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Spatial Transmission of 2009 Pandemic Influenza in the US. 
PLoS Comput Biol 10:e1003635.







For each of i=1..271 cities, prob of outbreak given by:

addition, we used school term data at the state level [15], rather
than at the county or city-level, given that detailed school data are
not publicly available in most states. Further, our models do not
integrate any age information, although analysis of age-stratified
disease incidence time series revealed very similar patterns of
pandemic onsets in the 271 US locations (not shown). Finally, we
did not consider radiation models of spatial flux [11]: these are
unlikely to add significantly to the present analysis as the picture of
sequential outbreak onset is so clear already, and a normalisation
factor has been included in the gravity formulation to account for
the varying population density across the US. However it would be
interesting to test the relative performance of radiation and gravity
models on a finer grained influenza data set, particularly if a
matching resolution of school data were available.

Overall, our results are robust: they do not depend on the exact
formulation of the spatial model nor the definition of epidemiologic
indicators. Our conclusions highlight the role of local transmission
in the spread of the major autumn 2009 pandemic wave. This work
highlights the importance of testing model predictions against
detailed empirical disease data and suggests that fine-scale
transmission models should take these results into account for
simulation of future pandemic outbreaks. As ever, a synthesis of
models, demographic, viral sequence data, environmental and
movement data with multiple incidence data sets collected by
different means would offer a particularly powerful way forward to
understand infectious disease dynamics and improve preparedness
for outbreaks of novel respiratory pathogens.

Methods

Data source
Weekly time series of outpatient visits for influenza-like-illness

and total visits were compiled from the visit-level database of
CMS-1500 medical claims data maintained by IMS Health, which
captures a convenience sample of about half of all physician visits
in the US. We first developed and employed a case definition of
influenza-like illness (ILI) as any mention of a diagnostic code for
influenza (ICD487x-488x) OR [fever and (sore throat or cough),
(ICD780.6 and (462 or 786.2)] OR febrile viral illness
(ICD079.99). Most of the cases were coded as ICD9 = 079.99
rather than the influenza specific code 487–488 – which probably
reflects that only few doctor’s offices utilized rapid testing for
H1N1pdm09 influenza, on advice from the CDC and WHO to
allow the laboratories to focus supplies and effort on severe cases
only [45].

We extracted the weekly number of visits that met the ILI
definition and also total number of all visits, stratified by 3-digit zip
code of the physician’s office. The IMS database covered 906
three-digit zip codes in the continental US during the 2009
pandemic period. The resulting syndromic case definition was
validated against CDC’s ILI surveillance system at the national
and HHS regional level for seasonal and pandemic seasons;
furthermore the ILI time series displayed known geographical
heterogeneities, in particular large early summer waves in
Northern cities like New York City but an absence of such
patterns in upstate New York and the South [46].

Standardization of ILI data
The three-digit zip codes were aggregated according to 449

‘‘sectional center facility’’ (SCF) as defined by the United States
Postal Service, to make geographically meaningful population
divisions. The case definition was sensitive enough to yield a large
number of weekly cases in most SCFs year-round; however both
coverage and reporting rate may vary by location and time. To

generate stable time series, we used the ratio of ILI to total number
of visits. We restricted the analysis to the continental US, to SCFs
with populations of more than 200,000, and to SCFs with more
than 250 ILI cases reported in 2009. This reduced the total
number of SCFs available for analysis to 271 but still accounted for
over 90% of the US population. These SCF are shown in Figure 1
(top panel), and we refer to these as ‘‘locations’’ in the main text.

Geographic data
Population numbers were determined from US Census 2000

data and zip codes weighted by population size to determine SCF
centres. The eastern US was defined as HHS regions 1–5 [47].
The neighbour network (also called ‘grid model’) was constructed
by joining each location to its four nearest neighbours and
allowing all links to be reciprocal. The median school opening date
was used for each state, and methods for collecting these data are
given in Chao et al. 2010 [15]. The absolute humidity data were
daily 2 m above-ground specific humidity conditions compiled
from the North America Land Data Assimilation System (NLDAS)
project, 1999–2009 [48]. For each SCF, we calculated the AH
values and AH anomalies in days 7–10 prior pandemic onset,
where daily AH anomalies are defined as observed AH minus
average AH for the same day of the year during 1999–2008.

