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ABSTRACT

Patients with mesial temporal lobe epilepsy (mTLE) show structural and functional abnormalities in hippocampus
and surrounding mesial temporal structures. Brain signal complexity appears to be a marker of functional integrity
or capacity. We examined complexity in 8 patients with intracranial hippocampal electrodes during performance
of memory tasks (scene encoding and recognition) known to be sensitive to mesial temporal integrity. Our patients
were shown to have right mesial temporal seizure onsets, permitting us to evaluate both epileptogenic (right) and
healthy (left) hippocampi. Using multiscale entropy (MSE) as a measure of complexity, we found that iEEG from
the epileptogenic hippocampus showed less complexity than iEEG from the healthy hippocampus. This difference
was reliable for encoding but not for recognition. Our results indicate that both functional integrity and cognitive
demands influence hippocampal signal complexity.
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Recent computational modelling suggests that vari-
ability or ‘noise’ in physiological signals may be an
important parameter reflecting both the processing
capacity and the functional integrity of biological
systems (for example, see Jirsa et al., in press). The
temporal behaviour of signals in these systems has
both stochastic and deterministic properties and
thus is neither completely predictable nor entirely
random. This structural richness should be thought
of as complex rather than simply variable (Costa et
al., 2005). Costa and colleagues devised a metric
to evaluate signal complexity, called multiscale
entropy (MSE), which emphasizes the way signals

behave over a range of temporal scales from fine
(e.g., over milliseconds) to coarse (over minutes)
(Costa et al., 2002, 2005). This feature of MSE is
important because it differentiates between signals
whose variability is purely random (such as white
noise) and those comprised of both random and
deterministic components (such as 1/f or coloured
noise). That is, signals that are purely random show
a rapid decline in the MSE curve with increasing
scale whereas those with temporal interdependen-
cies will have a more gradual shift in the MSE curve.
In applying this framework to cardiac signals, Costa
and colleagues found that the complexity of inter-
beat intervals demonstrated a progressive reduction
from healthy young adults to healthy elderly adults
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to patients with congestive heart failure (Costa et al.,
2005). Thus, in the heart, there is reason to believe
that loss of complexity may be a biomarker of patho-
logical dynamics.

While MSE has not been applied to brain signals in
patient populations, there has been some exploration
of signal variability in several cohorts. These studies
suggest an inverted U-shaped function relating sys-
tem variability and system integrity or capacity, such
that neurologically compromised cohorts can show
either more or less variability than their respective
controls. Several recent studies using EEG or MEG
have reported that changes in variability in patients
with depression, schizophrenia or mild Alzheimer’s
disease were correlated with emotional or cognitive
deficits (Winterer et al., 2000; Linkenkaer-Hansen et
al., 2005; Montez et al., 2009). Nenadovic and col-
leagues observed that temporal variability in EEG
coherence was a positive predictor of recovery from
pediatric traumatic brain injury (Nenadovic et al.,
2008). Finally, with epilepsy patients undergoing
intracranial electroencephalography (EEG), research-
ers have shown reduced variability (as demonstrated
by increased temporal autocorrelations) in epilepto-
genic tissue (Parish et al., 2004; Monto et al., 2007).
Thus, in the healthy brain, neurocognitive and neuro-
physiological operations may depend on an optimal
amount of internal variability (Frank et al., 1999).
Here, we examined complexity as a potential marker
of functional integrity of the hippocampus in patients
with mesial temporal lobe epilepsy (mTLE). Similar
to Parish and colleagues (Parish et al., 2004), we
studied patients with depth electrodes in both hippo-
campi, a situation that affords a unique opportunity
for high-fidelity recording of field potentials. As all
patients in our study were eventually determined
to have seizures originating from the right hippo-
campus, we could directly compare signals from
focal epileptogenic regions to contralateral mesial
temporal regions not involved in seizure generation.
Importantly, the preceding clinical studies of brain
variability examined signal dynamics while partici-
pants were resting or freely behaving. In contrast, we
assessed signal dynamics in the context of memory
tasks known to engage mesial temporal regions. We
chose this tactic because complexity is suggested
to reflect not only ‘baseline’ integrity but also the
adaptability or functional capacity of a system (see
Mclntosh et al., in press). For example, Costa and

colleagues reported that the typical differentiation
of cardiac dynamics between awake and sleep states
was reduced in patients with severe cardiac pathol-
ogy (Costa et al., 2005). In brain, Mclntosh and
colleagues demonstrated that maturational increases
in complexity in children aged 8-15 were related to
more stable behavioural outcomes on a memory task
(Mclntosh et al., 2008). Thus, we hypothesized that
cognitive challenge might be important in under-
standing complexity differences between healthy
and epileptogenic hippocampi.

