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(7) ABSTRACT

This invention relates to methods and systems for determin-
ing network connections. It is particularly, but not exclu-
sively, related to methods and systems for determining
network connections in sparse networks, and has particular
application to EEG data. An aspect of the invention provides
a method for identifying, in a network of interacting nodes
simultaneously producing signals, connections between said
nodes and of estimating connection coeflicients between
nodes identified as connected which includes the steps of
setting to zero connection coefficients where the calculated
coherence or partial coherence is below a first predetermined
threshold and subsequently setting to zero connection coef-
ficients where the estimated connection coefficients are
below a second predetermined threshold, and then re-esti-
mating the connection coeflicients for the combinations of
nodes for which the connection coefficients have not already
been set to zero.
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METHOD AND SYSTEM FOR
DETERMINING NETWORK CONNECTIONS

FIELD OF THE INVENTION

[0001] The present invention relates to methods and sys-
tems for determining network connections. It is particularly,
but not exclusively, related to methods and systems for
determining network connections in sparse networks, and
has particular application to EEG data.

BACKGROUND OF THE INVENTION

[0002] Networks of interacting nodes, each with its own
dynamics, are a key mathematical tool for the description of
complex systems (Strogatz, 2001). Depending on the par-
ticular application, the dynamics of the individual nodes,
their coupling structure or their collective behaviour all
determine the dynamics of the system. In the neurosciences,
for instance, detecting interactions between signals, i.e. the
coupling structure among nodes, is of particular interest.
Understanding brain networks promises to disclose the
biological basis underlying natural behaviour or certain
diseases (e.g. Hesse et al., 2003; Tass et al., 1998; Pitzalis et
al., 1998; Keyl et al., 2000; Nollo et al., 2005; Bowers and
Murray, 2004). Several techniques have been proposed so
far to infer the network structure of complex systems from
observed signals. These include but are not limited to
transfer entropy (Schreiber, 2000; Staniek and Lehnertz,
2008), recurrences in state space (Arnhold et al., 1999,
Chicharro and Andrzejak, 2009; Romano et al., 2007),
mutual information (Pompe et al., 1998; Palu§ and Ste-
fanovska, 2003; Palu§ and Vejmelka, 2007; Vejmelka and
Palus, 2008; Frenzel and Pompe, 2007), phase dynamics
(Rosenblum and Pikovsky, 2001; Rosenblum et al., 2002),
coherence (Halliday and Rosenberg, 2000; Dahlhaus, 2000;
Nolte et al., 2008), the Fokker Planck formalism (Prusseit
and Lehnertz, 2008; Bahraminasab et al., 2009), compressed
sensing (Lee et al.,, 2011), or autoregressive modelling
(Dahlhaus and Eichler, 2003; Eichler, 2000; Korzeniewska
etal., 1997; Kaminski et al., 1997, Kaminski and Blinowska,
1991; Arnold et al., 1998).

[0003] Recent years have seen a large increase in the
availability of data. The number of channels that are simul-
taneously recorded has increased. With respect to network
analysis this leads to the challenge of estimating high-
dimensional networks. The aim is to estimate only direct
connections in the network. Additionally it is desirable to
also draw conclusions about the direction of the connec-
tions. Approaches to investigate the direction of an influence
use the concept of causality. Many methods (e.g. Hesse et
al., 2003; Geweke, 1982, 1984; Chen and Wasterlain, 2006;
Dhamala et al., 2008; Baccala and Sameshima, 2001;
Sameshima and Baccala, 1999; Fichler, 2006; Kaminski and
Blinowska, 1991) are based on Granger’s definition of
causality (Granger, 1969). Briefly, this definition states that
a process x1 is causal for another process x2, if x1 is useful
for the prediction of the future of x2. Linear Granger-
causality is typically modelled by means of vector autore-
gressive processes, which are estimated via multivariate
Yule-Walker equations or similar approaches (Lutkepohl,
2005). In most large networks the adjacency matrix is
sparse. This means that out of all the possible connections
only a few are present.
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[0004] The present inventors have realised how assuming
a sparse network can be used to improve parameter estima-
tion of the vector autoregressive process.

[0005] Existing commonly used methods which may be
used to determine the coupling structure include coherence
and partial coherence, which can be estimated as presented
in Schad et al. (2009). A further technique is directed partial
correlation (Eichler, 2005, 2006). All of these have limita-
tions as set out in more detail below. In particular, existing
methods can typically only cope with a maximum of 10
nodes in the potential network before the methods start to
significantly lose accuracy and/or become unacceptably
long or computationally demanding.

[0006] Throughout this document, autoregressive coefli-
cients are estimated according to Lutkepohl (2005),
although other methods can be used.

[0007] In a first scenario, a 15-dimensional network of
coupled white noise processes is analysed. FIG. 1 shows the
graph of the simulated network. Using simulated data, the
reconstructed graphs for coherence and partial coherence are
shown in FIGS. 2(a) and 2(b), respectively. Both recon-
structed graphs show the same number of sub-graphs but
apart from that are very different from the original one.

