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• strong theories on the cause of seizures


• imbalance between excitatory and inhibitory activities


• open questions on how seizures end!!
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Figure 7: An illustration depicting
seizure network outlined in gray among
subdural grid electrodes. See [41] for a
methodology on how the electrodes are
depicted onto the cortical surface (image
courtesy of http://www.tandonlab.org/ ).

Stimulating Pulse Parameters As outlined earlier in this pro-
posal, our basic methodology is to use low-frequency stimu-
lation to deactivate the hyper-synchronous links in an epilep-
tic brain inspired by recent trends reported in studies on hu-
mans [108, 109] and rodents [110, 111] showing that low fre-
quency stimulation of individual sites can reduce IEDs. A
novel aspect of this proposal is to apply paired pulse at low-
frequencies to both the electrodes connecting the hyperactive
links instead of focusing on just the highly excited regions. We
propose to match the relative timing between the pulses applied
at two connected electrodes with the actual propagation delay
between them. For instance, let us say we chose electrodes d1

and d2 as candidates for applying LFS and the direction of causal
influence is from d1 to d2. Also let �t denote the time delay for
the causal influence from d1 to reach d2. Then LFS is applied at
electrode d1 immediately after detecting inter-ictal spike as de-
scribed earlier and LFS is applied at d2 only after a delay of �t.
This will ensure that LFS will break the link just as it becomes
hyperactive. This time delay is easily estimated by performing
time-lagged correlation between the activity at two electrodes and finding when the time-lagged correlation
is maximum.

To summarize, once the ECoG electrodes are implanted in a patient, we delinate the network sustain-
ing the seizure activity by monitoring the patient for some time till the algorithms we propose to develop
converge to a set of appropriate electrodes and proper timing for applying LFS. Then we will apply the
stimulation and use it for two purposes. First, we will use CCEPs measured at neighboring ECoG electrodes
to refine the model of the seizure network. Then, we will evaluate the effect of the LFS used for stimulation
on the frequency of IEDs generated in the same patient.

Impact on Clinical Protocols: In order to carry out clinical experiments to bring thrusts 1 and 2 to fruition,
we will use the following basic structure. Out of the pool patients under Tandon’s care ten patients will
undergo placement of ECoG electrodes to localize site of seizure onset (Fig. 7 depicts an illustration of
electrodes, outlined in gray, identified as part of the seizure network among red colored subdural grid elec-
trodes). Post-operatively, they will be admitted to the epilepsy-monitoring unit, where all clinical research
activities will be carried out. Patients will undergo standard clinical process of seizure localization and
experiments will be carried out only after adequate ictal localization information is collected and patients
have resumed anticonvulsant medication. Thereafter, the steps of the project will be carried out for at least
one day during patient’s stay in the epilepsy monitoring unit. We will divide a 9-hour experimental period
into three 3-hour segments. The first (PRE) and third (POST) segments will be used for passive monitoring
of IEDs and a change in the number of these discharges will be used as the primary metric of effective-
ness in reducing hyper-excitability. The first (PRE) segment will be used to model the dynamic seizure
network and to identify the best possible electrodes and proper timing for stimulation to control epilepsy.
During the 4-hour experimental period we will apply biphasic LFS (1 Hz) to a pair of electrodes within
the identified seizure network. We will measure the change in IED rate between PRE and POST periods.
Our hypothesis is that LFS will induce LTD, significantly reducing IEDs, and indicating effectiveness in
reducing hyper-connectivity of the seizure network. Concurrently with the experiments, we will adapt our
real-time system to the detected IEDs to trigger stimulation. Also CCEPs recorded from the initial portion
of the experimental session are used to update our patient-specific seizure network model. Then, rather than
simple LFS, we will generate stimulation trains triggered by real-time IED detection using model-optimized
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Figure 7: An illustration depicting
seizure network outlined in gray among
subdural grid electrodes. See [41] for a
methodology on how the electrodes are
depicted onto the cortical surface (image
courtesy of http://www.tandonlab.org/ ).

Stimulating Pulse Parameters As outlined earlier in this pro-
posal, our basic methodology is to use low-frequency stimu-
lation to deactivate the hyper-synchronous links in an epilep-
tic brain inspired by recent trends reported in studies on hu-
mans [108, 109] and rodents [110, 111] showing that low fre-
quency stimulation of individual sites can reduce IEDs. A
novel aspect of this proposal is to apply paired pulse at low-
frequencies to both the electrodes connecting the hyperactive
links instead of focusing on just the highly excited regions. We
propose to match the relative timing between the pulses applied
at two connected electrodes with the actual propagation delay
between them. For instance, let us say we chose electrodes d1
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This will ensure that LFS will break the link just as it becomes
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is maximum.

To summarize, once the ECoG electrodes are implanted in a patient, we delinate the network sustain-
ing the seizure activity by monitoring the patient for some time till the algorithms we propose to develop
converge to a set of appropriate electrodes and proper timing for applying LFS. Then we will apply the
stimulation and use it for two purposes. First, we will use CCEPs measured at neighboring ECoG electrodes
to refine the model of the seizure network. Then, we will evaluate the effect of the LFS used for stimulation
on the frequency of IEDs generated in the same patient.

Impact on Clinical Protocols: In order to carry out clinical experiments to bring thrusts 1 and 2 to fruition,
we will use the following basic structure. Out of the pool patients under Tandon’s care ten patients will
undergo placement of ECoG electrodes to localize site of seizure onset (Fig. 7 depicts an illustration of
electrodes, outlined in gray, identified as part of the seizure network among red colored subdural grid elec-
trodes). Post-operatively, they will be admitted to the epilepsy-monitoring unit, where all clinical research
activities will be carried out. Patients will undergo standard clinical process of seizure localization and
experiments will be carried out only after adequate ictal localization information is collected and patients
have resumed anticonvulsant medication. Thereafter, the steps of the project will be carried out for at least
one day during patient’s stay in the epilepsy monitoring unit. We will divide a 9-hour experimental period
into three 3-hour segments. The first (PRE) and third (POST) segments will be used for passive monitoring
of IEDs and a change in the number of these discharges will be used as the primary metric of effective-
ness in reducing hyper-excitability. The first (PRE) segment will be used to model the dynamic seizure
network and to identify the best possible electrodes and proper timing for stimulation to control epilepsy.
During the 4-hour experimental period we will apply biphasic LFS (1 Hz) to a pair of electrodes within
the identified seizure network. We will measure the change in IED rate between PRE and POST periods.
Our hypothesis is that LFS will induce LTD, significantly reducing IEDs, and indicating effectiveness in
reducing hyper-connectivity of the seizure network. Concurrently with the experiments, we will adapt our
real-time system to the detected IEDs to trigger stimulation. Also CCEPs recorded from the initial portion
of the experimental session are used to update our patient-specific seizure network model. Then, rather than
simple LFS, we will generate stimulation trains triggered by real-time IED detection using model-optimized
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3 Model
Epilepsy is a neurological disorder characterized by unprovoked seizures. Surgical resection is only success-
ful in some patients; unfortunately this moderate success rate comes with tremendous risks and potential for
negative side effects. Inspired by the success in treating movement disorders like Parkinson’s Disease,
electrical stimulation using subdural and depth electrodes is considered as a promising technique to treat
epilepsy [33].