We recorded iEEG from hippocampi while partici-
pants performed memory tasks of scene encoding
and recognition. To measure signal complexity, we
used MSE (Costa et al., 2002, 2005), which has an
advantage over other measures of complexity in
that it can be applied to shorter time series. This is
particularly helpful in our case, as our time series
were defined in the context of behavioral tasks with
brief episodic timescales (i.e., not resting state). In
line with the previous papers on signal variability
in epilepsy, we expected lower MSE values for the
epilpetogenic hippocampus.

Methods

Participants

Eight patients (four male) with mTLE participated
in this study. Although scalp recordings had been
insufficient to determine the side of epileptogenicity
with the precision required for surgical planning,
intracranial recording eventually revealed the right
mesial temporal lobe to be the epileptogenic zone
in all eight patients. Five patients had radiological
evidence of right mesial temporal sclerosis (MTS),
two additional patients had structural abnormalities
(MTS, developmental dysplasia) of the right hip-
pocampus confirmed at pathology, and one had no
obvious mesial temporal pathology. Demographic
characteristics, performance on the scene recogni-
tion task, and selected measures from baseline neu-
ropsychological evaluation are presented in Table 1.
Of note, the neuropsychological data clearly dem-
onstrate a significant impairment in visual memory,
typically subserved by the right temporal lobe,
relative to intact verbal memory, associated with
left temporal functioning, in our cohort (p < 0.05 for
contrast of composite scores).
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Table I.- Patient demographics, performance on the scene recognition task during iEEG, and measures of verbal and
visual memory from pre-operative neuropsychological assessment.
Patient Age Age of Onset | Full-Scale IQ® | Scene Recognition Verbal Memory Visual Memory
% correct Composite® Composite?

1 33 14 100 92 -0.93 -2.09

2 41 25 118 73 -1.12 -0.35

3 30 8 100 87 0.61 -2.08

4 60 48 107 78 0.30 0.49

5 30 17 113 78 0.17 -0.82

6 26 11 108 77 0.64 -1.42

7 59 38 103 95 0.27 -1.21

8 35 15 96 82 0.32 -1.24
@ from Wechsler Abbreviated Scale of Infelligence; ® Accuracy is based on hits + correct rejections; © age-corrected z-scores for combination
of fotal learning from Rey Auditory Verbal Learning Test and number correct from Warrington Recognition Memory Test for Words; ¢ age-
corrected z-scores for combination of total learning from Rey Visual Design Learning Test and number correct from Warrington Recognition
Memory Test for Faces.

Task

During iEEG recording, patients completed two
memory tasks. For scene encoding, there were 60
trials with 3500 ms presentations of a scene and a
500 ms interstimulus interval. A novel scene was
presented on 30 trials; for the remaining 30 trials, 2
scenes were presented repeatedly (15 presentations
of each). The use of both novel and repeated scenes
is an adaptation of fMRI memory protocols that
show greater mesial temporal response for novel
scenes (Stern et al., 1996; Yamaguchi et al., 2004;
Daselaar et al., 2006; Westmacott et al., 2008).
Patients were instructed to look at each scene and
to try to memorize the novel ones for a subsequent
memory test; they were told that the repeating scenes
would not be tested. Order of presentation was ran-
domized for each subject and no overt response
was required during encoding. The recognition test
occurred after a five-minute interval of task instruc-
tion. The 30 once-presented scenes from the encod-
ing task were intermixed with 30 new scenes and
presentation order was randomized for each subject.
Patients were instructed to press one mouse key to
signify recognition of ‘old’ items (from the encoding
task) and another to signify ‘new’ items. Stimulus
presentation terminated at the response and there
was a 1000 ms interstimulus interval.