[0008] In a second scenario, the six-dimensional autore-
gressive process of order one

FO-AT (=) 5 (0) (1)

is considered, where E is a multivariate Gaussian white
noise process and
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M=100 realisations of N=200 data points each were simu-
lated. The simulated network is summarized in the graph in
FIG. 3. For the estimation, the true autoregressive process
order (p=1) is used.

[0009] For all 36 coefficients, the absolute value of the
difference between the true and the mean estimated coeffi-
cient is shown in FIG. 4. Error bars refer to the standard
deviation of the mean for 100 realisations. This result shows
that all estimated coeflicients are very close to their respec-
tive true values even though only 200 data points were used
in the simulation.

[0010] The system investigated here is a sparse system but
since it is rather low-dimensional, ordinary parameter esti-
mation can still handle it.

[0011] In a third scenario a much higher dimensional
system is used. This is a 40-dimensional network of coupled
white noise processes. Connections are present either at lag
1 or at lag 2. The graph of the simulated network is shown
in FIG. 5. N=10,000 data points of this system were simu-
lated. The estimated networks, based on coherence and
partial coherence, are shown in FIGS. 6(a) and (b) respec-
tively. Neither of them yields a meaningful representation of
the underlying network.
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[0012] For directed partial correlation analysis (Eichler,
2005, 2006), the true process order p=2 is used. The result-
ing estimated network is shown in FIG. 7.

[0013] Some additional connections show up in this analy-
sis (shown by dashed arrows in FIG. 7). These are false
positive conclusions. They occur because of the great num-
ber of coefficients that need to be estimated in this high-
dimensional network.

[0014] Electroencephalography (“EEG”) provides multi-
channel data of brain activity from a plurality (usually at
least 20) small sensors attached to the scalp of an individual
which detect the voltage fluctuations resulting from ionic
current flows within the neurons of the brain when brain
cells send messages to each other. Due to the plurality of
sensors, the data from EEG has a corresponding plurality of
channels. EEG 1is currently used to help diagnose and
monitor a number of conditions affecting the brain, particu-
larly epilepsy.

[0015] For some time, EEG has been employed clinically
as a measure of brain function in the hope of determining
and differentiating certain functional conditions of the brain.
However, to date, progress has been slow.

[0016] The present inventors have realised that the possi-
bility of accurately determining networks of causal relation-
ships within EEG data may allow further interpretation of
this data for clinical purposes.

[0017] EEG data is multi-dimensional and so susceptible
to analysis in a network fashion. Many types of EEG data
now have a large number of channels (e.g. 20 or more).
Traditional methods of analysis can struggle to provide
meaningful information or interpretation of such multi-
variate data and so new approaches are required to handle
the multi-order systems which are being observed.

[0018] In particular in the diagnosis and treatment of
Alzheimer’s disease, it is now being recognised that
Alzheimer’s disease is a long time (possibly of the order of
20 years) in development before frank symptoms are
observed. Accordingly, there is considerable focus on tech-
niques which may provide for reliable early-stage identifi-
cation of potential suffers or of those exhibiting particular
susceptibility or risk factors. These techniques aim to iden-
tify the onset of early-stage Alzheimer’s disease in the
entirely pre-clinical stage (typically 10-20 years before
onset) or in the prodromal period.

[0019] The use of EEG data to identify early symptoms or
warning signs of Alzheimer’s disease has particular attrac-
tions if suitable methods exist for the robust analysis of the
data as it is a standard and widely-used and available
technique. It is also available, in certain implementations, in
a form which can be effectively self-applied by an individual
with little or no training and so is eminently suitable for the
primary care setting.

[0020] The present invention aims to provide methods and
systems which provide accurate and reliable predictions of
network connections and coeflicients, particularly in sparse
networks.

[0021] A further aim of the present invention is to provide
efficient methods for predicting network connections and
coefficients.

[0022] A further aim of the present invention is to provide
methods and systems for processing EEG data to provide
meaningful information and/or interpretation of the data
through network overviews of brain activity and to permit
subsequent uses of such data.
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SUMMARY OF THE INVENTION

[0023] At their broadest, aspects of the present invention
provide methods and systems for identifying connections
between nodes in a network which operate by identifying
probable zero connection coefficients and setting them to
zero for subsequent processing.

[0024] A first aspect of the present invention provides a
method of identifying, in a network of interacting nodes
simultaneously producing signals, connections between said
nodes and of estimating connection coeflicients between
nodes identified as connected, the method including the
steps of: periodically recording the signal at each node over
a predetermined period of time to form a data set; calculating
the coherence and partial coherence between each combi-
nation of nodes in the data set; checking, for each combi-
nation of nodes, if either the coherence or the partial
coherence is below a first predetermined threshold and, if so,
setting the corresponding connection coeflicient to zero for
all subsequent steps; a first estimating step of estimating,
from the data set, the connection coeflicients for the com-
binations of nodes for which the connection coefficient has
not already been set to zero; for each connection coefficient
estimated by said first estimating step to be below a second
threshold, setting said coeflicient to zero for all subsequent
steps; and a second estimating step of re-estimating, from
the data set, the connection coefficients for the combinations
of nodes for which the connection coeflicients have not
already been set to zero.