Recoding System Model: Many patients with intractable epilepsy have been approved to undergo im-
plementation of arrays of electrodes underneath the dura (see Figure 2) and electrocorticographic (ECoG)
signals from these arrays are recorded for long periods of time and under a number of different conditions. In
addition, epilepsy is a dynamic disease in which brain transitions between different states [23]. The dynamic
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Figure 3: Snapshot of ECoG activities in 10 seconds
over 4 channels between Temporal and Parietal lobes,
referred to as TP.

behavior observed in subdural recordings (i.e.,
ECoG) makes the selection of optimal tempo-
ral and spatial locations for stimulation non-
trivial [34]. PI Tandon’s Lab has a substantive
track record of the collection and interpretation of
ECoG data in the context of cognitive processes
and in relating these data to other measures of
brain activity and connectivity. These studies
have illuminated the neural circuits and mech-
anisms underlying cognitive control [35], lan-
guage [36], memory and spatial navigation [37],
while pioneering computational techniques for
multi-modal data integration [38, 39]. A recent
innovation was to show that ECoG data could
be used to constrain and validate pathways me-
diating information transfer revealed by diffusion
tensor imaging (DTI) [36, 38, 40–43]. Computa-
tional approaches for selecting the optimal elec-
trical stimulation parameters require the com-
plete knowledge of different brain states and the
temporal transitions between them. In very pre-
liminary studies, we have developed change point
detection algorithms and applied them to ECoG
data to identify segments of activity corresponding to the different states of epileptic brain [44]. Data used in
that study was an ECoG recording from a patient with epilepsy from Tandon’s Lab and ECoG was recorded
from 154 subdural electrodes at 1000 Hz. Figure 3 shows a snapshot of 10 seconds of activity from 4
channels between the temporal (T) and parietal (P) lobes of the brain.

Leveraging our successful preliminary work with data from Tandon’s Lab, our team is uniquely po-
sitioned to build a connectivity model for ECoG data exploring their spectral and temporal characteris-
tics. The focus will be on ECoG recording of the activity from the cerebral cortex of the brain. The
ECoG electrode grid used for data collection has d electrodes and is sampled at 1000 Hz. Let x1:N
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. As mentioned

earlier, the thrusts of the project are to explore spectral, temporal, and spatial characteristics of the ECoG
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behavior observed in subdural recordings (i.e.,
ECoG) makes the selection of optimal tempo-
ral and spatial locations for stimulation non-
trivial [34]. PI Tandon’s Lab has a substantive
track record of the collection and interpretation of
ECoG data in the context of cognitive processes
and in relating these data to other measures of
brain activity and connectivity. These studies
have illuminated the neural circuits and mech-
anisms underlying cognitive control [35], lan-
guage [36], memory and spatial navigation [37],
while pioneering computational techniques for
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tensor imaging (DTI) [36, 38, 40–43]. Computa-
tional approaches for selecting the optimal elec-
trical stimulation parameters require the com-
plete knowledge of different brain states and the
temporal transitions between them. In very pre-
liminary studies, we have developed change point
detection algorithms and applied them to ECoG
data to identify segments of activity corresponding to the different states of epileptic brain [44]. Data used in
that study was an ECoG recording from a patient with epilepsy from Tandon’s Lab and ECoG was recorded
from 154 subdural electrodes at 1000 Hz. Figure 3 shows a snapshot of 10 seconds of activity from 4
channels between the temporal (T) and parietal (P) lobes of the brain.

Leveraging our successful preliminary work with data from Tandon’s Lab, our team is uniquely po-
sitioned to build a connectivity model for ECoG data exploring their spectral and temporal characteris-
tics. The focus will be on ECoG recording of the activity from the cerebral cortex of the brain. The
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Epilepsy is a neurological disorder characterized by unprovoked seizures. Surgical resection is only success-
ful in some patients; unfortunately this moderate success rate comes with tremendous risks and potential for
negative side effects. Inspired by the success in treating movement disorders like Parkinson’s Disease,
electrical stimulation using subdural and depth electrodes is considered as a promising technique to treat
epilepsy [33].

Recoding System Model: Many patients with intractable epilepsy have been approved to undergo im-
plementation of arrays of electrodes underneath the dura (see Figure 2) and electrocorticographic (ECoG)
signals from these arrays are recorded for long periods of time and under a number of different conditions. In
addition, epilepsy is a dynamic disease in which brain transitions between different states [23]. The dynamic

0 2 4 6 8 10

TP1

TP2

TP3

TP4

Time (secs)

Figure 3: Snapshot of ECoG activities in 10 seconds
over 4 channels between Temporal and Parietal lobes,
referred to as TP.

behavior observed in subdural recordings (i.e.,
ECoG) makes the selection of optimal tempo-
ral and spatial locations for stimulation non-
trivial [34]. PI Tandon’s Lab has a substantive
track record of the collection and interpretation of
ECoG data in the context of cognitive processes
and in relating these data to other measures of
brain activity and connectivity. These studies
have illuminated the neural circuits and mech-
anisms underlying cognitive control [35], lan-
guage [36], memory and spatial navigation [37],
while pioneering computational techniques for
multi-modal data integration [38, 39]. A recent
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Figure 1: Block Diagram of the Proposed System.

2 Background and Related Work
Patients with epilepsy suffer from unprovoked and frequent seizures–periods in which hypersynchronous
neural activity spreads from one or more small diseased circuits in the brain to malignantly entrain activity
more broadly. For about 1 million Americans with epilepsy, seizures cannot be controlled pharmacologi-
cally and result in a pervasive disability. Fortunately, a substantial proportion of these patients have focal
epilepsies–their seizure networks are spatially localized to a small cortical region. In these cases, surgi-
cal resection of the epileptogenic focus can potentially cure their seizures. However, a major limitation is
that the seizure focus is frequently not clearly identifiable by imaging or non-invasive electro-physiologic
techniques. Thus, in many cases, arrays of electrodes are implanted underneath the dura (see Figure 2)
and electrocorticographic (ECoG) signals from these arrays can localize the focal zone to be resected. A
majority of patients with implanted electrodes have an identifiable focus that can be resected with a good
probability of improved seizure outcome. However, permanent surgical resection risks damage to critical
functional zones that are frequently adjacent or even overlapping with the seizure focus. This is especially
true for epilepsy in which seizures originate in the mesial temporal lobe of the language dominant hemi-
sphere. In these cases, resection of the seizure zone may lead to a significant decline in verbal memory [1].
In addition, a fraction of patients have multifocal epilepsies that are not well suited to resective surgeries. In
these cases, and more broadly for all patients with epilepsy, an ideal solution might be a neuromodulation
strategy in which stimulation is used to induce plasticity that serves to weaken the connectivity in the seizure
network, leading to a cessation of seizures. The fact that these patients are already implanted with ECoG
arrays capable of both monitoring and manipulating patterns of neural activity in complex spatio-temporal
patterns, presents an opportunity for a major paradigm shift in how electrical stimulation is used to treat
neurological disorders.

