
tween older and young subjects in the functional areas or extent of activation,
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suggesting more diffuse activation in aging (Grady, 1998). Neuroimaging
studies of working memory in aging have also begun to surface. Using PET,
Jonides et al. (1998) reported greater bilateral frontal activation in aged than
young subjects in both verbal and spatial working memory tasks. It has been
suggested that the differences in activation exhibited in older subjects are
evidence of recruitment of additional processing areas (Cabeza, McIntosh,
Tulving, Nyberg, & Grady, 1997; Jonides, Smith & Marsheutz, 1998) or re-
organization of processing (Grady, 1998). Recently, we have done studies of
cognitive processes in older adults, which support the idea that older adults
must recruit additional processing areas to perform at a comparable level to
young adults (Nielson, Langenecker, & Garavan, in press; Nielson, Garavan,
Langenecker, Stein, & Rao, 2001).

What is as yet unclear is how and when the multiple brain regions in-
volved in memory processes interact. Understanding how this occurs may
be critical to understanding both memory processes per se and how they
change during aging. That is, their relative interactions may be more impor-
tant than simply the magnitude of regionally specific activation. We know this
is true to some degree by examining the processes by which some events are
made more memorable than are others. Specifically, while medial temporal
lobe structures are important for memory formation, there are some struc-
tures and responses for which changes in activation leads to enhancement
or impairment of memory consolidation (McGaugh, 2000). Emotion and
arousal, mediated in part by amygdala activity and systemic catecholamine
levels, are two such factors that influence memory (McGaugh, 2000; Nielson,
Czech, & Laubmeier, 1999; Nielson & Jensen, 1994; Nielson, Radtke, &
Jensen, 1996). These factors are ever present but also vary in magnitude
over time and with internal conditions, thereby affecting the strength of
memories and our ability to retrieve them. Another factor, inhibition, the
ability to suppress irrelevant or competing stimuli, is also critical to mem-
ory formation and retrieval, and changes with age. Indeed it has been pro-
posed that inhibitory decline is responsible for age-related memory changes
(Hasher & Zacks, 1988). As such, evaluation of the dynamical systems in-
volved in the larger process of “memory” will improve our understand-
ing of memory itself, and the sources of change and rehabilitation during
aging.

GO/NO-GO MEMORY TASK

We have developed a Go/No-go task that exploits the temporal (and
cognitive) specificity of event-related FMRI to identify the neuroanatomical
bases of inhibition (Garavan, Ross, & Stein, 1999). Subjects were presented
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with a stream of letters presented serially every 500 msec with no inter-
stimulus interval. They made a button response whenever certain target
letters (X or Y) were presented. An additional alternation rule stipulated
that the target had to be different than the preceding target (e. g., X–Y).
Consequently, subjects had to occasionally inhibit responding to a target if it
was identical to the preceding target (e.g., X–X). These nonresponse targets
(lures) were presented on average every 20 seconds and valid targets every
3.5 seconds. A minimum of 15 seconds (30 letters) separated consecutive
lures. Prepotency to respond to the targets was established by prior training
in which no lures were presented, by including six times more valid targets
than lures during the scanning session, and through instructions that stressed
fast responding. Subjects completed four runs with 250 letters per run. In
total there were 150 valid targets and 25 lures.

All data processing was conducted with the software package AFNI
v2.2 (Cox, 1996). In-plane motion correction and edge detection algorithms
were applied first. Functional images were time-locked to the lures and av-
eraged to obtain a mean signal response for each voxel. These time-series
averages were modeled with a gamma-variate function using a nonlinear
regression (NLR) optimization procedure (Ward et al., 1992), believed to
effectively model the hemodynamic response (Cohen, 1997). The exponen-
tial parameters of the gamma-variate function were constrained to a range
similar to previously published estimates (Cohen, 1997), the onset times were
constrained to occur within 4 seconds of the lure event, and the magnitude
parameter of the model was free to vary. The NLR procedure thus arrived at
the best-fitting function for each voxel time-series whilst retaining a hemo-
dynamic waveform. Area under the curve for each voxel was expressed as
a percentage of area under the baseline. The percentage area-under-the-
curve (%AUC) maps were converted to a standard stereotaxic coordinate
system (Talairach & Tournoux, 1998), and spatially blurred using a 4.2 mm
full-width-at-half-maximum isotropic Gaussian filter.

