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Abstract

Electrophysiological measurements of neurons recorded individually, collectively,
and across brain regions simultaneously have been advancing the study of biophysi-
cal properties of individual neurons, information encoding and decoding, and inter-
actions between neuronal ensembles. The recordings are composed of sequences of
action potentials, usually referred to as spike trains, which carry signals of neural
activity but they are contaminated with ubiquitous Poisson-type noise and the pat-
terns vary from neuron to neuron, time to time, and trial to trial. The discreteness
and randomness of the data make point process a suitable tool for understanding the
neural signals represented by spike train data.

This thesis provides four applications of point process modeling to spiking neu-
rons. The first project addresses stability of fitted point process regression models.
In the second project, we aim to bridge biophysical modeling and statistical model-
ing by describing how ion channel conductance can affect spike train patterns. The
third project studies the covariation of time-dependent population firing rate features
among interacting brain regions. The fourth project focuses on the inter-spike de-
pendency between brain areas with weak coupling effects.
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Simulation divergence of FLF models (equation [2.4)) fitted to data. (A,D) Spike

time raster plot and PSTH for datasets Monkey-PMv and Human-Cortex. (B,E)

The fitted FLF models pass the original and discrete KS tests of [24)] and [62]; the

two tests overlap so they are hard to distinguish. (C,F) Spike time raster plot and

PSTH of spike trains simulated from the fitted FLF models, using algorithm |3|

in Appendix |A.3] (C) If the simulation lasts longer than the training session,

the firing rate keeps growing to produce ISIs that are shorter than the refractory

pertod. (F) The simulated spike trains resemble the observed data except for

trials 2 and 4, which have many more spikes than the observed spike trains.| . . .

R

(B) Three diagnostic curves corresponding to the three FLF models (equation 4)

with baseline rates §y = —4 and filters A(¢) shown in (A) in matching colors,

where h(t) = (i - Bi(t) + (5 - By(t), Bi(t) = e=/%% and By(t) = /%" are

the smooth basis functions used 1n [111] and shown 1n the insert in (A), and

Ty, = 0.35 sec. The values of (/3;, 5>) for the three models are marked as crosses

n (C). (C) Diagnostic map for the above model as 5; and 5, vary. | . . . . . . ..

n3

Stability of FLF models (equation [2.4) with constant and time varying baseline

firing rates. (A) Constant (blue) and time varying (red) baseline rates of FLF

models fitted to the Monkey-PMyv data: the baseline appears to vary. A likelihood

ratio test confirms that the time varying baseline model fits the data significantly

better (p = 0.046). (B) Fitted filters of the constant and time-varying baseline

models. (C) PSTHs of the observed data and of data simulated from the fitted

homogeneous and inhomogeneous FLLF models: the homogeneous model simu-

lates unstable spike trains; the inhomogeneous model 1s simulation stable. (D,

E, F) Same analysis applied to artificial data generated from an inhomogeneous

Izhikevich model (algorithm [2{1n Appendix |A.3)). (D) Data raster plot. (E) Fit-

ted filters of the homogeneous and inhomogeneous baseline FLF models: the

latter 1s mostly below the former, which may reduce the chance of unstable sim-

ulated spike trains. (F) Indeed, the homogeneous model produces data whose

rate diverges; the inhomogeneous model appears to be stable. Note that the inho-

mogeneous model fits the data significantly better according to a likelihood ratio

test(p < 0.001).] . . . . . . e

X1



na

Trial-to-trial variability affects simulation stability. (A) Spike train counts and

deviations from the central spike train for the Human-Cortex dataset. Trials 8

and 9 might be outliers. (B) Filters of FLF models (Equation [2.4) fitted to data

with and without suspected outliers. The latter remains mostly below the former

for all ¢, which reduces the possibility of simulating unstable spike trains. (C)

Diagnostic curves for models fitted before and after removing the suspected out-

liers: the model becomes stable after removal. Synthetic spike trains simulated

from that more are indeed stable (not shown). (D,E,F) Same analysis applied

to spike trains generated from a two-rate [zhikevich model. (D) The dataset 1s

composed of 16 spike trains with a high firing rate, and four with a low firing

rate. (E) spike counts and deviations from the central spike train clearly 1dentify

two groups of spike trains. (F) Diagnostic curves of FLF models fitted to the full

datasets (blue), and to the dataset after the four unusual spike trains are removed.

The former diagnoses an unstable model, the latter a stable model. Spike trains

simulated from the latter model are indeed stable (not shown).| . . . . . . . . ..

n3

Diagnostic curves of FNFg models with £ = 2, 4.5 fitted to the Human-Cortex

dataset. The dashed red lines are the models’ maximum firing rates. The largest

model with £ = 5 1s unstable because the diagnostic curve i1s above the first

sequent after 1t last intersects 1t. The two other models are stable. | . . . . . . ..

2.6

Stability map for FNFg models with firing rates log A(t|H;) = [y + Z?Zl h(t —

tj), where By = —4, h(t) = SiBi(t) + 8:Bo(t), Ba(t) = e"* and By(t) =

e~t01 For each value of (31, 3»), we (i) simulated a 10 sec. long spike train

from the model and deemed the model unstable if it generated over 900 spikes

1n the last second, (11) produced the diagnostic curve and determined from i1t 1f

the model was stable, fragile, or divergent, and (iii) plotted (1, 5>) against the

outcomes 1n (1), with unstable simulations indicated by black dots, and (11), 1n

colors. Our diagnostic 1s reliable because 1t matches the simulation well. | . . . .

[2.7

(A,B,C) AIC and (D,E,F) BIC values for several FLF, FNF¢, and ENF;, models

fitted to three datasets. (FNFg and FLF values are equal 1in panel F, and the latter

mask the former.) Simulation unstable models and models that failed the original

and/or the discrete KS test are indicated by red squares and crosses. Many mod-

els are simulation stable; the FNF,, models fitted here are all simulation stable.

Stable models that achieve a desirable criterion, e.g. low AIC, could be chosen. | .
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2.8 (A) Goldfish dataset spike trains and simulated spike trains from FLF, FNFg¢
(k = 5), and FNF,, (k = 5) models fitted to the dataset: despite modeling the
effects of past spiking differently, both type of models can generate busts similar
to those 1n the dataset. (B) Filters of the FNF¢ models fitted to the Goldfish
dataset with past number of spikes £ = 1,...,9. When k£ > 5, the filters are
almost 1dentical, suggesting that effects of spikes prior to 5 spikes back do not
contribute much to the fits. The fitted FLF filter has length 7}, = 0.19 sec., which
contains 4 past spikes on average; it overlaps with the FNFg filters with £ > 5,
suggesting that these models are functionally similar (although FNF¢ models
are more likely to be stable). (C) Fitted filters of an FNF,;, model with £ = 5:
the filters are substantially different, suggesting that burst behavior 1s captured
by differentially weighing the contribution of previous spikes according to their
timing and ordering. A likelithood ratio test comparing the FNFg and FNF,,
models with £ = 5 strongly favors the latter (p < 0.001). | . . .. ... .. ... 17

[3.1 The combined biophysical and statistical modeling paradigm. A Schematic of |
biophysical modeling approach to simulate spike trains. See section [3.2.1 B |
Conductance of the kth channel (g;) 1n the model multiplied by a scaling fac- |
tor to globally increase or decrease g,. Shading indicates g, increased (red) or |

|
|

decreased (blue) compared to control (gray). See section|3.2.1] Fig. 3.2 C A
summary of channel conductance influence on stimulus filter. The dot shows the

Old Ariance o [1C UIUS 11ITC caturcs acro ( CICI NANNeC ONAuUCtance
(defined in Eq. [3.8)). Each column indicates a specific stimulus filter feature in |
a certain time range. Darker color means the feature 1s more strongly modu- |
lated by channel conductance (see section|3.2.3] Fig. [3.4/and |3.5)). For example, |

|
|
|

K¢, channel strongly modulates neural response roughly around 5 to 30 ms post-
stimulus. Data are fit with a statistical model PP-GLMs (see section [3.2.2] and
Fig.[3.3[3.4). D Examples of next steps for using the pipeline to explore stimulus
encoding. | . . . . . ... e e e e e 24
[3.2  Biophysical models. A Morphology of the MC. B MC channel conductance pa- |
rameters 1n subcellular compartments. C, Morphology of the PC. D PC channel |
conductance parameters in subcellular compartments as a function of distance |
from the soma. E An example pink noise stimulus injected into the somatic |
compartment. I, The simulated V,,, recorded 1n the somatic compartment result- |
|
|
|
|
|

ing from 1njected pink noise stimulus. G-I Detail view of shaded gray region
of E-F of the mean stimulus (black lines) and 10 individual pink noise stimuli
(gray traces) (G), with corresponding 10 V,,, recordings (H) and raster plot of
all 100 trals (I). J-M, Basic statistics of the the simulated trials as a function of
1on channel conductance scaling factor for the MC model KA (J,K) and the PC
model Cagyachannel (LLM).| . . . . . .. . . .. ... . .. . . . ... ... 30
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(3.3 PP-GLM — a stimulus encoding model. A-C Examples of MC biophysical model

simulations of K, channel in the same section of stmulation time 1n the column:

A, one stimulus trial. B Spike raster plot for all 100 trials for the indicated con-

ductance scaling factor. C PSTH for conductance scaling of 1.5, 1, and 0.05. D

PP-GLM diagram. E-G Fitted PP-GLM stimulus filters, post-spike history filters

and baselines for different conductances. Colors correspond to the conductance

scaling factor legend. H,I The differences between stimulus filters and post-

spike history filters. The filter with scalar 1 1s used as reference shown 1n dark.

The seemingly small difference between filters 1s critical 1n the goodness-of-fit

(3.4 Jointly fitted PP-GLM. The example 1s about the MC model K, channel. A

The stimulus filter (blue trace; k) constructed from Eq. |3.2[ (lower), for the K,

channel with conductance scaling factor (g;) of 1 and penalty hyperparameter A

of 0. The relative values of coefficients (colored bars; 5/*) corresponding to the

peak times of stimulus bases functions (%;) as in B. B The bases functions k; or /1;

in Eq. [3.2/and[3.3| with peaks identified by dots to correspond to the i coefficient

(colored dots; 3;*). The unique set of fitted coefficients combine to generate a

stimulus filter as in A. C, D The values of all stimulus coefficients as a function

of g, with no penalty (A = 0; C) and the selected penalty hyperparameter A = \*

according to Eq. [3.7] Trace colors correspond to coefficient indices in B. The

two plots have the same y-axis range. E, F the coefficients for post-spike history

filters similar to plots C, D. The two plots have the same y-axis range. G, H,

K, L Overlapped stimulus filters and post-spike history filters across channel

conductance scaling factors with no penalty and the selected penalty. I, J, M, N

show the differences between filters by subtracting the filter with scaling factor

[3.5 The selection of smoothness penalty hyperparameter A and the results for other

channels. A, B S5 for stimulus filter (A) and post-spike history filter (B) coef-

ficients with different choices of penalties. S5 1s defined 1n Eq. [3.8] describing

how large the coetficients change across different channel conductances. The x-

axis indicates the peaks of the basis, the order 1s the same as Fig. |[3.4B. The op-

timal tuning parameter \™ 1s indicated by a horizontal line. C The log-likelithood

for model fits with different penalties. The log-likelihood 1s divided by the num-

r of trials. D- for different channels in the MC model and the PC model

with stimulus coefficients 1n blue and post-spike history coefficients in green.

The results all use the optimally selected penalty hyperparameter. | . . . . . . . .
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i

Correlated neural activity features. A Smoothed population PSTHs for V1,

LM, and AL recorded by Neuropixels from a mouse in response to drifting grat-

ings. The three population PSTHs have similar features: the first peak appears

at around 60 ms after the onset of the stimulus (time zero), and the second peak

appears at around 250 ms after onset. B,C Comparison between a naive method

(panel B) and results from our Interacting Population Firng Rate model (panel

C) on recovery of Peak-2 position. Each dot, representing one of 195 trials (15

trials 1n each of 13 experimental conditions), displays the estimated times of the

second peak 1n regions V1 and LM. Both estimates are based on the same subset

of active neurons. The naive method finds the peak of a smoothed population

PSTH for each area. No relationship between the peak times in V1 and LM 1s

visible. In panel C, strong covariation appears, and the estimated correlation 1s

.92. The embedded plot 1n panel C displays estimation uncertainty as a posterior

distribution for the correlation. Details about this figure are nj4.4.10 . . . . . . .

%)

The IPRF model. As explained in the text, the data y are spike trains modeled as

point processes with intensity A. The covarying features q are combined with the

population template fP°°, which appears probabilistically in the intensity. The

indicators 2z and probabilities p control whether fP°P 1s part of the intensity or

whether, instead, one of the local templates f°4"! and f'°@" is selected|. . . . .

45

i3

Peak-2 timing: correlation and partial correlation across regions. Panels

A,B display correlations, with each dot representing the estimated time of peak-

2 on a given trial. Panels C,D display estimated partial correlations, with each

dot representing the residual from a regression on the conditioning variable (the

correlation of these residuals being the partial correlation given the condition-

ing variable). Panels C,D contain partial correlation results, with the areas in C

corresponding to those 1n A and the areas in D corresponding to those in B. All

panels use posterior medians as estimates. A Despite large variability in peak-2

timing the correlation of LM peak? time and AL peak-2 time 1s close to 1. The

plot embedded 1n the upper left corner displays the posterior distribution of the

correlation. B This plot 1s for areas V1 and AL, analogous to that in panel A.

C The residual Peak-2 times for LM and AL are plotted, after regressing on the

Peak-2 time of V1 timing. D The residual Peak-2 times for V1 and AL are plot-

ted, after regressing on the Peak-2 time of LM. The partial correlation in panel C

1s somewhat smaller, but not dramatically smaller, than the correlation 1n panel

A. In contrast, the partial correlation 1n panel D 1s close to zero, and very much

different than the large correlation mpanel B.|. . . . . .. ... ... ... ...

XV
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4.4 Peak timing across areas. Posterior distributions are shown together with me-

dian and 95% CI (.025 and .975 posterior quantiles). A Mean Peak-1 times for

V1, LM, and AL are 57 (95% Cl (46,66)) ms post stimulus onset; 68 (60,90);

and /0 (64,86). B Peak-1 time lags between areas: V1 leads LM by 17 (3,19)

ms; VI leads AL by 17 (14, 19) ms; AL and LM are roughly simultaneous, with

AL leading LM by -0.4 (-3.8,2.9) ms. C Peak-2 times are highly uncertain. For

V1, LM, and AL they are 216 (154,272) ms; 232 (154,277) ms; 233 (156,278)

ms. D The Peak-2 time lags between areas are much more precise than the times

themselves: V1 leads LM by 9.6 (6.2,13.0) ms; V1 leads AL by 5.5 (3.6,8.8) ms;

[ AL leads LM by 4.6 (-0.2,7.3)ms.| . . . . . . . .. ... o

53

[4.5  Fitted population firing rate templates exp{ fP%}. The figure shows exp{ P

in three different conditions 281, 257, and 280. In condition 281 the gratings

drifted at 15 Hz with orientation 315°, 1n condition 257 at 8 Hz and 315°, and 1n

condition 281 at 8 Hz and 270°. Note that the population firing rate function 1s

exp{na,.fe% } where n, . is the number of neurons for which z, , . = pop. Each

row represents one condition. The solid curves and grey bands are the medians

and 95% Cls from the posteriors. There are striking distinctions between these

firing rate curves and those 1n Fig 1A. The complete set of curves 1s in|C.7, | . . .

54

4.6  Neuron subpopulations. A Probability that a neuron is a member of the pop-

ulation having firing rate template fPP, for all areas and conditions. Columns

are distinct neurons, rows are different conditions: red indicates the probability

1s high (posterior median greater than .9); gray indicates the probability 1s low

(posterior median less than .1); orange indicates an intermediate probability. B

Proportion of activity contributing to the population represented by PP, aver-

a,c ’

aged across conditions (based on the posterior medians in A). For example, on

average, 18% of V1 neurons were part of the interacting population (with tem-

plate fP°P), but they generated 66% of the spikes. C Histograms that summarize

the plots in panel A. For each neuron, in each area a, we count the number of

conditions ¢ having posterior median of p, ..o greater than .9 (1.e., the number of

red bars in the column corresponding to that neuron in panel A). The histograms

display the number of neurons with count x, forz = 0, 1,2, ..., 13. In each area,

somewhat over half of the neurons never participated (x = 0) and those that did

participate often participated in only a few conditions; in V1, 7 of the 94 neurons

participated in all conditions. | . . . . . . ... ..o oo

4.7  Spatial arrangement of neurons participating in the population having tem-

plate fP°P, For each area, the x and y axes label the relative positions of the

electrodes, with depth along the x axis, relative to the most superficial unit. Each

dot indicates, for a given location, that at least one neuron 1n at least one condi-

tion participated (based on posterior medians in Fig |4.6/A). The size of the dot

indicates spatial frequency, defined as the number of neuron-condition partici-

pation events divided by 13 (the number of conditions). When more than one

neuron 1s recorded on an electrode, the number above the dots gives the number

recorded. The locations of all subgroups in all conditions are in Fig|C.10L | . . . .
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51

Examples of detecting weak spike-to-spike coupling effect in a time window.

The details of this figure are in Appendix[D.3.2] Here we only summarize the key

conclusions. The first row shows the result of real data (Allen Brain Observatory

Visual Coding Neuropixels dataset [121]]) about coupling effect from one neuron

in the primary visual cortex to one neuron 1n the lateral medial visual area. The

second row replicates the scenario using a simulation with shared background ac-

tivity. A, D In both cases, the jitter-based cross-correlogram method yields noisy

output, which can detect some significant inhibitory effect at certain lags but not

1n a continuous range. The dark grey band 1s pointwise 95% confidence band,

the light grey band 1s simultaneous 95% confidence band. B, EE Coupling filters

of the point process regression model. Our method describes the coupling effect

using coupling filters, which shows the influence of a spike from one neuron to

the firing rate of the other neuron 1n a lag window. Our method can detect the

weak inhibitory effect. C, F Modeling the coupling effects assuming constant

background. By comparing E and F, this assumption leads to positive bias; and

the conclusion can be totally different, which detecting inhibitory effect as nearly

no effect. So the regression method using a coupling filter needs careful removal

of the background artifacts. This explains why the estimated coupling filter in C

1s above the one 1n B. More similar examples of real data are in Supplementary

Xvil

DAT3LT . e 62
[5.2  Coupling neurons model diagram. Two neurons ¢, 7 are driven by the same |
‘ mput signal f; ;. A;, A\; represent the intensity functions. s;,s; are spike trains.
[ The spikes from neuron 7 influences the activity of neuron j through the coupling
filter h,_,;. The goal of the model 1s to estimate /;_,; but f; ; challenges the |
[ estimation.| . . . . . .. . e 65



5.3

Simulation and theoretical analysis of the estimator ;. Simulation details

are in the text. We show the properties of (3, as a function of smoothing kernel

scale o, of W (as 1n Eq (5.5)). For numerical cases, we evaluate the properties

at different o, indicated by the blue dots. The x-axis 1s 1n logarithmic scale. The

numerical (blue curves) and theoretical results (dark curves) are very close. The

pointwise confidence interval for RMSE and SE 1s calculated using bootstrap

(bootstrap the rephcated estimators, not the spike train data). The pointwise

band for the hkehhood 1s 1. 96><standard dev1at10n A The estlmated risk root

mean square error (RMSE) of the estimator ;. The two local minimums are

labeled by “min-1" and “min-2". Our method prefers to select “min-2" indicated

by the vertical line. The RMSE can be decomposed into bias (shown in C)

and standard error (shown 1in D). B The maximum log-likelihood as function of

0. Since the likelthood functions may have different offsets, we align them

by the peak (the maximum value across o,,) to zero, then calculate the mean

and pointwise standard deviation. The vertical line indicates the peak (numerical

and theoretical peaks overlap), which matches the position of “min-2" in A. The

theoretical extreme cases “0” and *‘co” mean the scale o, of smoothing window

W goes to limit O or oo. The numerical case “no nuisance™ represents the model

without including the nuisance regressor s; 1n Eq (5.5]), which becomes a typical

Hawkes process model 1gnoring the fluctuating background activity. | . . . . . . .

