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SI Text

S1 Traditional Spike Sorting. To keep our presentation clear, we
made simplifying assumptions. Eq. 1 in the main text

1
fla) =Y nfi(a). [s1]
i=1

suggests that each spike belongs to one and only one cell i, since
the number of summands is equal to the number of cells /. How-
ever, we could add some components to that mixture to account
for spikes emitted by several cells firing approximately together.
Similarly, in the main text we assumed that coincident spikes
never occurred exactly together, so that waveforms never over-
lapped. This assumption could easily be relaxed, but would re-
quire additional notation without adding illustrative value. The
results presented here are general, and so this distinction does
not matter.

We also assumed for simplicity that neurons had constant fir-
ing rates. In the case when neurons’ firing rates are modulated by
covariates ¢ such as environmental parameters or experimental
time, ¢ contains information about spikes identities, and using
constant 7;’s in Eq. 1 effectively consists of ignoring that informa-
tion (1). This in turn yields a suboptimal spike sorter, and biased
estimates of tuning curves. This presumably also biases estimates
of correlated activity, although we did not provide proof of that in
this paper, because it was not our primary focus.

If cells’ firing rates are modulated by covariates, the optimally
efficient approach is to obtain the joint posterior probabilities
of spike identities, given all the variables that contain information
about these identities; i.e., P(X =i|a,s, c) instead of P(X =
ila,s) in Eq. 4. For the traditional spike sorter, Ventura (2)
showed that calculating P(X = i|a, c) consists of applying the
same spike sorting procedure outlined for traditional sorting in
the main text, but with the constant z; in Eq. 1 replaced by func-
tions 7;(c) that depend on the cells’ firing rates. We will address
the inclusion of rate modulating covariates ¢ for ensemble sorting
in future work.

S2 Ensemble Sorting. S2.1 Relationship to traditional sorting. In the
main text, we pointed to similarities and differences between
traditional and ensemble sorting. For example, we noted that
the posterior probabilities in Eqs. 4 and 2, and the spike assign-
ments in Eqs. 5 and 3, had the same structures. Eqgs. 2 and 3 apply
to a single spike, while Eqgs. 4 and 5 apply jointly to # spikes, and
are further conditioned on the spike train’s history s. Here we
show that ensemble sorting reduces to traditional sorting when
neurons are Poisson and independent, and their waveforms
are independent.
Ensemble sorting is based on Eq. 6 in the main text:

P(X, =i, ..., X, =i,la,s) _ TSNS

where 7;(s) = P(X| =iy, ..., X,, = i,|s, N = n) is the probability
that the n spikes were emitted by cells with identities
i= (i1, 0y, ..., 1), fi(als) =f(ali,s) is the joint distribution of
their waveform measurements, and

1
2 ;(s)fi(als)

1 i,=1

1
flals) = Z

1
i=1i=
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is the unconditional joint distribution of the waveforms (uncon-
ditional, although all probabilities and densities are conditioned
on s).

To relate ensemble to traditional sorting, consider the situation
where the n spikes and their waveforms are independent. Then
the history of the electrode spike train s contains no information
about spike identities, so that conditioning on (a, s) is equivalent
to conditioning only on g. Then the denominator of Eq. 6, f(a|s),
reduces to

- I )i P(X,=4i)..P(X, =i,
0= 2 ST S b = )P = )

Jn=1

=1 . P(X =
h= Ji=1
I P(Xn - ln)
(,z;' ]I},ZI P(X, = Jn)fl" (a,,))
_ n 1 P(Xk 71) n 1 i
= <Z > =) ) ,H(Z i)

=

which is the product of the marginal distributions of the wave-
forms in Eq. 1 in the main text, as we should expect under inde-
pendence. It is equally easy to show that, under independence,
P(X,=1i,....,X, =i,la,s) reduces to the product of the mar-
ginals, J[%_, P(X; = ij|a;), which implies that ensemble sorting
reduces to traditional sorting as described in the main text.

52.2 Waveform and joint spiking models. To specify the spike sorting
scheme for a group of n > 1 spikes, we need to specify Eq. 6 in the
main text:

flali,s)P(X = ils)
f(als) ’

which are the joint probabilities that the spike IDs have value
i=(iy,...,i,), given all waveforms a = (a, ..., a,) and ISIs
S =(S1, .., Sy, Spp1). We specify the three components of
Eq. 6 below.

a,s) =

e The denominator, f(als), is evaluated as the sum over all i of
the numerator.

e The first term in the numerator, f;(a|s), is the joint distribution
of n observed waveforms g fired by cells i, and with ISIs s. It is
determined by the properties of the spike waveforms. For ex-
ample, if waveforms are independent and stationary, they do
not depend on the history of the electrode spike train. Then
fi(als) = fi(a), which further reduces to the product of the
marginals, [[}_, f; (a;), where f; is the distribution of wave-
forms emitted by cell i that appeared in Egs. 1 and 2 in the
main text. Typically, f; are assumed to be Gaussian distribu-
tions.