IEEG recording and data preprocessing

Digitized signals were recorded referenced to a
subgaleal ground electrode, acquired at a sampling
rate of 5 kHz (24 bit analog-digital conversion; low
pass filtered at 1 kHz) and stored for offline analy-

sis (Synamp2, Compumedics). For all analyses the
signals were band pass-filtered (0.1 Hz-250 Hz)
and decimated to 500 Hz. Within the mesial tem-
poral lobe, we used the depth electrode contact that
was identified to be within the hippocampus from
post-implantation imaging (either MRI or post-
operative CT fused to the pre-operative MRI). Data
for analyses comprised all encoding and recognition
trials irrespective of recall status. Epochs were 800
ms, with 200 ms pre-stimulus onset and 600 ms
post-stimulus onset. None of the recognition trials
included responses as the shortest RT was 617 ms
and all epochs in which epileptiform activity was
noted were discarded. Fig. 1 shows electrode place-
ment and representative tracings form the right and
left hippocampi.

MSE estimation of temporal signal
complexity

We used MSE to estimate entropy at different time
scales. For a detailed description of the MSE mea-
sure and its relevance for the analysis of signal com-
plexity, see Costa and colleagues (Costa et al., 2002,
2005). The algorithm calculates sample entropy as
a measure of predictability in the signal at different
temporal scales. The calculation of MSE involves
two steps. First, the data are resampled to create
several different temporal scales. For each scale,
data points within non-overlapping windows are
averaged (e.g., scale 1 is the raw time series, scale
2 averages over 2 time points, etc.). This procedure
can be viewed as a smoother version of decimation.
Second, sample entropy is calculated for each time
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Fig. 1. - Axial scan from a representative mTLE patient with iEEG recordings. Depth electrodes were placed orthogo-
nally to the long axis of the hippocampus, with the deepest contact in the hippocampus. The brain is displayed
according to radiolological convention (R = L). The fracings indicate 3000 ms epochs recorded during encoding
from the depth electrode within hippocampus for each side.

series, measuring predictability by evaluating the
appearance of repetitive patterns. We calculated
MSE for each trial using the algorithm available at
www.physionet.org/physiotools/mse/ with param-
eter values m (pattern length) = 2 and r (tolerance)
= 0.5. The length of the time series was 400 data
points, corresponding to 800 ms epochs at sampling
rate of 500 Hz. For each subject, electrode- and
condition-specific MSE estimates were obtained as a
mean across within-trial entropy measures for scales
1-8. We did not calculate MSE measures for scales
greater than 8 because the corresponding time series
were too short for reliable sample entropy estima-
tion (i.e., we had less than 50 time points for scales
greater than 8).

PLS

Statistical assessment of MSE differences between
electrodes and conditions was performed using
partial least squares analysis (PLS) (Lobaugh et al.,
2001; Mclntosh et al., 2008). PLS is a multivariate
technique similar to canonical correlation, except
that is maximizes the covariance between two data
sets rather than the correlation. PLS is performed
on data matrices consisting of subject MSE esti-
mates. The rows of the matrix contain condition

blocks, and each subject has a row of data within
condition blocks. The columns of the data matrix
contain the MSE measures. PLS data matrices are
averaged within condition and grand mean centered
by column across all conditions. The mean-centered
matrices are then decomposed with singular value
decomposition to identify the latent variables (LVs)
that show similarities or differences between experi-
mental conditions. For each LV, the decomposition
creates three new matrices: (1) weights or saliences
for the rows, which indicate a contrast that char-
acterizes the similarities or differences between
conditions, (2) weights or saliences for the columns,
which indicate the linear combination of MSE scale
that maximally relates to the contrast, and (3) the
singular value, which was the covariance between
the contrast and the MSE weights.

Statistical significance of the latent variables identi-
fied by PLS was assessed using permutation tests.
The permutation test assesses whether the effect
represented in a given LV, captured by the singular
value, is sufficiently strong to be different from ran-
dom noise. The test involves random reassignment
of subjects to conditions and then the re-computa-
tion of PLS with permuted data. A probability value
is derived from the number of times out of 1000
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that the singular value from each permuted data set
is greater than or equal to that of the original data.
The reliability of MSE weights was determined with
bootstrap estimation of confidence intervals, using
500 bootstrap samples. The singular vector weights
for each MSE coefficient are divided by the boot-
strap estimated standard error, giving a bootstrap
ratio. The bootstrap ratio is similar to a z-score if the
distribution of singular vector weights is Gaussian
(McIntosh and Lobaugh, 2004).

Results

Patients found the scene memory task relatively
easy and recognition performance was well above
chance. Mean accuracy (hits + correct rejections)
was 83% (range 73-95%).