Definition of influenza pandemic onset
Weeks of national ‘‘low ILI activity’’ between 2001–2009 for

aggregated US are defined as when the ILI ratio is below 0.6%,
and a sinusoid is fitted to these weeks to determine the phase
(similar to methods used for mortality data [29,30]). Using this
phase and the same set of weeks, amplitude plus a quartic function
of time is fitted to the ILI ratio for each SCF to give an
approximate seasonal baseline. As the pandemic does not
necessarily respect the usual annual timing of influenza, we define
a conservative pandemic threshold as the maximum of the
sinusoidal model baseline during 2009 plus a small additional
buffer (0.2%). Using absolute numbers for 2009, a binomial test
(with exact probabilities) is used to determine if the observed
number of visits is significantly (p,0.01) above threshold in each
week. If there are at least three consecutive weeks that are
significantly above threshold, then the first such week is considered
to be the week of pandemic onset. To interpolate to a slightly
greater degree of resolution, we estimate the number of ILI visits
and total visits in the half week before onset using the geometric
mean, and the binomial test is again used to determine if the fall
wave start time should be moved back by half a week. For the fall
wave of 2009, the calculated pandemic onset timings will not be
sensitive to these methods of calculation as the epidemic upswing
in each location is so sharply defined.

Transmission model
We use a maximum likelihood approach based on a simple

mechanistic model. Following Eggo et al. [5], the probability that
the fall wave starts at time T for a given location (indexed by i) is
given by

Pi(T)~(1{e{li (T)) P
T{1

t~1
e{li (t)

where li(t) is the force of infection at location i at time t. For the
gravity model, this force of infection is given by
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where the following are explanatory variables: di,j is the great
circle distance between locations i and j, and for each location i:hi

is the absolute humidity, xi is the intensity of the spring wave
(percentage of total pandemic excess ILI cases that were reported
during the spring), Ni is the population size normalised by average
population size, Ii is an indicator function of time which is 1 when
schools are open and 0 otherwise. L is the set of indices of
currently infected locations.

The estimated parameters are as follows: w and v are the effects
of the spring wave and humidity in modulating the full transmission
rate. The b parameters are all transmission rate factors: b0 is for the
background rate of infection (including external seeding from
domestic and international locations and local chains of transmis-
sion surviving over summer), bs is a boost due to schools being in, bd

is the spatial transmission coefficient and bds is the boost to spatial
transmission due to schools being in. a, m and u are all exponents on
population size, representing the effect of population size on the
background rate of infection, for recipient population and donor
population in spatial transmission respectively. The distance
exponent in the spatial kernel of the gravity model is c. For the
spatial transmission, the numerator of the fraction is the sum over
infected locations (weighted by distance and population size to some
powers), and the denominator is the same sum but over all locations.
The denominator is to the power e: so 0 corresponds to no
normalisation (fully density-dependent), and 1 corresponds to full
normalisation (fully density-independent).

For the Gaussian model, the expression is the same except for
the form of dependence on distance and the parameter s gives the
distance scaling in the Gaussian (and c is no longer used):
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The grid model is slightly different as instead of explicit
dependence on geographic distance, we use the set of locations one
step (n1,i) or two steps (n2,i) away for location i, as defined by the
constructed grid:
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There is no distance parameter, but now the spatial transmis-
sion parameters have been extended from two to four to account
for transmission to locations one and two steps away: bd2, bd1s, bd2

and bd2s.
Simpler models can be made from all these spatial kernels by

‘‘turning off’ combinations of parameters, i.e. setting them to zero.

This makes 400 gravity, 400 Gaussian and 1936 grid models. For
each of the 2736 models, likelihood was maximised using the
Nelder-Mean simplex algorithm as implemented in the GNU
scientific library in C. Simulations were done in C using the ranlux
algorithm of Lüscher with maximum luxury level as provided by
the GSL library. Convergence was assessed by likelihood profiles
(Figure S4).