At the present time, neuromodulation technologies applied in humans have been extremely limited in
their spatial and temporal selectivity. For example, deep brain stimulation, an approved treatment for Parkin-
son’s disease and essential tremors, employs chronically implanted electrodes in which a constant train of
high-frequency pulses is delivered to at most one stimulation site in each hemisphere. Similarly, research in
epilepsy patients has focused on modulation of seizure-related tissues via acute high frequency stimulation
delivered via one or two electrodes in response to a detected seizure (NeuroPace [2]) or chronic modulation
of seizure-related circuits using single-electrode stimulation of the thalamus (SANTE [3]) or vagus nerve
stimulation (Cyberonics [4]). These stimulation patterns have mimicked those used for deep brain stimula-
tion. Perhaps not surprisingly, the results from trials of these stimulation systems have been disappointing,
with a large fraction of patients continuing to suffer seizures.

Spatio-temporally structured stimulation has been shown to induce long-term changes in the strength
of connections between individual neurons in vitro and in vivo [5, 6]. A general principle is that structured
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2 Background and Related Work
Patients with epilepsy suffer from unprovoked and frequent seizures–periods in which hypersynchronous
neural activity spreads from one or more small diseased circuits in the brain to malignantly entrain activity
more broadly. For about 1 million Americans with epilepsy, seizures cannot be controlled pharmacologi-
cally and result in a pervasive disability. Fortunately, a substantial proportion of these patients have focal
epilepsies–their seizure networks are spatially localized to a small cortical region. In these cases, surgi-
cal resection of the epileptogenic focus can potentially cure their seizures. However, a major limitation is
that the seizure focus is frequently not clearly identifiable by imaging or non-invasive electro-physiologic
techniques. Thus, in many cases, arrays of electrodes are implanted underneath the dura (see Figure 2)
and electrocorticographic (ECoG) signals from these arrays can localize the focal zone to be resected. A
majority of patients with implanted electrodes have an identifiable focus that can be resected with a good
probability of improved seizure outcome. However, permanent surgical resection risks damage to critical
functional zones that are frequently adjacent or even overlapping with the seizure focus. This is especially
true for epilepsy in which seizures originate in the mesial temporal lobe of the language dominant hemi-
sphere. In these cases, resection of the seizure zone may lead to a significant decline in verbal memory [1].
In addition, a fraction of patients have multifocal epilepsies that are not well suited to resective surgeries. In
these cases, and more broadly for all patients with epilepsy, an ideal solution might be a neuromodulation
strategy in which stimulation is used to induce plasticity that serves to weaken the connectivity in the seizure
network, leading to a cessation of seizures. The fact that these patients are already implanted with ECoG
arrays capable of both monitoring and manipulating patterns of neural activity in complex spatio-temporal
patterns, presents an opportunity for a major paradigm shift in how electrical stimulation is used to treat
neurological disorders.

At the present time, neuromodulation technologies applied in humans have been extremely limited in
their spatial and temporal selectivity. For example, deep brain stimulation, an approved treatment for Parkin-
son’s disease and essential tremors, employs chronically implanted electrodes in which a constant train of
high-frequency pulses is delivered to at most one stimulation site in each hemisphere. Similarly, research in
epilepsy patients has focused on modulation of seizure-related tissues via acute high frequency stimulation
delivered via one or two electrodes in response to a detected seizure (NeuroPace [2]) or chronic modulation
of seizure-related circuits using single-electrode stimulation of the thalamus (SANTE [3]) or vagus nerve
stimulation (Cyberonics [4]). These stimulation patterns have mimicked those used for deep brain stimula-
tion. Perhaps not surprisingly, the results from trials of these stimulation systems have been disappointing,
with a large fraction of patients continuing to suffer seizures.

Spatio-temporally structured stimulation has been shown to induce long-term changes in the strength
of connections between individual neurons in vitro and in vivo [5, 6]. A general principle is that structured
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these are not spikes 
local field potentials

3 Model
Epilepsy is a neurological disorder characterized by unprovoked seizures. Surgical resection is only success-
ful in some patients; unfortunately this moderate success rate comes with tremendous risks and potential for
negative side effects. Inspired by the success in treating movement disorders like Parkinson’s Disease,
electrical stimulation using subdural and depth electrodes is considered as a promising technique to treat
epilepsy [33].

Recoding System Model: Many patients with intractable epilepsy have been approved to undergo im-
plementation of arrays of electrodes underneath the dura (see Figure 2) and electrocorticographic (ECoG)
signals from these arrays are recorded for long periods of time and under a number of different conditions. In
addition, epilepsy is a dynamic disease in which brain transitions between different states [23]. The dynamic
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Figure 3: Snapshot of ECoG activities in 10 seconds
over 4 channels between Temporal and Parietal lobes,
referred to as TP.

behavior observed in subdural recordings (i.e.,
ECoG) makes the selection of optimal tempo-
ral and spatial locations for stimulation non-
trivial [34]. PI Tandon’s Lab has a substantive
track record of the collection and interpretation of
ECoG data in the context of cognitive processes
and in relating these data to other measures of
brain activity and connectivity. These studies
have illuminated the neural circuits and mech-
anisms underlying cognitive control [35], lan-
guage [36], memory and spatial navigation [37],
while pioneering computational techniques for
multi-modal data integration [38, 39]. A recent
innovation was to show that ECoG data could
be used to constrain and validate pathways me-
diating information transfer revealed by diffusion
tensor imaging (DTI) [36, 38, 40–43]. Computa-
tional approaches for selecting the optimal elec-
trical stimulation parameters require the com-
plete knowledge of different brain states and the
temporal transitions between them. In very pre-
liminary studies, we have developed change point
detection algorithms and applied them to ECoG
data to identify segments of activity corresponding to the different states of epileptic brain [44]. Data used in
that study was an ECoG recording from a patient with epilepsy from Tandon’s Lab and ECoG was recorded
from 154 subdural electrodes at 1000 Hz. Figure 3 shows a snapshot of 10 seconds of activity from 4
channels between the temporal (T) and parietal (P) lobes of the brain.