Our initial PLS analysis included all four conditions
(i.e., epileptogenic right hippocampus in encoding,
non-epileptogenic left hippocampus in encoding,
epileptogenic right hippocampus in recognition, non-
epileptogenic left hippocampus in recognition) as we
had no specific hypotheses regarding possible differ-
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ence between tasks. This PLS revealed one signifi-
cant latent variable (p < 0.0001) which differentiated
left hippocampal signal during encoding from right
hippocampal signal during encoding and recognition,
with stable differences at temporal scales 2 through 6
(see Fig. 2). Given that the contribution from left hip-
pocampus during recognition was unstable (i.e., the
95% confidence interval includes zero), we suspected
that there may be some differentiation between tasks.
Therefore we examined encoding and recognition
tasks in separate analyses. During encoding, there
was a significant difference (p = 0.01) between hip-
pocampi, with the left side showing higher entropy at
temporal scales 2 through 8 (see Fig. 3). A similar,
but not statistically reliable (p = 0.08) pattern was
identified for recognition (see Fig. 4). To explore the
task-related effect further, we focused on the healthy
(left) hippocampus only. Here, there was a significant
difference (p = 0.02) between conditions, with higher
entropy at multiple temporal scales for encoding rela-
tive to recognition (see Fig. 5). This should, however,
be considered a post-hoc analysis as we did not have
a priori predictions regarding task effects, unlike the
clear predictions regarding healthy vs. affected side.
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Fig. 2. - Differences in multiscale entropy estimated across all four conditions (i.e., epileptogenic right hippocampus
in encoding, non-epileptogenic left hippocampus in encoding. epileptogenic right hippocampus in recognition,
non-epileptogenic left hippocampus in recognition). Left panel shows group mean entropy with error bars rep-
resenting standard errors. Stars indicate temporal scales at which the contrast shown in the right panel is stably
expressed. Right panel shows PLS contrast differentiating entropy in non-epileptogenic left hippocampal signal
during encoding from epileptogenic right hippocampal signal during encoding and recognition. The error bars
indicate the 95% confidence intervals derived from bootstrap estimation.
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Fig. 3. - Differences in multiscale entropy estimated across epileptogenic right hippocampus and non-epileptogen-
ic left hippocampus in encoding. Left panel shows group mean entropy with error bars representing standard
errors. Stars indicate temporal scales at which the contrast shown in the right panel is stably expressed. Right panel
shows PLS contrast differentiating entropy in non-epileptogenic left hippocampal signal during encoding from epi-
leptogenic right hippocampal signal during encoding and recognition. The error bars indicate the 95% confidence

intervals derived from bootstrap estimation.
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Fig. 4. - Differences in multiscale entropy estimated across epileptogenic right hippocampus and non-epileptogen-
ic left hippocampus in recognition (note this pattern is not reliable, as p = 0.08). Left panel shows group mean
entropy with error bars representing standard errors. There are no temporal scales at which the contrast shown in
the right panel is stably expressed. Right panel shows PLS contrast differentiating entropy in non-epileptogenic left
hippocampal signal during encoding from epileptogenic right hippocampal signal during encoding and recogni-
tion. The error bars indicate the 95% confidence intervals derived from bootstrap estimation.

interictal activity recorded from the left hippocam-
pus over the course of the clinical recording in some

In accord with our hypothesis, we found reduced cases) (left) hippocampus for encoding. While the
signal complexity in epileptogenic (right) hippo- findings were not reliable for recognition, there was
campus as compared to ‘healthy’ (we should note a trend in the same direction. These results replicate
that while the right hippocampus was identified as and extend previous reports of reduced variability
the epileptogenic focus for all patients, there was (as measured by increased long-range temporal cor-

Discussion
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Fig. 5. - Differences in multiscale entropy estimated across encoding and recognition conditions for the non-epilep-
togenic left hippocampus in recognition. Left panel shows task mean entropy with error bars representing standard
errors. Stars indicate temporal scales at which the contrast shown in the right panel is stably expressed. Right panel
shows PLS contrast differentiating entropy in encoding from recognition for the left hippocampal signal. The error
bars indicate the 95% confidence intervals derived from bootstrap estimation.

relation) in epileptogenic tissue (Parish et al., 2004;
Montez et al., 2009). The previous studies examined
task-independent signal over a lengthy time period
(approx. 20 minutes) whereas we examined signal
recorded during a relevant behavioral challenge over
a much shorter time period (800 ms). The similarity
of findings, despite these methodological differences
and the small sample sizes in these studies, suggests
that brain signal variability is a robust biomarker of
neuronal system integrity in patients with epilepsy.