[5.4

Influences of background activity timescale, coupling filter timescale, and

coupling filter amplitude on the estimator 5,. We show the RMSE and log-

likelihood curves as 1n Fig|5.3| The settings are the same as Fig|5.3[except for

different o; 1n A, different o 1n B and different o, 1in C. This figure only shows

the theoretical results. The numerical results are very close (data not shown).

The log-likelihood functions may have different offsets, we align them by the

peak to zero (maximum value across o,,). The local minimums of the risk are

labeled by “min-1"" on the left and “min-2” on the right for each case. A The

RMSE and likelithood curves with different o; = 80, 100, 120 ms. 05, = 30 ms

and o = 2 spikes/sec are fixed. If o; increases, “min-2” shifts to the right,

while “min-1" does not move. The peak of the likelithood function also moves

accordingly and it 1s aligned with “min-2” (indicated by the grey vertical lines).

B The RMSE and likelihood curves with different o;, = 20, 30, 40 ms. oy = 100

ms and o, = 2 spikes/sec are fixed. If 0j, increases, “min-1"" shifts toward right,

but “min-2" and the peak position of the likelihood function do not change (grey

vertical lines). C The RMSE and likelihood curves with different o, = —2.0, 2

spikes/sec. o; = 100 ms and 0, = 30 ms are fixed. o, does not affect the risk of

the estimator, but 1t changes the shape of the likelithood function slightly. | . . . .

55

Fitted coupling filter templates. The first three represent no coupling effect,

excitatory, and inhibitory coupling filters. No all filters fit into these three cate-

gories, so two more templates are included with oscillatory shapes. The phase

between type 3 and type 4 are different. | . . . . . .. ..o oo
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[5.6 Frequency of coupling filter types of all coupling filters. Our method i1den-

tifies the type of a coupling filter on each trial. Totally there are 285 trials for

each pair of neurons. The histograms show the mean number of trials of each

type across all pairs among VI—LM in A and LM—AL in B. The error bar is

[A.1 Stability maps for two FLF models (Equation [2.4) fy using the diagnostic of

[S3]] and our updated diagnostic. For each value of 6, we (1) simulated a 10 sec.

long spike train from fy, and deemed the model unstable if 1t generated over

900 spikes 1n the last second, (11) produced the diagnostic curve and determined

from 1t if the model was stable/fragile/divergent, and (i11) plotted 6 against the

outcomes 1n (1) and (11). (A) Reproduction of the stability map in [S3] Figure 4,

where Fj is an FLF model with 5y = —5.3 and h(¢) = (3 - B1(t) 4+ 55 - Bo(t) +

Dip(t), where By (t) = ¢ /%92 By(t) = ¢~%/%! and Dip(t) is a negative window

function modeling a 2 msec. refractory period, § = (1, 52), and filter length

I, = 0.2 sec. The maps suggest that the diagnostic 1s mostly reliable, except in

small regions of the parameter spaces. (B) Our updated diagnostic for the same

‘ model matches the simulation better. (C) Stability map using the diagnostic of
[53] for Fy an FLF model with with 3y = —4, h(t) = B - B1(t) + (2 - Ba(?).

Basis By () and B,(?) are the same as Figure[2.2A. 6 = (31, 02), and filter length

Ty, = 0.35 sec. (D) Our updated diagnostic for the same model matches the

(A2 (A) Izhikevich-burst synthetic dataset spike trains and simulated spike trains from

FLF, FNF¢(k=4), FNF,,(k=4). Both type of models can generate busts similar to

those 1n the dataset. (B) Fitted filters of the FNF¢ models with number of spikes

k=1,...9. When k£ > 3, the filters are very close to each other since further

spikes will not make too much contribution to the future firing rate, thus will only

affect the filter shape slightly. The fitted FLF filter overlaps with the FNFg filters

with £ > 5, suggesting that these models are functionally similar. (C) Fitted

filters of an FNF,;, model with £ = 4: the filters are substantially different,

which suggests that past spikes of different order have different effects on the

firing rate. A likelihood ratio test comparing the FNFg(k=5) and FNF,,(k=5)

models favors the FNF,; model (p < 0.001). | . . ... ... ... .......
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[B.1 Simulations verification for the joint training model |3.6 A, B, and C provide

one example fit. D summarizes 100 repeated fits. 5.5 values for PP-GLM fits of

simulated spike trains for (A) the stimulus and (B) post-spike history coefficients,

and (C) the log-likelihood all as a function of A. True S'S values are shown at the

bottom of A and B. Panels are similar to Fig. [3.3[K-M, except that the true model

refers to a known set of PP-GLMs with coefficients 8°(g),g € {g1,..., g5}

When A = A" (gray dashed line), the 5.5 values are very close to the true 5.5

values, thereby validating our trend filtering penalty hyperparameter selection

method. D 55 error between true PP-GLM and 100 separate sets of simulated

spike trains from the true PP-GLLM as a function of aligned A index. Since differ-

ent runs may choose different optimal tuning parameter, so the tuning parameters

along the x-axis, the index A, are aligned to the optimal A* atindex O0.| . . . . . .

[B.2  Stimulus reconstructions and spectral coherence. A An example stimulus recon-

struction for conductance scaling of 1.5, 1.0, and 0.5 (colored lines) compared

to the actual stimuli (gray line) for the MC Kjchannel. B Magnitude squared

[ coherence between the stimulus reconstruction and the mean stimulus for con- |

ductance scaling of 1.5, 1.0, and 0.5. C The difference in coherence between the

conductance scaling and control scaling of 1.0. D-F The mean coherence across

indicated frequency bands as a function of conductance scaling factor. Gray dot-

ted line represents control scaling factor. All panels are for the MC K channel,| . 93

[C.T A comparison between different curve fitting methods. The raw data has 150 |

| trials. The knots positions of spline fitting are shown at the bottom of the figure. |
| Our method, the Bayesian smoothing spline, chooses the tuning parameter using |
| S-fold cross-validation. The BARS uses the default parameters.|. . . . . . . . .. 97

(C.2 An example of variance ) ;; marginal distribution. WV;; = 4. The mode

is 1, the corresponding quantile percentage is 13.5%. The median is at 2.89.

The quantile at 2 corresponds to 36.8%, which stays between the mode and the

median. The 70.0% quantile 1s 5.61 times of the mode. Note that the ratio

between these quantiles 1s invariantof Wand D.| . . . ... ... ... ... ..

99

(C.3  Full marginal correlations Pairwise marginal correlations between all features.

Significantly positive values are labeled by red, and significantly negative ones

are labeled by blue. |. . . . . . .. ... oo 101

(C.4  Full partial correlations Each entry shows the correlation between two features

conditioning on all the rest. Considering all combinations of variables there are

4572 partial correlations among the 9 features. Here we display the 45 corre-

lations together with the 45 corresponding full conditional partial correlations

and we also provide several additional partial correlations. Significantly positive

values are labeled by red, and significantly negative ones are labeled by blue. | . .

XX
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iC35

Marginal correlation and partial correlation of Peak-2 This figure 1s similar

to Figl4.3l A shows estimated marginal correlation. Each dot represents the es-

timated time of peak-2 on a given trial. B shows estimated partial correlation.

Each dot represents the residual from a regression on the conditioning variable

(the correlation of these residuals being the partial correlation given the condi-

tioning variable). The embedded plots 1n the corner are the posterior distribution

LM after conditioningon AL | . . . .. ... ... . o o oL

€6

The posterior distributions of p, .. Each condition has a group of 3 triangles for

VI, LM and AL. p, . is a 3-entry vector showing the probability of the subgroup

memberships. So p,_. are in 2-simplex and they are mapped to the triangles. The

left angle represents the “pop”, the right one is the Tocal-1, and the top one is

“local-2”. If a point 1s closer to an angle meaning the corresponding component

has a larger portion. To simplify the visualization, we approximate the posterior

using bivariate Normal distribution. The dot 1s the mean, and the ellipse 1s the

95% credible region of the Normal distribution. Most distributions are far from

“pop” corner (left angle), which means “pop” takes small portion of neurons.

The distributions are close to “local-2” corner (top angle), so “local-2" include

a large part of neuron. All the distributions are highly centralized, meaning the

uncertainty for neuron clustering 1s very small. The portions slightly vary from

condition to condition, which shows the diversity of neurons’ behavior. | . . . . .

iC.7

Population templates in all conditions. Similar to Fig 4.5] the figure shows

the fitted population templates with the median and the pointwise 95% CI of the

posterior. The figure 1s composed of 3 x 3 blocks for 13 conditions. In a condition

block, the columns are exp{ fP%}, exp{ f,%*"'}, and exp{ f,%***}. The rows are

VI, IM,and AL.|. . . . . . ...

(C.8

Population templates in all conditions. The curves are the same as those in

C.7, which are the medians of the exp{ f?%} and exp{ f,°*"'}. Each curve rep-

resents one condition. We overlap the curve across conditions to demonstrate

the condition-to-condition variance, which 1s equivalent or larger than the fea-

ture variance, such as Peak-1 or Peak-2 shifting. This suggests disaggregating

the data to better capture the subtly varied features. | . . . . . . . ... ... ...
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(C.9 Examples of exp{ fP?} versus PSTH. The PSTH and the pointwise CI are es-

timated using Bayesian smoothing spline similar to Algorithm |1|line 5 without

incorporating peaks shifts. The PSTH curves fit the same set of neurons as 1n the

Peak-2 of exp{ 2P } becomes narrower and higher than the PSTH. The CI bands

‘ “pop” group (selected from the mode of the posterior). In many conditions, the

around the Peak-2 hardly overlap, for example st imulus_condition_id =

249, 268, 280. This 1s because the activity trials are aligned better. How-

ever, 1n some conditions like 261 AL, the Peak-2 of the model 1s not signifi-

cantly higher than the PSTH. In most conditions, the Peak-1 of exp{ f?%} does

not change too much because the trial-to-trial deviations are small. Another ob-

servation 1s that the variance of the Peak-2 shapes i1s larger than that of Peak-2.

This explains why the Peak-2 1n Fig4.1] the overall average, 1s wider and lower

than Peak-2 due to larger diffusion together with condition-to-condition variance.

This also suggests that simply averaging neural activities, even with more trials,

may not get more accurate neural responses without considering the time-shifting

deviations or without treating different conditions separately. |. . . . . . . . . ..

105

[C.10 The location of recorded neurons. The figure shows the memberships and the

locations of the neurons 1n every area (by column) and every condition (by row).

This 1s an expansion of Figl4./| The membership 1s determined by the posterior

median. The dot shape or color represent its membership. More precisely, the lo-

cation of the neuron 1s the location of the channel that records the neuron signal.

One channel can record the signal from more than one neuron. |. . . . . . . . ..

106

[C.12 Goodness-of-fit test. KS test for “pop” group of all three regions (shown by

checker boards), all conditions (shown by rows), and all trials (shown by columns).

The dotted lines are 99% CI of KS test. At the bottom of the figure, we show

some examples of good fits (highlighted by green 1n the grid) and bad fits (high-

lighted by red 1n the grid). Some trials may have unexpected activities that are

different from the templates (f;7), but our method 1s still able to find Peak-1 and

Peak-2 positions. Since we model the activity by matching the template, 1t may

loss some details of each trial and fail some goodness-of-fit tests, but 1t can accu-

rately capture the main features of interest. For example, the plot of V1 condition

268 trial 8 has a bump at the end of the trial, which 1s not common 1n other trials

of the same condition. The example of V1 268 trial O 1s a representative trial of

the condition, which matches the template very well. | . . . . . . ... ... ...

(D.1  Simulation results of the coupling filter estimator with varying background

activity timescale. The figure 1s presented in the same ways as Fig [5.3] The

simulation details are in the text. The shared activity f; ; in Eq (5.6)) 1s replaced

Y e B SN Bl Yo
with Eq (D.40) with varying timescale. The results are similar to Fig[5.3[ The

dark curves show the equivalent theoretical approximation using the model in

Eq5.2]and Fig|5.2] with fixed timescale o0; = 100 ms with manually tuned o; to
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[D.2 Diagram for the coupling neurons model with exclusive fluctuating base-
lines. The diagram is the same as Fig|5.2[except for the baseline f;(¢), f;(t) for
neuron  and j separately. The random process J;(t), /; (1) are also created using
cluster process in Eq[D.41] Details of the model are in the text.| . . . . ... .. 134
[D.3 Simulation results of the scenario with exclusive fluctuating baselines. The
figure shows the simulation results of the model described in Fig|D.2| including
RMSE, bias, SE and log-likelihood 1n a similar way as Fig [5.3l The details
of the stmulation settings are in the text. The green curves are the theoretical
approximation of the basic model 1n the main text (Fig [5.2] without exclusive
components f; or f;), where the intensity of the center process for f; ; 1s p = 20
spikes/sec, same as the current simulation settings. The dark curves are similar
| theoretical approximations of the basic model 1n Fig|5.2] but the intensity of the |
[ background center process 1s p = 10 spikes/sec, which 1s lower than the mtensity |
f this simulation scenario. Th rk curves match the numerical cur I
[ than the greenones. | . . . . .. ... ... ... 135
[D.4  Fast-changing background with small o;. We present the properties of the |
coupling filter estimator 1n the same way as Fig|5.3l The simulation settings are |
| the same as Fig|5.3|except thatin A, B,C,Do; =20ms, n E, K, G, Ho; =5 |
......................................... 136
[D.5 Properties of the estimator with fast-changing background. This figure 1s |
| analog to Fig|5.4|but the time scale o7 of the shared activity f; ; is very small.
[ The settings are the same as Fig [5.3] [5.4] and[D.5[except for different o; in A,
| different o), in B and different o5, in C. We only show the theoretical RMSE and
| log-likelithood curves. The numerical results are very close. Some numerical
| results have been shown i1n Fig [D.4] The log-likelihood functions may have
| different offsets, we align them by the peak to zero (maximum value across o).
| A If 0; 15 around 20 ms, two local minimum values of the risk curve may merge
| to one, which agrees with the numerical result in Fig|D.4A. If o; < 20 ms, the
| selected optimal kernel width o, will be at the left local minimum of the risk.
| Notice that when o 1s around 20 ms, the shape of the log-likelithood near the
| maximum value 1s more blunted than others. In these cases, the timescale of the
| coupling filter o, = 50 ms and the amplitude o, = 2 spikes/sec are fixed. B If o;
I
I
I
I
I
I
I
I

ms 1s very small, it will be the right local minimum of the risk that 1s associated
with the coupling filter timescale, which 1s opposite to Fig|5.4B. If the timescale
of the coupling filter o}, decreases, the right local mimnimum of the risk will move
to the left. o, does not change the left local minimum or the maximum point of
the likelithood. In these cases, o; = 5 ms and a;, = 2 spikes/sec are fixed. C
Similar to Fig[5.4(C, the amplitude of the coupling filter a;, does not change the
risk curve or the position of the maximum likelihood. In these cases, o; = 5 ms
and 0, = 50 spikes/secare fixed. | . . . . . .. ... ... L. 138
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[D.6 A comparison between the estimations of the coupling effect with fast-changing

background. The figure compares the performance of the estimators of the cou-

pling effect. The simulation settings are the same as Fig |5.3| except that the

timescale of the background o; = 5 ms 1s very small. The timescale of the cou-

pling filter as in Eq (5.7) is 0, = 30 ms. In A, B, and C, the amplitude of the

true coupling filter 1s o, = 2 spikes/sec. In D, E, and F, the amplitude of the

true coupling filter 1s ay, = 0 spikes/sec. A, D The estimator of the point process

regression. It can accurately estimate the true filter, which 1s supported by the

analysis in Fig[D.4[and[D.3[ B, E Jitter-based CCG. The time bin for the spike

train 1s 1 ms. The jitter window width 1s set as 5 ms, close to the timescale of

the background activity. The dark grey band is pointwise 95% CI, and the light

grey band 1s simultaneous 95% CI. The result 1s acquired from 1000 surrogate

jitter samples. The CCG method detects a small excitatory effect before lag =

5 ms no matter whether the neurons have true coupling effect. C, F Similar

to B except that the jitter window width 1s 10 ms. In both B and C, the jitter-

based CCG method can only detect a small effect before 5 ms lag or 7 ms lag.

A large part of the coupling effect between 0 to 30 ms 1s buried under the CI

band. However, such an effect 1s due to the fast-changing background, but not

the neuron-to-neuron coupling effect. | . . . . . ... ... ... ... 140

[D.7

Applications of Bayesian model 1 and model 2 to two datasets. The figure

shows the posterior of the estimated coupling filter amplitude [;, of Bayesian

models 1 and 2 (grey histograms in A,B,D,E) and the posterior of the smoothing |

kernel scale o,, of model 1 (grey histograms in C, F). The solid dark curves are

the Normal distributions of 3}, obtained using the point process regression model

Eq (5.2). A, B, C Applications of Bayesian models T, 2, and the basic regression |

model to the dataset in Fig (5.3). The timescale of the shared activity f; ; 1s fixed

at 0; = 100 ms. Details of the dataset description is in the main text. In C, the

mode of the kernel scale 1s 130 ms, the 95% CI 1s [119, 148] ms. The optimal

kernel scale o, selected by the regression model 1s 125 ms. D, E, F Applications

[D.4.1] where the timescale of the shared activity o; varies from 80 ms to 140 ms.

|
|
of Bayesian models 1, 2, and the basic regression model to the dataset in section |
|
|

In F, the mode of the kernel scale 1s 126 ms, the 95% Cl 1s [111, 148] ms. The

optimal kernel scale o,, selected by the regression model 1s 120ms. | . . . . . . . 142

D8

Non-parametric fitting for the coupling filter. The dataset and the non-parametric

estimator are described 1n the test. The results are presented 1n the same way as

Fig|5.3l A RMISE of the estimated coupling filter as a function of smoothing

kernel width o, of W 1 Eq (5.5). The vertical line indicates the minimum risk.

tions may have different offsets, we align them by the peak (the maximum value

across o0,,) to zero, then calculate the mean and pointwise standard deviation.