Supporting Information

Figure S1 Analysis of contribution of external seeding
by location. Upper panel: The percentage contribution of
external seeding to the model force of infection was calculation
for each location at the observed date of pandemic onset. For 253
out of 271 locations the external seeding accounted for less than
5% of the force of infection, indeed in 177 it accounted for less
than 1% of the force of infection. On the map, locations with 5–
10% external contribution are marked in yellow (five locations),
10–50% in orange (seven locations, and all less than 25%), and
those over 50% in red. Lower panel: Plots correspond to
individual locations: the black curve gives the standardized ILI (y-
axis) against date (x-axis) for the calendar year 2009, the grey
curve and shaded area give the pandemic onset threshold, and
the blue line marks the calculated autumn pandemic onset date
(see methods for full details). The plot labels give the location
name an in brackets the percentage of force of infection at week
of onset that is contributed by external seeding. The first row
gives three representative plots (Atlanta GA, Boston MA and
Trenton NJ). In each case, the contribution to force of infection
at week of onset was less than 5%, and it can be seen that the
week of onset can be identified unambiguously. The second row
shows three of the six places where external contribution at week
of onset was over 50%, but date of onset is not clearly identified.
St. Petersburg FL, the standardized ILI dips below threshold
again after onset is detected. For Corpus Christi TX there is also
a dip after onset, though it does not drop below threshold. For
Grand Island NE, there is also a dip after onset, and the general
rise of ILI is not as sharp as other locations. If week of onset for a
location is misidentified as earlier than other locations nearby,
then the apparent dominant contribution of external seeding
would be artefactual: we cannot exclude this for these three
locations. The third row shows the remaining three places where
external contributions was over 50%. In each of these, the week
of onset is clearly defined. Visually from the supplementary
movie, both Dothan AL and Stockton CA appear to be at or near
the source of clear regional waves, so these are likely to
correspond to true external seeding events. The final location,
Baltimore MD, does not appear to be the origin of separate
regional wave, and the apparent high contribution of external
seeding can be explained as an artefact: there is another location
very close by (Linthicum MD). The power-law dependence on
distance in the transmission model and the normalisation mean
that essentially these two locations only ‘‘see’’ each other. It
happens that Baltimore onset is a week before Linthicum, so this
appears as having a strong component of external contribution to
the force of infection. This highlights a potential weakness of
gravity normalisation methods, but could be overcome by
modifications such as merging locations that are close together,
or by capping the power-law dependence on distance within a
certain range. In this model, the external seeding term
ameliorates the difficulty. In summary: the evidence here suggests
only two likely external seeding events: near Dothan AL and near
Stockton CA.
(PDF)
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Most parsimonious model
Table S2: Fitted parameters for the most parsimonious model 
 
Parameter Description Units Value 95% Confidence interval 

€ 

β0  Background transmission 
rate 

€ 

(Δt)−1 0.0013 0.0004-0.0028 

€ 

βd  Spatial transmission 
coefficient 

€ 

(Δt)−1(km)1−ε  0.84 0.26-2.3 

€ 

βds 
Boost to 

€ 

βd  when schools 
are open 

€ 

(Δt)−1(km)1−ε  3.0 1.4-6.3 

€ 

µ  Exponent of dependence 
on recipient population size none 0.27 0.11-0.44 

€ 

γ  Exponent of distance in 
gravity model kernel none 2.6 2.3-2.8 

€ 

ε  
Strength of density 

normalisation none 0.87 0.80-0.94 

 
The most parsimonious model has six non-zero parameters. These are given in the 
table together with their maximum likelihood values and confidence intervals, as 
determined by a drop of 1.96 in the profile likelihoods. Setting the other parameters 
to zero, the force of infection for location  can be written as: 
 

€ 

λi(t) = β0 + (βd + βdsIi)Ni
µ

di, j
−γ

j∈Λ
∑

di, j
−γ

j≠ i
∑
* 

+ 
, 
, 

- 

. 
/ 
/ 

ε  

 
This force of infection is a rate and the units correspond to the time step  = half 
week.  
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Detecting correlations
Catherine Cutts (J Neurosci 2014)







(Demas et al. 2003, P11 mouse)
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Measuring correlation
Necessary and desirable properties for a correlation measure
Because the correlation index is confounded by firing rate an
alternative measure should be found which is independent of
firing rate and can fairly compare correlations. It should be able
to replace the correlation index in all analyses. Therefore, because
the correlation index is a single-valued measure, the replacement
should also be single-valued (as opposed to multivalued e.g.,
cross-correlogram). In practice, many multivalued measures can
be reduced to single values by considering just one of their values.
The correlation index quantifies correlations over a fixed, small
timescale, so its replacement should do the same.