A one-sample t-test (against H0) was performed voxel-by-voxel on
the %AUC measure separately for the subjects in each group, with a clus-
ter analysis to preserve only clusters of contiguous non-zero voxels ≥100µl.
A false-positive statistical threshold level was established with an identical
analysis sequence but with randomly selected time-series averaging points.
The time-series images were time-locked and averaged as above, preserving
any auto-correlation and drift trends in the data. A threshold (p = .0001)
served as a false-positive cut-off for the real data.

Previous research showed predominantly right prefrontal and parietal
activation during this task in young adults (Garavan, et al., 1999). The cur-
rent results show similarities and differences when comparing young and
older groups. The coronal view of Fig. 1 shows that in the right hemisphere
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Fig. 1. Go/No-go task. Internal black areas: young and old subjects had equivalent, significant
activation; herringbone areas: old subjects showed significantly greater activation than young
subjects (Nielson et al., 1999).

prefrontal areas (on the left lower side of the picture) activation for the
younger and older groups are equal (i.e., this area is needed for the task);
on the left homologue, older subjects need to “recruit” more brain to per-
form equally. Note that these are maps for successfully inhibited trials for all
subjects; no error trials are included, so performance is equal across groups.
The center (right hemisphere) and right (left hemisphere) views are oppo-
site sides in sagittal view. This additional frontal recruitment may reflect
less specialized functioning in elderly subjects, as Cabeza et al. (1997) and
Jonides et al., (1998) have reported for memory tasks. However, the reason
and basis for this change in specialization is all but unstudied, but could be
revealed through dynamical systems analysis.
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ORBITAL DECOMPOSITION

The symbolic dynamics procedure requires three calculations in paral-
lel: Shannon entropy (HS), topological entropy (HT), and a likelihoodχ2 test
for strings of responses of varying length C. The calculations provide mea-
sures of dimensional complexity, the determination of an optimum behavior
string length, a set of behavior strings with associated probabilities, and a
chi-square test that provides a measure of fitness for the string structures
(Guastello, 2000; Guastello, Hyde & Odak, 1998).

The calculation of topological entropy (HT) is based on strings, or hy-
pothetical orbits, of length C. C takes on a small range of integer values
beginning with 1. For C = 1, a transition matrix, MC is created, which is
square, and r × r in size. Each cell entry is binary, and indicates whether a
particular behavior category is followed in time by any other behavior cat-
egory. Its diagonal entries indicate whether an outcome is followed by itself
in a consecutive period of time. Topological entropy is a function of the trace
of MC:

HT = lim
c→∞(1/C) log2 tr(MC) (1)

As the string length goes to infinity, HT approaches the base-2 logarithm of
the maximum Lyapunov exponent, which is, in turn, the largest eigenvalue
of MC. Dimensionality is, therefore,

DL = eHT . (2)

The construction of MC is repeated for all C > 1, and Eqs. 2, and 3 are
calculated for each. For C = 2, one axis of MC represents all possible pairs of
categories, although some possible combinations might not actually appear
in the data if their combinatorial probability is too low.

The calculation of the χ2 for goodness of fit, and it is carried out for
each value of C used. The essential question posed by the test is whether the
behavior strings observed in the data occur at rates different from chance,
where chance is simply the combinatorial probability of each categorical
element in the string. Optimal C is determined as the length of a string one
step before the step at which HT drops to 0.00. Having determined the
optimal string length, it is possible to describe the contents and distribution of
strings with that length; these were used as a basis of comparison with other
conversations, along with the associated values of C, HT and HS. The array
of strings identified at this stage could be analyzed for hierarchical dynamics
using a repetition of the process just outlined.

HT is in indicator of the amount of information produced by the un-
derlying (neuronal) process. HT decreases as C increases; it is the primary
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indicator of the asymptotic limit of C. A comparison of the asymptotic
HT and C values across experimental conditions would indicate which neu-
ronal processes are more complicated than others and how.

The original FMRI scans are 64× 64× 20 voxel matrices containing
continuously-valued entries. For the intended analyses, each FMRI cell will
be calibrated in discrete units, based on z-score probabilities. Each cell entry
would be a number ranging from 1–9 representing the degree and direction
of metabolic activity, where 1 is an extreme positive, 9 is an extreme negative,
and 5 is the nonsignificant region. The orbital decomposition analysis would
treat each cell entry as a nominally coded (categorical) measurement. The
actual matrix dimensions can be curtailed to those regions of the brain that
were already found to be interesting, as shown in the FMRI scans obtained
from experiments such as that depicted in Fig. 1. Figure 2 is an example of
a prepared data matrix that was taken from an actual FMRI. For purposes
of a simple example, however, an FMRI scan was recalibrated into larger
areas so that the original area is blocked as an 8× 8 matrix, where each cell
represents an 82 voxel area.