The vertical line indicates the peak of the mean log-likelithood. C The bias of the

|
|
|
|
B The maximum log-likelihood as function of o,,. Since the likelthood func- |
|
|
|
|

estimator 1s evaluated at lag =35, 15, 25 ms. D The standard error of the estimator

1s evaluated atlag =5, 15,25 ms. | . . . . . . . ... o Lo 144
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[D.9  Non-parametric fitting for the coupling filter. The figure compares the true |
coupling filter (dark) and the estimator (blue). The light blue band 1s pointwise |
95% CI. The coupling filters were fitted 1in the same way as described 1n Fig |
[D.8l This figure picks out some fitted estimators with different smoothing kernel |
widths 0, = 20, 130, 200 ms. If the smoothing kernel width 1s too small (o, = |
20 ms), the bias values of the estimator at different lags have large differences. |
This matches the bias curves shown in Fig [D.8C. At the beginning part of the |

|
|
|
|
|
|

estimated coupling filter around lag=5 ms, the bias 1s negative, and at the end
part around lag=25 ms, the bias 1s positive. If the smoothing kernel width 1s
selected optimally (o, = 130 ms), the fitted coupling filter matches the true filter
very well. If the smoothing kernel width 1s too wide (o,, = 200 ms), the whole
estimated coupling filter has uniform positive bias at different lags. This agrees
with Fig[D.8C that multiple bias curves with different Tags beyond o, = 130 ms
areveryclose. | . . .. .. 145
[D.10 Consequences of unmatched coupling filter timescale. The dataset 1s the same |
| as Fig [5.3] where the true coupling filter 1s a square window 1n Eq|5.7, The |
| amplitude 1s oy, = 2 spikes/sec and the window width 1s 0, = 30 ms. We tested |
| the regression model with unmatched coupling filter width. The model in A, |
| B, C, D estimates the coupling filter using a shorter timescale 0, = 20 ms.
[ The model in E, F, G, H estimates the coupling filter using a longer timescale
op,1 = 40 ms. As areference, the dark curves show the theoretical approximation
using the basic regression model by setting the coupling filter timescale as20 ms |
| in A-D, and 40 ms in E-H. The rest settings are the same as the simulation. | . . . 146
[D.11 Normality of the estimator’s distribution. The dataset 1s the same as Fig|5.3| |
including 100 repetitions. The figure shows the Q-Q plots of the empirical dis- |
tribution of the estimator against the theoretical Normal distribution (see details |
in the text), shown 1n the dark curves. The straight dashed grey lines are 95% |
CI. In the first row, the empirical distribution matches the theoretical distribution |
very well at the optimal model (o, = 125 ms) and at models close to the optimal |
(0, = 100, 160 ms). We also evaluate the model at many other difterent smooth- |
|
|
|
|
|
|

ing kernel widths. If o, 1s too small or too large (second row, o, = 60, 250, 500
ms), the empirical distribution has a large deviation from the theoretical distribu-
tion. This 1s caused by the error of the theoretical approximation of the bias, see
Fig [5.3[C. It the mean of the theoretical Normal distribution 1s replaced by the
mean of the numerical estimators (mean of all estimators), but the standard error
of the theoretical distribution remains the same, the distributions can match very
well (dashed dark curves in the secondrow).| . . . ... ... ... ....... 148
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[D.12 Hypothesis testing examples. We compare the point process regression model |
(A, B) with the jitter-based cross-correlation (CCG) method (C, D) using sim- |
ulations. The simulation details are in the text. The left column 1s the Q-Q |
plot which compares the p-values distribution under the null (numerical quan- |
tile along the y-axis) with the uniform distribution (theoretical quantile along the |
x-ax1s). The dashed line 1s the 95% CI. Both methods yield valid p-value dis- |
tributions. The right column shows the results of ROC analysis with the false |

|
|
|
|
|

positive rate (FPR) along the x-axis, and the true positive rate ('PR) along the
y-axis. The score of an outcome 1s the p-value of the hypothesis test. When

an = 2,—2 spikes/sec, the area under the curve of our method 1s larger than

that of the jitter-based CCG method, so our method 1s more powerful. However,
when the coupling effect 1s weak a;, = 1 spikes/sec, neither of the methods has
satisfactory performance. | . . . . . . . .. ... 150

[D.13 Results using Laplacian window in the background activity. Similar to Fig |
| [5.3] we present the results in the same way except that the window function of |
| the background activity 1s replaced by Eq[D.42|with timescale o; = 100 ms. The |
| properties of the estimator and the conclusion do not change. |. . . . . . .. . .. 151
[D.14 Shared driving factors on multiple timescales. A The diagram as already |

| shown 1n Fig |5.2] without coupling effects. Two neurons X, ) are driven by |
slow-changing activity J; ;. B Neurons X, Y are driven by fast-changing activity
triggered by Z. Spikes from a subpopulation Z drives the activities of X and Y
| through coupling filters 1, ,x and hz_.y, but there 1s no direct coupling filter |
DCLWEEN A dnd 1] AU101l _dCld Arc 111 tNe 1€ A ompinauon o [1C

| cases 1n A and B, where neurons X, Y are driven by both fast-changing activity |
from Z and slow-changing activity f; ;. D Estimated coupling filter X — Y
using the basic bivariate regression model. The spike trains are generated using
diagram B. The model can handle artifacts caused only by fast-changing activity.
E Estimated coupling filter X — Y using the basic bivariate regression model.
The spike trains are generated using diagram C with background on two distinct
timescales. The model can not fully remove the artifacts. F The estimated cou-
pling filter X — Y using a multivariate regression in Eq|D.43| Conditioning on
both estimated J; ; and Z, the artifacts can be removed. |. . . . . ... ... ... 153
[D.15 A comparison between log-likelihood curves with or without fast-changing
background. The blue curve 1s the log-likelihood curve of a dataset generated
by the model in Fig|D.14C. The blue curve 1s the log-likelithood curve of a dataset
generated by the model 1in Fig|D.14JA. The left part of the blue curve with small
o, 1s elevated due to the presence of the fast-changing background. | . . . . . . . 154
[D.16 Self-coupling effect diagram. The diagrams are similar to Fig[5.2[except for the |
extra self-coupling components. A The self-coupling effect only appears on the |
| source neuron 2. B The self-coupling effect only appears on the target neuron ;. |
| C The self-coupling effect appears on both neurons 2, 7. | . . . . . ... .. ... 155
[D.17 Source neuron self-coupling effect. These results correspond to the model dia- |
| gram 1n Fig|D.16/A. The results are presented in the same way as Fig|5.3| Details |
| of the data and model fitting are inthetext. | . . . . . .. ... ... ... .... 156
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[D.18 Source neuron self-coupling effect. These results correspond to the model dia-

| gram in Fig[D.16B. The results are presented in the same way as Fig[5.3[ Details

[ of the data and model fitting are inthe text. | . . . . . . . ... ... ... .... 156

[D.19 Self-coupling effect on both source and target neurons. These results corre-

| spond to the model diagram in Fig[D.16C. The results are presented in the same

| way as Fig|5.3| Details of the data and model fitting are in the text. | . . . . . . . 157

[D.20 Influence of self-coupling effect on goodness-of-fit test. The figure shows the

goodness-of-fit test based on KS test as described in Supplementary |D.4.16] 3

scenarios correspond to the model diagrams in Fig [D.16]and numerical simula-

tions in Fig[D.T7[[D.18 and[D.T9[ A Only the source neuron has self-coupling

effect. The goodness-of-fit 1s not affected. B Only the target neuron has self-

coupling effect. The bivariate regression model in the main text Eq (5.2)-(5.3)

shows lack of fit. C Both source and target neurons have self-coupling effect.

This case still has the problem 1n B that the basic regression model has lack of fit

[D.21 Rate coupling and delayed shared input. A Similar to the scenario in Fig

[5.3[ and diagram Fig |5.2] two neurons share the same input but with different

delays. Having different delays results in that the lagged neuron’s activity can be

predicted by the leading neuron somehow at a certain time as the leading neuron

receives the same information earlier. B The special case in A 1s under a more

general model, rate coupling model, where two neurons interact with not only

spike-to-spike, but through rate coupling filter A}, | . . . . . .. .. ... ... 158
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[D.22 Delayed shared input. The figure presents the properties of the estimator in the

| same way as Fig|5.3] The settings of the simulation are 1n the text. The dark

| curves show the theoretical results exactly the same as the dark curves in Fig

| [5.3[ without considering the delays of the shared activity. A,B,C,D The shared

activity J; ; arrives at the target neuron 20 ms earlier. E,F,G,H The shared activity

Jij arrives at the source neuron 20 ms earlier. Delaying the shared input does not

change the results significantly. | . . . . . . ... ... ... ... ........ 159

[D.23 Intuitive explanations of delayed shared input. A The source neuron leads

the target neuron. The inhibitory (down arrows) and excitatory (up arrows) ef-

between two neurons are not fully overlapped due to the delay. It can be de-

I
| fects will be balanced out. B,C,D Explanation using decomposition. The inputs
I
I

composed 1nto the shared component colored 1n green, and non-shared parts in

[D.24 Re-fitting of coupling effect by pooling the trials of the same type. The figure

shows the jitter-based CCG and the fitted coupling filters for one pair of neurons

among VI—LM (neuron1d 951102686—951108867). After identifying the

coupling filter types on each trial, we pool the trials of the same type together,

then calculate the jitter-based CCG and estimate the coupling filters. The number

CCQG 1s the same as Fig|5.1] The second row of types O, 1, and 2 shows the fitted

coupling filters using square windows. The third row shows the fitted coupling

I
I
I
I
| of trials of each type 1s in the title of each plot. The details of the jitter-based
I
I
I

filters using the non-parametric method. | . . . . . . . ... ... ... ... ... 162
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[D.25 Re-fitting type 2 inhibitory coupling filter without considering fluctuating

background. This example replicated the fitting of Fig |D.24| type 2 trials, but
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s; n Eq (5.4). The fitted filter becomes excitatory. | . . . . . . .. .. ... ... 163
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[D.27 Coupling filter type frequency with different smoothing kernel widths. Sim-

ilar to Fig|5.6, we replicated the analysis with different kernel widths o,,. In A

and B o, = 50 ms. In C and D 0,, = 70 ms. The results do not change a lot

[D.28 Goodness-of-fit test. The KS tests for part of fitted filters. Each plot shows the

results of a coupling filter of a pair of neurons. The neurons’ identities are labeled

in the corner. The test includes all trials for a pair of neurons. The grey dashed

lines are 99% CI. A good fit should have a straight curve along the diagonal.| . . 166

[D.29 Fitted coupling filter templates. The layout of the figure 1s the same as Fig|5.5]
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Chapter 1

Introduction

1.1 Background

Electrophysiological measurements of single and multiple neurons play a critical role in studying
neurons’ biophysical properties, information encoding and decoding, neuron-to-neuron interac-
tions, region-to-region interactions. This fast-growing technique now is able to simultaneously
track the activity of up to a thousand of neurons across multiple brain regions [127, [128, [129]].
The recorded sequences of action potentials are usually called spike trains. The spike trains carry
information about external stimuli [[111], latent states [31) [123]], neuron-to-neuron interactions
[81L [111], functional connectivity between neuronal ensembles [32], etc. But these signals are
usually accompanied by Poisson-type noise. And the spike train patterns, including the timing
of spikes and mean firing rate, vary from neuron to neuron, time to time and trial to trial even
under the same experimental condition [[12} 132,73} 95, [1335]].

Point processes offer a powerful tool for modeling discrete and stochastic spike trains, which
has been widely applied in neuroscience for at least 20 years [79], and for early works see
[23L [75]. The point process framework models a spike train through the instantaneous firing
rate, called intensity function, defined as,

P(N(t, t+ A] > 0| H,)

X (1.1)

where N (t, t+A] is the spike count over the interval (¢, t+A], and #H; could represent the history
of the process up to time ¢, including not only the spikes, but possibly some other measurements,
for example a stimulus [79]. The log-likelihood of a spike train in [0, 7 is

T T
L:/ log)\(t|Ht)N(dt)—/ At | Hy)dt (1.2)
0 0

which usually defines as the target estimation equation or loss function for the model. Much
of the point process modeling literature considers how to express A(¢ | H;) in particular ways
favoring certain properties of the data. The point process framework is flexible because the
intensity function can be modularized into separate components that are responsible for different



factors. Many of these components are assembled in additive form, logarithmic additive form, or
logit additive form, which are similar to the generalized linear model:

At | Hy), or log A(t | Hy), orlogit p(t | H,) = factor; (t) + ... + factorg(t) (1.3)

where p(t | H,) is the probability of having a spike in the time bin at ¢. Such a model can be
designed for individual neurons or multiple neurons. It can incorporate factors such as external
stimuli, behaviors, LFP recordings, latent variables, and inter-spike dependency, such as neuron-
to-neuron coupling effects or post-spike history effects within a neuron. We categorize some
previous works into different combinations of these components. Table lists some represen-
tative references with short summaries therein.

Stimulus in vitro olfactory mitral cell with injected current [133]];
Artificial neuron (Izhikevich model) with simple injected signal [[137];
Plasticity of place receptive field with spatial information [43}47];

Single
neuron

Post-spike

history effects Post-spike filter with refractory effects [133];

Post-spike filter determines firing patterns [137]];
Mixture of post-spike filters in Parkinson’s disease [37];
Modeling finite number of post spikes [30} 77, [116];

Latent

. Brownian motion as the inhomogeneous baseline [[124];
variables

Synaptic dynamics and post-synaptic response [4]];

Linear dynamic system for evolving receptive field parameters [43| 147]];
Stimulus in vitro parasol ganglion cells with visual stimulus [111];

2-D monkey hand movement [134];

Multiple LFP oscillation phase [141];

neurons Position encoding in rat CA1 [8} 23} [115];

Motor cortex encoding for arm movement [90];

Coupling

effects Post-spike filter with refractory, and excitatory or inhibitory coupling filters be-

tween neurons [[111) 134];

Coupling filters within/between M1 and PMd neurons [130} [134]];

Relate the coupling filter to Granger causality [44!, 86];

Coupling filters in mouse lumbar spinal cord [44]];

Small-world-ness network structure in monkey visual cortex [S1]];

Coupling filter-based network reconstruction agrees with synaptic connection in
crab Stomatogastric ganglion [52];

Coupling filters between rat hippocampal place cells [108];

A theoretical study of firing rate correlations induced by coupling filters and net-
work topology [110];

Coupling filter between rat in vitro neurons [116];

Latent

variables Gaussian process: Two Gaussian processes for smooth temporal structure and

smooth tuning curves of hippocampal cells decoding [[138];

Point process version of GPFA [41[140];

Dynamic system: 1-D latent linear dynamic system for population inhomoge-
neous baseline [[123]];

Position decoding from rat CA1 [8} 23} [115]];

Motor cortex decoding for arm movement [90} |134];

Hidden Markov model: Population with alternating active-quiescent states [31]];
Factor analysis: Factor analysis using hidden processes [41} 80];

Table 1.1: A list of references categorized according to the types of factors.



1.2 Overview of thesis contributions

Single Multiple External Latent Inter-spike
neuron neurons stimuli variables dependency
Chapter |2 v v
Chapter |3 v v v
Chapter 4 v v v
Chapter|5 v v v

Table 1.2: The outline of the thesis.

This thesis provides four applications of point process modeling to spiking neurons. Table
shows the thesis outline and the main components of each project.

The first project in Chapter [2| addresses stability of fitted point process regression models.
The motivation came from a recent paper by Gerhard et al. presented at the SANDS conference
[S3L[117]. The authors described a kind of unstable point process, in which a fitted model can
generate simulated spike trains with explosive firing rates. We first point out the issue is related
to the lack of fit in some situations, and it can be fixed accordingly. Then we propose a simple
modification of the post-spike history filter so that the model is only allowed to incorporate a
limited number of spikes in the history instead of all spikes in the past. This makes the fitted
model more stable while achieving similar goodness-of-fit. The new model can also be more
flexible for modeling complicated spike train patterns, such as bursting firing.

In Chapter (3, we aim to bridge biophysical modeling and statistical modeling by describing
how ion channel conductance can affect spike train patterns. The stimulus filter and the post-
spike history filter in the point process model characterize how a neuron responds to an external
stimulus or post-spikes at certain time-lags. The coefficients of those filters are selected as the
features of spike train patterns. The goal of the model is to construct the spike train features
as functions of the ion channel conductances, so the impact of the channel conductance can be
quantified. We find different types of ion channels influence the spike train patterns in different
ways. This may reveal their different roles in information encoding.

To better characterize information processing in the brain, it is important to identify situa-
tions in which neural activity is coordinated across populations of neurons. In Chapter 4 we
analyze covariation of population firing rates within three visual areas, focusing on the timing
of peak firing rate. For these data, a naive method of determining the time of peak firing rate
is too noisy: it can not find covariation across areas. Instead, we demonstrate strong cross-area
covariation using the point process framework that allows firing rate curves to vary with experi-
mental condition and furthermore allows neurons to participate in population activity under some
conditions but not others. Because our approach is multivariate, it has the additional benefit of
assessing pairwise covariation conditionally on (after “partialling out”) activity of the third area.
Results concerning multi-way dependence can constrain theoretical conceptions of circuit oper-
ation. Another motivation is to describe functional diversity and specialization of neurons that is
relevant to cross-area coordinated activity. We estimate the proportion of recorded neurons that
participate in this kind of population activity, and we indicate their cortical depths.



Chapter|[5|focuses on the spike-to-spike coupling effect on fine timescale (can be within 20 ms
or less), especially between neurons in different regions. We build a flexible, extendable, robust,
and computationally efficient tool to quantify the spike-to-spike coupling effect; it can handle
hundreds of neurons that are simultaneously recorded by high-density multi-electrode arrays.
Our proposed point process regression model can be modularized into two basic components:
one part quantifies the coupling effect using a continuous function in a lag range; the other part
is responsible for removing the artifacts caused by the background activity. The small number of
parameters in the model and optimization-based inference make it efficient for large dataset anal-
ysis. We verified the model using many simulation scenarios and some theoretical analysis, then
applied the method to the Allen Brain Observatory dataset and discovered trial-to-trial variation
of coupling effects on fine timescale.



Chapter 2

Stability of fitted point process spiking
neuron models

This is a collaborative work with Qi Xin, Valérie Ventura and Robert E. Kass. It has already been
published in [30]].

Point process regression models, based on generalized linear model (GLM) technology, have
been widely used for spike train analysis, but a recent paper by Gerhard et al. described a kind of
instability, in which fitted models can generate simulated spike trains with explosive firing rates
[S3]]. We analyze the problem by extending the methods of Gerhard et al. First, we improve
their instability diagnostic and extend it to a wider class of models. Next, we point out some
common situations in which instability can be traced to model lack of fit. Finally, we investigate
distinctions between models that use a single filter to represent the effects of all spikes prior to
any particular time t, as in a 2008 paper by Pillow et al., and those that allow different filters
for each spike prior to time t, as in a 2001 paper by Kass and Ventura [77]. We re-analyze the
data sets used by Gerhard et al., introduce an additional data set that exhibits bursting, and use
a well-known model described by Izhikevich to simulate spike trains from various ground truth
scenarios. We conclude that models with multiple filters tend to avoid instability, but there are
unlikely to be universal rules. Instead, care in data fitting is required and models need to be
assessed for each unique set of data.