Leveraging our successful preliminary work with data from Tandon’s Lab, our team is uniquely po-
sitioned to build a connectivity model for ECoG data exploring their spectral and temporal characteris-
tics. The focus will be on ECoG recording of the activity from the cerebral cortex of the brain. The
ECoG electrode grid used for data collection has d electrodes and is sampled at 1000 Hz. Let x1:N

=�
x

(1)
,x

(2)
, · · · ,x

(N)
�

denote the measured ECoG activity, where N is the number of data samples observed
and x

(n)
= [x

(n)
1 x

(n)
2 · · · x

(n)
d ]

T 2 Rd
, 8n = 1, 2, · · · , N denotes the vector of activity recorded from the d

electrodes at time index n with x

(n)
i representing the activity at the i

th electrode for i = 1, 2, · · · , d. We also
denote x

m:l as the data between time indices m and l, that is,
�
x

(m)
, x

(m+1)
, · · · , x

(l)
�
. As mentioned

earlier, the thrusts of the project are to explore spectral, temporal, and spatial characteristics of the ECoG
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spectral decomposition

• time-frequency analysis


• 0.1-4 Hz 


• 4-8 Hz


• 8-14


• 14-30


• > 30

how it changes upon transition from one state to another. A large body of machine learning literature is
focused on estimating the graphical model structure from data for different number of observations and
sample size combinations [55–58]. These techniques are effective only when the underlying state does not
change. However, very recent work [59–62] has made an effort to learn the graphical model for time-varying
networks. In particular, [59] and [61] focus on the case when the underlying state is slowly changing with
every observation. Also slowly changing dynamic effective connectivity is investigated in [63]. [62] learns
the dynamic graph structure when there is only one transition in the recordings. As mentioned earlier, we
plan to leverage these techniques to develop novel low-complexity protocols to learn connectivity models
from ECoG recordings.
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Figure 4: A realization of the spectral-temporal de-
composition of PSD of the ECoG data of a typical
channel, electrode TP1 from Figure 3 above.

The challenges in this endeavor are the un-
known dependence on frequency, the unknown
number of temporal states, the unknown transi-
tion times between states, and non-uniform num-
ber of observations for each state. One example of
a temporal state with few observations is the ictal
state, since the ictal state recordings are typically
of shorter duration than pre-ictal state recordings.
Therefore, the resulting protocols to build connec-
tivity graph must be robust against the uncertainty
in all these parameters. Our proposed solution de-
composes the problem into three parts. First, we
filter the data into different frequency bands us-
ing a filter bank, then we describe the transition
times between the multiple states, and finally we
model the network structure across all these tempo-
ral states separately for each frequency band. The
change point detection algorithm developed by our
team in [44] should be used in conjunction with
time-varying graph connectivity estimation algo-
rithms to solve this for each frequency band. The
closed-loop and real-time aspects of the proposed
solution require development of low complexity al-
gorithms. Thrust 2 will then focus on integrating
all the dynamic connectivity graphs to determine the spatio-temporal parameters of LFS.

Spectral Decomposition: In order to manage complexity of graphical modeling we propose spectral-
temporal decomposition of recorded data. To account for the possible variation in connectivity within dif-
ferent frequency bands, we will first band-pass filter the ECoG recordings into different frequency bands
and then build the time-varying effective connectivity of the patient during the observation window for each
band separately. Spectral decomposition is relatively straightforward. First these recordings are passed
through a filter bank consisting of band-pass filters. The band-pass filters separate the recordings into mul-
tiple frequency bands given by 0.1 � 4 Hz referred to as �-band, 4 � 8 Hz referred to ✓-band, 8 � 14 Hz
known as ↵-band, 14 � 30 Hz as �-band and finally activities at greater 30 Hz known as �-band1 [66, 67].
Note high-frequency oscillations (HFOs) are also a part of �-band under this definition. The power spectral
density (PSD) of the 10 second activity recorded from TP1 electrode and its variation across time–frequency
is shown in Figure 4. Let us consider the � band-pass filter. The input to this band-pass filter is x1:N and the
output of this filter is denoted by x

1:N
(�). The outputs from each band-pass filter are processed separately

1In this context, there are many alternate definitions for the different frequency bands [64, 65]
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The solution to this SMVAR model at electrode i, for i = 1, 2, · · · , d is obtained by solving the following
problem

a

?
i = arg max

ai2RdP
SMVARm (ai) (4)

= arg max

ai2RdP

1

n � m + 1

kyi �Xaik2 + �1

dX

j=1

kai,jk2
| {z }

Group Sparsity

+ �2kaik1,| {z }
Sparsity within Group

(5)

where SMVAR model is obtained by solving (5) at every electrode location i. The first term in (5) minimizes
the `2-norm and results in the well-known least squares estimate. The second term introduces group sparsity
[91, 92] as it ensures that only the regions that significantly influence the electrode under consideration are
selected. One of the well known drawbacks of this group sparsity is that it does not introduce sparsity within
the group [93]. In the context of this project, this might incorrectly manifest itself in showing dependency
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Figure 6: Spatial-temporal grid of effective connectivity.

at the wrong time-lags. The third term in (5)
corrects this [93] and ensures sparsity within
the group. That is, only influences at correct
time-lags are detected between two electrodes.
Note that (5) is convex and one approach to
solve it is using the block coordinate descent al-
gorithm [94]. In addition, the regularization pa-
rameters �1 and �2 should be tuned to find the
trade-off between accuracy and interpretability
and leading to eventual tradeoff between com-
plexity (or efficacy)-battery life. More spar-
sity implies lower complexity since more co-
efficients are now zero. More accuracy implies
fewer coefficients are zero leading to lower in-
terpretability of the graphs.

Also the two regularizing terms in (5) only
ensure the sparsity within each segment. On the
other hand the electrodes selected for stimulation are a subset of the electrodes which significantly differ in
the connectivity between the normal state and the ictal marker state. To identify only these nodes, another
regularizing term should be added to (5) and the models should be learned jointly across the consecutive
segments [62]. Thrust 2 focuses on this novel aspect of our proposed solution.
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at the wrong time-lags. The third term in (5)
corrects this [93] and ensures sparsity within
the group. That is, only influences at correct
time-lags are detected between two electrodes.
Note that (5) is convex and one approach to
solve it is using the block coordinate descent al-
gorithm [94]. In addition, the regularization pa-
rameters �1 and �2 should be tuned to find the
trade-off between accuracy and interpretability
and leading to eventual tradeoff between com-
plexity (or efficacy)-battery life. More spar-
sity implies lower complexity since more co-
efficients are now zero. More accuracy implies
fewer coefficients are zero leading to lower in-
terpretability of the graphs.