[0025] The method of this aspect contains two “zeroing”
steps prior to the final step of estimating the connection
coeflicients. These act to remove indirect links (by consid-
eration of partial coherence and coherence). This can reduce
or eliminate false positives from the determined network.

[0026] The method of this aspect just uses data. It does not
rely on any predictions or assumptions about the underlying
model.

[0027] The method of this aspect assumes a degree of
sparseness in the network, implying that some of the coef-
ficients in the adjacency matrix are zero. Based on this
assumption the estimation procedure is improved by iden-
tifying coefficients which are candidates for zeroing and
setting these to zero before performing further calculations
or estimations. The method of this aspect is therefore also
more efficient at predicting connections in a sparse network
than existing methods. Accordingly the method is preferably
applied to networks which are known or predicted to be
sparsely connected. By sparsely connected, we mean that the
network has at least 50% of potential connections between
pairs of nodes which are not present (i.e. the connection
coeflicients are zero), preferably at least 60% and in some
embodiments at least 75%. Indeed, the method of this aspect
becomes more efficient as the network becomes sparser, and
so can be applied to networks in which 80% or 90% of the
potential connections are not present.

[0028] This method enables application of Granger-cau-
sality in high-dimensional systems (in particular those hav-
ing 10 or more nodes). Although existing Granger-causality
inferences typically work well in low-dimensional systems,
the additional steps of the present method in reducing the
number of relevant coeflicients allows the application of
Granger-causality in higher-dimensional systems, particu-
larly (but not exclusively) where these systems are sparsely
connected.
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[0029] The simulations set out below in the detailed
description demonstrate in a simulation study that methods
according to embodiments of this aspect outperform stan-
dard approaches and avoid false positive conclusions about
Granger-causality. In comparison with the naive application
of Granger-causality inference, these simulations demon-
strate the superiority of this method.

[0030] Accordingly, the method of this aspect can enable
a reliable estimation of Granger-causality. The method of
this aspect can be readily applied to various measures for
Granger causality and other approaches that are based on
vector autoregressive models.

[0031] Preferably the step of checking involves calculat-
ing the product of the calculated coherence and partial
coherence for each combination of nodes and determining
whether said product is below said first predetermined
threshold. If either of the coherence or the partial coherence
is zero, or close to zero, then the resulting product will be
zero, or close to zero. This means that, for each coefficient,
only a single comparison with the threshold is required.

[0032] The first predetermined threshold may be the criti-
cal value for partial coherence as defined in Schad et al
(2009). Alternatively, the first predetermined threshold may
be the critical value for coherence. Alternatively, the first
predetermined threshold may be the product of both the
critical value for partial coherence and the critical value for
coherence.

[0033] The second threshold for the estimated connection
coeflicients may be determined by: separating the estimated
coeflicients into two groups according to the squared Euclid-
ean distance of the estimated coefficients, a first group
containing those coeflicients with high values of the coef-
ficients and the second group containing those coefficients
with low values; and setting said second threshold as a value
which is greater than the value of all coefficients in said
second group.

[0034] In this manner, the estimated connection coeffi-
cients can be separated into two groups and the separation
between weak connections and stronger connections, thus
permitting a clear distinction to be drawn between the
estimated connections which are likely to be entirely due to
noise and those which represent a genuine connection. The
second threshold may therefore be variably chosen at the
appropriate level to separate these two groups. Alternatively,
the second threshold may be set in advance.

[0035] Preferably the first and second estimating steps for
estimating the connection coeflicients estimate the autore-
gressive coeflicients of the data set.

[0036] Preferably the method further includes the step of
screening the data set to remove outliers. As the method of
this aspect works on measured data, it may be susceptible to
outliers in the data. Outliers are artefacts in the data gener-
ally caused by events which are not intended to be measured
as part of the recorded data. For example, in EEG data,
eye-blinks can cause artefacts of this kind. Removing such
outliers from the data set can therefore improve the accuracy
of the method.

[0037] Preferably the method further includes the step of
filtering the data set to remove noise. Again, as the method
of this aspect works on measured data, it may be susceptible
to noise in those measurements. Accordingly, filtering the
data set to remove noise can improve the accuracy of the
method.
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[0038] The screening or filtering can be performed prior to
the step of calculating, or could be incorporated into the
actual estimation of the coefficients.

[0039] In particular embodiments, the network of inter-
acting nodes producing signals are an electroencephalo-
graphic (EEG) system. Network structure analysis on EEG
data can provide an insight into both brain activity and
muscle activity and the resulting networks can be used for
comparative purposes, for example against sample networks
for particular populations, or as comparators for future
studies on the same individual.

[0040] The temporal resolution of EEG is in the millisec-
ond range. It is known that brain processing time is of the
order of 500 ms and so the method of the present is
preferably applied to this data. However, the techniques are
equally applicable to other data with lower resolution (e.g.
functional magnetic resonance imaging or fRMI which has
a temporal resolution of approximately 2 s).