2.1 Introduction

Point process regression models based on the framework of generalized linear models (GLMs)
have been applied to a wide variety of spiking neuron data ([79], [137], and references therein).
These models, which may be considered nonlinear Hawkes processes [28,44], allow neural firing
rates to depend on spiking history. Recently, however, [S3]] reported that models fitted to real data
sets could be unstable in the sense that their firing rates could evolve to become arbitrarily large,
generating unrealistic spike trains, even when standard goodness-of-fit tests fail to identify lack
of fit (see Figure for two examples). In this paper we identify several factors that can lead
to this problem, we provide additional analysis for diagnosing it, and we present methods to
improve model stability.



In some circumstances, causes of instability are easy to identify and easy to fix. The prob-
lem of stability, however, leads naturally to an interesting detail in GLM-type modeling of spike
trains. When spike trains are modeled as point processes, the firing rate is defined by the condi-
tional intensity function

At[H;) = lim P(ANwesaq = UH)

At—0 At 21

where H; is the set of spikes prior to time ¢, known as the spiking history up to time ¢, and
AN 14+q is the number of spikes in the interval (t,t + At]. This succinct representation can
also incorporate stimulus effects and coupling effects and its implementation can take advantage
of a large body of knowledge about generalized regression models [79]. Here we only consider
the history effects without external stimulus and coupling neurons. There are many ways to
capture the effects of the history H, on the intensity. Letting ¢;, be the jth spike time counting
backwards prior to time ¢, a concise and intuitive assumption, for steady-state scenarios (where
the baseline rate is constant), takes the intensity to have the form

log \(t|Hy) = Bo + Z h(t 2.2)

where h(u) is a smooth function, and the summation extends to all spikes that precede time
t (within a given trial, if there are trials). This is the form used by [111] and by [53]. [111]]
referred to h(u) as a post-spike filter. An alternative model, used by [77], instead allows the
effects of each previous spike to be different:

log \(t|H,) = Bo + Z h;( 2.3)

If each function h; involves separate free parameters, then the model in (2.3) would typically
have more parameters than the model in (2.2)). A main contribution of this paper is to describe
situations under which this additional flexibility can be useful. In particular, we suggest that, in
realistic scenarios, models of the form tend to be stable.

One issue in using is that the number of terms £ must be selected. In theory the number
could be infinite as long as a suitable condition is placed on the functions A, such as > M ;< 00,
where M; = max, h;(u), but in practice [77] selected k by applying the likelihood ratio test;
here, in Section 4, we will suggest another criterion, based on stability. Similarly, in practice, the
summation in extends over a fixed window of time preceding ¢, having length we label 7},
(at most, the total length of the experiment), leading to the alternative representation

log A(tH) = Bo+ Y h(t—t). (24)
tj*e(thh,t}

We refer to a model described by (2.4)) as Fixed Length Filter (FLF), and those described by (2.3))
as Fixed Number Filter (FNF), where the fixed number refers to the fixed number of spikes. In
our analysis we have found it useful to further categorize FNF models by considering the special

6
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Figure 2.1: Simulation divergence of FLF models (equation fitted to data. (A,D) Spike time
raster plot and PSTH for datasets Monkey-PMv and Human-Cortex. (B,E) The fitted FLF models
pass the original and discrete KS tests of [24]] and [62]]; the two tests overlap so they are hard to
distinguish. (C,F) Spike time raster plot and PSTH of spike trains simulated from the fitted FLF
models, using algorithm [3|in Appendix (C) If the simulation lasts longer than the training
session, the firing rate keeps growing to produce ISIs that are shorter than the refractory period.
(F) The simulated spike trains resemble the observed data except for trials 2 and 4, which have
many more spikes than the observed spike trains.

case in which h;(u) = hy(u), for all j and all u. These models we write these as FNFg, where
S stands for single filter. The more general case we write as FNFy;, with M for multiple. Note
that FNFg differs from FLF in that the number of spikes is fixed rather than the length of the
time interval, but both models use a single filter while FLF; uses multiple filters.

We begin, in Section 2, by giving some analytical stability results along the lines of those in
[S3]]. In Section 3 we identify several kinds of model mis-specification that lead to instability,
and we note potential solutions. In Section 4 we focus on FNF models and the variation that
replaces the constant 3, with a time-varying function 3(¢). An analytical diagnostic method is
then used to select the number of previous spikes to be considered in the model, i.e., the number

of terms k in (2.3). In section 5, we compare FLF and FNF models. We close in Section 6 with
advice on the use of these models.
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Figure 2.2: (B) Three diagnostic curves corresponding to the three FLF models (equation 4)
with baseline rates §y = —4 and filters h(¢) shown in (A) in matching colors, where h(t) =
Bi - Bi(t) + Bz - Ba(t), Bi(t) = /%92 and By(t) = e~/! are the smooth basis functions used
in [111] and shown in the insert in (A), and 7}, = 0.35 sec. The values of (i, ) for the three
models are marked as crosses in (C). (C) Diagnostic map for the above model as 3, and (3, vary.

2.2 Stability analysis

Figure 2.1 shows two examples of unstable simulations from FLF models (equation [2.4) fitted
to the Monkey-PMv and Human-Cortex datasets described in Table Appendix A, using the
smooth basis method of [[111]]. The fitted FLF models pass the original and discrete KS goodness
of fit tests [24, 62] but they are unstable, in the sense that the firing rates of some or all the
simulated spike trains evolve to become arbitrarily large, generating unrealistic spike trains. We
emphasize that instability is not a matter of extrapolation to unseen data outside the experimental
range of time. Rather, if a model is unstable, in simulations it can evolve to producing firing rates
far in excess of those seen in real data, which makes it patently unrealistic as a representation of
neural physiology.

[S3]] argue that a reliable diagnostic of model instability can be obtained from the relationship
between the firing rate Ay before the last spike at ¢, in an interval, and the firing rate after ¢1,.
They approximate A, with the average firing rate in the interval (¢ — T}, ¢1,). Then they rewrite
the fitted FLF model (Equation as

log A(t|H,) = Bo+h(t—tn)+ > h(t—t),

tix E(t—Th,t1)

and approximate the summation by its expectation under the assumption that the point process
in the interval (¢t — T}, t1.) is homogeneous Poisson, yielding

Ty
log A(t|Hy) =~ Bo + h(t — t1.) + Ao/ (eh(“) — l)du. (2.5
t—t1x
[53]] then use (2.5) to derive the approximate PDF of the future ISI ¢, —t;,, where ¢, is the time of

the next spike after ¢,,, and calculate the firing rate after ¢,, as the reciprocal of the mean future
ISI: ]

Lin(Ao) = Bl =t

(2.6)
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Equation is a function of A, because Equation is a function of A,. The instability diag-
nostic is obtained by plotting £;(Ay) versus Ay, as in Figure 2.2B, for Ay € [0, Ajqq), Where
Amaz 18 the maximum possible firing rate. Without loss of generality, in this paper we do not
build a refractory period in the models we consider, except to reproduce [S3] Figure 4 (see Ap-
pendix Figure [A.1), s0 A4, is our simulation resolution of 1000 spikes per second. We
examine intersections of the diagnostic curve with the secant line £,(Ay) = Ay, referring to
them as cross points.

A model is deemed

* divergent if all cross points exceed Ay, or L,(Ap) is always larger than Ag (e.g. Figure
[2.2B, red curve), where )y, is a threshold rate judged too high physiologically; here
we used Ay = 0.9 - A4z Spikes/sec;

* stable if the number of cross points is odd and they are all below )y, (green curve);

* fragile otherwise (blue curve).

Note that the diagnostic green curve in Figure[2.2B exceeds the first secant for small values of
Ag, which is desirable because otherwise the firing rate would eventually decrease down to zero.
A divergent model yields unstable simulations, whereas spike trains simulated from a fragile
model might first look stable and then degenerate. Therefore the difference between divergent
and fragile models is the duration it takes for spike trains to become unstable. Without loss
of generality of our results, we do not distinguish between divergent and fragile models, and
consider them both unstable.

[S3]] validated their model stability diagnostic against spike train data: they considered a
model family £y parametrized by 6, and for each value of 6 in a range, they (i) simulated a 10
sec. long spike train from Fj (e.g. using algorithm [3]in Appendix [A.3)), and deemed the spike
train unstable if the model generated over 0.9 - )., spikes in the last second, (ii) produced the
diagnostic curve and determined from it if the model was stable, fragile, or divergent and (iii)
plotted @ against the outcomes in (i) and (ii). Figure Appendix shows these plots for
two model families Fy. Figure shows the same stability map as in [53]] Figure 4, where
Fy is an FLF model (Equation [2.4) with baseline rate 5y = —5.3 and filter h(t) = j; - By (t) +
By - By(t) + Dip(t), 0 = (b1, B2), B1(t) = 77902 and By(t) = e ¥/*! are the smooth basis
functions used in [111] and shown in the insert in Figure [2.2]A, Dip(t) is a negative window
function modeling a 2 msec. refractory period, and the filter length is 7;, = 0.2 sec. In Figure
A.1C, Fj is an FLF model with baseline rate 5y = —4, filter h(t) = 51 - B1(t) + (2 - Bo(t) with
B (t) and Bs(t) defined above, and filter length 7}, = 0.35 sec.

The stability maps in Figure [A.T]A,C suggest that the diagnostic is mostly reliable, except in
small regions of the parameter spaces. This happens because [53] replaced h(u) by the Taylor
expansion (exp h(u) — 1) in (2.3), which is accurate only when h(u) is small. Without this
approximation, becomes

Th
log A(E|Hy) ~ fo + h(t — t1.) + Ao / h(u)du, @.7)

t—t1x

and the diagnostic is still tractable, as shown in Appendix D. Figure [A.TB,D show the updated
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Figure 2.3: Stability of FLF models (equation with constant and time varying baseline fir-
ing rates. (A) Constant (blue) and time varying (red) baseline rates of FLF models fitted to the
Monkey-PMyv data: the baseline appears to vary. A likelihood ratio test confirms that the time
varying baseline model fits the data significantly better (p = 0.046). (B) Fitted filters of the
constant and time-varying baseline models. (C) PSTHs of the observed data and of data simu-
lated from the fitted homogeneous and inhomogeneous FLF models: the homogeneous model
simulates unstable spike trains; the inhomogeneous model is simulation stable. (D, E, F) Same
analysis applied to artificial data generated from an inhomogeneous Izhikevich model (algorithm
2]in Appendix [A.3)). (D) Data raster plot. (E) Fitted filters of the homogeneous and inhomoge-
neous baseline FLF models: the latter is mostly below the former, which may reduce the chance
of unstable simulated spike trains. (F) Indeed, the homogeneous model produces data whose rate
diverges; the inhomogeneous model appears to be stable. Note that the inhomogeneous model
fits the data significantly better according to a likelihood ratio test (p < 0.001).
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stability maps based on (2.7). The agreement between diagnostic and simulation is very close,
and closer than in Figures [A.T]A,C, so we use the updated diagnostic in the rest of the paper.
Figure [A.ID is reproduced in Figure 2.2C.

To solve the stability problem when a model is found to be divergent or fragile, [S3] suggest
stabilizing it by refitting to the data with the constraint that its parameters lie in the stable region
of the parameter space. In the next section, we identify three data features that might lead to
unstable simulation models, namely small sample size, time varying firing rates, and trial to trial
variability or outlier trials, and we provide alternative suggestions for stabilization: collecting
more data, fitting inhomeogeneous rate models, and removing outliers, respectively.

2.3 Special cases of FLF model instability

A feature that might lead to unstable models is a small sample size. Indeed fitting a model to a
small dataset yields parameter estimates that have large variances and, therefore, that could lie
in unstable regions of the parameter space by chance, even if the true parameters lie in stable
regions. Collecting more data, if possible, would reduce the variability of parameter estimates
and stabilize the model.

Next, consider the Monkey-PMv, shown in Figure 2.TA. An FLF model fitted to the data
satisfies the KS goodness-of-fit tests (Figure[2.1B), yet simulations from the model diverge (Fig-
ure [2.1[C). Because the peri-stimulus time histogram (PSTH) in Figure [2.T]A appears to increase,
we fit a time-varying baseline rate 5(¢) in place of 3, in (4). That model fits the data some-
what better according to a likelihood ratio test (p = 0.046), and data simulated from it do not
diverge (Figure 2.3[C). (To simulate data past the maximum experimental time of one second, we
set B(t) = B(1) for t > 1 sec.) Figure 2.3D,E,F shows a similar outcome when we apply the
same analysis to synthetic data generated from an inhomogeneous Izhikevich model (algorithm
Appendix B). Hence, in the presence of a time-varying trial-averaged rate, fitting a constant
rate term can produce instability and fitting a time-varying rate can rectify the problem.

Finally, consider the Human-Cortex data displayed in Figure 2.1D. An FLF model fitted
to the data satisfies the KS goodness-of-fit tests (Figure [2.TE) but two out of ten spike trains
simulated from it diverge (Figure 2.1F). Figure 2.4]A shows that trials 8, 9, and 10 have rather
large spike counts compared to the others, so there might be excess trial-to-trial variability or
outlier trials that might cause the instability. To examine the extent to which some trials may be
unusually different than others, we compute the distance of each spike train from a central spike
train ST (defined below) based on a spike train metric devised by [139]]. This metric measures
the discrepancy between two spike trains by counting the number of spikes in one spike train
that can be matched by spikes in the other spike train using a smooth deformation of time, or
“time-warping function.” If there are N; and N, spikes in two spike trains S7} and S75, the
distance between the two spike trains is defined as

N1 N2

T
d(STy, STy) = inf (]\h F Ny =2 T + n/o (1- \/7’(t))2dt), (2.8)

i=1 j=1
where I is the indicator function, ¢; and s; are spike times from S} and S75, respectively, and
['(t) is the set of all continuous and piecewise differentiable time warping functions + such that
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Figure 2.4: Trial-to-trial variability affects simulation stability. (A) Spike train counts and devia-
tions from the central spike train for the Human-Cortex dataset. Trials 8 and 9 might be outliers.
(B) Filters of FLF models (Equation [2.4) fitted to data with and without suspected outliers. The
latter remains mostly below the former for all ¢, which reduces the possibility of simulating
unstable spike trains. (C) Diagnostic curves for models fitted before and after removing the sus-
pected outliers: the model becomes stable after removal. Synthetic spike trains simulated from
that more are indeed stable (not shown). (D,E,F) Same analysis applied to spike trains generated
from a two-rate Izhikevich model. (D) The dataset is composed of 16 spike trains with a high
firing rate, and four with a low firing rate. (E) spike counts and deviations from the central spike
train clearly identify two groups of spike trains. (F) Diagnostic curves of FLF models fitted to
the full datasets (blue), and to the dataset after the four unusual spike trains are removed. The
former diagnoses an unstable model, the latter a stable model. Spike trains simulated from the
latter model are indeed stable (not shown).
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v(0) =0,v(T) =T, and 0 < +(T) < oco. In practice y is approximated by a piecewise linear
function from [0, 0] to [T", 7'] in a discrete grid and the tuning parameter 7 is set to (N1+Ns)-¢/2T,
with 5 < ¢ < 25 [[139]. The choice of ¢ in this range has little impact on results. The first term on
the right hand side of (2.8) measures how close ST is to the time wrapped ST5, and the second
penalizes the deviation of the time warping transformation from the identity function v(¢) = t.
The central spike train ST, is defined as

ST = arg min d(ST;, C),
gmin ) d(ST.,C)

where S is the set of all spike trains. We then compute each distance
d; =d(ST,ST}), i=1,...,n

and use d; to identify unusually discrepant trials.

The deviations d; for the Human-Cortex spike trains are shown in Figure 2.4]A. Trials 8 and
9 have the largest values of d;, and they also have large spike counts. After removing them, the
fitted FLF model becomes stable, according to the diagnostic plot in Figure [2.4C. Figure 2.4B
shows that the filter fitted after excluding the outliers lies mostly below the initial filter, which
reduces the chance of simulation divergence. We note that if we remove only one of these trials
the fitted model is again unstable. Furthermore, if we remove any other 2 trials the fitted model is
unstable. Figure[2.4D,E,F shows that a similar analysis applied to data generated from Izhikevich
models with two different firing rates — 16 spike trains have a large firing rate and four have a
small firing rate — yields similar conclusions: that is, outlier trials can destabilize models, and
careful data pre-processing to remove them might improve stability.

Different kinds of outliers may have to be treated differently. Outlier trials resulting from bad
recordings should be removed. But absent such experimental difficulties it remains important to
consider unusual features of the data, and to avoid models that fail to account for those features.
In the synthetic two-rate Izhikevich dataset, for example, four trials are noticeably sparse, making
a common rate model fit poorly. Methods based on models that allow for excess trial-to-trial
variability are available [[1335]].
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2.4 Stability of FNF models
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Figure 2.5: Diagnostic curves of FNFg models with £ = 2,4,5 fitted to the Human-Cortex
dataset. The dashed red lines are the models’ maximum firing rates. The largest model with
k = 5 is unstable because the diagnostic curve is above the first sequent after it last intersects it.
The two other models are stable.

To evaluate the performance of FNF models, we extend the method of [S3] to obtain a stability
diagnostic, further allowing the baseline rate to be a time-varying function 3(t), as in [[77]. If we
approximate the firing rate before the last spike ¢;, with the reciprocal of the mean ISI, Ay = 1/7,
and replace the ISIs by their expectation in (2.6]), we obtain:

k
log \(t|Hy) = B(t) + Z hi(t —ti + (k—1)7). (2.9)
k=1

As in Section 2, we then use this approximation to derive the approximate PDF of the future ISI
t. — t1., and calculate the firing rate £,,(Ap) after ¢4, as the reciprocal of the mean future ISI (see
(2.6)). The diagnostic for a fitted model is again based on a plot of £, (Ay) against Ay, and its
stability determined using the rules in the boxed text in Section 2. For example, Figure 2.5/shows
the diagnostics of three FNFg models fitted to the Human-Cortex dataset described in Table[A.T]
using the smooth basis in [[111]. The largest model (panel A) is unstable, in the sense that spike
trains generated from that model could have unrealistically large number of spikes; the other two
models are stable.