Also the two regularizing terms in (5) only
ensure the sparsity within each segment. On the
other hand the electrodes selected for stimulation are a subset of the electrodes which significantly differ in
the connectivity between the normal state and the ictal marker state. To identify only these nodes, another
regularizing term should be added to (5) and the models should be learned jointly across the consecutive
segments [62]. Thrust 2 focuses on this novel aspect of our proposed solution.

C-9

TP2 causally connected to TP1???



causality

• one time series forecasting another


• economics


• transportation


• …



causality

• one time series forecasting another


• economics


• transportation


• …


• Norbert Wiener (1956)


• Clive Granger (1969)


• Hans Marko (1973)


• James Massey (1990)


• Kramer (1998)



a little background



a little background

• mutual information


• average information about X provided by Y

X Y

I(X;Y ) =

Z
fXY log

fXY

fXfY



a little background

• mutual information


• not directional


• no “temporal” causality

X Y

I(X;Y ) =

Z
fXY log

fXY

fXfY



a little background

• directed information and causality


• directional

XN
1 ⌘ (X1, X2, . . . , XN ) Y N

1 ⌘ (Y1, Y2, . . . , YN )

I(XN
1 ! Y N

1 ) =
NX

n=1

I(Xn
1 ;Yn|Y n�1

1 )



a little background

• mutual information of time series


• causality?

XN
1 ⌘ (X1, X2, . . . , XN ) Y N

1 ⌘ (Y1, Y2, . . . , YN )

I(XN
1 ;Y N

1 ) =
NX

n=1

I(XN
1 ;Yn|Y n�1

1 )



a little background

• mutual information of time series


• causality?

XN
1 ⌘ (X1, X2, . . . , XN ) Y N

1 ⌘ (Y1, Y2, . . . , YN )

I(XN
1 ;Y N

1 ) =
NX

n=1

I(XN
1 ;Yn|Y n�1

1 )

I(XN
1 ! Y N

1 ) =
NX

n=1

I(Xn
1 ;Yn|Y n�1

1 )



a little background

• directed information of time series


• where

I(XN
1 ! Y N

1 ) = H(Y N
1 )�H(Y N

1 ||XN
1 )

I(XN
1 ;Y N

1 ) = H(Y N
1 )�H(Y N

1 |XN
1 )

H(Y N
1 ||XN

1 ) =
NX

n=1

H(yn|Y n�1
1 , Xn

1 )



a little background

• directed information of time series


• where

I(XN
1 ! Y N

1 ) = H(Y N
1 )�H(Y N

1 ||XN
1 )

I(XN
1 ;Y N

1 ) = H(Y N
1 )�H(Y N

1 |XN
1 )

H(Y N
1 ||XN

1 ) =
NX

n=1

H(yn|Y n�1
1 , Xn

1 )

causal conditional entropy 



4 examples



example 1

• with i.i.d.

zn ⇠ Gaussian(0,�2
z)

Yn = Xn + zn

Xn ⇠ Gaussian(0,�2
X)



example 1

• with i.i.d.

zn ⇠ Gaussian(0,�2
z)

independent

Yn = Xn + zn

Xn ⇠ Gaussian(0,�2
X)



example 1

• then

zn ⇠ Gaussian(0,�2
z)

Yn = Xn + zn

Xn ⇠ Gaussian(0,�2
X)

I(Y ! X) = I(X ! Y ) = I(X;Y ) =

1

2

log(1 +

�2
X

�2
z

)



example 2

• with i.i.d.

zn ⇠ Gaussian(0,�2
z)

Xn ⇠ Gaussian(0,�2
X)

Yn = Xn�1 + zn



example 2

• with i.i.d.

zn ⇠ Gaussian(0,�2
z)

independent

Yn = Xn�1 + zn

Xn ⇠ Gaussian(0,�2
X)



example 2

• then

Yn ⇠ Gaussian(0,�2
Y )

zn ⇠ Gaussian(0,�2
z)

Yn = Xn�1 + zn

I(X ! Y ) =

1

2

log(1 +

�2
X

�2
z

)

I(Y ! X) = 0



example 3= 1+2

• linear autoregressive

Yn = �0Xn + (1� �0)Xn�1 + zn

zn ⇠ Gaussian(0,�2
z)

Xn ⇠ Gaussian(0,�2
X)

7

(a) DI estimates when �1 =�0

0 0.5 10

0.2

0.4

D
I

Theoretical
Parametric
Nonparametric
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Fig. 3. DI estimated for the two node network in Fig. 1a generated from
a linear model using analytical expression, parametric and nonparametric
estimators for different values of causal strength quantified by (�0,�1).
The DI estimates are plotted against �0, when �1 = �0 in Fig. 3a and
when �1 = 1� �0 in Fig. 3b.

Fig. 4. DI estimated for the two node
network in Fig. 1a generated from a non-
linear model using nonparametric estimators
for different values of causal strength quan-
tified by (�0,�1).

Fig. 5. Estimated causal network along
with connection strengths between six
simulated MVAR processes using di-
rected information, which matches with
the true network in Fig. 1b.

these densities parametrically becomes even more challenging
as the model becomes more complex. We therefore use kernel
density estimator using a Gaussian kernel, a nonparametric
density estimation algorithm described in the preceding sub-
section to estimate the directed information in both directions.

The two time-series X and Y are generated for different
values of �0 and �1 from (16) and the directed information
is estimated between them in both directions. Fig. 4 plots
the estimated DI from X to Y and vice versa versus �0. In
Fig. 4a, �1 = �0 and in Fig. 4b, �1 = 1 � �0. The blue
lines in the Fig. 4 correspond to ˆ

I (X ! Y) and the green
lines correspond to ˆ

I (Y ! X). It is clear from the Fig. 4 that
as �0 = �1 increases from 0 to 1, the DI in both directions
increases as expected. From Fig. 4, ˆ

I (X ! Y) = 0.37 and
ˆ

I (Y ! X) = 0.04 when �0 = 0 and �1 = 1. For �0 = 0 and
�1 = 1, we expect there to be no causal inference from Y to X
and an adaptation of stationary bootstrap is used to assess the
presence of causal connection. ˆ

I (Y ! X) is estimated from
B = 20 bootstrap samples drawn from the null hypothesis of
no causal influence from Y to X and the P-value of the DI
estimate from Y to X is 0.001 which is below the threshold of
0.05 (REPLACE WITH ACTUAL ESTIMATED NUMBERS).
This implies that there is no causal influence from Y to X as
expected.