Fig. 2. Sample matrix data entry for a single FMRI slice coded as 82 voxels.
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For the intertrial data, a series of 4 scans can be used for each trial; they
would represent the one-second time period immediately following the pre-
sentation of the stimuli. A 4-scan frame should be taken for each stimulus.
This set of frames will be separated as to whether the participant responded
correctly (which was most of the time) or did not respond correctly. Next,
in the case of set of correct responses, the frames from each sequential cor-
rect response can be stacked end to end in a continuous-appearing time
series. For instance if there are 25 such stimuli, there would be a sequence of
100 matrices for orbital decomposition. Similarly, the frames from the incor-
rect responses can be stacked into a continuous-appearing time series and
subjected to orbital decomposition.

Orbital decomposition will then be conducted on each participant’s set
of correct and incorrect responses. In other words, the set of 100 matrices
will be pooled (stacked end-to-end) over the (approximately) 30 participants
participating in an experimental condition. There will be four levels of hier-
archical analysis. The first level concerns a row of a matrix. The sequence of
64 codes (the 64 reduced to a smaller number representing interesting areas)
is analyzed for the frequency of its numerical combinations. Separate fre-
quency distributions will be obtained for the first, second, third through
eight rows of the matrix. These combinations will be less than the total
number of rows. Each combination would be assigned a second-level let-
ter code.

The second level of aggregation is the matrix slice level. We now have
sets of 64 rows, each of which might contain a different sequence of row-
codes. The 64-entry sequences of row codes will be analyzed for the frequency
of the possible combinations. The resulting two-level sequences would be
given a new set of letter codes, which would denote a matrix pattern. The
third level of aggregation is over the 20 vertical slices (not shown in Fig. 2;
again the 20 slices may be reduced to interesting areas).

The fourth level of aggregation is discerned through the orbital decom-
position of the temporal sequences. We will, at this point, have matrix type
codes and a series of matrices equal to 4 (frames per target stimulus) times
the number of target stimuli. This series would then be analyzed using the
computational procedure specified in Eqs. 1–2, along with the likelihood χ2

and φ2 coefficients. If a large number of patterns emerge, the temporal pat-
terns would be labeled again and reanalyzed. At the present time, orbital
decomposition has not been used often enough to offer a clear definition
of “large” for this purpose. One likely pattern, however, would be that se-
ries of 4 matrices would be the optimal string length, corresponding to the
4 matrices of the frames surrounding the onset of a target stimulus. Those
patterns would be coded again, therefore, and submitted to a further analysis
through orbital decomposition.
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The foregoing analyses would be conducted on data produced by each
human participant in an experimental condition. The results of orbital de-
composition for each participant would be compared for similarity, and the
trends would be summarized, using relevant nonparametric statistics. The
objective would be to determine whether different patterns were evident
between people who were subjected to the same stimuli. Our expectation is
that the similarities would be larger than the irregularities.

The difference between an intertrial analysis and an intra-trial analysis is
a matter of degree. For the intra-trial analysis, the length of the frame would
be extended as long as possible, although frames of equal length would be
preserved. Comparisons between the results of intertrial and intra-trial pat-
terns would show the immediate and longer-term unfolding of brain activity
patterns. Intertrial analyses would indicate whether and how the response
to one experimental trial would impact on the subsequent responses. Intra-
trial analyses would provide information on the cue encoding, retrieval, and
decision processes.

Once the patterns of matrix change (e.g., how data appearing in Fig. 2
change over time) have been identified, the particular patterns can be exam-
ined for their respective content. Feedback and feedforward loops can be
discerned from the relative size of the subareas containing the extreme re-
sponses. The size of activity concentration give evidence of the feedback and
feedforward activity (Kohonen, 1989). If a concentration is relatively large,
then the positive feedback is dominant in the area. If a concentration is rel-
atively small, then the negative feedback is dominant. Feedforward versus
feedback would be discerned from the temporal patterns.

Recurring activity patterns that are identified from the orbital decom-
position procedure represent limit cycle attractor structures, which could
be hierarchically organized, according to Freeman (2000). The combination
of recurring and non-recurring patterns creates a potential for adaptive re-
sponses, which change over the lifespan.

Ideally, the FMRI research program should include a variety of memory
tasks. The orbital decomposition technique needs to be run on all data sets,
and an efficient computer program needs to be written for orbital decompo-
sition. The foregoing project for theory development assummed that we are
working with dynamics that can be identified within the limits of the FMRI
machine’s cycle time. There may be other faster dynamics taking place that
could elude current FMRI technology.
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