Just as in [S3], we can validate our FNF model stability diagnostic against spike train data.
For example, Figure 5 shows the stability map for the FNFg family of models with firing rate
log A\(t|H;) = Bo + Z?Zl h(t — t;.), where By = —4, h(t) = £1B1(t) + 2Ba(t), and By (t) =
e~t/992 and By(t) = e~¥/O! are the basis functions shown in the inset of Figure 2A. For each
value of ([, 82), we (i) simulated a 10 sec. long spike train from the model and deemed the
model divergent if it generated over 900 spikes in the last second, (ii) produced the diagnostic
curve and determined from it if the model was stable, fragile, or divergent, and (iii) plotted
(B1, B2) against the outcomes in (i) and (ii): the two match, which suggests that our diagnostic is
reliable. The many FNF,; models we investigated also suggest that the diagnostic is reliable; we
did not provide an example diagnostic map here because all these models were stable across the
entire parameter space.
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Figure 2.6: Stability map for FNFg models with firing rates log A(t|H;) = By + Z?Zl h(t —1t;.),
where By = —4, h(t) = BiB1(t) + B2Ba(t), B (t) = e /%92 and By(t) = e~*/%!. For each value
of (p1, B2), we (i) simulated a 10 sec. long spike train from the model and deemed the model
unstable if it generated over 900 spikes in the last second, (ii) produced the diagnostic curve and
determined from it if the model was stable, fragile, or divergent, and (iii) plotted (31, 52) against
the outcomes in (i), with unstable simulations indicated by black dots, and (ii), in colors. Our
diagnostic is reliable because it matches the simulation well.

Figures [2.5]and [2.7IC,F show that all FNFg models with k£ < 4 and all FNF,,; models fitted to
the Human-Cortex dataset are stable. They also all pass the two KS tests so they are not obviously
deficient. With many simulation stable models available, it may be desirable to choose one that
also fits the data best according to some criterion. Figure [2.7IC,F shows the Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC) for all these models. Small AIC and
BIC values are desirable because AIC is an estimate of prediction risk, and BIC is inversely
related to the posterior probability of fitting the correct model, in an asymptotic sense; BIC
tends to prefer models with fewer parameters [79]. Both criteria suggest that the FNFg model
with £ = 1 fits best; it is also simulation stable. Figure shows results from two additional
examples. Among the stable models fitted to the bursty Goldfish dataset, the FNF,; model with
k = 6 filters fits best based on AIC, and FNF¢ model with k = 9 fits best based on BIC. The
synthetic Izhikevich-burst dataset is bursty as well; see Figure [A.2]A. Its best simulation stable
models are FNF,; models with £ = 7 and k£ = 4 according to AIC and BIC, respectively.

To summarize, our general strategy is to fit FNF models for several values of k£ and choose
a model that is simulation stable and also fits the data well according to criteria such as the KS
tests, and AIC or BIC. (Note that because AIC and BIC are obtained from a finite data sample,
they have variability, so that similar values should be considered equal.) If no stable model can
be found, a model that provides a good fit may be used after constraining its parameters to lie in
the parameter subspace corresponding to stability, as [S3] suggest.
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Figure 2.7: (A,B,C) AIC and (D,E,F) BIC values for several FLF, FNFg, and FNF,; models fitted
to three datasets. (FNFg and FLF values are equal in panel F, and the latter mask the former.)
Simulation unstable models and models that failed the original and/or the discrete KS test are
indicated by red squares and crosses. Many models are simulation stable; the FNF;, models

fitted here are all simulation stable. Stable models that achieve a desirable criterion, e.g. low
AIC, could be chosen.
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Figure 2.8: (A) Goldfish dataset spike trains and simulated spike trains from FLF, FNFg (k = 5),
and FNF,; (kK = 5) models fitted to the dataset: despite modeling the effects of past spiking
differently, both type of models can generate busts similar to those in the dataset. (B) Filters of
the FNFg models fitted to the Goldfish dataset with past number of spikes £ = 1,...,9. When
k > 5, the filters are almost identical, suggesting that effects of spikes prior to 5 spikes back do
not contribute much to the fits. The fitted FLF filter has length 7;, = 0.19 sec., which contains
4 past spikes on average; it overlaps with the FNFg filters with & > 5, suggesting that these
models are functionally similar (although FNF¢ models are more likely to be stable). (C) Fitted
filters of an FNF;; model with £ = 5: the filters are substantially different, suggesting that burst
behavior is captured by differentially weighing the contribution of previous spikes according to
their timing and ordering. A likelihood ratio test comparing the FNFg and FNF;; models with
k = 5 strongly favors the latter (p << 0.001).

2.5 Comparison of FNF and FLF models

A key feature of FLF models is that they sum the effect of all spikes in the filter window of length
T}, which puts no limitation on the number of past spikes influencing the firing rate at ¢, even
if T}, is short. Therefore, if a fitted intensity function has a rising trend, an increasing number
of spikes could fall within the filter window, and this could increase the firing rate, eventually
yielding unstable simulated spike trains. In contrast, FNF models (Equation [2.3) and also the
extension to time-varying baseline rates) model history with a fixed number of spikes, &, and
if the baseline rate 5(t) and all of the individual filters are bounded above, the firing rate will
be bounded. Furthermore, by allowing multiple filters, FNF); models can diminish the effects
of multiple spikes that occur, somewhat infrequently, in close temporal proximity. Thus, in
principle, FNF,; models tend to be stable, and we did not find any cases in which FNF)y; models
were unstable. See, for example, the results in Figure However, we have also seen that, in
some cases, the fitted FNF firing rates can be large enough to become unstable (see Figures[2.5A
and panels C and F of Figure [2.7), and for that reason we developed a stability diagnostic and
a strategy to stabilize a divergent FNF model in Section 4. We could apply a similar strategy to
FLF models, using several filter window lengths 7}, in place of several values of k. [33] fitted an
FLF model with 7}, = 0.35 sec to the Human-Cortex dataset, which was unstable. Figure ,F
shows the stability status, AIC, and BIC values of fitted FLF models for several values of T},.
(FLN and FNFg models have similar AIC and BIC values that are hard to distinguish from one
another on the plots.) The FLF model with a very short filter length of 7}, = 0.177 fits the
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data well (it passes both KS tests and has smallest AIC and BIC) and is stable. Thus, while
FNF,; models seem to be inherently less likely to be unstable, we can not make any universal
comparative statement about stability, and, importantly, fitting with either type of model requires
care. A remaining issue is whether there are interesting cases in which the additional flexibility
of FNF,; models is useful. We now present a few additional comparative results.

Figure provides a summary of fits for the Human-Cortex dataset. We see that FNFg
models have AIC and BIC values similar to, or smaller than FLF models. The FNF;; models
have higher AIC, presumably because the additional flexibility of using several filters is not
needed to fit the data well yet it increases complexity. On the other hand, the FNF models fitted to
the Izhikevich-burst data set have smaller AIC and BIC values than the FLF models, and FNF,,
models have smaller AIC and nearly all smaller BIC values than FNFg models, presumably
because the data are bursty and thus are not fitted adequately with simpler models. We also used
a real data set, labeled Goldfish, which consists of recordings from retinal ganglion cells in vitro
that exhibit bursting firing [96, [132]; see Table 1 and Figure 8A. The AIC and BIC values are
again smaller for most FNF models.

These comparisons are substantiated in Figures [2.8] and Figure displays the Gold-
fish data spike trains together with simulated spike trains from a FLF model fitted to the data,
having filter length 7}, = 0.19 seconds containing five past spikes on average, as well as from fit-
ted FNFg and FNF;; models with £ = 5: despite modeling the effects of past spiking differently,
both type of models can generate busts similar to those observed in the data. Figure 2.8B dis-
plays the filters of FNFg models fitted to the Goldfish dataset with past number of spikes k£ = 1
to 9. When k£ > 5, the filters are almost identical, suggesting that effects of spikes prior to 5
spikes back do not contribute much to the fits. The overlayed fitted FLF filter with 7}, = 0.19
sec. overlaps with the FNFg filters with £ > 5, suggesting that these models are functionally
similar (although, based on our previous analysis, FNFg models are more likely to be stable).

Models with a single filter, as in Figure 2.8B, assume that the effect of any past spike ¢, on
the firing rate at time ¢ depends only on the elapsed time ¢ — ¢;, without considering the number
of spikes that may have occurred between ¢, and t. For the Goldfish data, this is a question-
able assumption: a likelihood ratio test (LRT) comparing FNFg and FNF,; models with k£ = 5
strongly favors the latter (p < 0.001). Furthermore, the fitted filters of the FNF,; model, shown
in Figure 2.8C, are substantially different, suggesting that burst behavior is captured better by
differentially weighing the contribution of previous spikes according to their timing and order-
ing. We may interpret these multiple distinct filters by observing several characteristics of the
data (see [[132]): the average burst length is roughly 25ms, a burst ISI is around 7ms, the median
number of spikes in a burst is 4, and bursts occur, on average, roughly every 200 ms. With these
in mind, the narrowness and height of the first filter suggests that the effect of the first spike
back is strongly influenced by bursting, i.e., when a spike occurs less than 25 ms in the past it is
likely that the cell is in a bursting state and the probability of spiking is increased; filters 2 to 4,
corresponding to the 2nd to 4th spikes back, diminish the firing rate starting around 25 ms in the
past, which presumably signals that when these multiple spikes back are spaced further than 25
ms in the past, the neuron has transitioned to a “down” state; the effect of the Sth spike back is to
increase the firing rate after a longer duration, peaking around 200 ms in the past, reflecting an
expectation that the neuron has already finished its pause after a burst and has now returned to
the bursting state. Figure in the appendix contains the corresponding plots for the synthetic
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Izhikevich-inhomo dataset, from which similar conclusions can be drawn.

In summary, FNF); models do, sometimes, provide better fits than FLF or FNFg models, but
this is an empirical question that must be answered for each set of data separately. We should
also note that models that incorporate hidden burst and non-burst states, as in [[132]], may provide
even better descriptions of bursting spike train data.

2.6 Discussion

We have attempted to provide a thorough analysis of the instability phenomenon identified by
[S3]]. We improved the diagnostic of [S3] and extended it to FNF models; we noted that time-
varying baseline rates and excess trial-to-trial variability can cause instability of models that do
not account for these effects; we introduced a method to detect outlier trials and illustrated its
use; and we compared FNF with FLF models in several examples.

It is perhaps worth emphasizing that FNF,, models, with sufficiently large k£, were always
stable in the examples we investigated, regardless of whether there were stable FLF or FNFg
models. See, for example, Figure That figure, together with Figures 8 and 10, also illustrate
the way differing variations in spiking behavior may suggest different numbers of filters to use
in an FNF model, according to standard model-fitting procedures.

Overall, we concluded that FNFy; models tend to avoid instability, and can provide helpful
flexibility in some cases, but we cautioned that selection among the different FLF and FNF
models must be done carefully based on the unique characteristics of particular data sets.

Our code is available on https://github.com/
AlbertYuChen/Divergent_Spiketrainpublic.git.
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Chapter 3

A biophysical and statistical modeling
paradigm for connecting neural physiology
and function

This is a collaborative work with Nathan G. Glasgow, Alon Korngreen, Robert E. Kass, and
Nathan N. Urban. We will submit the paper to Journal of Computational Neuroscience.

To understand single neuron computation, it is necessary to know how specific physiological
parameters affect neural spiking pattern that emerges in response to specific stimuli. Here we
present a computational pipeline combining biophysical and statistical models to provide a link
between variation in functional ion channel expression and changes in single neuron stimulus en-
coding. More specifically, we create a mapping from biophysical model parameters to stimulus
encoding statistical model parameters. Biophysical models provide mechanistic insight, whereas
statistical models can identify associations between spiking patterns and the stimuli they encode.
We used public biophysical models of two morphologically and functionally distinct projection
neuron cell types: mitral cells (MCs) of the main olfactory bulb, and layer V cortical pyrami-
dal cells (PCs). We first simulated sequences of action potentials according to certain stimuli
while scaling individual ion channel conductances. Next, we fit a point process generalized lin-
ear model (PP-GLM). A parameter mapping between two types of models can thus be built. In
addition, we reconstructed stimulus from the fitted encoding model. This reveals how changes
in individual ion channel conductances result in changes in encoding of specific frequency com-
ponents or stimulus features. This computational pipeline combines models across scales and
can be applied as a screen of all channels in any cell type of interest to identify how individual
channels influence single neuron computation.

3.1 Introduction

Understanding how the levers that control a cell’s physiological properties give rise to single
neuron stimulus encoding is a long standing challenge in neuroscience [54]. In this paper, we
aim to build a bridge from a cell’s biophysical properties to its stimulus encoding properties in a
quantitative way.
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A cell’s physiological and computational properties emerge from biophysical mechanisms
such as its membrane properties, ion channel expression and distribution, and morphology. There
is considerable variation in both biophysical properties [S7, 58, (74, (118, [119] and stimulus en-
coding properties [3} 16,158, 109, 119]. This is partially due to variation in ion channel expression
[5,16,158,1109,119]. Even in recent patch-seq studies [38}119], information about what ion chan-
nel subtypes are formed and their subcellular distribution is inadequate. This lack of information
about functional ion channel expression makes the link to the computational behavior difficult to
assess, which is an essential step to understand how variation in observed biophysical building
blocks contributes to a diverse and flexible neural code in single cells, circuits, and ultimately
behavior.

At present, gathering enough data in experiments to estimate parameters of a detailed bio-
physical model, ion channel properties and computational model properties are difficult and typ-
ically low yield. There are some recent efforts on determining subsets of properties individually
through experiments [1, [1, 156, 165, 184, [85], but it is still infeasible to robustly acquire both bio-
physical and computational properties in the same experiment. So in this study, we employ
biophysical simulations using compartmental Hodgkin-Huxley models. This allows full con-
trol and interrogation of the underlying mechanisms, as well as an ability to simulate complex
responses to arbitrary stimuli. We use these models as an approximation of how a cell would
respond to a given stimulus, but with known functional ion channel expression and morphology.
We utilize existing templates with rigorous fitting and tuning [/1} 184, [835]].

Despite their delicate details, biophysical models lack an intuitive interpretation of their com-
putational properties, just like any recording from a real neuron. Statistical models, such as point
process generalized linear model (PP-GLM), in contrast, have a simpler set of parameters solely
focusing on the encoding process [79, 111} 134]. Nevertheless, statistical models lack mechanis-
tic insight into what drives stimulus encoding patterns. We aim to leverage the strengths of each
type of model by mapping their parameters to further our understanding of the link between a
cell’s biophysical properties to stimulus encoding. A closed-form of such mapping is intractable,
so we choose a data-driven strategy. In this paper, we constrained our scope to how variation in
individual ion channel conductances relates to stimulus encoding.

In this work, we develop a pipeline and apply it to two morphologically and functionally
distinct projection neuron cell types: the mitral cell (MC) of the mammalian main olfactory bulb
[14]], and the L5 cortical pyramidal cell (PC) [1]]. However, this pipeline can be applied to any cell
type of interest, given availability of biophysical models, to understand the biophysical mech-
anisms driving stimulus encoding. How variation in functional ion channel expression impacts
computation in a single cell is yet to be determined, let alone how such variation in biophysical
properties affects computation across scales in local circuits, between brain regions, and across
the brain. Nevertheless, the current pharmacological approach to treating many nervous sys-
tem disorders is by direct or indirect modulation of biophysical features, namely ion channels.
With this pipeline, we aim to fill the gap in understanding how functional ion channel expression
contributes to single neuron stimulus encoding and to provide some guidance for experimental
studies.
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3.2 Methods

The goal of the method is to quantify how ion channels affect stimulus encoding. Biophysical
models, like morphologically detailed compartmental Hodgkin-Huxley type models, capture bi-
ological mechanisms, but lack clear interpretation of stimulus encoding. Statistical models, like
the PP-GLM, represent stimulus response features and incorporate post-spike history in a com-
putationally tractable manner, but lack mechanistic insight [137]. Our method links these two
types of models by combining biophysical model output to fit PP-GLM parameters, and then
relating PP-GLM parameters to the underlying biophysical parameters. The combined analysis
pipeline is depicted in Fig. Each portion of the analysis pipeline will be expanded upon in
the following sections. We first set up a realistic compartmental Hodgkin-Huxley simulator and
proper input signal (Fig. [3.T]A). Next, we perform the biophysical simulation to collect the spike
trains and repeat the process with different channel conductances (Fig. [3.IB). Last, we jointly
train the model using the spikes train with different channel conductances and identify which
PP-GLM features are highly influenced by the channel conductances (Fig. 3.1C). Although we
have not done so here, the pipeline can be applied on any existing conductance-based biophysi-
cal model, and may guide further experimental testing and validation of novel biological insights

(Fig. B-ID).
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Figure 3.1: The combined biophysical and statistical modeling paradigm. A Schematic of bio-
physical modeling approach to simulate spike trains. See section B Conductance of the
kth channel (g;) in the model multiplied by a scaling factor to globally increase or decrease g.
Shading indicates g increased (red) or decreased (blue) compared to control (gray). See section
Fig. C A summary of channel conductance influence on stimulus filter. The dot shows
the total variance of the stimulus filter features across different channel conductances (defined in
Eq. [3.8). Each column indicates a specific stimulus filter feature in a certain time range. Darker
color means the feature is more strongly modulated by channel conductance (see section
Fig. and [3.5). For example, K¢, channel strongly modulates neural response roughly around
5 to 30 ms post-stimulus. Data are fit with a statistical model PP-GLMs (see section [3.2.2] and
Fig. @, @) D Examples of next steps for using the pipeline to explore stimulus encoding.

3.2.1 Biophysical model

In order to understand how functional ion channel expression affects stimulus encoding, it is
necessary to have confidence in many parameters of ion channel dynamics and distributions. It is
experimentally difficult to gather sufficient information about both the cell’s functional ion chan-
nel expression and the cell’s stimulus encoding in a typical whole-cell patch clamp recording due.
To overcome these experimental challenges, we instead used detailed biophysical models with
necessarily known functional ion channel expression. Then we simulated somatic membrane
voltage (V/,,) responses to injection of pink noise to evaluate the stimulus encoding properties
of a given model. The biophysical modeling portion of the pipeline is shown in Fig. [3.1A-B.
We tailored our biophysical model simulations on an idealized version of an actual patch clamp
experiment to collect spiking data, later used to fit the statistical model (Fig. [3.1C).

Biophysical model simulations were made in NEURON v7.4 or 7.6 [27] on a personal com-
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puter or the Pitt Center for Research Computing cluster. Simulations were performed with fixed
time-step integration at 40 kHz. We used two previously published neuron models with code
available from ModelDB [66]. These included two distinct cell projection cell types: the rodent
olfactory bulb MC [14], and the rodent L5 PC [1]. Each model has detailed 3D morphology
based on reconstructions and non-uniformly distributed conductances in the somatic and den-
dritic compartments which have been constrained to data. Ion channel kinetics were based on
Hodgkin-Huxley type models [67]. We assume here that morphology was known, spatial distri-
butions of ion channels were known, and that ion channel kinetics were known. Therefore, we
have not varied any of the existing morphological, distribution, or kinetics parameters from their
previous implementations.

Our goal is to simulate a whole-cell patch clamp experiment used to ascertain a cell’s stim-
ulus encoding properties. Typically this is through the somatic current clamp configuration si-
multaneously recording somatic V,,, and injecting a stimulus with a broad range of frequency
components. To exclude any confounding circuit effects, synaptic activity is often blocked phar-
macologically, thus our models do not contain any synaptic conductances. All biophysical model
simulations were based on the current clamp configuration, with somatic stimulus current injec-
tion and somatic V/,, recording.