If waveforms are attenuated after short ISIs, then the condi-
tion on s cannot be dropped. However, waveforms are
independent conditional on s and i, so we can write
filals) = f(ali,s) = H;‘:,f(ajﬁ, s), and design appropriate
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attenuation models for the individual components. To illustrate
this, imagine that an electrode records I = 2 cells, and that we
recorded only two spikes with identities (i;,,), waveforms
(ay,a,), and ISIs (sy,s,,s3). Imagine that s, is long enough
so that the first observed waveform a; is not attenuated, but
that s, is short enough that the second waveform would be at-
tenuated in the event that the same cell emitted both spikes.
This means that f(a,|i,s) = f(a;li;) = f;, (a1), i; = 1,2, does
not depend on the past. Similarly, f(a,|i = (1,2),s) = f,(as)
and f(a,|i = (2,1),s) =f,(a,) do not depend on the past
either, given that the two spikes were emitted by different cells.
However, f(a,|i, s) depends on s, when i = (1,1) or (2,2). A
possible model was proposed by Pouzat et al. (3): They used
the amplitudes of the waveforms as features, assumed that they
were normally distributed with different means for each cell,
and used an exponential relaxation to model attenuation of
waveform amplitude. In our small example, it means that
flaili,s) = N(ui,, 6*), f(asli = (i1,42),8) = N(w;,, 6>) when
iy # by, and f(ayli = (iy, i), 8) = N (i, (1 — ae™2), 6?) when
i; =iy, where a and b are positive constants.

The other term we must specify in Eq. 6 is 7;(s) = P(X, =
ii,..., X, = i,|s), the probability that the n spikes were fired
by cells i = (i, i, ..., 1,), given that the electrode history is
s. It is determined by the cells’ ensemble spiking. The simplest
case is that of independent and Poisson cells. Then the spikes’
identities do not depend on the past, so that z;(s) = z; =
[1}-, 7;,, where z; is the proportion of spikes from cell i that
appeared earlier in Egs. 1 and 2 in the main text. Note that
when spikes and waveforms are independent, ensemble sorting
reduces to traditional spike sorting, as shown in the previous
section.

When spikes are not independent, we must specify a joint spik-
ing model, and derive z;(s) given that model. We first rewrite
m(s) = P(X =ils) as P(X =1i,s)/f(s), where f(s) is obtained
as the sum over  of P(X = i, s), and we condition iteratively to
obtain

P(X=15)=f(sps1| Xy =08 Xyt =lpets oo Xy =101.8)
.P(Xn :in‘sn’Xn—l :in—]asn—17-~-7X1 =i1,S|)
S Xt = bpet S, Xy =lygs o, Xy =11,81)

“P(Xy =iils1) f(s1). [S2]
We thus need to determine

P(X] :ij|Sj,Xj_1 :ij—lasj—lv ...,X] :il,sl),

j=1,..,n

the probability that spike j has identity i;, given the IDs of all
previous spikes and the ISIs up to spike j. This probability is
given by the conditional spiking rate function of neuron with
identity i;, given the previous spikes of the neuron ensemble.
Such conditional rate models are routinely used in the analysis
of neural data (4). See also the analytic expression for z;(s) in
Supporting Information, Sec. S5.3 for the illustration in the
main text.

We also need to determine

Fsix080 X0 x,8,(8), J=1..n+1

the ISI distribution given past ISIs and spike identities. When
spikes are independent, this reduces to an exponential distri-
bution. Otherwise it must be derived analytically based on the
properties of the assumed joint spiking model. Supporting In-
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formation, Sec. S5.3 contains that derivation for the illustration
in the main text, which shows that the solution involves mix-
tures of truncated and shifted exponential distributions. The
general case will be obtained similarly.

S$3 Estimation of Coincident Spiking. The main conceptual contribu-
tion of this paper is the idea of ensemble sorting: Because the
history of an electrode spike train contains information about
spikes identities, spikes should be sorted jointly rather than
one at a time, otherwise estimates of coincident spiking will be
biased. But there is another, unrelated, source of bias that afflicts
statistical estimates calculated from sorted data, not just esti-
mates of coincident spiking. This is discussed below.

$3.1 Full versus probabilistic spike assignments. Traditional sorting
assigns each spike fully to one cell. When model based spike sort-
ing is used, as we do in this paper, each spike is typically assigned
fully to the one neuron that has the highest probability of having
emitted the spike (Eq. 3). Then the probabilities that the other
neurons emitted that spike (Eq. 2) are discarded for subsequent
analyses. But when waveform clusters overlap, one can never be
perfectly confident that a spike was emitted by a particular cell;
we know that some spikes will be misclassified. Therefore, assign-
ing each spike fully to a neuron ignores our uncertainty about
spike assignments. Ventura (1) showed that this induces bias
in estimates of firing rates, unless neurons have equal firing rates.
Ignoring that uncertainty biases other estimates. For example in
Fig. 2B, it is clear that estimated and true coincidence rates do
not match in expectation; i.e., E(T,) # 0, even when neurons are
Poisson and independent (§ = 1).