B. Multinode Causal Network
Now, we consider the six node causal network depicted in

Fig. 1b. We generate the six time-series, A, B, C, D, E
and F, from a MVAR process with appropriate parameters.
Note that DI estimate between pairs of time-series cannot
differentiate between ‘direct’ and ‘indirect’ causal connections
[13], [51] . For instance, the DI estimate from A to E is
positive, even though A does not directly influence E, but
causally influences via D. A thorough discussion on the direct
and indirect influences for point processes is in [13] and it
is directly applicable here. Following the approach taken in
[17], [52], the ‘direct’ causal influence from A to E is non-
zero, if and only if I (A ! EkW) > 0. W is the matrix of
activity recorded from all the channels excluding the pair of
channels corresponding to A and E. However, estimating the
causally conditioned DI when the number of channels recorded

from is large (of the order of hundred’s) is difficult because
the combined model-order search space and the parameter
search space is huge. To overcome this, the pairwise DI is first
estimated between all pairs of channels. The indirect influences
are then resolved by first estimating only the required causal
DI between two processes, conditioned on one process. Then
if required, the causal DI between two processes, conditioned
on two processes is estimated and so on. The degree of desired
‘directness’ in the inferred causal network for the problem at
hand determines where to stop this procedure.

The performance of this algorithm is evaluated on a network
of six simulated MVAR processes, A, B, C, D, E and F.
The true causal network is depicted in Fig. 1b. Each process
is dependent on its own past. The model orders for different
causal influences are chosen from the set {0, 5, 10, 15}, where
a model order 0 means no causal influence. The first filter
coefficient of the causal connection between any two processes
is set to zero, i.e., �1 = 0. The other filter coefficients are
generated from a uniform random number generator. White
Gaussian noise with unit variance is used to generate A and
C, while white Gaussian noise with variance 0.1 is used
in generation of other processes. These parameters are now
fixed for this example network. The pariwise DI between
every pair of processes is estimated from 10

5 samples using
the parametric causal likelihood estimator described in the
preceding subsection. Then the causally conditioned DI is esti-
mated whenever necessary, to remove ‘indirect’ influences. For
example, since ˆ

I (B ! D) = 0.24 and ˆ

I (B ! DkA) = 0,
B to D is an ‘indirect’ connection via A. Conditional DIs
are estimated till the network is completely resolved and free
of any ‘indirect’ influences. This procedure is repeated 20

times, each time with a different seed to generate the Gaussian
noise and the resultant estimates are averaged. The estimated
‘direct’ causal network along with the strength and the standard
deviation of the estimated causal connections is depicted in
Fig. 5. It is clear from Fig. 1b and Fig. 5 that the algorithm
estimates the causal network with acceptable accuracy.

VI. CAUSAL CONNECTIVITY FROM ECOG DATA

In this section, we use the proposed model-based almost
surely convergent estimator for directed information to in-
fer the causal connectivity from ECoG data recorded from
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Fig. 3. DI estimated for the two node network in Fig. 1a generated from a linear
model using analytical expression, parametric and nonparametric estimators for
different values of causal strength quantified by (�0,�1). The DI estimates are
plotted against �0, when �1 = �0 in Fig. 3a and when �1 = 1��0 in Fig. 3b.
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Fig. 4. DI estimated for the two node network in Fig. 1a generated from a
non-linear model using nonparametric estimators for different values of causal
strength quantified by (�0,�1). The DI estimates are plotted against �0, when
�1 = �0 in Fig. 4a and when �1 = 1� �0 in Fig. 4b.

not known apriori and need to be estimated from the N

observed samples of X and Y.
The parameters and the model orders are estimated using a

maximum likelihood (ML) estimator with minimum descrip-
tion length (MDL) [48] penalty. ML estimator is known to
be asymptotically consistent. MDL is a model order selection
procedure that imposes a penalty function in ML optimiza-
tion and has good consistency properties. The MDL penalty
is proportional to (J +K). The estimation algorithm is an
iterative algorithm. For a given

�

J,K

�

, the value of ✓ which
minimizes the negative log-likelihood is the optimal value ˆ

✓.
The following optimization problem estimates ˆ

✓:

ˆ

✓ (J,K) = argmin

8✓
� 1

N

log P

�

YNkXN

; ✓ (J,K)

�

. (12)

The optimal model orders, according to MDL [13], [48], [49],
are the solutions of the following optimization problem:

�

ˆ

J,

ˆ

K

�

= argmin

8(J,K)
� 1

N

log P

�

YNkXN

;

ˆ

✓

�

J,K

��

+

J+K

2N logN. (13)

The ML estimation of ✓ for a given (J,K) in (12) is equivalent
to the ML estimation of a standard linear regression model,
since the conditional causal likelihood is Gaussian distribution
[50]. Substituting the optimal estimates in (7) and upon fur-
ther simplification, the causal conditional entropy estimate is
ˆ

h (YkX) =

1
2 log

�

2⇡e�̂

2
z

�

, where �̂

2
z

is the estimate of the
variance of noise from (12), (13). The exact form of the noise
variance estimator and details about parameter estimation are
in the supplementary material. The above algorithm could be
extended easily to estimate ˆ

h (Y), by setting all the coefficients
of terms of X to zero in (11). The corresponding linear filter
is depicted in Fig. 2b. The difference between ˆ

h (Y) and
ˆ

I (X ! Y) is our estimate for the DI from X to Y. Similar
approach can be used to estimate ˆ

I (Y ! X).
Nonparametric Causal Likelihood Estimation - The N sam-

ples of X and Y are inputs to the DI estimation algorithm.
Without loss of generality, let us focus on estimating ˆ

h (YkX).
Let J and k denote the number of past samples of Y and
X respectively that contain information about the current

sample of Y. We need to first estimate the causal likelihood
P

�

y

n

|Yn�1
n�J

,Xn

n�K+1

�

, which can be expressed as

P

(

y

n

|Yn�1
n�J

,Xn

n�K+1)=
P

(

y

n

,Yn�1
n�J

,Xn

n�K+1)

P

(
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n�J

,Xn
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=

P

(

Yn

n�J

,Xn

n�K+1)
R

y

n

P

(

Yn

n�J

,Xn

n�K+1)
. (14)

The joint distribution, P

�

Yn

n�J

,Xn

n�K+1

�

for n =

1, 2, · · · , N , of J + 1 and K consecutive samples of Y and
X respectively is learnt using kernel density estimator (KDE).
This is implemented using ‘ks’ package in R using a Gaussian
kernel density estimator with plug-in bandwidth estimator [51].
The density is learnt for different values of J and K and the
optimal values are those that maximize the likelihood. The
causal likelihood is then estimated using (14). The estimated
causal likelihood for n = 1, 2, · · · , N is then substituted in
(7) to estimate ˆ

h (YkX). Similar procedure is used to learn
ˆ

h (Y), ˆh (X) and ˆ

h (XkY). The DI in both directions can now
be estimated using (8).