Broadband noise is a rich source of stimuli across a wide range of the frequency spectrum
often used to approximate the collection of synaptic events reaching the soma [133]]. We used
100 trials of a 3 s stimulus of broadband pink noise riding on a direct current (DC) offset. The
stimulus was Gaussian white noise convolved with an alpha function: «(t) = (t/7) x exp(—t/7)
with 7 = 3 ms [48]]. In an experiment, the same frozen pink noise stimulus is repeated over
many trials leading to some level of trial-to-trial variability in spike time reliability. However,
our models are deterministic and have no trial-to-trial variability. To mimic biological trial-to-
trial variability we produced sets of correlated pink noise trials that vary from trial-to-trial, as
described previously [26]. Each trial’s stimulus is a linear combination of a parent noise and a
newly generated noise stimulus. The parent noise is shared between all noise trials, but not used
as a stimulus itself. For each model, we chose a DC offset, noise standard deviation, and the trial-
to-trial noise correlation empirically, by comparing biophysical model outputs to experimental
values.

To account for biologically realistic parameter variation, we varied individual ion channel
conductances globally by a scaling factor. A set of conductance scaling factors were chosen to
represent a biologically realistic parameter variation of about 6-fold [99], while also including
nearly complete removal (99%) of a conductance. Although the complete absence of a conduc-
tance may not be likely under normal cell-to-cell variation, it may represent a genetic ablation,
mutation, or near-fully effective pharmacological block. The scaling factors set included 0.01,
0.05,0.2,0.5,0.8, 1.0, 1.2, 1.5, 2.0, 3.0 (Fig 1b). We simulated V,,, in response to the same 100
trials of correlated pink noise for each ion channel and for each scaling factor (Fig. [3.1B). The
resulting spiking data were used to fit the PP-GLMs. The spike times were defined as the time
when V,,, crossed the threshold of 0 mV. Then the spike times were binned into 1 ms intervals.
The time bin was small enough that each bin contains at most one spike.

25



3.2.2 Statistical model

The PP-GLM has been widely applied in electrophysiological recordings to model the patterns
of spike trains due to its flexibility, simplicity and versatility [79, 111} 134} 137]. The PP-GLM
includes a stimulus filter, a post-spike history filter, a baseline, and a nonlinear link function as
shown in Fig. . The probability of observing a spike at j’th time bin is [p(;]; given the
stimulus and the post-spike history up to time bin j (the conditional notation is removed for
simplicity). The subscript (i) indicates the quantity for ion channel conductance scaling factor
g; (see section . For one time bin j, the influence of the stimulus is Y, *, k(t)s(j — t), T
is the length of the stimulus filter k. s is the vector of the stimulus. The calculation for all time
bins is equivalent to convolution, so the notation is simplified to [k ® s|;, where ® denotes the
convolution, [-]; indicates the data at the j’th time bin. Similarly, the influence of the spikes is

tTﬁo h(t)y(j —t) = [h ® y];, T, is the length of the post-spike history filter h. y is the vector
of binary spike trains. logit([p(;)];) is modeled as a linear combination of the variables, which is
also known as the logistic regression.

logit([p);) = [k @ sl; + BH + [he) © ya)ls (3.1

kay(t) = By ak(t) + o+ By bay () (3.2)

hay(t) = B (1) + .. + B gy hay (1) (3.3)

[zl = ([’f(m ® 8)js s [k ® 8)55 1 [hiya @ ywlss - [Pyan ® y(i)]j) (3.4)

In this PP-GLM, we need to estimate the baseline, the stimulus filter &(;)(-) and the post-spike
history filter h; (-). Both filters are fitted using with bases K, H. K has d bases {1, ..., kg },
H has dg bases {hy, ..., ha, }. ,BK is the subset for stimulus filter, ,BH is the subset for the post-
spike history filter. 8™ is a scalar representing the baseline. The design of the bases follows
[L11]. These bases can be seen as manually engineered features of the neuron firing model.
As shown in Fig. @B, the bases are bell-shaped curves, each one makes a contribution to the
shape of the filter in different lag ranges. The bases are narrower in duration near the spike time
(around lag 0 ms), whereas they are wider in duration further from the spike time (larger lag).
This corresponds to a neuron’s dynamics, which are more complex close to spike initiation and
less complex further from the spike initiation. An example of the linear combination of stimulus
bases and coefficients to generate a stimulus filter is depicted in Fig. [3.4A-B. The coefficients
can be stacked into a vector B(g;) := B;) € Réx+1+dm The features of PP-GLM in Eq. is
stacked into [z(;)]; in Eq. as the covariates for regression, so logit([p];) = [z(:)]] B(g:) is in
linear form. The log-likelihood of one spike train with 7" time bins is,

T

Lwy(B(gi) = Z ([ya)]j log[pal; + (1 = [y@)l;) log(1 — [p(n]j))

(3.5)

T
(1ol 2800 = og1 + exploo 280 )
j=1
The PP-GLM is a powerful model that can capture a rich family of spiking patterns [[137].
We applied the PP-GLM to spike trains simulated from each biophysical model where an in-
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dividual ion channel conductance was scaled differently for each simulation. Thus, for each
unique set of ion channel conductances we obtained a set of corresponding PP-GLM coefficients
(B(g;)) that reflect differences in firing patterns. However, the trend of the changes of coefficients
with changing ion channel conductances is typically noisy, making it difficult to determine how
changes in coefficients relates to ion channel conductance. The next section discusses a method
to overcome this problem by jointly training different 3(g;) together.

3.2.3 Linking biophysical and statistical models

To bridge the biophysical model and the statistical model, we create a mapping from the bio-
physical model parameters to the PP-GLM parameters. We want to study how the PP-GLM
features, coefficients (3(g), change as functions of the ion channel conductance scaling factor g.
This mapping can quantify the influence of ion channel conductance on the spike train patterns.
The features of the spike trains are not limited to PP-GLM coefficients. We discuss other options
in section 3.4

Spike trains with different ion channel conductances can be fitted separately, but this usually
leads to noisy and unstable results. To create a smooth mapping between biophysical model
parameters and PP-GLM parameters, we developed the following model in Eq. An example
can be found in Fig. a comparison between a non-smoothed model (Fig. 3.4C.E,G,H) and a
smoothed one (Fig. 3.4D,FK,L). As will be shown later, some changes of the statistical model
can be shrunk to zero, meaning the corresponding spike train patter is not modulated by the
channel conductance.

In the biophysical simulation, the ion channel conductance is scaled with factors (g1, g2, ..., B)
in increasing order (section [3.2.1)), and the fitted PP-GLM parameters will change accordingly.
We assume this transition between adjacent PP-GLM parameters is smooth. The PP-GLM mod-
els with smooth transitions are fitted jointly in Eq. The changes of 3(g;) are constrained
to obtain the smooth trend. This technique is also known as the trend filtering used to smooth
the signal in a non-parametric way [87, [113]. As g; may not be set using equal step sizes due to
the experiment settings, the changes of the PP-GLM with larger steps are expected to be larger
than those with smaller steps. The term 1/(g;1+1 — ¢;) in the penalty is used to normalize the
step size. 1 norm is used in the penalty term so that small changes can be shrunk to zero. If the
penalty hyperparameter A = 0, it is equivalent to fitting each dataset independently. If A\ = oo
it is equivalent to fitting each dataset using the same set of coefficients (3(¢g1) = ... = B(gg))-
The optimization uses the alternating direction method of multipliers (ADMM) algorithm, see
Appendix for implementation details. The algorithm was coded in Matlab RZOISeﬂ

B
min Z ~lw(B(9:) +AZ 5. 18(90) = Blgen)ll (3.6)

B(g1),----8(98) = — Git1 —

For the selection of the penalty hyperparameter (), there is a rough trade-off between the

smoothness of the change 3(¢g) as a function of g and goodness-of-fit. When A is small, the
coefficients 3(g) have large fluctuations. When A is large, the coefficients 3(g) change smoothly,

'All code is available on: https://github.com/albertyuchen.
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but int undermines the goodness-of-fit. The tuning parameter is selected from the set using
grid-search A € A = { Mo, Admax®, Amax@?, ooy Amax@® 1,0}, where k = 22 and o = e L.
When A\ = Apn.x, the estimated vector 3(g) is a constant of g. (See Appendix for details about
calculating the \,.x.) To get the trend as smooth as possible, while maintaining a good fit, \ is
selected using the following rule. It selects \ as large as possible, while maintaining a reasonable
performance on the test dataset that is as good as the best one.

B B
A= arg:;\g\lax {/\ ; 24?(5(9@ A) > —C+ max EKEﬁ)St(B(gi,n))} 3.7
where (77" is the log-likelihood on the test dataset. 70% trials were used for training, and 30%
trials were used for testing. 3(g;, A) is obtained from Eq. with respect to g; under the
penalty hyperparameter A\. The likelihood ratio on the test dataset between the one with the
largest likelihood value and the one selected with A\* is at most . ¢ > 0 is set as a very small
value (¢ = log 1.0005) so that the difference is not significant. Thus, A is constrained in range
where the log-likelihood is greater than —( + max,ea £(5*(B(gi,m)) to ensure the selected
model has satisfactory performance. Then ) is chosen with the largest value among A to get the
smoothest trend possible of 3(g;). In section we will show that this selection strategy can
achieve a good channel conductance prediction performance as well. The fitted response filters
k(t, i) = ke (1), h(t,9:) = ha)(t) and b(g;) := B"™°(¢) obtained under the \* show how
the channel conductance factor g influence the shapes of the filters. The shapes of the filters
reflect the firing patterns and how the neuron responds to the external stimulus and its post-spike
history.

3.2.4 Quantifying how ion channel conductance affects the statistical model

The PP-GLM captures the statistical features of spike train patterns. Scaling ion channel conduc-
tances can change spike firing patterns, and these changes will be reflected in PP-GLM parame-
ters. To quantify the relationship between PP-GLM parameters and varying ion channel conduc-
tances, we define the sum of slopes (S5) for the coefficients (3(g;) as follows. The change of the
coefficients with changing ion channel conductance represent the change of the corresponding
features of the stimulus filter (Eq. and post-spike history filter (Eq. [3.3)).

B-1 1

SSNg =Y ———I18(g)g — Blgj+1)al (3.8)

o1 9t T Y

The subscript [¢] denotes the entry index of a vector. Under a certain penalty hyperparameter \,
some coefficients 3(g) may become constants of g. However, other coefficients may have a large
variance, indicating that these coefficients are more correlated with the ion channel conductance
than those that are constant. Coefficients with a large S.S indicate features of the PP-GLM that
are strongly affected by an ion channel conductance and thus how an ion channel conductance
affects a given feature of stimulus encoding. The unit of S.S' is the unit of 3 divided by the unit of
g;- In our case, the unit of 3 is logit spikes/sec, the unit for g; is arbitrary as it is the scale of the
conductance. We discuss additional methods of quantifying relationships between ion channel
conductance and PP-GLM parameters (see section [3.4]).
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3.2.5 Model Verification

To verify that the method of PP-GLM fitting with trend filtering technique (Eq. could recover
the trend of the changes defined in Eq. we designed the following set of simulations. We
used a sequence of PP-GLM models as the true model with smooth transitions, and compared
the estimation with the true model. The model performed well in the simulations. The details
are in Appendix.

3.3 Results

Here we will demonstrate the entire combined biophysical and statistical modeling pipeline. As
this pipeline screens all channels present in each model, we focus only a subset of ion channels
to highlight the benefits of this method. We focus primarily on the MC model K,channel, as it
demonstrates the utility of the pipeline and as we have previously examined changes information
processing from reducing MC K channel conductance experimentally [[109]]. Note that while this
method can be applied to any ion channel conductance in principle, training PP-GLMs requires
spikes. Therefore, if scaling an ion channel conductance results in few or no spikes, then PP-
GLMs cannot be trained. The following sections detail the considerations and analyses applied
to evaluating the role of given ion channels in stimulus encoding for each step in the pipeline.
See the Methods in section (3.2 for detailed implementation instructions.
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Figure 3.2: Biophysical models.

Scaling Factor

A Morphology of the MC. B MC channel conductance pa-

rameters in subcellular compartments. C, Morphology of the PC. D PC channel conductance
parameters in subcellular compartments as a function of distance from the soma. E An example
pink noise stimulus injected into the somatic compartment. F, The simulated V,,, recorded in
the somatic compartment resulting from injected pink noise stimulus. G-I Detail view of shaded
gray region of E-F of the mean stimulus (black lines) and 10 individual pink noise stimuli (gray
traces) (G), with corresponding 10 V,,, recordings (H) and raster plot of all 100 trials (I). J-M,
Basic statistics of the the simulated trials as a function of ion channel conductance scaling factor
for the MC model K4 (J,K) and the PC model Cagyachannel (L,M).

We demonstrate the pipeline using two morphologically and functionally distinct projection neu-
ron cell type models, the MC model [14], and the PC model [1]. We chose these biophysical
models due to the strict data-driven constraints used to set the morphology and optimize the
parameters defining each model’s functional ion channel expression. Both biophysical models
also contain non-uniform subcellular ion channel distributions including active conductances in
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dendritic compartments (Fig. [3.2JA-D). Although we do not consider dendritic inputs here, these
models implicitly capture any effects active dendritic conductances may have on stimulus en-
coding when driven by somatic spiking. Tuning the parameters of biophysical models is often
underconstrained by data and typically many sets of model parameters can fit the data equally
well [100, 131]]. Both the MC and PC models used here took advantage of varied electrophysio-
logical datasets and a reduced parameter fitting procedure. Subsets of parameters of ion channels
are estimated using datasets where ion channels of interest have been isolated. This type of re-
duced parameter fitting procedure, or parameter peeling procedure, has been shown to greatly
reduce the variability of parameter estimates and avoid local minima [85]. The MC model used
data collected from multiple cells as an average MC model behavior, whereas the PC model
uses data collected from single cells, taking advantage of more robust parameter estimation by
using recordings from the somatic and dendritic compartments [84} [85]. Thus, both biophysical
models used here have strongly data-driven morphological and functional ion channel expression
parameters.

Our goal is to use the biophysical models to simulate an idealized experiment by which we
would collect data to fit PP-GLMs, while functional ion channel expression is known. The bio-
physical models are used to simulate somatic V,,, responses to injected pink noise stimulus (Fig.
[3.2E-I). The stimulus is broadband and is meant to approximate synaptic input summation at
the soma [98] (see section [3.2). Sticking to idealized experimental constrains, we simulate a 3
s stimulus repeated for 100 trials. To generate trial-to-trial variation in spike timing in the de-
terministic biophysical models, we incorporate correlated noise into the pink noise stimulus (see
section [3.2). The stimulus DC offset, standard deviation, and trial-to-trial stimulus correlation
are chosen to reflect experimental firing rates and trial-to-trial spike time correlations at control
(1.0) scaling factor (Fig. [3.2J-M). We repeat the same biophysical model idealized experimental
simulation for every ion channel in a model, while globally scaling the ion channel conductance
by a set of scaling factors: 0.01, 0.05, 0.2, 0.5. 0.8, 1.0, 1.2, 1.5, 2.0, 3.0 (see section Fig.
[3.1B, Fig. 3.3B). Unless otherwise mentioned, through the remainder of the text, black traces
correspond to control or scaling of 1.0; blue traces correspond to decreased scaling factors, with
the hue darkening with decreasing scaling; and red traces correspond to increased scaling fac-
tors, with the hue darkening with increased scaling. We then use this idealized experiment of the
simulated spike times in response to the stimulus on each trial as the basis for fitting PP-GLM
parameters (Fig. [3.1|C; Fig. 3.3D-G).

Focusing on the MC K channel and the PC Cayyachannel shows marked differences in scal-
ing each ion channel conductance on firing rate and trial-to-trial correlations (Fig. [3.2J-M).
However, the spike firing dynamics are vastly more complicated than these simple measures can
capture. For instance, examining a portion of the stimulus over all trials of all scaling factors
for the MC Kachannel, we see profound changes in spike firing patterns within and between
trials, even with subtle changes in ion channel conductance scaling factors (Fig. [3.2B-C). When
decreasing the MC Kion channel conductance from control, spike firing becomes more regular
at 0.8 scaling factor, but then loses all trial-to-trial structures at 0.5 scaling, before regaining reg-
ular firing when decreasing the ion channel conductance further (Fig. [3.3B). Such changes are
also captured as continuous PSTHs (Fig. [3.3|C). These types of changes are not well captured by
simple measures such as firing rates or trial-to-trial correlations. Therefore, to more accurately
and systematically quantify the statistical patterns of the spikes, we introduce the PP-GLM in the
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following sections (Fig. [3.3D-G). The difference between firing patterns will also be depicted
by the PP-GLM, while capturing the stimulus encoding features in a set of PP-GLM parameters.
This link between biophysical models with known functional ion channel conductance and sta-
tistical models that capture high-dimensional patterns of stimulus encoding is the key advance of
this pipeline.

3.3.2 Fitting PP-GLMs
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Figure 3.3: PP-GLM - a stimulus encoding model. A-C Examples of MC biophysical model
simulations of K, channel in the same section of simulation time in the column: A, one stimulus
trial. B Spike raster plot for all 100 trials for the indicated conductance scaling factor. C PSTH
for conductance scaling of 1.5, 1, and 0.05. D PP-GLM diagram. E-G Fitted PP-GLM stimulus
filters, post-spike history filters and baselines for different conductances. Colors correspond to
the conductance scaling factor legend. H,I The differences between stimulus filters and post-
spike history filters. The filter with scalar 1 is used as reference shown in dark. The seemingly
small difference between filters is critical in the goodness-of-fit as will be shown later.