To remove that source of bias, one must preserve the uncer-
tainty about spike assignments. We do that by making partial as-
signments of spikes to neurons according to the posterior
distribution of spike identities, instead of using only the largest
posterior probability. For example, consider an electrode that re-
cords three neurons. Then each spike could have been emitted by
one of the three neurons. Imagine that a spike with waveform a
was observed, and that the posterior probabilities that this spike
was emitted by neuroni = 4, B, and C are P(X =ila) = 0.1,0.3,
and 0.6, respectively. Typically, the spike is assigned to the neuron
that is most likely to have emitted it; i.e., neuron C in this case.
But neurons A and B also have relatively high probabilities of
having emitted that spike. Probabilistic (“soft” in Ventura’s, refs. 1
and 2, terminology) assignments consist of allocating 0.1, 0.3, and
0.6 partial spikes to the three neurons, respectively. Similarly,
imagine that we want to estimate the spike count correlation be-
tween two neurons. Typically, spike counts from full spike assign-
ments are used for that calculation. Let N be the number of
spikes from cell A in some bin: We cannot be certain that this
number is correct, because some spikes will be misclassified even
by the best spike sorter when waveform clusters overlap. Instead
of N, we use the posterior expected number of spikes from cell A4,
because that number summarizes the uncertainty in spike assign-
ments. The estimators we recommend are based on that princi-
ple. We illustrate this below for the coincidence rate 6 and the
spike count correlation p.

53.2 Estimates of the coincidence rate 4. In the main text, we ex-
plained how to calculate 7', and T, without using mathematical
formulas. These formulas are much less intuitive than the de-
scription we gave, but we need them to prove Theorems 1.1
and 1.2.

Let 6 denote the probability that two cells both spike in time
bins of length y. The usual estimate for 6 is the observed propor-
tion of bins in which these cells emitted at least 1 spike each. This
is written as
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M
Tl = M_l Z I{(xml, -~-7xmn,,,) € (gm}’

m=1

[S3]

where I{4} = 1 if A4 is true and 0 otherwise, M is the number of
bins, m indexes them, n,, is the number of spikes in bin m, and
Cm = {(mis--erimn, ) such that (i, i) = (1,2) for some
(Ik) € {1, ...,n, }?} is the set of all joint spike identities that
code for cells 1 and 2 both spiking in bin m. Note that we mod-
ified our notation: Previously, x, denoted the identity of spike %,
k=1, ..., n;x,, now denotes the identity of the k th spike in bin
m, k=1,...,n,. Eq. 83 also applies when spikes are sorted
jointly per Eq. 5, which yields the estimate we called 7, in the
main text. 5

The estimator we recommend, 7', is the average over bins of
the posterior probabilities of observing at least one spike from
each cell:

M
To=M" Y P(Xpi. s Xpun,) € Gpla.s)

m=1

[54]

where P((X 1. ... Xy, ) € Gyula, 5) is the joint posterior prob-
ability function of the identities of the n,, spikes in bin m, ob-
tained by summing the full joint posterior in Eq. 6 over all
variables, except (X, ..., X,y ). Eqs. 83 and S4 have the same
structure; Eq. S3 uses spikes that were each assigned fully to a
neuron, whereas Eq. S4 preserves the uncertainty in determining
spike identities.

To make sense of Eqgs. S3 and S4, consider the spike train
sketch in Fig. 1 of the main text. We observed N = 5 spikes with
waveforms a and history s on an electrode that records I =3
cells. The spikes’ joint identities can be one of I"* = 3 possibi-
lities, with posterior probabilities (Eq. 6 in the main text) given in
Fig. 1. These values are for illustrative purposes only, and did not
result from actually applying our spike sorter to data; see the il-
lustration in the main text and sec. S5 below for an application of
our spike sorter to simulated data. To estimate 6, we cut the re-
cording time into M = 2 bins of width y, as shown in Fig. 1. The
first two spikes belong to the first bin, the other three to the sec-
ond bin.

bin contains spikes from cells A and B, so T, = 1/2. We now
verify that Eq. S3 gives the same answer. Bin 1 has n; = 2 spikes,
€, = {(A4, B), (B, A)} are the possible identities that code for a
coincidence, and the identities of the first two spikes are
(x11,x12) = (A, A). Since (x;1,x;,)€%,, the contribution of bin
1to Ty is I{(x;;,x12) € €, } = 0. Bin 2 has n, = 3 spikes, and
€, = {all permutations of(A, B,k),k = A, B, C}. The identi-
ties of the three spikes in bin 2, (xy1,%5.%23) = (B, 4, A),
are in %,, so the contribution of bin 2 to T, is
I{(x21, X25,%p3) € €} = 1. Hence T, = 1/2, as needed.