[0041] EEG data is currently typically recorded over 20
minute periods. This can lead to practical data collection
issues in observing the patient in a constant state (or plurality
of states) over such a time period, as well as increasing the
probability of artefacts arising. If the time period can be
reduced further, perhaps to a few 100 seconds, then these
problems can be reduced and/or avoided.

[0042] As the method of the present aspect can provide a
robust prediction of the network from relatively small quan-
tities of data, the amount of EEG data (and therefore the
length of time) needed can potentially be reduced.

[0043] The method of the present aspect may include any
combination of some, all or none of the above described
preferred and optional features.

[0044] A second aspect of the present invention provides
a method of monitoring brain function in a patient, the
method including the steps of: performing an EEG recording
on a patient over a period of time; identifying the network
connections between the node signals on the EEG using a
method according to the above described first aspect, includ-
ing some, all or none of the optional or preferred features of
that aspect.

[0045] The methods of the above aspects are preferably
implemented by a system according to the third aspect of
this invention, as described below, but need not be.

[0046] Further aspects of the present invention include
computer programs for running on computer systems which
carry out the methods of the above aspects, including some,
all or none of the preferred and optional features of those
aspects.

[0047] A third aspect of the present invention provides a
system for identifying network connections and estimating
connection coeflicients between nodes in a data recording of
brain activity, the system comprising: a plurality of sensors
for recording the brain activity of an individual at different
locations over a predetermined period of time to produce a
data set; and a processor which is configured to: calculate the
coherence and partial coherence between each combination
of nodes in the data set; check, for each combination of
nodes, if either the coherence or the partial coherence is
below a first predetermined threshold and, if so, set the
corresponding connection coeflicient to zero for all subse-
quent steps; estimate, from the data set, the connection
coefficients for the combinations of nodes for which the
connection coeflicient has not already been set to zero; for
each connection coeflicient estimated to be below a second
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threshold, set said coefficient to zero for all subsequent
steps; and re-estimate, from the data set, the connection
coefficients for the combinations of nodes for which the
connection coeflicients have not already been set to zero.
[0048] The system of this aspect processes the recorded
data and applies two “zeroing” steps prior to the final step of
estimating the connection coeflicients. These act to remove
indirect links (by consideration of partial coherence and
coherence). This can reduce or eliminate false positives from
the determined network.

[0049] The system of this aspect just uses data. It does not
rely on any predictions or assumptions about the underlying
model.

[0050] The system of this aspect assumes a degree of
sparseness in the network, implying that some of the coef-
ficients in the adjacency matrix are zero. Based on this
assumption the estimation procedure is improved by iden-
tifying coefficients which are candidates for zeroing and
setting these to zero before performing further calculations
or estimations. The method of this aspect is therefore also
more efficient at predicting connections in a sparse network
than existing methods. Accordingly the method is preferably
applied to networks which are known or predicted to be
sparsely connected. By sparsely connected, we mean that the
network has at least 50% of potential connections between
pairs of nodes which are not present (i.e. the connection
coeflicients are zero), preferably at least 60% and in some
embodiments at least 75%. Indeed, the system of this aspect
becomes more efficient as the network becomes sparser, and
so can be applied to networks in which 80% or 90% of the
potential connections are not present.

[0051] This processor of this system applies Granger-
causality in the high-dimensional system (in particular one
having 10 or more nodes). Although existing Granger-
causality of data could work well in low-dimensional sys-
tems, the processing to reduce the number of relevant
coeflicients allows the application of Granger-causality in
such higher-dimensional systems, particularly (but not
exclusively) where these systems are sparsely connected.
[0052] Accordingly, the system of this aspect can reliably
estimate Granger-causality and can be readily applied to
various measures for Granger causality but also to other
approaches that are based on vector autoregressive models.
[0053] Network structure analysis on brain activity data
can provide an insight into both brain activity and muscle
activity and the resulting networks can be used for com-
parative purposes, for example against sample networks for
particular populations, or as comparators for future studies
on the same individual.

[0054] Preferably the processor is configured to calculate
the product of the calculated coherence and partial coher-
ence for each combination of nodes and determine whether
said product is below said first predetermined threshold. If
either of the coherence or the partial coherence is zero, or
close to zero, then the resulting product will be zero, or close
to zero. This means that, for each coeflicient, only a single
comparison with the threshold is required.

[0055] The first predetermined threshold may be the criti-
cal value for partial coherence as defined in Schad et al
(2009). Alternatively, the first predetermined threshold may
be the critical value for coherence. Alternatively, the first
predetermined threshold may be the product of both the
critical value for partial coherence and the critical value for
coherence.
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[0056] The processor may be configured to determine said
second threshold by: separating the estimated coefficients
into two groups according to the squared Euclidean distance
of the estimated coeflicients, a first group containing those
coeflicients with high values and the second group contain-
ing those coefficients with low values; and setting said
second threshold as a value which is greater than the value
of all coefficients in said second group.