Additionally, there are other properties needed for a measure
to fairly compare correlations across recordings where other sta-
tistics vary. There are also some desirable properties, which either
affect the range of correlation values seen in experimental data or
require extra information before correlations can be fairly com-
pared. We specified six necessary and three desirable properties,
for which we assess potential replacement measures. These are
listed in Table 2.

Many measures which quantify the degree of coordination or
correlation in neural spike trains exist: an extensive literature
search found 33 examples. There is variation in their terminology
(such as, “coefficients” or “indices”). We use the term “measure”
to provide a general term, in the sense that they all measure
correlations. We classified the measures into six categories:

(1) Measures which calculate a distance between spikes
trains, or those which calculate a cost involved with trans-
forming one train into another.

(2) Measures based on the cross-correlogram, that is, mea-
sures counting pairs of spikes which occur within !"t of
each other (i.e., the count in the bin centered on zero of
the cross-correlogram before normalization) which is
then normalized using some statistic from the cross-
correlogram (or justified with reference to it).

(3) Measures which also count pairs of spikes which occur
within !"t of each other, but which are not derived from
the cross-correlogram (e.g., the correlation index).

(4) Measures from Information Theory.
(5) Measures which consider spike times as a shot-noise pro-

cess; a term from electronics which considers spike times
as discrete events and uses convolution with fixed kernels
to derive useful measures.

(6) Measures which consider spike times as a marked point
process, a concept from statistics: a point process is a
process for which any one realization consists of a set of
isolated points in some space. A marked point process is a
point process where additional data exists on the points
(other than their location), these data are termed
“marks,” in this case, a binary mark denoting from which
neuron the spike originated.

A list of the measures and their classification appears in Table
3. To be as thorough as possible, we have included a broad range
of measures, not just those that quantify correlation (some measure
synchrony, some similarity, and some distance; see Discussion). As a
consequence, if a measure is shown to be unsuitable to replace the
correlation index, this is no judgment of its usefulness or worth. It is
likely that it was designed for use on a different problem and the
quantity that it measures is not similar enough to the correlation as
we measure it for it to be appropriate in this case.

No measure from the literature was proposed as a replace-
ment for the correlation index and none obviously possesses the

full list of necessary and desirable properties. We therefore de-
vised a new measure which conforms to all the criteria; the spike
time tiling coefficient (Fig. 1).

Step 1: evaluating the measures for necessary properties
The replacement for the correlation index must be able to fairly
quantify correlations for a wide range of neuronal spiking pat-
terns and therefore possess all necessary and, ideally, all desirable
properties. Measures were tested for these properties both ana-
lytically and on a wide range of simulated and experimental data.
Simulated data are more useful here as individual properties can
be altered independently. If a measure lacks at least one necessary
property, it was removed from consideration (for brevity, we

Table 3. Correlation measures evaluated in this study with evidence (if any) for
rejecting them as a replacement for correlation index

Measure
no. Measure name

Lacked
property

Evidence
in Figure

Distance measures and cost functions
1 Victor and Purpura (1997) N3 5A
2 ISI-distance (Kreuz et al., 2007a) N2 5B
3 Hunter-Milton similarity (Hunter and Milton, 2003) N6 5C
4 Van Rossum (2001) N3 5A
5 SPIKE (Kreuz et al., 2013) N2 5B

Cross-correlation based
6 Coincidence index (Pasquale et al., 2008) N2 4
7 Altered Coincidence index* N2 4
8 Cross correlation coefficient (Pasquale et al., 2008) N2 4
9 Schreiber et al. (2003) similarity coefficient N6 5C
10 Altered Schreiber et al. similarity coefficient* N6 5C
11 Kerschensteiner and Wong (2008) cross-correlation D3 6D
12 Jimbo and Robinson index (Jimbo et al., 1999) N2 4/5A

Synchrony not from cross-correlation
13 Correlation index (Wong et al., 1993) N2 3
14 Activity pair (Eytan et al., 2004) N2 4
15 Unitary events analysis (Grün et al., 2002) N2 4
16 Event synchronization (Kreuz et al., 2007b)* N2 4
17 Joris et al. (2006) correlation index N2 4

Information theory
18 Mutual information (Li, 1990) N2 4
19 Mutual information with smoothing* N2 4