Next, we make sense of Eq. 84 to calculate T,. The contribu-
tion to 7, of the first bin is P((X, X,) € € la,s) =
P((Xy;,X;) =(A,B)or (B, A)|a,s) =0.13+0.1 =0.23. The
contribution of the second bin is P((X,;, X1, X23) € €»la,s) =
P((X5y, X525, Xp3) = any permutation of (A4, B, k), k =
A, B, Cla,s) =0.4+0.13+0.07 + 0.06 + 0.04 = 0.7.

Hence Ty, = (0.7 + 0.23)/2 = 0.465.

$3.3 Estimates of the spike count correlation p. Perhaps the most
common measure of association in the activities of two cells is
the spike count correlation p. Fig. 2 in the main text shows that
the sample correlation is biased when spike identities are deter-
mined by traditional spike sorting. Here, we define an unbiased
estimator of p based on the joint posterior probabilities of spike
identities.

The true correlation p between the spike counts of two neu-
rons in bins of specified lengths is

E(N4Np) — E(N4)E(Np)

o(Najo(Ng) (53]

p =

where Ny, X = A, B denotes the number of spikes emitted by
cells A and B in a bin, E(Ny) denotes its true mean, and
62(Ny) = E(N%) — E*(Ny) its true variance.

The usual estimate of p is the sample correlation, which is ob-
tained by replacing the true expectations in Eq. S5 by their esti-
mates in the data. That is,

N Ng—N4Ng

We first calculate T',. The largest joint posterior probability R= — < 2 o7 2 [S6]
for the 5 recorded spikes is P((X;, X,, X3, X4, X5) = \/NA - Ny \/NB —Np
(A, A, B, A, A)|a,s) = 0.4, so joint spike sorting (Eq. 5) assigns
the third spike to cell B and all others to cell A. Only the second  where the estimates of the various expectations are
True value Replaced by Estimate Sample mean over bins of...
E(Nx) Ny =M="3M Ny, The spike count for cell X
E(Nx,Nx;) Ny, Ny, = M=" 3¥_, (N, mNx;, m) The product of spike counts for cells X; and X;
E(N2) NZ=M-"yM N3 The squared spike count for cell X
For the example in Fig. 1 in the main text, the most likely set of . .
oo . . . .. .. The estimator we recommend is
spike identities assignments—i.e., the set that maximizes the joint
posterior probability in Eq. 6—is for the 3rd spike to be assigned
to cell B and all 4 other spikes to cell A. Then the first bin (Fig. 1) R, = E(N4Ngla,s) — E(N 4|a.s)E(Npla. s) [S7]

contains two spikes from cell A and none from cells B and C, and
the second bin contains 2 spikes from cell A, 1 from cell B, and
none from cell C. }

Therefore, E(N 4) is estimated by N4 =271(2+2) =2

E(Np) is estimated by Ng =270+ 1) = 1/2

E(N4Npg) is estimated by NyNg =2"'2x0+2x1) =1

E(N?2) is estimated by N2 =2-1(22 +22) =4

E(N2) is estimated by N3 =271(02 +12) = 1/2

which yields R = 0 in this example.

Ventura and Gerkin www.pnas.org/cgi/doi/10.1073/pnas.1115236109

o(Nla,s)o(Ngla, s)

where the expectations are calculated with respect to the full joint
probabilities of spike assignments. This estimator has the same
form as the usual estimator R, but all spike counts are replaced
by their expectation under the full joint posterior distribution of
spike identities (Eq. 6 in the main text). For example, for X = 4
or B,
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Ny :M‘IZNXm is replaced by

m=1

M
E(Nyxla,s) 2 (Nxmla.s) [S8]
where
E( )= 3k x PNy, = kla.s) [S91
k=0

is the posterior expected number of spikes from cell X in bin m.
The summation is from 0 to n,,, the total number of spikes in the
bin, allowing for the possibility that cell X spiked k =0, 1, ..., up
to n,, spikes, and E(Ny ,|a, s) is the sum of these k’s, weighted
by the posterior probabilities of observing k spikes from cell
X; ie., P(Ny,, =kla,s). Basic laws of probability obtain
P(Nx.,, = kla,s) by summing the full posterior probabilities in
Eq. 6 (main text) over all configurations of joint spike identities
that have a total of k spike identities belonging to cell X in bin m.