The stimuli and spike trains from biophysical model simulations described above are used as
inputs to fit PP-GLMs (see section [3.2} Fig. [3.3D-G). As discussed above, the spike firing
patterns change with scaling the MC Kuion channel conductance (Fig. [3.3]A-C). The changes in
spike firing patterns are reflected in changes of the PP-GLM parameters for the stimulus filters,
the post-spike history filters, and the baseline (Fig. 3.3E-G).
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The effect of MC Kchannel conductance scaling on the baseline is marked. Increasing the
channel conductances significantly inhibits the firing rate which matches well with the conduc-
tance dependence of the overall firing rate (Fig. [3.2j; Fig. [3.3IG). Fitted stimulus and post-spike
history filters are shown in Fig. [3.3E and F. The details of the difference is shown by calculating a
simple subtraction of the control scaling factor from all scaling factors (Fig. [3.3H, I). The control
scaling factor subtractions reveal how increasing MC K,channel conductance affects different
portions of the stimulus filters and post-spike history filters (Fig. [3.3H, I). Some of the changes
in PP-GLM filters are seemingly small and noisy. Does K4channel only affect average firing rate
(baseline) but not the stimulus response (stimulus filter) or inter-spike dependency (post-spike
history filter)? We will show in the next section that some part of the change is due to data
noise, even it is large, for example the beginning part of the post-spike history filter. Some part
is modulated by channel conductance even the change is relatively small, but it is critical in the
goodness-of-fit as will be shown later. Forcing all filters to be the same across different chan-
nel conductances leads to very poor fit. Next, we will discover the clear trends in the PP-GLM
parameters with changing ion channel conductances.
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3.3.3 Fitting PP-GLMs with trend filtering
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Figure 3.4: Jointly fitted PP-GLM. The example is about the MC model K channel. A The stim-
ulus filter (blue trace; k) constructed from Eq. @ (lower), for the K4 channel with conductance
scaling factor (g;) of 1 and penalty hyperparameter A of 0. The relative values of coefficients
(colored bars; 3X) corresponding to the peak times of stimulus bases functions (k;) as in B. B
The bases functions k; or h; in Eq. and with peaks identified by dots to correspond to
the i coefficient (colored dots; Bf( ). The unique set of fitted coefficients combine to generate
a stimulus filter as in A. C, D The values of all stimulus coefficients as a function of g5 with
no penalty (A = 0; C) and the selected penalty hyperparameter A = \* according to Eq.
Trace colors correspond to coefficient indices in B. The two plots have the same y-axis range.
E, F the coefficients for post-spike history filters similar to plots C, D. The two plots have the
same y-axis range. G, H, K, L. Overlapped stimulus filters and post-spike history filters across
channel conductance scaling factors with no penalty and the selected penalty. I, J, M, N show
the differences between filters by subtracting the filter with scaling factor 1 as the reference.

When the PP-GLMs for an individual ion channel are trained independently across a set of ion
channel conductance scaling factors, the changes in the stimulus and post-spike history filter
shapes with conductance scaling are often obscured in noise (Fig. [3.3H, I). In this section,
we will show how the trend filtering technique smooths such changes. We propose a trend
filtering technique (Eq. [3.6]in section [3.2.2)), which takes advantage of the smooth changes in
ion channel conductance to impose smooth changes on adjacent PP-GLM parameters. The full
set of PP-GLMs across conductance scaling factors for an individual ion channel are trained
simultaneously. Thus, by jointly training PP-GLMs, we reduce noise and reveal smooth changes
in the stimulus and post-spike history filters with changing ion channel conductance.

To illustrate the trend filtering technique, we first expand upon the PP-GLM training proce-
dure. PP-GLMs are trained by optimizing a set of coefficients: 10 coefficients for the stimulus
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filter, 10 coefficients for the post-spike history filter, and 1 baseline coefficient. The shape of the
stimulus filter and post-spike history filter arise from the linear combination of the product of a
set of coefficients and a set of corresponding basis functions (see Eq. [3.2] [3.3] Fig. 3.4, B). The
bases have fixed shapes and are spaced specifically in time, which have been designed for fitting
spike trains [111](see section 3.2} Fig. [3.4B). An example of how the stimulus filter shape arises
from coefficients is shown in Fig. [3.4A, where the vertical bars represent the coefficient values
over the time range of its corresponding basis function. Throughout this section, the coefficient
indices and corresponding basis functions in time are represented according to the color legend
in Fig. @B, and the peak positions are labeled under the figure in Fig. @]A,B,D,E,F,G.

The effects of the trend filtering technique are made clear when comparing the changes in the
stimulus filter coefficients (Fig. [3.3|C, D) and the post-spike history filter coefficients (Fig. [3.4E-
F) across the set of ion channel conductance scaling factors. The variation in coefficient values
with ion channel conductance scaling is much greater when PP-GLMs are trained independently
without any trend filtering penalty (A = 0; Fig. 3.4[C, E) than when PP-GLMs are trained with the
optimal trend filtering penalty hyperparameter (A = \*; Fig. [3.4D, F). Trend filtering penalizes
changes in coefficients between adjacent ion channel conductance scaling factors. Therefore,
at a moderate penalty, variation in coefficients with ion channel conductance scaling is reduced
overall. This reduces variation to near zero for coefficients with small, less meaningful variation,
whereas variation in coefficients with substantial, more meaningful variation remain. However,
as the penalty hyperparameter increases, trend filtering will eventually impose no variation in
any coefficients, which is undesirable for the goodness-of-fit (Fig. [3.5C). Thus, we select an
optimal trend filtering penalty hyperparameter \* to balance smooth variation in coefficients
with ion channel conductance scaling while maintaining goodness-of-fit (Eq. Fig. [3.50).
We demonstrate the clarity afforded from the trend filtering technique by comparing the stimulus
and post-spike history filters across the set of MC Kchannel conductance scaling factors (Fig.
[3.4G-J). Changes in the shapes of the stimulus and post-spike history filters are much more clear,
including in the trends from decreasing to increasing MC K channel conductances (Fig. [3.4G-J).
With trend filtering at the optimal penalty hyperparameter, it is now possible to relate changes
in the spike firing patterns (Fig. [3.3B) to the shapes of the stimulus and post-spike history filters
(Fig. [3.4[-J). For instance, with increasing MC Kachannel conductance, the post-spike history
decreases, corresponding to a longer refractory period. This change is reflected in the widening
of spike timing with increasing MC Kchannel conductance (Fig. [3.3B).
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Figure 3.5: The selection of smoothness penalty hyperparameter A and the results for other
channels. A, B SS for stimulus filter (A) and post-spike history filter (B) coefficients with
different choices of penalties. SS is defined in Eq. [3.8] describing how large the coefficients
change across different channel conductances. The x-axis indicates the peaks of the basis, the
order is the same as Fig. [3.4B. The optimal tuning parameter \* is indicated by a horizontal
line. C The log-likelihood for model fits with different penalties. The log-likelihood is divided
by the number of trials. D-G SS for different channels in the MC model and the PC model with
stimulus coefficients in blue and post-spike history coefficients in green. The results all use the
optimally selected penalty hyperparameter.

As expected, the qualitative changes in stimulus and post-spike history filters we describe above
are reflected in the variation of stimulus and post-spike history coefficients (Fig. [3.4C-F). Trend
filtering at the optimal penalty hyperparameter, also reveals the coefficients which are most im-
portant for an individual ion channel. For instance, the stimulus coefficients representing the
early to mid time range ( 5-30 ms) basis functions remain after trend filtering at optimal penalty
hyperparameter, suggesting that the MC K channel is particularly important for early to mid time
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range stimulus encoding (Fig. [3.3D). Similarly, the medium range ( 20-60 ms) post-spike his-
tory coefficients are most important. Here we develop a quantitative measurement of the relative
importance of coefficients as revealed by trend filtering.

First, we need a simple quantitative measure to capture the overall variation for each coeffi-
cient as a function of ion channel conductance scaling. We assign a single value, the S.S, to each
coefficient (Eq. [3.8). The SS captures the absolute value of variation in a coefficient with ion
channel conductance scaling: a low SS value indicates low coefficient variation as a function
of ion channel conductance, whereas a high S.S value indicates high coefficient variation as a
function of ion channel conductance. 5SS values do lose information of the direction of changes
(positive or negative) and nature of changes (linear or non-monotonic). Coefficient S'S values are
almost uniformly high when A = 0, and S'S values decrease non-uniformly to 0 when A\ = A\«
(Fig. 3.4K, L). This corresponds to the changes in coefficient variation from when A = 0 to
when A = \* (Fig. 3.4C-F). However, the changes in variation have been compressed to one
dimensional vector for easier visualization and analysis (Fig. [3.5A, B).

Our method allows for a low dimensional quantitative representation of how a given ion chan-
nel affects specific features of stimulus encoding. We can easily compare how scaling different
ion channel conductances affects stimulus encoding (Fig. [3.5D-G). By comparing the effects
of different ion channels within the same biophysical model, it is clear how scaling each ion
channel conductance affects different features of stimulus encoding. It is an obvious conclusion
that different scaling different ion channels affects stimulus encoding in unique ways. The S.S
measure allows for direct comparisons of specific stimulus encoding parameters. For instance,
the MC Kchannel prominently impacts early to medium stimulus coefficients and only weakly
impacts post-spike history coefficients (Fig. [3.5D, E). In contrast, the MC Caj channel has a
greater affect on most post-spike history filter components. This type of difference suggests that
the MC Cagchannel is far more important to encoding post-spike history effects than the MC
Kachannel. Similar differences are apparent in the PC model when comparing between the PC
Iyand Capyachannels (Fig. [3.5F, G). Overall, quantifying coefficient S\ after trend filtering
provides an accurate and intuitive measure of the roles of different ion channels in stimulus en-
coding. Furthermore, this low dimensional measure can easily compare how scaling different
ion channel conductances affects stimulus encoding.

To verify the method of selecting the optimal trend filtering penalty hyperparameter, we per-
form a set of simulations based on a known set of PP-GLM parameters and determine whether
this method can recover the known values (see section[3.2). Using a set of known PP-GLMs, we
simulated 100 spike trains for each of the ion channel conductance scaling factors. Then we used
the simulated spike trains to train new PP-GLMs using trend filtering and \* selection (Appendix
Fig. [B.I). We found that our method of trend filtering and \* selection found SS values very
close to those of the true PP-GLM S'S values (Appendix Fig. [B.T]A, B). We repeated this simula-
tion 100 times to determine the error and variance of our trend filtering and A\* method. We found
that the error and variance between the true PP-GLM parameters and our PP-GLM parameters
from simulated spike trains reached a minimum at \* (Appendix Fig. B.ID). Importantly, when
A > \* the error and variance increased, supporting our selection of the optimal trend filtering

penalty hyperparameter (Appendix Fig. [B.ID).
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3.4 Discussion

Here we have presented a novel computational and analysis pipeline to combine the strengths of
biophysical and statistical models (Fig. [3.1)). Our goal is to present this pipeline as a method to
be applied to any data-driven detailed biophysical model in order to understand more about how
ion channels contribute to stimulus encoding. We have presented examples of our pipeline from
two distinct cell types, the MC and PC models, and demonstrated the ability of our analyses to
identify how scaling different ion channel conductances affect encoding of different and specific
stimulus features (Fig. [3.5D-G; Fig. [B.2B, C). We believe the best use of this pipeline will be on
larger sets of data-driven models, to extract insights into the biophysical mechanisms underlying
stimulus encoding, and then testing these insights experimentally (Fig. [3.1]D). In this section, we
discuss the considerations and limitations of this combined computational pipeline. We avoid
making any strong conclusions or comparisons of any biological insights, as our goal here was to
demonstrate the pipeline methodology. The example pipeline models we show here are based on
a single biophysical model of each cell type. Due to limitations of biophysical models discussed
below, biological insights should be gathered from multiple biophysical models.

Computational considerations. It is feasible to run the entire combined biophysical and sta-
tistical modeling pipeline on a standard modern desktop computer. Indeed, although we took ad-
vantage of available local compute clusters, many of the tests and preliminary results were gen-
erated on desktop computers. Morphologically detailed biophysical models with non-uniform
active ion channel conductances throughout the dendritic tree are computationally expensive.
However, on modern hardware (Intel Core i7), the full set of biophysical simulations for the MC
model could be finished in about nine hours. The PC model contains about three times more
compartments and therefore takes around three times as long to complete, but is still feasible
to run on a desktop computer. It is possible in principle to use less computationally expen-
sive reduced-complexity biophysical models, but these models will also be less biophysically
realistic, which may limit any mechanistic interpretations. Biophysical models are highly paral-
lelizable with simulation time speed nearly linear dependent on the number of cores available.
PP-GLMs are less computationally expensive than biophysical models. It takes about an hour to
finish the calculation for one ion channel dataset with different penalty hyperparameters in our
study. The convergence of the ADMM method slows down when the penalty hyperparameter
increases.

The features of the filters are the bases which are the same as the regression bases used for
model fitting (See Fig. [3.3B). This is for computation convenience. However, there are many
ways to extract features from the stimulus and post-spike history filters. coefficients. As long as
the feature extraction function is linear, the calculation is simple. By linear function we mean a
mapping from the filter & to a single value (a feature point) as a linear operator. For example, a
feature of the stimulus filter can be a point at delay ¢;. Given the bases coefficients, the feature
point is the following according to Eq. [3.2]

k(to) = BY k1(to) + B5 ka(to) + ... + /Bcll;kdx (to)

In this way, we obtain a vector of feature points at additional time delays. We can also calculate
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the derivative of £ at a certain delay ¢y, which is,

K (to) = BT K (to) + B3 ky(to) + ... + 52;’521;( (to)

t1 t1 t1 t1
/ kzdt:gf/ kldt+ﬁ§/ kgdt+...+ﬂffK/ kg, dt

to to to to

Another way to examine the PP-GLM, which is an encoding model, is through decoding.
Decoding is the process of estimating a reconstruction of the original stimulus given a spike
train and a trained PP-GLM. The MC K channel conductance scaling affects encoding of beta
frequencies, with only moderate effects on low range, theta frequencies and high range, gamma
frequencies. This suggests a role for the MC K,channel in processing information in beta fre-
quencies.

This pipeline can be applied to other data-driven biophysical models of other cell types of
interest. The biggest limitation of our current pipeline is that it only considers the scaling of in-
dividual conductances. However, in any cell type of interest, there is substantially more variation
and covariation in more than a single ion channel. Understanding how variation and covariation
of multiple ion channel conductances combine to affect stimulus encoding is of great interest.
Nevertheless, we deemed these types of simulations unfeasible as the computational time from
varying just two ion channel conductances together increases exponentially with the number of
scaling factors chosen. Furthermore, due to well-known issues of identifiability in tuning bio-
physical model parameters [[100, [131]], it is problematic to rely strongly on the parameters of any
one model. Instead, we believe a larger-scale, neuroinformatic approach would lessen limitations
in our pipeline from restricting analysis to individual ion channels and from model identifiability.
Using a large set of data-driven biophysical models (e.g. [S6, 101]]) alleviates concerns of model
identifiability and naturally captures the variation and covariation in ion channel conductances
within and between cell types.
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Chapter 4

Feature coupling across multiple
populations of spiking neurons

This is a collaborative work with Hannah Douglas, Bryan J. Medina, Motolani Olarinre, Joshua
H. Siegle, and Robert E. Kass. We have already submitted the draft to PLOS computational
biology.

Many studies have described covariation among populations of neurons, and shown how it
can be used to characterize neural information processing. Here we report a novel method for
assessing covariation among population firing rate curves, based on a point process model for
spike trains across multiple interacting neural populations. Our application to spiking data from
the Allen Brain Observatory demonstrates the power of this approach to reveal relationships that
would otherwise be obscured by noise. We label the procedure “feature coupling” because it
identifies trial-to-trial covariation among specific features of the population firing rate curves, in
this case the times at which peak firing rates occur. Peaks in population firing rate curves may be
considered evoked responses.

The model is hierarchical, in the Bayesian sense, with population firing rate intensity func-
tions depending on time-warped template functions that vary with experimental condition; for
each trial, the peak times determine the time-warping of the template function, which is the in-
tensity corresponding to the mean (across trials) of the peak times. Under this conception, trial-
to-trial variation changes the speed at which neural activity ramps up and calms down. There is
also a neuron-clustering component of the model allowing selection, for each condition, of the
neurons that define each interacting population. This approach has the advantage of providing
uncertainty assessment for all quantities of interest.

4.1 Introduction

Recent advances in electrophysiological recording technologies have dramatically increased the
number of neurons and brain regions that can be recorded in a single experiment [[76} 121} [128]],
offering new opportunities for identifying functional interactions among populations of neurons.
Peri-stimulus time histograms (PSTHs) are a simple and useful way to compare the relative tim-
ing of neural activity across regions, and are therefore widely used. However, because they
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aggregate data across trials, PSTHs (or smoothed PSTHs) cannot capture trial-to-trial variation
[7,13,116L 22,132,194, 195,1135]]. Studies of trial-to-trial covariability across populations of neurons
most often consider spike counts in relatively wide windows, and thus cannot identify relation-
ships at precise timescales [7, |16} 132} 159} 125/ 1126, 136}, [140]]. To gain additional understanding
of trial-to-trial covariation we developed and studied a method centered on population firing
rate curves, which can be estimated with millisecond precision. We report here the resulting
multiple-population spiking model, and fitting algorithm, together with analysis of data recorded
simultaneously from three areas of the mouse visual system.

The data we have analyzed (available from the Allen Brain Observatory [69]), are from pri-
mary visual cortex (V1), the lateral medial visual area (LM), and the anterolateral visual area
(AL), three regions that lie at distinct hierarchical processing stages while being tightly intercon-
nected [60,121]]. We focus on the times, relative to the onset of a drifting gratings stimulus, of the
two peaks (local maximal firing rates) seen in Fig[4.TJA, along with the overall (time-averaged)
firing rate.

In Fig[4.T]A, the time of the second peak in V1 seems to be only slightly ahead of the time
of the second peak in LM, to which V1 is connected anatomically. One might expect there to be
a strong correlation, across trials, in the timing of the V1 and LM second peaks. A simple way
to examine such covariation would be to smooth the PSTH on each trial, i.e, compute a trial-by-
trial version of the curves in Fig @A, and find the time of each peak in those curves. This is
not very helpful, however, because, as illustrated in Fig 4.IB, the resulting peak times are very
noisy. Fig shows no consistent relationship, on a trial-by-trial basis, between the timing of
the second peak in V1 and the timing of the second peak in LM, which, if true, would be very
surprising. The method we have developed greatly reduces the effects of noise in the population
spike trains, leaving behind the much more intuitive trial-to-trial correlation seen in Fig 4.T|C.
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Figure 4.1: Correlated neural activity features. A Smoothed population PSTHs for V1, LM,
and AL recorded by Neuropixels from a mouse in response to drifting gratings. The three popu-
lation PSTHs have similar features: the first peak appears at around 60 ms after the onset of the
stimulus (time zero), and the second peak appears at around 250 ms after onset. B,C Compar-
ison between a naive method (panel B) and results from our Interacting Population Firng Rate
model (panel C) on recovery of Peak-2 position. Each dot, representing one of 195 trials (15
trials in each of 13 experimental conditions), displays the estimated times of the second peak in
regions V1 and LM. Both estimates are based on the same subset of active neurons. The naive
method finds the peak of a smoothed population PSTH for each area. No relationship between
the peak times in V1 and LM is visible. In panel C, strong covariation appears, and the estimated
correlation is .92. The embedded plot in panel C displays estimation uncertainty as a posterior
distribution for the correlation. Details about this figure are in [ZIE}

The method’s denoising of correlation and time lag estimation is achieved by (i) introducing
a statistical model (a point process model) for the population spike trains, (ii) allowing the pop-
ulation firing rate curves to vary across experimental conditions, and (iii) focusing on condition-
specific subsets of neurons that participate in the population. These elements are all incorporated
into what we call an Interacting Population Rate Function (IPRF) model. The method has roots
in [12, 135]], and builds on the large body of work on point process modeling of spike trains
(25,179, 181,192, (111} 134].