We used memory tasks known to engage mesial tem-
poral regions because we thought they might enhance
our ability to detect variations in signal complexity.
We did not anticipate that the difference between
healthy and epileptogenic tissue would vary between
encoding and recognition tasks. Despite similar MSE
profiles, there was a clear difference in the fidelity
with which these memory operations discriminated
between healthy and epileptogenic hippocampi. This
may reflect a greater engagement of the hippocam-
pus in scene encoding versus subsequent recogni-
tion, making encoding a better behavioral challenge
for the hippocampus (Kohler et al., 2002; Spaniol
et al., 2009) or it may reflect broader differences in
cognitive set or attention. Alternately, our tasks may
place difference demands on the adaptive capac-
ity of the hippocampus. The encoding task included
both once-presented stimuli and items that repeated

multiple times, whereas the recognition task included
no repeating stimuli. Based on numerous functional
neuroimaging studies, memory theorists have sug-
gested that the hippocampus, particularly the anterior
region from which we recorded, acts as a ‘novelty
detector’ (Tulving et al., 1996; Parkin, 1997; Martin,
1999; Nyberg, 2005; Kumaran and Maguire, 2007).
That is, hippocampal activity decreases dramati-
cally with multiple repetitions of particular stimuli,
indicating habituation (Strange et al., 1999, 2005b;
Fischer et al., 2000, 2003). A similar decrease in fir-
ing has recently been reported for population record-
ing of neurons from the hippocampus (Pedreira et
al., 2010). One could argue that during our encoding
task, rapid novelty detection to unique items and
habituation to repeated items creates a binary state;
‘on’ for novel stimuli and ‘off” for habituated ones.
During recognition, old items have been seen only
once before at encoding, thus no stimuli have under-
gone habituation and there is a singular ‘on’ state in
the hippocampus. Put another way, there is greater
entropy, a measure of that reflects the expected
uncertainty of events in a particular context, in the
encoding event stream and the hippocampus appears
to be sensitive to such probabilistic contexts (Strange
et al., 2005a). Thus, if complexity is a metric that
reflects adaptation to environmental change or task-
relevant contingencies, the structure of the encoding
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task may have made it a more sensitive indicator of
system complexity. We do have some preliminary
evidence in support of this conjecture as MSE was
significantly greater for encoding than recognition in
the non-epileptogenic hippocampus.

Greater complexity in a biological system is hypoth-
esized to reflect (1) a high capacity to adapt to
changes in environmental contingencies or demands;
and (2) relative freedom from pathology or other
factors (e.g., aging) that degrade information carried
by output variables (Costa et al., 2005). Thus, the
observed degradation in hippocampal complexity
during memory operations may be strongly modu-
lated by task parameters. This speculation can only
be confirmed with additional experiments that vary
parameters relevant to complexity independent of the
nature of the task or instructional set (e.g., proportion
of repetitions during encoding, target-foil similarity
at recognition). Although we not aware of relevant
cognitive studies, there are parallel findings assessing
biological noise during a gross manipulation of state:
sleep versus wakefulness. These studies show that
the difference in signal variability for healthy versus
unhealthy tissue in both brain and heart is attenuated
in sleep (Costa et al., 2005; Parish et al., 2004).
There are some limitations to this study. First, we
have data from only two electrodes in eight patients;
therefore power is low and this may have contribut-
ed to negative findings for recognition. Nonetheless,
the effect size is clearly sufficiently robust for
encoding and for discriminating the two memory
conditions in the non-epileptogenic hippocampus.
Second, we did not distinguish between correct
and incorrect trials in the analyses as there were
not enough trials available. Third, although we pro-
posed that complexity is a parameter linked to func-
tional integrity, the current design does not allow
us to directly evaluate correlations with behavior.
Specifically, we do not have separate performance
measures for epileptogenic and healthy hippocampi.
In the future, we could incorporate cognitive probes
that are differentially sensitive to left and right hip-
pocampal function during recording. Finally, all
participants in the current study had right mTLE.
Although we anticipate that these results would gen-
eralize to patients with left mTLE, this remains to
be validated. Nonetheless, our results provide new
insight into signal complexity as it is affected by
both functional integrity and cognitive state.
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