[0057] In this manner, the estimated connection coeffi-
cients can be separated into two groups and the separation
between weak connections and stronger connections, thus
permitting a clear distinction to be drawn between the
estimated connections which are likely to be entirely due to
noise and those which represent a genuine connection. The
second threshold may therefore be variably chosen at the
appropriate level to separate these two groups. Alternatively,
the second threshold may be set in advance.

[0058] Preferably the processor is configured to estimate
the connection coeflicients by estimating the autoregressive
coefficients of the data set.

[0059] Preferably the processor is configured to screen the
data set to remove outliers. As the processor of this aspect
is processing measured brain activity data, it may be sus-
ceptible to outliers in the data. Outliers are artefacts in the
data generally caused by events which are not intended to be
measured as part of the recorded data. For example, in EEG
data, eye-blinks in particular can cause artefacts of this kind.
Removing such outliers from the data set can therefore
improve the accuracy of the system.

[0060] Preferably the processor is configured to filter the
data set to remove noise. Again, as the processor of this
aspect is processing measured brain activity data, it may be
susceptible to noise in those measurements. Accordingly,
filtering the data set to remove noise can improve the
accuracy of the system.

[0061] The screening or filtering can be performed prior to
the step of calculating, or could be incorporated into the
actual estimation of the coeflicients.

[0062] Preferably the system is applied to electroencepha-
lographic (EEG) data and the plurality of sensors are an
electroencephalograph.

[0063] The temporal resolution of EEG is in the millisec-
ond range. It is known that brain processing time is of the
order of 500 ms and so the method of the present is
preferably applied to this data. However, the techniques are
equally applicable to other data with lower resolution (e.g.
functional magnetic resonance imaging or fRMI which has
a temporal resolution of approximately 2 s).

[0064] EEG data is currently typically recorded over 20
minute periods. This can lead to practical data collection
issues in observing the patient in a constant state (or plurality
of states) over such a time period, as well as increasing the
probability of artefacts arising. If the time period can be
reduced further, perhaps to a few 100 seconds, then these
problems can be reduced and/or avoided.

[0065] As the system of the present aspect can provide a
robust prediction of the network from relatively small quan-
tities of data, the amount of EEG data (and therefore the
length of time) needed can potentially be reduced.

[0066] The system of the present aspect may include any
combination of some, all or none of the above described
preferred and optional features.
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[0067] The system of the present aspect may operate by
carrying out a method according to the above first or second
aspects of this invention, but need not do so.

BRIEF DESCRIPTION OF THE DRAWINGS

[0068] Embodiments of the invention will now be
described by way of example with reference to the accom-
panying drawings in which:

[0069] FIG. 1 shows the graph of a simulated 15-dimen-
sional network of coupled white noise processes;

[0070] FIGS. 2(a) and 2(b) show the graphs of the network
of FIG. 1 reconstructed using coherence and partial coher-
ence respectively;

[0071] FIG. 3 shows the graph of a simulated six-dimen-
sional autoregressive process of order one;

[0072] FIG. 4 shows the absolute value of the difference
between the true coeflicients of the process shown in FIG. 3
and the mean coeflicients estimated using the true autore-
gressive process order p=1;

[0073] FIG. 5 shows the graph of a simulated 40-dimen-
sional network of coupled white noise processes;

[0074] FIGS. 6(a) and 6(5) show the graphs of the network
of FIG. 5 reconstructed using coherence and partial coher-
ence respectively;

[0075] FIG. 7 shows the graph of the reconstruction of the
network of FIG. 5 using directed partial correlation analysis
with the true process order p=2;

[0076] FIG. 81is a flow chart showing the steps in a method
according to an embodiment of the present invention;
[0077] FIGS. 9 and 10 show the networks of the simula-
tion of FIGS. 1 and 5 respectively as estimated using the
method of an embodiment of the present invention;

[0078] FIG. 11 shows the absolute value of the difference
between the true coeflicients of the process shown in FIG. 3
and the mean coeflicients estimated using a method of an
embodiment of the present invention;

[0079] FIG. 12 shows the graph of a simulated 15-dimen-
sional network of coupled white noise processes;

[0080] FIG. 13 shows the connections and coeflicients of
the network of FIG. 12 as predicted using coherence alone;
[0081] FIG. 14 shows the connections and coefficients of
the network of FIG. 12 as predicted using partial-coherence;
[0082] FIG. 15 shows the connections and coefficients of
the network of FIG. 12 as calculated using the method of an
embodiment of the present invention;

[0083] FIG. 16 shows the graph of a simulated 40-dimen-
sional network of coupled white noise processes;

[0084] FIG. 17 shows the predicted network of FIG. 16
reconstructed using coherence alone;

[0085] FIG. 18 shows the predicted network of FIG. 16
reconstructed using partial coherence;

[0086] FIG. 19 shows the interaction structure of electro-
encephalogram (EEG) data from a healthy volunteer;
[0087] FIG. 20 illustrates, schematically, the kind of net-
work that would be expected in the brain of a healthy
individual; and

[0088] FIG. 21 illustrates, schematically, the kind of net-
work that would be expected in the brain of an individual
with mild cognitive impairment.
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DETAILED DESCRIPTION

[0089] Throughout the discussion below, the results are
demonstrated for a specific measure for Granger causality,
the so-called directed partial correlation (DPC) (Eichler,
2005, 2006).