Analytical Expression for DI - Let us first look at the true
value of DI for the model given by (10) in two special cases.
When �1 = 1,�2 = 0, (10) reduces to y

n

= x

n

+ z

n

, and
it is obvious that both X and Y have equal causal informa-
tion about each other. It is easy to see that I (X ! Y) =

I (Y ! X) = I (X;Y) = C, where I (X;Y) is the mutual
information between X and Y and C =

1
2 log

�

1 +

�

2
x

�

2
z

�

. The
other special case is when �1 = 0,�2 = 1 and in this case
(10) reduces to y

n

= x

n�1 + z

n

. In this case, X has causal
information about Y, while Y has no causal information
about X. More precisely, I (X ! Y) = I (X;Y) = C and
I (Y ! X) = 0. For the remaining case of non-zero �1,�2,
the analytical expressions for DI are:

I

�
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�

=

1

2
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✓|�1�2|�2
x

�

2
z

◆

+

1

2

cosh
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2
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2
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2
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2
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2|�1�2|�2
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!

,

I

�

Y ! X
�

=

1

2

log

✓

1 +

�

2
1�

2
x

�

2
z

◆

. (15)

The derivation of (15) uses tridiagonal matrix determinant from
[52] and is given in the Appendix []. Note that from (15), DI
from Y to X does not depend on �2. This is because the
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Fig. 1. Simulated causal networks used to demonstrate directed information
as a metric to infer causal connectivity graphs

and the adaptation of stationary bootstrap to assess causality
used in this paper are provided.

IV. CAUSAL CONNECTIVITY FROM SIMULATED DATA

In this section, causal connectivity graphs are inferred
from simulated time-series signals using DI to emphasize the
strength of directed information as a universal metric (a bit
too much?) to infer the causal connectivity and demonstrate
the performance of the proposed DI estimator. We consider
two different causal connectivity networks. The first network
used consists of only two time-series, X and Y and is depicted
in Fig. 1a. The second network consists of six time-series and
is depicted in Fig. 1b. A directed arrow in Fig. 1 represents a
causal connection. The causal connection between two nodes,
say from node A to D in Fig. 1b, implies that the past values
of A have some information about the current value of D. The
strength of the causal connection is quantified by the value of
directed information. The time-series are simulated from an
appropriately chosen generative model to result in the causal
connected graphs depicted in Fig. 1. We consider two families
of generative models - the first is the well-known linear MVAR
model and the other is a simple non-linear model. The time-
series, X and Y, are generated from both linear MVAR and the
non-linear model with appropriate parameters to result in the
causal connectivity graph shown in Fig. 1a. The six time-series
in Fig. 1b are generated from a MVAR model with appropriate
parameters, to induce the desired causal connectivity graph
between them. The directed information between the simulated
time-series is then estimated using the estimator proposed in
sec. III. We demonstrate that we can infer both the causal
networks in Fig. 1 correctly using the DI estimates.

A. Two Node Causal Network
Consider N samples of two time-series X and Y that are

causally connected as in Fig. 1a. The N samples of X, denoted
by XN

= (x1, x2, · · · , xN

), are drawn from i.i.d. Gaussian
distribution with zero mean and variance �

2
x

. The n

th sample
of Y is generated from

y

n

= �1f (x

n

) + �2f (x

n�1) + z

n

, n = 1, 2, · · · , N, (9)

where z

n

is drawn from Gaussian distribution with zero mean
and variance �

2
z

. Also the samples of time-series Z are i.i.d
and time-series X, Z are independent. The function f (x) in
(9) determines the nature of dependence between X and Y.
We consider two different dependencies - the first one is a

Fig. 2. (a) MVAR model of Y to estimate h (YkX) (b) MVAR model of
Y to estimate h (Y)

linear dependency with f (x) = x and the second is a non-
linear dependency with f (x) = x

2. Let us first consider the
linear two node causal network.

1) Linear Two Node Causal Network: The time-series Y is
generated according to

y

n

= �1xn

+ �2xn�1 + z

n

, n = 1, 2, · · · , N, (10)

where x

n

and z

n

are defined before. N = 10

5 samples of
X and Y are generated with �

2
x

= 1 and �

2
z

= 1. We
estimate directed information in both directions, ˆ

I (X ! Y)

and ˆ

I (Y ! X). To estimate ˆ

I (X ! Y) and ˆ

I (Y ! X),
we need to estimate ˆ

h (Y), ˆ

h (YkX), ˆ

h (X) and ˆ

h (XkY).
We describe a parametric and nonparametric density estimator
to estimate the four causal likelihoods required to estimate
the entropy. We will show that both techniques can correctly
identify the causal connectivity graph. In addition, we derived
the actual analytic expression of I (X ! Y) and I (Y ! X)

for this particular model. The accuracy of both parametric and
nonparametric density estimators is also evaluated using this
analytic expression.

Parametric Causal Likelihood Estimation - The N samples
of time-series X and Y are the inputs to the DI estimation
algorithm. The algorithm also assumes that X and Y are
modeled by a multivariate autoregressive (MVAR) process.
Without loss of generality, let us focus on estimating ˆ

h (YkX).
The remaining three entropies can be estimated using a similar
procedure. Since we known apriori that X, Y can be modeled
by a MVAR process, the observed N samples of time-series
Y can be expressed as

y

n

=

J

P

j=1
↵

j

y

n�j

+

K

P

k=1
�

k

x

n�k+1+z

n

,n = 1, 2, · · · , N, (11)

where z

n

is the additive white Gaussian noise of zero mean
and variance �

2
z

. Here ↵

j

, 8j = 1, 2, · · · , J and �

k

, 8k =

1, 2, · · · ,K are the parameters of the model and J and K

are the model orders representing how many past samples of
Y and of X respectively influence the current sample of Y.
The model specified by (11) is equivalent to the output of the
cascade of two linear time-invariant (LTI) filters depicted in
Fig. 2a, along with their transfer functions. It is easy to observe
from (11) that given the causal past of Y and X, y

n

is Gaussian

distributed with mean
J

P

j=1
↵

j

y

n�j

+

K

P

k=1
�

k

x

n�k+1 and vari-

ance �

2
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. The two model orders, J and K, and the parameter
vector ✓ (J,K) =

�

↵1,↵2, · · · ,↵J

,�1,�2, · · · ,�K

,�

2
z

�T are

I(B ! D|A) = 0
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(a) Causal connectivity between 25 electrodes in
the epileptogenic zone from a 30 second win-
dow that begins 20 seconds before the start of
the seizure in patient P1. RAH - right anterior
hippocampus, RPH - right posterior hippocampus,
RAMY - right amygdala. Change the figure.

(b) Entropy estimates of all 127 ECoG channels
recorded from patient P1. The solid line is the mean
entropy of all channels. The dotted vertical black lines
indicate the seizure start and end times. Change the
estimation window to 30 sec from 60 sec.