Measures from shot-noise process
20 Coherence (at zero) (Eggermont, 2010) N6 5C
21 Spike count correlation (Eggermont, 2010) D1 6A
22 Smoothed spike count correlation (Kruskal et al., 2007)* D3 6C
23 Spike count covariance (Eggermont, 2010) N2 4

Measures assuming a marked point process
24 Stoyan’s Kmm function (Stoyan and Stoyan, 1994) N2 4
25 Isham’s mark correlation function (Isham, 1985) N2 4
26 Ripley’s Kmm function (Ripley, 1976) N2 4
27 Simpson (1949) index N2 4
28 Simpson (1949) index no correction N2 4
29 Stoyan’s mark covariance function (Stoyan, 1984) N2 4
30 Mark variogram (Cressie, 1993) N2 4
31 Mark covariance function (Cressie, 1993) N2 4
32 Mark conditional expectation (E; Schlather et al., 2004) N2 5B
33 Mark conditional variance (V; Schlather et al., 2004) N2 4
34 Mark conditional standard deviation (Schlather et al.,

2004)
N2 4

Tiling-based
35 Spike time tiling coefficient PASS

*Indicates that the measure was altered to make it applicable (see Materials and Methods).

All measures investigated are arranged according to our devised classification (see Materials and Methods). The
third column contains an identifier (see Table 2) corresponding to one property, which the measure was shown to
lack (if any). The fourth column denotes which figure presents evidence for the lacking property.
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should also be single-valued (as opposed to multivalued e.g.,
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30 Mark variogram (Cressie, 1993) N2 4
31 Mark covariance function (Cressie, 1993) N2 4
32 Mark conditional expectation (E; Schlather et al., 2004) N2 5B
33 Mark conditional variance (V; Schlather et al., 2004) N2 4
34 Mark conditional standard deviation (Schlather et al.,

2004)
N2 4

Tiling-based
35 Spike time tiling coefficient PASS

*Indicates that the measure was altered to make it applicable (see Materials and Methods).

All measures investigated are arranged according to our devised classification (see Materials and Methods). The
third column contains an identifier (see Table 2) corresponding to one property, which the measure was shown to
lack (if any). The fourth column denotes which figure presents evidence for the lacking property.
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Which method is best?

• 34 measures in literature + 1 from us => 35. 

• Phase 1: six necessary properties: 

1. Symmetric 

2. Robust to variations in firing rate 

3. Robust to amount of data 

4. Bounded [-1, +1] 

5. Robust to variations in bin width (Δt)



Measure 6

●●● ● ●
● ● ●

● ●

●

●

●

1

1.6
Measure 7

●
●

●

●
●

● ●
● ● ●

●
● ●0.2

1
Measure 8 

●●●
● ●

● ●
●

● ●

●

●

●

0.9

1.5

Measure 12 v1
●

●

●
● ● ● ● ● ● ● ● ● ●0

0.08
Measure 14

●

●

●
● ● ● ● ● ● ● ● ● ●0

0.1
Measure 15

●●● ● ● ● ● ● ● ●

●

●

●

0

40

Measure 16

●●● ● ● ● ● ● ● ●

●

●

●

1

2
Measure 17

●

●

●

●

●
●

● ● ● ●
● ● ●0

20
Measure 18

●●●
● ● ● ● ● ● ●

●

●

●

0

0.04

Measure 19

●●●
● ● ● ● ● ● ●

●

●

●

0

0.04
Measure 23

●●● ● ● ● ● ● ● ●

●

●

●

0

0.8
Measure 24

●●●
● ●

● ● ● ● ●

●
●

●

0.86

0.94

Measure 25

●●●
● ●

● ●
●

● ●

●

●
●

−1

−0.4
Measure 26

●

●

●

●

●
●

● ● ● ●
● ● ●0

4
Measure 27

●●●
● ●

● ●
●

● ●

●
●

●

0.2

0.6

Measure 28
●●●

●
●

● ●
●

● ●

●

●
●

0.7

1
Measure 29

●●●
● ●

● ●
●

● ●

●
●

●

−0.3

−0.1
Measure 30

●●●
● ●

● ●
●

● ●

●
●

●

−0.3

−0.1

Measure 31
●●●

● ●
● ●

●
● ●

●
●

●

0.35

0.55
Measure 33

●●●
● ●

● ●
● ● ●

●

●

●

0.7

1

0 1 2 3 4 5

Measure 34

Firing rate (Hz)