[0090] However, the results apply to any Granger-causal-
ity measure that is based on vector autoregressive processes.
[0091] A method according to an embodiment of the
present invention is shown schematically in the flow chart of
FIG. 8. The method involves a three step approach to
estimate sparse autoregressive processes. The underlying
principle is to rule out some of the coeflicients before the
actual fitting procedure.

[0092] The first analysis step (S102), is to estimate coher-
ence (Priestley, 1981)

Cohyy(w) = ME[O, 1] @
Se(w)Sy(w)
and partial coherence (Halliday et al., 1995)
[pCS (@)l )

PCopu(w) = ———2
PCS, . ()pCS,). ()

for the processes x and y under investigation according to
Schad et al. (2009).

[0093] Using a threshold, all coeflicients for which the
product of coherence and partial coherence is compatible
with zero (i.e. falling within a predetermined upper limit, for
example are fixed at zero (§103). The product of coherence
and partial coherence will be zero if either of them is zero.
These coeflicients are kept at zero for the reminder of the
procedure.

[0094] The threshold which is used to determine whether
a coefficient is compatible with zero may be the critical
value for partial coherence or the critical value for coher-
ence, as defined in Schad et al. (2009).

[0095] In the second step (S104) autoregressive coeffi-
cients are estimated (Liitkepohl, 2005)

L &)
=y (R (L m)pm)
m=1
with
N (6)
R m) = NL_p Z x(t = Dx(t —m)

t=p+1

[0096] and H(m)}=R(0, m). Coeflicients with non-signifi-
cant product of coherence and partial coherence identified in
the previous step are kept at zero.

[0097] The resulting coeflicients are separated into two
clusters according to their squared euclidean distance. The
coeflicients in the cluster with the smaller values are then set
to zero (S105). This step accounts for the fact that coherence
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and partial coherence are symmetric measures and can
therefore not rule out single directed connections.

[0098] In the third step, autoregressive coefficients are
estimated again (Egs. (5) and (6)—S106). This time all
coeflicients identified to be compatible with zero in either
the first or second step are kept at zero.

[0099] The key benefit of this method is that only the
non-zero coefficients are estimated in the third step. Since
the number of estimated coeflicients is dramatically reduced
by this procedure, the accuracy of the estimation can be
improved. Meaning that less coeflicients are estimated from
the same number of data points.

[0100] The performance of this method can be seen from
the simulated data as set out below.

Simulations

[0101] For the 15-dimensional and 40-dimensional net-
works of coupled white noise processes, which were ana-
lysed previously (FIGS. 1 and 5), directed partial correlation
was estimated using the method of the embodiment set out
above. The resulting graphs are shown in FIGS. 9 and 10,
respectively. The true underlying network structure was
correctly revealed in both examples.

[0102] Itshould be emphasized that the networks for these
simulations were generated randomly. The inventors have
tested the method of the above embodiment on over 100
different sparse random networks and all were reconstructed
correctly (results not shown).

[0103] The sparse estimation technique also improves
estimation of the vector autoregressive coeflicients in lower
dimensional sparse systems. For example, for the six-di-
mensional autoregressive process of order one described
above (Egs. (1) and (2)), FIG. 11 is the equivalent to FIG. 4
and shows, for all 36 coefficients, the absolute value of the
difference between the true and the mean estimated coeffi-
cient using the method according to the above embodiment.
Error bars refer to the standard deviation of the mean for 100
realisations. Coeflicients that are displayed without error bar
are those that were fixed at zero, all of which are truly zero
in the simulation. The result shows that the six non-zero
coeflicients are estimated very close to their respective true
value (and closer than in the previously-described process),
whilst the 30 coeflicients that are zero are all correctly
identified as exactly zero.

[0104] FIG. 12 shows a further simulated 15-dimensional
network of coupled white noise processes. FIG. 13 shows
the connections and coefficients of the network of FIG. 12 as
predicted using coherence alone. It can be seen that, as well
as adding a number of additional connections within the
more complex part of the network, this approach also
mis-characterises the relationship between nodes 1, 6, 8 and
10.

[0105] FIG. 14 shows the connections and coeflicients of
the network of FIG. 12 as predicted using partial-coherence.
This approach is more successful as it removes a number of
indirect links. However, it still incorrectly predicts connec-
tions in the more complex part of the network which are not
present in the underlying network (false positives) and, like
the coherence approach, mis-characterises the relationship
between nodes 1, 6, 8 and 10.

[0106] FIG. 15 shows the connections and coefficients of
the network of FIG. 12 as calculated using the method of the
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embodiment described above. It can be seen from a com-
parison with FIG. 12 that the network is completely accu-
rately mapped.