Consider the example in Fig. 1 (main text) again to illustrate
the calculation of R. There are two bins; the first contains the
first two spikes, so n,, = 2, and the possible number of spikes
from cell A are k =0, 1, and 2. According to the listed posterior
probabilities, the chance of getting no spikes from cell A in bin 1
is

P(

,8) =0,

the chance of observing one spike in bin 1 from cell A is

P(N 4, =1la.s) = P((X;, X;) = (4,B) or(4,C) or (B .A)
or (C,A)la.s)
=040+ (0.13+0.1) 4 (0.07 + 0.06 + 0.04)
=04,

and the chance of observing two spikes from cell A in bin 1 is

PNy =2)=P((X1,X,)=(A,A)|a.s) = (04+0.2) =0.6.
Bin 2 has a total of three spikes, so the possible values of N 4 ,,
the spike count for neuron Ainbin b =2, are k =0, 1, 2, and 3,
with posterior probabilities calculated using the same process.
We collected the posterior probabilities for N4 ; and N4, in

the following tables:

Na 1 0 1 2

probability 0 04 0.6

and

Ny, o 1 2 3

probability 03 0.1 06 0

This yields (Eq. S9)

E(N1la,s) = (0x0)+ (1 x04) +(2x0.6) = 1.6
E(NZ la,s) = (02 x 0) + (12 X 0.4) + (22 X 0.6) = 2.8
E(N4ala,s) = (0% 0.3) + (1 x0.1) + (2 X 0.6) = 1.3
E(N?,la,s) = (02 x 0.3) + (12 x 0.1) + (22 X 0.6) = 2.5
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so that Eq. S8 evaluates to

E(Nas) =013 145 ana

[S10]
2.8+25

E(N2|a.s) = = 2.65.

Using the same process, we calculate that the posterior prob-
abilities for the spike count of cell B in bins 1 and 2 are

N1 0 1 2

probability 0.77 023 0

and

Ng > 0 1 2 3

probability 0 064 036 0

which yields
(Np1la,s) =0%x0.774+1x023+2x0=0.23

E( ,8) =0x0.774+1%2%x023+2%2x0=023

E(Np,la.s) =0X0+1x0.64+2x036+3%x0=136

E(N%z a,s)=0x0+1%2x0.64+2%2x0.36+32x0=2.08
so that
0.23 4+ 1.36
E(Ngla,s) = + =0.795 and
0.23 +2.08 [St1]
E(Njla.s) === == = 1.155.
It remains to calculate E(N4Ngla,s)=M"'YM

E(N4m a, s). For the first bin, we have
P(N4 Np,=0la,s) =P(Ny; =0
or N =0la,s) = P(N4, =0la.s) + P(Np, =0la.s)
=040.77=0.77.
P(N4 Np;=1la,s)=P(Nyy=1 and Np; =lla,s)

cannot be reduced to the product of the marginal probabilities

calculated earlier, because the spike counts may not be indepen-
dent. Instead we must use the joint probabilities, which gives

P( .8) = P((X1. X3) =

or (B, A)|a,s) =0.13+0.10 = 0.23

(4. B)

P(N,4 Np,>2a,s)=0

This gives E(N 41N |a,s) = 0.23. Similarly, for the second bin,
we have

P(N 4N, =0]a.s) =03+0=03

40f8
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P(NyNp)=1la,s)=P(Ny; =1 and
Ng,=0la,s)=0.04

P(N,Np,=2a,s)=P(Ny; =1 and
Np,=2|a,s)+ P(Ny; =2 and
Npi=1|a,s) =0.4+0.13 + 0.07 + 0.06 = 0.66

P(N41Np, >3la,s)=0

Hence E(N,4,;Npsla,s)=1x0.04+2x%x0.66=1.36, which
gives

0.23 +1.36

E(NANB|Qs »E) = >

=0.795. [S12]

Putting Eqgs. S10, S11, and S12 together, we have

& __ 0.795-145x0795
Y V2,65 — 1.452V/1.155 — 0.7952

~ —0.67,

which is quite different from the usual estimate R = 0. This illus-
trates why using the biased, traditional estimate R can have pro-
foundly poor consequences for inferences about correlation, as
we observed in Fig. 2 of the main text.

S4 Theorem Proofs. S4.1 Proof of Theorem 1.2. Before we prove The-
orem 1.2, it is useful to point out that if the true identities of the
spikes were known, we would estimate the coincidence rate with

M
Ttruc =M Z I{)_C’l;ue € <gm}y

m=1

which has the same form as 7, in Eq. S3, but involves the true
spike identities x5 = (X1, ..., Xy, )™ rather than the identi-
ties determined by traditional spike sorting, X, = (X1 --.s Xpn,, )-
The expectation of 7', is 6, since it uses the true spike identities.
It is written as

M
0= E(Ttrue) =M Z P(Xm € %m)

m=1

[S13]

since the expectation of an indicator function is the probability of
its argument. Note that this calculation depends neither on the
waveforms g, nor on the spike train history s.

To prove Theorem 1.2, we will show that the expectations of
T rue and TU are equal. The expectation of TU is

E(T,) = M~ mf ( T e =ik ).

where P(X,, =i,la, s) is the sum over all i except i,, of the joint
posterior of X given (g, s) in Eq. 6 in the main text, and its ex-
pectation is with respect to the joint distribution of the random
variables inside the probability; i.e., (a, s). Hence
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E=E(P X =inlas)= [ [(ZPX=i0.9)fla.9duds
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Zﬂ'{ (g)] f(s)ds since a density function integratesto 1
SN,

(X:i\g)]f (s)ds by definition of z;(s)

I
|N
M
~

Putting the result together, we have

E(T,)=M" f( > PX, :m)

m=1 ‘i, €€m

M—l

P(X,, € Ep).