m
ea

su
re

●●● ● ●
● ● ● ● ●

●

●

●

0.8

1

0 1 2 3 4 5

Measure 11

Firing rate (Hz)

m
ea

su
re

●●● ● ● ● ● ● ● ● ● ● ●

0.999

1.001

0 1 2 3 4 5

Measure 22

Firing rate (Hz)

m
ea

su
re

●●● ● ● ● ● ● ● ● ● ● ●

0.999

1.001

0 1 2 3 4 5

Measure 35

Firing rate (Hz)
m

ea
su

re

●●● ● ● ● ● ● ● ● ● ● ●

0.999

1.001

Twenty-one measures 
rejected as they 
depend on firing rate. 

(autocorrelation of 
Poisson trains)



Short-list from Phase 1

1.Spike count correlation coefficient 

2. Kerschensteiner and Wong (2008) 

3. Kruskal et al. (2007) 

4. Spike time tiling coefficient

tested all the anonymized measures for the necessary properties using
synthetic data. The list of properties appears in Table 2. The measures
were tested methodically for each property using data generated from the
above models where parameters were varied in isolation (line searches)
and the values tested included the experimentally observed ranges (Table
1 shows ranges used). Necessary properties N1–5 were tested using data
generated from both the Poisson spiking and Poisson burst model.

As an example, necessary property N3 states that measures must be
robust to the recording duration. To test this, data were generated from
the Poisson spiking model with rates and !t fixed, and with varying
recording time. Each measure was then calculated. Ten repeats were
performed and then one of the fixed parameters was changed and this
process was repeated. This was done for several different values of each
fixed parameter. This process was then repeated with data from the Pois-
son burst model. Because the necessary property required that measures
are robust to recording duration, measures that showed dependency
were judged to lack this property and were not considered further.

After testing for necessary properties N1–5 remaining measures were
tested for their ability to distinguish anti-correlation from no correlation
(property N6). This property was tested using line searches on data gen-
erated from the out-of-synchrony spikes and out-of-synchrony bursts
models. Measures that were tested on data from all four models were
tested against 7640 pairs of spike trains in total.

Four measures were shown to possess all necessary properties, which
were then assessed on the basis of the desirable properties. Because the
desirable properties concern features of the measures (Table 2), it was not
possible to proceed without identifying the measures. At this point, the
simulation results from the Poisson spiking model were confirmed by
analytical calculations for all measures that were tractable under this
model.

Step 2 of testing involved assessing measures for whether they contain
extra parameters, whether they count quiet periods as correlated and
whether they make assumptions about the statistical properties of the
data (Table 2, D1–D3). If a measure was shown to lack a desirable prop-
erty, simulated data from one of the above models was used to show that
this had a qualitative effect. These measures were also extensively tested
on experimental data to verify that their behavior on synthetic data were
representative of that on experimental data.

Measures possessing all the necessary properties
To make this article self-contained, we briefly present the three previ-
ously published measures which possessed all necessary properties.

Spike count correlation coefficient
The recording time is partitioned into N " T/d bins of width d (let d "
!t, so bin width is equal to the timescale of interest). The spike times a
and b are binned into vectors A and B of spike counts. The spike count
correlation coefficient is Pearson’s correlation coefficient r between A
and B as follows:

r( A, B) !
!
i"1

N

(Ai " A)(Bi " B)

"!
i"1

N

(Ai " A)2 "!
i"1

N

(Bi " B)2

, (4)

where A! denotes the mean of A.

Kerschensteiner and Wong (2008) correlation
The recording time is partitioned into N " T/!t bins. The spike times a
and b are binned into vectors A and B of spike counts. A sliding window
width w (#!t) is defined, which is used to calculate local average spike
counts. For simplicity let w " (2n # 1)!t for some integer n. The Ker-
schensteiner and Wong correlation, k (Eq. 5), is Pearson’s correlation

Table 1. Parameter ranges used in models to generate test data

Parameter Description Value

Common to all models
!t Window of synchrony 0.01–1 s
T Recording time 10 to 6000 s

Poisson spiking model
$A , $B Firing rates of A and B 0.01–5 Hz
$S Rate of synchronous spikes 0.01–5 Hz

Poisson bursting model
$ Burst-rate of master train 0.01– 0.2 Hz
p Probability of burst in second train 0 –1
O Parameter controlling offset of burst-center in

second train (either fixed or O " range of
continuous uniform distribution, or O " variance
of Gaussian distribution)