[0107] FIG. 16 shows a further simulated 40-dimensional
network of coupled white noise processes. FIG. 17 shows
the predicted network using coherence, and it can be seen
that as the dimension of the network increases, the number
of false positives generated in this approach can completely
overwhelm the true connections. FIG. 18 shows the pre-
dicted network using partial coherence. As with the previous
simulation, this cuts out a significant number of false posi-
tive connections, but still does not completely reproduce the
underlying network. The method of the embodiment
described above accurately reproduces the network shown in
FIG. 16.

Example Application

[0108] Inanexemplary application, electroencephalogram
(EEG) data of one healthy volunteer is analysed. EEG
recordings were obtained during eyes closed. The signal was
sampled at 512 Hz. Twenty electrodes were placed on the
scalp according to the 10-20 system. Data were down-
sampled to 200 Hz and a model order of p=2 was used in the
sparse estimation. One segment of 100 s was analysed. The
interaction structure that was revealed is shown in FIG. 19.
As expected in a healthy individual, there are a wide range
of interconnections between the various parts of the brain.
[0109] FIGS. 20 and 21 illustrate, schematically, the kinds
of networks that would be expected for a healthy individual
and an individual with mild cognitive impairment. The
nodes have been simplified to the frontal, central, temporary
and occipital regions (4 channel EEG). As can be seen in
FIG. 20, a healthy individual would be expected to have
interconnections between all of the regions and within each
individual region (as the nodes are effectively identical, they
have not been labelled in FIG. 20).

[0110] FIG. 21 shows that, in an individual with mild
cognitive impairment, whilst there is connection within each
region, the interconnection between each region is signifi-
cantly reduced, and generally only involves flow in one
direction from frontal to occipital with little or no return flow
from the occipital or temporal regions, and no connections
between non-adjacent regions.

[0111] Although 4 channel EEG does not produce the
high-dimensional data discussed previously, analysis of the
data from such EEG monitoring may be particularly useful
as 4 channel EEG devices are available which can be readily
used in the primary care setting and by individuals them-
selves.

Further Developments

[0112] The sparse estimation technique of the present
invention can readily be applied to frequency-domain mea-
sures for Granger-causality such as re-normalised partial
directed coherence (Schelter et al., 2009). This will allow
investigating networks at different frequencies which is of
particular interest in EEG analysis.

[0113] It should be emphasised that the method of the
embodiments set out above is data driven. This means that
the sparse coeflicient matrix is estimated based on a given
data set measured from the nodes. Zeros are placed accord-
ing to coherence and partial coherence estimated from the
data set. Should the underlying network not be sparse, the
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algorithm will simply proceed to estimate all coefficients in
the way that the underlying estimation procedure does.
[0114] However, measurements are never exact and obser-
vational noise can impact Granger causality inference (Som-
merlade et al., 2015). In order to deal with observational
noise, the sparse estimation technique presented here can be
combined with the state space model approach presented in
Sommerlade et al. (2015).

[0115] In addition to observational noise, measured data
can be afflicted by outliers. For example, for EEG data these
outliers include eye-blink artefacts. When estimating autore-
gressive processes, outliers such as eye-blinks can be
removed using weighted robust Kalman filtering (Ting et al.,
2007) or the more general outlier robust Kalman filtering
(Agamennoni et al., 2011). The methods described herein
can be combined with these approaches to further improve
the estimation technique.

Further Uses

[0116] Methods of predicting according to embodiments
of this invention can be used in a variety of settings. As
shown above, they have particular use in the analysis of
EEG data and, from the predicted networks, it is possible to
carry out further assessments or make determinations of the
cognitive function of the individual from whom the data is
taken.

[0117] The network prediction methods can be used in a
variety of ways. In addition to diagnosis (for example by
comparison of the network obtained from EEG data from an
individual against comparative networks for healthy indi-
viduals and those with cognitive impairments), the network
predictions can be used to monitor the response of an
individual to treatment for cognitive impairment. For
example, a record of the networks derived from EEG data
from an individual undergoing treatment can be maintained
and changes monitored over time. An effective treatment
may either slow or stop the deterioration in the individual’s
cognitive function (as represented by the number and/or
strength of connections in the network), or may result in a
reversal of previous decline (as represented by an increase in
the number and/or strength of connections in the network).
[0118] The network prediction methods can also be used
as a discriminator to identify or screen candidates for trials
of a particular treatment by allowing identification of indi-
viduals with particular characteristics of cognitive function
at the neural level. The network prediction methods can also
be used to screen to ensure either that all participants in the
trial have the same, or similar, cognitive impairments, or that
participants having a wide range of cognitive impairments
are selected.

[0119] The network prediction methods can also be used
in conjunction with targeted response questions to test
specific responses and determine whether this affects the
pattern of responses within the brain during that testing.

General Provisions

[0120] The systems and methods of the above embodi-
ments may be implemented in whole or in part in a computer
system (in particular in computer hardware or in computer
software) in addition to the structural components and user
interactions described.

[0121] The term “computer system” includes the hard-
ware, software and data storage devices for embodying a
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system or carrying out a method according to the above
described embodiments. For example, a computer system
may comprise a central processing unit (CPU), input means,
output means and data storage. Preferably the computer
system has a monitor to provide a visual output display. The
data storage may comprise RAM, disk drives or other
computer readable media. The computer system may
include a plurality of computing devices connected by a
network and able to communicate with each other over that
network.