Ms

1

3
I

which is Eq. S13. Hence E(T,) = 6 : T\, is unbiased for the true
coincidence rate. QED. B

It is not possible to prove in general that the variance of T,
tends to zero in large samples. This is because the summands of
T, are not independent, since they all depend on the same vector
of random variables (g, s). However, if the firing rates of the cells
depend on a finite rather than on the infinite past, then T is the
average of terms whose correlation decreases with time. Provided
the correlation wanes off sufficiently fast, a central limit theorem
applies to T, so that Var(7),) tends to zero when the sample size
increases, which guarantees consistency. This is the case in the
illustration in the main text (Fig. 3), where groups of spikes se-
parated by more than the coupling length of 10 ms are indepen-
dent (See section S5.3).

54.2 Proof of Theorem 1.1. It is useful to introduce another estima-
tor for 6, T, which is obtained from spikes sorted one at a time
(traditional sorting), but which uses the posterior of spikes iden-
tities in Eq. 2 rather than the maximum posterior probability in
Egq. 3. The usual estimator for 8, T, suffers from two sources of
bias: the bias that originates from sorting spikes independently,
and the bias that originates from using full spike assignment; 7'}
only suffers from the former source, which we now prove.
If spikes are sorted one at a time, then

T, =M f( > (ﬁP(ka :imk|amk)>>,

m=1 Yi,,e&m “k=1

which is obtained by replacing the joint probability in Eq. S4 by
the product of the marginals from traditional sorting (Eq. 2 in the
main text). Following basic rules of probability, the expectation of
T, is calculated by integrating over the random variables, the a,,,,
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with respect to their true distribution, f(a,,). This gives

E(T) = M- Z(Z M"I(%rfk;""))ﬂam)d@n),

1,,€6,,
which does not reduce to 6 in Eq. S$13, hence 7T is biased. But if
the cells and their spikes are independent, the joint distribution
reduces to the product of its marginals; i.e., f (@) = [1;", f (@mr)-
In that case,

M nm
E = Z < / ”zmkfzmk mk)damk>
m=1 M, e%’ @k
M My
=7 3( % [Tw)
m=1 i, €%, k=1
and [[» =, =TT, P(Xok = igi) = P(X,, = iy) iff the

spikes are independent, so that E(T ) reduces to Eq. S13. QED.

The usual estimate of 8, T |, suffers from the additional source
of bias that originates from using full spike assignments, so it will
be biased even when spikes and their waveforms are independent.
To prove this formally, one would need to calculate its expecta-
tion

M
E(T) =M~ Y P(XE € 6,la)

m=1

with respect to the joint distribution of the waveforms a, where
XM js the random variable of full spike assignments, which is
different from the true spike identities X,,. This calculation is
very difficult because it involves evaluating the integral of f(a)
over the values of a that are such that {(argmax; P(X,, =
imla)) € C,,}. We avoid the general proof and instead refer to
the illustration in the main text (Fig. 3) for counterexamples
to the claim that 7', is unbiased.

There are exceptions. First, if spikes can be classified perfectly,
then T, = Ty, since the true spike identities are known. Sec-
ond, if spikes are independent, then sorting spikes one at a time
is equivalent to ensemble sorting, the “correct,” unbiased sorting
procedure. But unlike 7', 7', is not unbiased despite cells being
independent, unless neurons have equal firing rates, because it
uses full spike assignments.

S5 Supplement for the lllustrations. $5.1 Additional comments for
Fig. 1—Tolerated percentage of misclassified spikes. Figs. 2 and 3
in the main text show that the spike count correlation and coin-
cidence rate estimates can be substantially biased for physiologi-
cally plausible true values of neuronal correlations, even for
relatively low rates of misclassified spikes. Here we discuss the
types of misclassification rates one can expect from sorting ex-
perimental data.

To know for certain the typical spike misclassification error
rate in a neurophysiology experiment would require knowing
the ground truth (which cells actually emitted which spikes).
There is at least one dataset which contains this information
(5), and the rate of misclassification has been compared against
two easily computed metrics, L-ratio and Isolation Distance,
which are available to any analyst for use with their own, uncer-
tain data. The values of these metrics are sometimes reported in
papers which make use of ensemble recordings (for a recent ex-
ample, Allen et al. ref. 6, where the Isolation Distance ~ 18).