0 –2 s

N Parameter controlling number of spikes per burst
(either fixed, N " mean of Poisson distribution,
or N " maximum of discrete uniform
distribution)

1–20

% Parameter controlling position of spikes relative to
burst center (% " range of continuous uniform
distribution, or % " variance of normal
distribution)

0.05–2 s

Out-of-synchrony spiking model (Dayan and
Abbott, 2001)

ES Synapse reversal potential $70 to 0 mV
EL Resting potential $70 mV
Vth Threshold potential $54 mV
Vreset Reset voltage after action potential $80 mV
&m Membrane time constant 0.05–1.5 s
rmg!s Specific membrane resistance multiplied by

specific membrane conductance
0.05

Pmax Maximum value of synaptic release probability 0.5
RmIe Change in potential due to injection of small current 18 mV
&s Synaptic time constant 0.05 s

Out-of-synchrony bursting model (Shi and Lu, 2009)
' Map control parameter 5–30
( Ensures slow gating process is slow 0.001
%A , %B , %C Regime-control parameters for neurons A, B, C $0.4 to $0.1
gc Coupling strength $0.4 to $0.01

Note that the out-of-synchrony bursting model is phenomenological, and so parameters do not relate to any
particular biological process and are unitless.

Table 2. Necessary (N) and desirable (D) properties for a correlation measure

Necessary properties
N1 Symmetry: The measure C should be symmetric: for spike trains A and B,

C(A, B) " C(B, A).
N2 Robust to variations in the firing rate: For instance, given two spike trains with

a particular correlational structure, if the rates of both trains are doubled but the
structure is preserved, the correlation measure should remain the same.

N3 Robust to amount of data: In practice, this often means robust to recording duration.
N4 Bounded: The measure should be bounded taking a value of #1 when the spike

trains are identical, with a value of zero corresponding to no correlation and $1
corresponding to anti-correlation.

N5 Robust to variations in !t: Small variations to !t should not introduce artefacts
into the measure.

N6 Anticorrelation: The measure should discriminate between no correlation and
anticorrelation.

Desirable properties
D1 Periods when both neurons are inactive should be ignored: Periods where both

neurons are silent should not be counted as correlated. Experimental data
frequently has large periods of quiescence (Wong et al., 1993; Demas et al., 2006)
which, if counted would distort calculated correlations.

D2 Minimal assumptions on structure: The measure should not assume that spike
times have a given underlying distribution as this will lessen the general applicability.

D3 Minimal Parameters: The main free parameter in the measure should be the time
window of synchrony !t. The number of other parameters should be kept to
a minimum.

Each property is assigned an identifier for ease of reference.
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Tiling coefficient - TC

TA:  the proportion of total recording time which lies within ±Δt 

of any spike from A. TB  calculated similarly.

Time (s) 

PA:  the proportion of spikes from A which lie within ±Δt of any 

spike from B. PB calculated similarly. 

TA is given by the fraction of the total recording time (black) which is 
covered (tiled) by blue bars. Here TA is 1/3.

PA is the number of green spikes in A (3) divided by the total number 
of spikes in A (5). Here  PA is 3/5.

TC = 
1

2
+

PA - TB

1-PA TB

PB - TA

1-PBTA

0 T

A 2Δt

0 TTime (s) 

A

B



Phase 2: Desirable properties

• D1: Ignore periods when both 
neurons are inactive. 

• D2: minimal assumptions on 
structure. 

• D3: aside from Δt, minimise 
number of parameters

• Kerschensteiner and Wong 
correlation (D1, D2) 

• Tiling coefficient (D1, D2, D3) 

• Spike count correlation (D2, 
D3) 

• Kruskal et al. binless 
correlation measure (D2, D3)

Desirable properties: Four methods:
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Summary
• Correlation measure already applied in recent 

papers.  Code available, easy to use. 

• Too specific to retinal waves (Eisenman et al, J 
Neurophys 2015)? 

• Bayesian hierarchical modelling framework for 
comparing correlation curves on Biorxiv…
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 Stephen Kissler (disease dynamics) 

 Ellese Cotterill (burst analysis) 

 Linda Bowns (motion detection).

http://damtp.cam.ac.uk/user/eglen