[0122] The methods of the above embodiments may be
provided as computer programs or as computer program
products or computer readable media carrying a computer
program which is arranged, when run on a computer, to
perform the method(s) described above.

[0123] The term “computer readable media” includes,
without limitation, any non-transitory medium or media
which can be read and accessed directly by a computer or
computer system. The media can include, but are not limited
to, magnetic storage media such as floppy discs, hard disc
storage media and magnetic tape; optical storage media such
as optical discs or CD-ROMs; electrical storage media such
as memory, including RAM, ROM and flash memory; and
hybrids and combinations of the above such as magnetic/
optical storage media.

[0124] While the invention has been described in conjunc-
tion with the exemplary embodiments described above,
many equivalent modifications and variations will be appar-
ent to those skilled in the art when given this disclosure.
Accordingly, the exemplary embodiments of the invention
set forth above are considered to be illustrative and not
limiting. Various changes to the described embodiments
may be made without departing from the spirit and scope of
the invention.
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1. A method of identifying, in a network of interacting
nodes simultaneously producing signals, connections
between said nodes and of estimating connection coeffi-
cients between nodes identified as connected, the method
including the steps of:

periodically recording the signal at each node over a
predetermined period of time to form a data set;

calculating the coherence and partial coherence between
each combination of nodes in the data set;

checking, for each combination of nodes, if either the
coherence or the partial coherence is below a first
predetermined threshold and, if so, setting the corre-
sponding connection coeflicient to zero for all subse-
quent steps;

a first estimating step of estimating, from the data set, the
connection coefficients for the combinations of nodes
for which the connection coeflicient has not already
been set to zero;

for each connection coefficient estimated by said first
estimating step to be below a second threshold, setting
said coeflicient to zero for all subsequent steps; and

a second estimating step of re-estimating, from the data
set, the connection coeflicients for the combinations of
nodes for which the connection coefficients have not
already been set to zero.

2. A method according to claim 1 wherein the step of
checking involves calculating the product of the calculated
coherence and partial coherence for each combination of
nodes and determining whether said product is below said
first predetermined threshold.

3. A method according to claim 1 wherein the second
threshold for the estimated connection coeflicients is deter-
mined by:

separating the estimated coefficients into two groups
according to the squared Euclidean distance of the
estimated coefficients, a first group containing those
coefficients with high values and the second group
containing those coefficients with low values; and

setting said second threshold as a coeflicient value which
is greater than the value of all coefficients in said
second group.
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4. A method according to claim 1 wherein the first and
second estimating steps for estimating the connection coef-
ficient estimate the autoregressive coefficients of the data
set.

5. A method according to claim 1 wherein the network is
known or predicted to be sparsely connected.

6. A method according to claim 1, further including the
step of screening the data set to remove outliers.

7. A method according to claim 1, further including the
step of filtering the data set to remove noise.

8. A method according to claim 1 where the network of
interacting nodes producing signals are an electroencepha-
lographic (EEG) system.

9. A method of monitoring brain function in a patient, the
method including the steps of:

performing an EEG recording on a patient over a period

of time;

identifying the network connections between the node

signals on the EEG using a method according to claim
1.

10. A system for identifying network connections and
estimating connection coeflicients between nodes in a data
recording of brain activity, the system comprising:

a plurality of sensors for recording the brain activity of an
individual at different locations over a predetermined
period of time to produce a data set; and

a processor which is configured to:

calculate the coherence and partial coherence between
each combination of nodes in the data set;

check, for each combination of nodes, if either the coher-
ence or the partial coherence is below a first predeter-
mined threshold and, if so, set the corresponding con-
nection coeflicient to zero for all subsequent steps;

estimate, from the data set, the connection coefficients for
the combinations of nodes for which the connection
coeflicient has not already been set to zero;

for each connection coefficient estimated to be below a
second threshold, set said coefficient to zero for all
subsequent steps; and

re-estimate, from the data set, the connection coefficients
for the combinations of nodes for which the connection
coeflicients have not already been set to zero.

11. A system according to claim 10 wherein the processor
is configured to calculate the product of the calculated
coherence and partial coherence for each combination of
nodes and determine whether said product is below said first
predetermined threshold.

12. A system according to claim 10 wherein the processor
is configured to determine said second threshold by:

separating the estimated coefficients into two groups
according to the squared Fuclidean distance of the
estimated coeflicients, a first group containing those
coeflicients with high values and the second group
containing those coeflicients with low values; and
setting said second threshold as a coefficient value which
is greater than the values of all coefficients in said
second group.
13. A system according to claim 10, wherein the processor
is configured to estimate the connection coeflicients by
estimating the autoregressive coeflicients of the data set.
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14. A system according to claim 10 wherein the processor
is configured to screen the data set to remove outliers.

15. A system according to claim 10, wherein the processor
is configured to filter the data set to remove noise.
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