Consider a large number of cells of equal firing rate recorded
on a tetrode. A common approach is to spike sort using the first
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three principal components from each of the four wires on the
tetrode, yielding 12 spike features. Suppose that each cluster is
Gaussian, and evenly spaced in this multidimensional feature
space. The isolation distance of a cluster is defined (5) as the
square of the radius from the cluster’s center for which exactly
half of the spikes contained within that radius belong to that clus-
ter. In this configuration, if each cluster is separated from its
nearest neighbors by ¢ = 3, with x defined as in the main text,
then the isolation distance is D? ~25. In other words, if each
cell’s waveform distribution is about three standard deviations
away from its nearest neighbors in each feature dimension, then
the isolation distance is approximately 25. This isolation distance
is typically considered to be adequate by experimentalists, and yet
it implies a pairwise misclassification rate (considering only near-
est neighbor clusters in a single feature dimension) of approxi-
mately 6.7%. While this may not seem large, it is more than
enough to lead to mistaken inferences about correlation, accord-
ing to the results in Fig. 2. Furthermore, the total misclassification
rate due to “pollution” from all neighboring clusters in all dimen-
sions will be much higher.

Alternatively, we can use the experimental data from Schmit-
zer-Torbert et al. (5) to directly estimate the impact of a given
isolation distance on misclassification rate, and indirectly on bias
of correlation estimates. In the Schmitzer-Torbert et al. (5) data, it
is reported that an Isolation Distance of 25 corresponds to a Type
1 error rate of 1% and a Type 2 error rate of 10%, for a mean
misclassification rate of 5.5%. There is great variability around
this mean, and the misclassification rate even for cells with more
impressive Isolation Distances may still be quite large. As can be
seen in Fig. 2 of the main text, this rate of misclassification results
in a nontrivial amount of bias in correlation estimates, which will
significantly impact inference and interpretation of scientific
questions.

$5.2 Traditional spike sorting. The application in the main text com-
pares ensemble sorting to traditional sorting. To apply the latter,
we follow the implications of Eq. 3. All we need is to specify Eq. 1,
the distribution of a spike waveform (WF), since spike assign-
ments (Eq. 3) depend on it.

A single spike with WF feature a has distribution f(a) =
mfi(a) + mof>(a), where z; is the probability that cell i spiked,
and f; is the distribution of WF features for cell i. By assumption,
f1 and f, are univariate Gaussian distributions with means 0
and p, and unit variances (with no loss of generality); also z; =
A/(A +Ay) and 7, = Ay /(4 + A,), since a single spike was
emitted by one of the two cells, with probabilities proportional
to their overall firing rates, 1; and A,.

We explain A,. Recall that cell 2 has the stochastic rate
A(t) = A, x g(C,), where C, is the time elapsed since the last
spike from cell 1; cell 2 has an altered firing rate 4, for a dura-
tion v = 10 ms after cell 1 spikes, and rate 1, otherwise. Hence its
overall rate is the expectation of 4, x g(C;) with respect to C,.
Since cell 1 spikes according to a Poisson process with rate 4,
C, is distributed as an exponential random variable with mean
A7t A trivial calculation yields A, = E(4, x g(C,)) = 1, X
(B— pe~¥ +eM*). We can verify that A, > A, if #> 1, and
Ay <A if p<1,since Ay=Ax(1+(B-1)(1- "“”)) and
(1—e*¥)>0. If v=0 or =1, in which cases cell 1 has no
effect on cell 2 spiking, then A, = 1, = A,(¢).

$5.3 Joint sorting for the two correlated Poisson cell simulation. To
specify the spike sorting scheme for a group of n > 1 spikes,
we need to specify Eq. 6 in the main text:

_ flali, s)P(X = ils)
B f(als) ’
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which are the joint probabilities that the spike IDs have value
i=(i,....i,), given all waveforms a = (a,...,a,) and
ISIS s = (S, -oes Sy Spg)-

We assume in this example that WFs are independent and sta-
tionary, so f(ali, s) simplifies to 1% fi (a;), as argued insec. S2.2,
where, in our illustration, f, and fz are unlvarlate Gaussian dis-
tributions with means 0 and g, and unit variances.

Next, we need P(X =ils). In the main text, we showed that
this amounts to calculating

P(XJ = ilej,Xj_l = ij—lvsj—l’ ey X1 = ilssl)’ ] = 1, ey 11
the probability that spike ;j has identity i; = 1 or 2, given the IDs
of all previous spikes and the ISIs up to spike j, and

F81X00.800 X x5, (8) j=1l..m+1
the density of ISI §;, given the past up to spike j — 1.

The past that is relevant to the probability of X is fully con-
tained in the random variable C; = C(s;. X, ..., s;, X), the time
elapsed between spike j and the last spike from cell 1; for exam-
ple, C(X] :2,X2 = 1,X3 = 1,X4 = 1) =0 and C(X] = 2,
X2 = 1,X3 :2,X4 :2) =83 +S4. If Cj—l +S] >v (IJ: 10 ms
is the coupling duration), then the last spike from cell 1 happened
more than v ago, so that the firing rate of cell 2 is A,. This implies
that the spike with ID X; was fired by cell 1 with probability
A1/(4; + 4,), and by cell 2 with probability 1, /(4; + 4,). Conver-

sely, if Cj_;+s;<v, X;=1 and 2 with probabilities
/(A + ﬁiz) and pA,/(4; + pA,), respectively. To summarize,
we have