(c) The strength of the strongest outgoing causal
connection from each ECoG channel is plotted against
time. The seizure onset zone channels are in red and
the remaining are in green. The two solid lines are the
average maximum strength, one for each groups.

Fig. 7. Causal Connectivity Analysis of ECoG recordings during one seizure from patient P1.

‘strong’ connections. This threshold will determine the number
of directed edges connecting each node in the graph and is
a parameter that can be optimized. We set it to 90% for
ease of dispalying the causal connectivity networks (rewrite
this sentence). The results of our analysis from the patient
P1 are plotted in Fig. 7. The estimated causal connectivity
amongst 25 electrodes (RAMY 1-9, RAH 1-8, RPH 1-8) in
the epileptogenic zone of patient is plotted in Fig. 7a. The
network is inferred from a 30 second window that starts 20

seconds before the clinical seizure onset time determined by
the neurologist. The time window is shifted and the analysis
is repeated for different time-windows. We are interested in
the changes in the entropy and causal connectivity strength at
different recording electrodes with respect to the seizure start
and end times determined by the neurologist. Fig. 7b plots the
entropy estimates of all the channels versus time. The dotted
black lines are the seizure start and the end times. The solid
thick blue line is the mean entropy across all channels. It is
clear from the figure that the entropy starts to rise during a
seizure and returns to the baseline immediately after the seizure
ends. This is not surprising since the variance of the ECoG
signals is much higher during seizures than during non-seizure
activity, leading to higher entropy.

Next, we divide the set of 127 channels into two groups, the
first group consists of the channels in the seizure onset zone
(SOZ). The second group consists of the remaining channels.
SOZ is identified by the neurologist from visual analysis of
the ECoG recordings which the current clinical gold standard.
The SOZ of patient P1 consists of eight channels - RAH 1-
3, RPH 2-4 and RAMY 2, 3. The second group consists of
119 channels. The dashed lines in Fig. 7c are the strengths
of the strongest outward causal connection from each of the
127 channels. The channels in SOZ are plotted in red and
the non-SOZ channels are in green. The solid red and green
lines in Fig. 7c are the average strength of the strongest
outgoing causal connections from SOZ group and the non-SOZ

group respectively. The rise in peak DI value during a seizure
indicates that regions of the brain become more synchronized
during a seizure. The regions not in seizure onset zone show
the maximum increase. In addition, even the strongest causal
connections from channels in SOZ are relatively weak com-
pared to the channels in non-SOZ regions, particularly at the
beginning of the seizures. This crucial observation forms the
basis for the seizure onset zone (SOZ) identification algorithm
presented in the next section. The same analysis is carried
out in the nine seizures from the remaining four patients. The
two observations - significant increase in peak DI values in
non-SOZ and the relatively low values for the peak DI from
SOZ particularly at the beginning of the seizure, are broadly
observed in all the remaining four patients. These observations
imply that the seizures happen because the regions not in
SOZ become hyper-sycnhronous. This is in accordance with
our intuition that even during focal seizures, the seizure starts
from a small region (SOZ) and entraps the other regions
of the brain in hypersynchronous activity. It is important to
note that this synchronous activity we are referring to is a
purely statistical measure and its relationship to the underlying
physiology of the brain is still an open problem [CITE].
However, the synchronous activity measured by neurologists
is also derived from observing ECoG data and is not derived
from the underlying physiology of the brain (rewrite the two
sentences in a better way). Therefore the inferences made from
our analysis are consistent with the scale at which neurologists
make diagnosis. The analysis presented in this paper should be
further extended to understand and develop a unifying theory
of the mechanism of seizure generation and propagation. This
is out of scope of this paper. We now use the observations made
from our analysis to develop a simple algorithm to identify
the seizure onset zone. (abrupt ending for this section. write
something more.)
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Figure 1: Block Diagram of the Proposed System.

2 Background and Related Work
Patients with epilepsy suffer from unprovoked and frequent seizures–periods in which hypersynchronous
neural activity spreads from one or more small diseased circuits in the brain to malignantly entrain activity
more broadly. For about 1 million Americans with epilepsy, seizures cannot be controlled pharmacologi-
cally and result in a pervasive disability. Fortunately, a substantial proportion of these patients have focal
epilepsies–their seizure networks are spatially localized to a small cortical region. In these cases, surgi-
cal resection of the epileptogenic focus can potentially cure their seizures. However, a major limitation is
that the seizure focus is frequently not clearly identifiable by imaging or non-invasive electro-physiologic
techniques. Thus, in many cases, arrays of electrodes are implanted underneath the dura (see Figure 2)
and electrocorticographic (ECoG) signals from these arrays can localize the focal zone to be resected. A
majority of patients with implanted electrodes have an identifiable focus that can be resected with a good
probability of improved seizure outcome. However, permanent surgical resection risks damage to critical
functional zones that are frequently adjacent or even overlapping with the seizure focus. This is especially
true for epilepsy in which seizures originate in the mesial temporal lobe of the language dominant hemi-
sphere. In these cases, resection of the seizure zone may lead to a significant decline in verbal memory [1].
In addition, a fraction of patients have multifocal epilepsies that are not well suited to resective surgeries. In
these cases, and more broadly for all patients with epilepsy, an ideal solution might be a neuromodulation
strategy in which stimulation is used to induce plasticity that serves to weaken the connectivity in the seizure
network, leading to a cessation of seizures. The fact that these patients are already implanted with ECoG
arrays capable of both monitoring and manipulating patterns of neural activity in complex spatio-temporal
patterns, presents an opportunity for a major paradigm shift in how electrical stimulation is used to treat
neurological disorders.

At the present time, neuromodulation technologies applied in humans have been extremely limited in
their spatial and temporal selectivity. For example, deep brain stimulation, an approved treatment for Parkin-
son’s disease and essential tremors, employs chronically implanted electrodes in which a constant train of
high-frequency pulses is delivered to at most one stimulation site in each hemisphere. Similarly, research in
epilepsy patients has focused on modulation of seizure-related tissues via acute high frequency stimulation
delivered via one or two electrodes in response to a detected seizure (NeuroPace [2]) or chronic modulation
of seizure-related circuits using single-electrode stimulation of the thalamus (SANTE [3]) or vagus nerve
stimulation (Cyberonics [4]). These stimulation patterns have mimicked those used for deep brain stimula-
tion. Perhaps not surprisingly, the results from trials of these stimulation systems have been disappointing,
with a large fraction of patients continuing to suffer seizures.

Spatio-temporally structured stimulation has been shown to induce long-term changes in the strength
of connections between individual neurons in vitro and in vivo [5, 6]. A general principle is that structured

C-2

low frequency stimulation  
to depress the excitable state
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