P(X]:l‘sj, l_lj ]7Sj 1,...,X1=i1,S|)=/1i/(/1|+/12),i=1,2,
iij_1>V,
P(Xj:1|sj5Xj—l:ij—l’sj—lv""Xl:il’sl):ll/(}“l_‘—ﬂ}q)

it C;_, <v

P(XJ:2|SJ,XJ,1 :ijflvsjfl""le :il,sl):ﬂﬂz/(/l] +ﬁﬁz)
ifC;_ <v. [S14]

We also split the calculation in two cases to calculate

Fsix,.800 X 0,5, (), Jj=1..n+1

If Cj_; > v, the effect of the last spike from cell 1 on the firing
rate of cell 2 has ceased, so the waiting time S; to the next spike is
exponentially distributed with rate (1, +4,). If C;_; <, cell 2
has rate 1, for a duration v — C;_;, and rate 4, after that, so

that §; has the mixture distribution

=P [s)5;<0-c,, (8) + (1 =p)
'fs,-\s,zufcj_l (s).

where p=P(S; <v—Cj_j) =1 —e WTPR)0=C) the density
Is)s,<u- (s) is the truncated exponential density

(4 +ﬁi ) itpn)s (1 — e=(h#h2)6=Ci)) when s < v — Cj_y,
and 0 otherwise, and the density Is)1s;20-c,., (5) Is the shifted ex-

fsj\xj,, Sin X X018 (s)
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) ifs>v—C

ponential density (1; + 4,)e” (hi+22)(s=(v—-C i

0 otherwise. Putting everything together, we have

1, and

L1180 X a1, (8) = (A + Ap)e™ B2l if Cpy >,
= (A + Bho)e” MR ) 0y
+ (A + Ag)e~trthlse=hP-N=Colp oy i Ciy S
[S15]

These densities are then evaluated at observed ISI values s; to
obtain P(X = i|s).

The derivation of Eq. S15 shows that the ISIs do contain in-
formation about the spike IDs X, since their distributions depend
on X through the C;’s. To understand this more intuitively,
imagine that 4, is relatively low, that § > 1, and that v is fairly
long, so that cell 2 is very likely to spike shortly after cell 1 spikes.
Imagine that we observe a spike, whose ID X; we must deter-
mine. Then the odds of cell 1 having fired that spike decreases
as the next ISI S}, increases, since a spike from cell 1 almost
guarantees a spike from cell 2 shortly afterwards. When sorting
a group of n spikes with IDs X, ..., X,,, it is therefore important
to include the ISIs S, ..., S,, and the extra ISI §,,,; in the calcu-
lation, as we have done, since S; contains information about the
IDs of past spikes. Failing to do so will bias spike sorting and
subsequent correlation estimates.

There are two outstanding issues with the calculations of
Eqgs. S14 and S15, which arise because the electrode recording
is finite. First, consider a spike j that occurs within v of the begin-
ning of the recording. Then Cj, the time elapsed since the last
spike of cell 1, is unknown when spike j and its predecessors have
IDs X| = X, =... = X; = 2. Although it is relatively easy to
derive the proper correction for this left truncation problem,
we will ignore it here for simplicity, and instead discard the be-
ginning of the spike train until an ISI larger than v is observed.
Second, we need a right truncation correction for Eq. S15.
Indeed, given the past up to spike j— 1, the duration S; until
we observe the next spike is not an ISI, but the minimum between
and ISI and the remaining duration 7; of the experiment.
Although it is true that only the last observed ISI s, is trun-
cated, we cannot assume that we know the future when we derive
the density of the random variable S; in Eq. S15, since the cal-
culation is not conditioned on the future. Hence Eq. S15 must
be rescaled by the integral from 0 to 7 of Eq. S15. For spikes
that are far from the end of the experiment, this correction will
be negligible, but it may matter for the last few ISIs.

Finally, we can verify that the calculations of Eqs. S14 and S15
do not depend on the IDs of the spikes that are not included the
group of n spikes we are sorting together, provided that s; and
8,41 are larger than v = 10 ms. This means that, in our particular
application, groups of spikes that are separated by more than
v are necessarily independent, so that we can sort such groups
independently, rather than ensemble sort the whole spike train
at once. To proceed, we thus consider each new spike and check
if adjacent spikes are within v. If not, we sort the spike alone
and move onto the next spike. Otherwise we collect all spikes
that are less than v away from their immediate neighbors, and
we sort them jointly, as described above. Then we move onto the
next spike.
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time

j+1 j+

end recording

Fig. S1. Partial spike train (Top) with vertical ticks showing 3 consecutive spikes. These spikes have waveform measurements a;_;, aj, a;,1. The interspike
intervals (ISls), S; and S;.;, and the length of time between each spike and the end of recording, T; and T;4, are also indicated. All of these quantities
are used in ensemble sorting, as each contributes information about the provenance of each spike.
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