One benefit of denoising is to reveal relationships, like that displayed in Fig 4.1|C, which
would otherwise be masked. Another is to improve precision of estimates. For example, when
we use the naive method to estimate the lag of LM Peak-2 time behind V1 Peak-2 time, we get
a wide 95% CI of (—5.3,10.9) ms, which is not statistically differentiated from zero; using the
method we developed we find this lag to have 95% CI of (6.2, 13.0) ms. In the section (see
Fig[4.4) we give additional estimates of the time lags among activity peaks in the three areas and
we provide (see Figs and|C.8)) disaggregated population firing rate curves that differ from
the PSTHSs in Fig[4.TJA in interesting ways: PSTH representations of firing rate are distorted by
blurring across time and averaging across conditions (see also [C.9).

In addition to denoising, the method introduced here has two other purposes. First, it is
multivariate, which enables pairwise covariation assessment conditionally on features of activity
in one or more areas. As we show in the @ section, this can provide evidence that restricts
conceptions of circuit operation. The second further purpose is to describe functional diversity
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and specialization of neurons that is relevant to cross-area coordinated activity [55} 102, [105].
We estimate the proportion of recorded neurons that participate in this kind of population activity,
and we indicate their cortical depths.

4.2 Results

We begin with an overview of the Interacting Population Rate Function (IPRF) model in graph-
ical form followed by a more technical definition. We then describe the algorithms used to fit
it, including initialization and uncertainty assessment, our data analysis, and a small simulation
study designed to check the likely accuracy of data analytic conclusions.

4.2.1 Model Overview and Specification

The IPRF model describes, for each of several brain areas, a time-varying population firing rate
function having key features (here, two dominant peaks), based on an appropriate sub-population
of neurons. The model includes both a neuron-selection component and a feature covariation
component.
The structure of the IPRF model is illustrated in Fig @ Notice, first, that neurons, indexed
by n, come from areas, indexed by a, and repeated trials, indexed by r, are within conditions,
indexed by c. Conceptually (beginning at the bottom of the diagram), each neural spike train
is a point process determined by a firing rate (intensity) function. The intensity function for
a neuron in area a under condition ¢ depends on the whether that neuron, in that condition,
participates in cross-area population activity: with probability py it has a baseline firing rate
intensity function f2?, which we call a template. This is signified by the membership vector z
(see Eq.2). The template is specific to area a and condition ¢ and is shared in common with
all neurons that participate in cross-area interaction (for area a and condition c); these neurons
make up the interacting population for area a and condition c. The template f7% is subjected to
trial-specific morphing via time-warping, which allows shifts in the times of the two peaks we
focus on. These two peak times are two of the features which, together with a gain constant,
form the feature vector labeled ¢q. The diagram shows the feature vector being combined with
the firing rate template when it becomes an input to the intensity. The features capture trial-to-
trial variation, while the template is the intensity corresponding to the mean (across trials) of the
features. With probability 1 — p, the neuron is not in the interacting population and, instead,
has one of two alternative firing rate function templates, either fl?ccal_l, which is time-varying or
leccal_Q, which constant in time, according to probabilities p; and ps (where pg + p1 + p2 = 1).
In Fig these three scalars are collected into a vector labeled membership probability. The
population and local firing rate template functions are fitted with penalized splines. Finally, the
covariation of the 9-dimensional feature vector (3 parameters for each of 3 areas) is summarized
in a covariance matrix.
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Figure 4.2: The IPRF model. As explained in the text, the data y are spike trains modeled as
point processes with intensity A. The covarying features ¢ are combined with the population
template fP°P, which appears probabilistically in the intensity. The indicators z and probabilities
p control whether fP°P is part of the intensity or whether, instead, one of the local templates
flocal-l gng flocal-2 jq selected.

The more precise specification of the model begins with the population spike trains and cor-
responding intensity function,

yn,z,a,nc(t) | An,z,a,nc(t) ~ POisson()\’ILZ,aﬂ”,C(t)) (4-1)
log )\n z,a,T C(t) | Qa T,Cy) fp0p7 ]Ocal_lfloca]_27 Zn a,c

pop((parc( )|Qa,r,c))7 if 2, 4. = pop
= ( flocal-1(}), if 2, 4. = local-1 (4.2)

a,c

w2 (t), if 2,, 4. = local-2
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where ¢ is the population template time-warping function, specified below in terms of the feature
vector ¢, ., and the templates are defined in terms of spline bases B and coefficient vectors /3,

pop | ﬁpOP — ﬂPOP (43)
local 1 | ﬁlocal 1 _ Jlocc:al 1 (44)
local 2 ’ local 2 -1 local 2. (45)

The template group membership indicator 2 is categorical,
Zn.ae | Pac ~ categorical(pq ) (4.6)

where the three components of each vector p, . sum to 1. (Categorical(p) is the same as multi-
nomial (n, p) withn = 1.)

To complete the model, we define the feature vector, its probability distribution, and the time-
warping function. In general, there could be d features for each area. In our data analysis we take
d = 3with gq . = (g2, 75K, q8%2%:?), the features being the two peak times (more specifically,
the trial-specific deviations of the peak times from those of the trial-invariant template f7?7) and
a gain constant; the gain constant allows the integrated firing rate (integrated across the whole
time interval, which controls the expected number of spikes) to vary across areas, conditions,
and trials. For a given feature vector, the time-warping function ¢, . : [0, 7] — [0, 7] modifies
a template f from a function of time f(¢) to the same function of warped time f(o~!(t)). Also,
in fP% the constant qgf‘j{‘c is added to the time-warped template. We assume the warping func-
tion is piecewise linear with the following join-points (also called knots, or landmarks): (0, 0),
(t1,0,t1,0)s (tpeakts tpeak1 + qB?ﬁ};‘l), (ti,rst1.R)s (t2n,t2.n)s (tpeakts tpeakt + qii?ﬁ,kc'l), (t2,r, to,R)s
(T, T). Here, the domain of peak-1 is [t1 1, 1 g], meaning that t1,1 and t; i are chosen so that
the interval spans (roughly) the times at which the firing rate profile defines the peak. The
time-warping function maps the time of peak-1 from #peq1 t0 tpear-1t + o5 ', Peak-2 is treated
similarly. Piecewise linearity forces linear interpolation of time from the beginning (or end) of
the peak range to the peak. The times 1 1, tpeak-1, t1,R, t2,1, tpeak-2, t2,r are fitted at the initializa-
tion step, described in the section on Model Fitting and Uncertainty Assessment. Finally, taking
the features across areas together, the feature vector has length equal to the product dA (here
there will be dA = 9 features), and is assumed to follow a normal distribution across trials (and
conditions),

Qure | 5P~ N(0,577). 47

Aside from the template functions fP? and f(;?gal-l (each having one smoothing parameter
determined by cross-validation, as descrlbed below), the free parameters are in the matrix YP°P
(which has dA(dA + 1)/2 = 45 parameters in our application) and the membership probability
vectors p, . (which has N x C' = 117). In addition, the EM and Gibbs sampling algorithms
estimate the latent variables g, . and 2, 4 .

4.2.2 Model Fitting and Uncertainty Assessment

We have used maximum likelihood for initial fitting, and then Bayesian inference via posterior
distributions to assess uncertainty. The hierarchical structure of the model lends itself to appli-
cation of the EM algorithm and Gibbs sampling. These share a common algorithmic structure,
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shown in Algorithm 1, with EM and Gibbs sampling each providing their own definitions of the
“update.” Later in this section we give details of our Gibbs sampling update implementation. We
omit EM updating because it is standard, and easily implemented once the structure of the model
and resulting likelihood function are understood. In practice, we first complete an initialization
step (see below), then we run EM to get maximum likelihood estimates and use those results as
initialization for running Gibbs sampling to get posterior distributions based on specified priors
(see below).

Algorithm 1: Fitting via Block Structure

1 for i < 1 to Max number of iterations do
2 for c < 1to C do

3 Update f,°c!, f1°c2 given the rest;
4 Update fI7% given the rest;

5 forr < 1to Rdo

6 ‘ Update g, . given the rest;

7 end

8 Update z, , . given the rest;

9 Update p, . given the rest;

10 end

11 Update >P°? given the rest;

12 end

Template functions The template functions fP% and f;’gal-l are splines with equally spaced
knots (in our data analysis we used 100 knots across the 500 millisecond interval). They are
fitted, in the update steps, using penalized likelihood, with second-derivative penalties as in
smoothing splines [112]. The smoothing parameter is found using 5-fold cross-validation. In
the case of Poisson processes fitting an intensity is equivalent to probability density estimation
(see [[79} sec. 19.2.2]) and, in density estimation, smoothing splines adapt to varying smoothness
[122]. Thus, in this context, we expect penalized splines to fit well (see also related results in
[112] and[C.2).

The purpose of %! is to improve on the constant firing rate provided by fi°¢*"* in fitting
neurons that are irrelevant to cross-population activity. Nothing in the formal specification of the
model prohibits similarity of fP? and f;?gal-l, which creates a model identification problem. In
practice, however, confounding of fP% by f°*! is precluded by a simple initialization proce-
dure.

Initialization Within each area, each neuron is sorted as having “high,” “medium,” or “low”
firing rate based on spike count during the 500 milliseconds following stimulus onset, after merg-
ing across conditions and trials. A PSTH is formed from the high firing rate neurons (for our
analysis, the top 25% in firing rates), and from that we obtain the time-warping landmarks
1,1, tpeak-1, t1,R, t2,Ls Tpeak-2, t2,r. The templates fg?cp (that is, the basis coefficients) are initial-
ized using penalized splines, with penalty constant chosen through simulation experiments. The
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neuron membership identifiers z, , ., and associated probabilities p, ., are initialized using the
same sorted spike counts. The feature vectors g, ., whose elements represent deviations from
the template fP°P, are initialized to (0,0, 0).

Prior distributions In our implementation we have used the prior distributions

Zpop | \Ifo, vy ~ IW(\I/(), VU) (48)
Pa,c | & ~ Dirichlet(c) (4.9)

with hyperparameters Vg, 1y, . To make the prior on ¥ diffuse, we set vy = dA + 1. We used
Uy = 2P, where @ is a diagonal matrix with the square roots of the diagonal elements being
equal to the approximate range of ¢ based on data from a different animal. We set « = 5 - 1.
Additional information may be found in[C.3]

Gibbs sampling details Here we provide details of the Gibbs sampling updates in Algorithm
1. Our code is available online at www.github.com/AlbertYuChen/IPRF.

1. Updating f%, ph%. The full conditional log posterior is

a,c’

log p(f32|...) = log p(BBer|--.)
= Z 6 yn,g,a,r,c ()Oa,r,c(t)) ) eXP{ (I;’Ocp + qg?;?c}) + 7773( g:)cp) -+ const (410)

73 gac : Bpop TQBPOP
2, / i
where fi(2) is the second derivative of the ith cubic spline basis element, Ny, . - R, is the
total number of spike trains, and ¢(y, A) denotes the log-likelihood for a discretized point
process with spike train y and intensity A. The function f}?% is fitted using third-order
smoothing spline basis B in Eq (4.3)). We used 100 knots are evenly placed in the 500 ms
window (so there are 102 basis elements). The sequence of spike counts in 2 millisecond
time bins is y. The penalty P on the coefficients is designed for smoothness in the same
spirit as the smoothing spline [63 sec. 5.4]. In Gibbs sampling, the penalty becomes the

log prior density, where the prior is normal. The smoothing parameter 7 is tuned using
cross-validation. Details are discussed in The Gain qgaln is set as the offset.

Metropolis-Hastings sampling is embedded in this step of Gibbs sampling. Letting 3’ be a
candidate sample and 5™ a sample from the last iteration m, the proposal distribution is

q(F's™) = N(8™,0.05Q)

where () is the inverse Hessian matrix for [ of the posterior at the mode. We estimate
( in the initialization step and hold it fixed subsequently. We follow the suggestion in
[49! ch. 12] of setting the scale coefficient of the proposal distribution covariance matrix
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to be 5.76/d ~ 0.05, where d is the dimension of the covariance matrix. This balances
the trade-off between exploration and rejection. The acceptance ratio on average is kept
between 0.2 and 0.8. The acceptance ratio of Metropolis-Hastings sampling method is

o= (1, 2O
(Ba(F157)

2. Updating fos?!, frocal2, glocal-l and 312, The full conditional log posterior is similar to
that of fP%. We have

1ng(flocal 1 ) — logp( 6100211 1 ) )
=5 Uynzares DLFEY) + P (£ + const 4.11)

n,r

The calculation for f!°°*=2 is similar, but simplified because it is a constant times the 1
vector.

3. Updating Qarec = ( gain - peak-1 peak—Z). We have

a,r,c’ 4a,r,c ’ da,r,c
log p(qarcl---)

E peak-1 _peak-2 pop gain
é (90(177"76 (yn737a77’70|qa r,c qa r,c )7 eXp{ qa r,c}
n,g=grr

+ 10g N(qa,r,c; 07 Zpop) -+ const

The time-warping function ¢, , . is parameterized by ¢2%%!, ¢P%2, see “ PP is given
and is treated as the offset. The landmark positions ¢ycak-1 and ¢pea2 are determined in the
initialization using grid search and are not updated in subsequent fitting.

Metropolis-Hastings sampling is nested in this step of Gibbs sampling. Letting ¢’ be a
candidate sample and ¢™ the sample from the last iteration at step m, for trial r, condition
¢ and all areas at once (denoted by subscript A) a sample is drawn from the proposal
distribution

g(q.{éx,r,cquL,r,c) = N(%T,r,c - 01 ’ @,c’ OO5Q) ’ Hclipjegion(qumc),

where m is the mean of q% . over all trials and Ijip region truncates so that the first two
components of the proposal stay within the domains of peak-1 and peak-2 (see time-
warping before Eq (4.7)).

Subtracting a multiple of m from ¢y, . moves the proposal mean closer to satisfying
m = 0, which may be recognized as an identifiability constraint. In principle, the prior
on ¢, . forces identifiability but, because we used a diffuse prior on >, samples can drift
with increasingly large variances. The proposal we used has lower acceptance rates at this
step, but solves the drift problem and produces well-behaved sample trace plots.

4. Updating 2, 4 ¢

Zn.a.c ~ Categorical (p(zma,c = g\)), g € {pop, local-1,local-2}
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Zn.ac 18 drew from categorical distribution. p(z,,. = g|...) is the probability of 2, , .
belonging to subpopulation categories g € {pop,local-1,local-2}, which is derived as
follows,

local-
fo2s fgae ™)

log p(znacl---) = 108 P(Ynzacl2nac: dare:
+1og p(2n,a,c[Pa,c) + const
=10g p(2n,a.c|Pa,c) + const+
U zare(Pare(t), xp{fEF +a5}), if 2nac = pop
((nzare xp{fa™"}), if 2y, 4, = local-1

a,c

LY z.amcs exp{ flocal-2) if 2,, 4, = local-2.

5. Updating p, ..
pa7c|-'- ~ DiriChlet(Npop@,c + a, Nlocal—La,c + «, ]Vlocal—Z,a,c + CV)

After conditioning on z, 4 ., Pa,. becomes independent of the rest variables or data. Npgp o.c,
Niocal-1,a,c> Niocal-2,a,c count the total number of neuron memberships z,, , . in each subgroup
in area ¢ in condition c.

6. Updating >:P°P. We draw samples from the Inverse-Wishart distribution

p(ZPP|...) =IW(T, »)
v =1 + RC
U =V, + q'q

where Uy, 1 are hyperparameters. The bold q € R “*3 is a stacked matrix of features
arc- Each column represents a feature, and each row represents features for a trial. RC'
is the total number of ¢. R is the number of trials for each condition, and C' is the number
of conditions. (We discuss the selection of W, v in[C.3])

Correlation, partial correlation, and regression The estimate of ¥P°P, together with samples
from its posterior distribution, immediately provide correlations, partial correlations, and regres-

sion estimates (also see(C.4). More specifically, first, if V(X ) = X for an m-dimensional random
vector X, all (TQ”) correlations are obtainable from X; second, this means that an estimate of 2

produces estimates of the correlations and samples from the distribution of Y. produce samples

from the distributions of those correlations; third, if we partition as X = (X1, X® X©G)T

with X being univariate, standard formulas (again using the elements of 3) also provide es-

timates of, together with samples from the distribution of, (a) the regression of X on X®
and (b) when X ® is also univariate, the partial correlation of X and X® conditionally on

X®) Thus, the method provides (immediately) estimates and uncertainties for any regression or
partial correlation we wish to examine.
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4.2.3 Data Analysis

Implementation of the IPFR model discovers many potentially interesting relationships involving
trial-to-trial feature coupling across brain areas, along with relative timing of features, population
firing rate profiles, and descriptions of neuron diversity. Here we have chosen to discuss only a
few illustrative results. Some others appear in the supplementary material.

Peak-2 correlation and timing We begin with two interestingly different findings that com-
pare correlation with partial correlation. Additional partial correlations are in [C.4] Panels A and
B of Fig displays scatterplots of Peak-2 timing across all trials (as posterior medians): in
the plot is AL vs LM and in 4.3B it is AL vs V1. Both exhibit high correlation. Consider
what we might expect to happen when, in each case, we condition on Peak-2 timing in the third
area. If, during the rise phase of Peak-2, the populations of AL and LM neurons were both
getting inputs predominantly from V1, then we would expect their partial correlation given V1
to diminish greatly. Fig.3|C is a scatterplot of residuals after regressing each of AL and LM
Peak-2 timing on V1 Peak-2 timing; the correlation of these residuals is the partial correlation of
AL and LM Peak-2 timing given V1 Peak-2 timing. The partial correlation (Fig[4.3|C) appears to
be somewhat smaller than the correlation (Fig[4.3]A), but not much smaller. On the other hand,
when we examine the Peak-2 timing relationship of AL and V1, conditioning on Peak-2 timing
in LM has a dramatic effect: comparing Fig[4.3B with Fig[4.3D, the estimated correlation of .87
(which is highly likely to be above 0.75) drops to an estimated partial correlation of .05 (which
is highly likely to be below 0.36).
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Figure 4.3: Peak-2 timing: correlation and partial correlation across regions. Panels A,B
display correlations, with each dot representing the estimated time of peak-2 on a given trial.
Panels C,D display estimated partial correlations, with each dot representing the residual from
a regression on the conditioning variable (the correlation of these residuals being the partial
correlation given the conditioning variable). Panels C,D contain partial correlation results, with
the areas in C corresponding to those in A and the areas in D corresponding to those in B.
All panels use posterior medians as estimates. A Despite large variability in peak-2 timing the
correlation of LM peak2 time and AL peak-2 time is close to 1. The plot embedded in the upper
left corner displays the posterior distribution of the correlation. B This plot is for areas V1 and
AL, analogous to that in panel A. C The residual Peak-2 times for LM and AL are plotted,
after regressing on the Peak-2 time of V1 timing. D The residual Peak-2 times for V1 and AL
are plotted, after regressing on the Peak-2 time of LM. The partial correlation in panel C is
somewhat smaller, but not dramatically smaller, than the correlation in panel A. In contrast, the
partial correlation in panel D is close to zero, and very much different than the large correlation
in panel B.

Fig 3 demonstrates the potential power of examining multivariate coupling relationships
among features of population firing rate functions. The results in Fig 3D also indicate some
circuit mechanism subtlety, especially in conjunction with Fig 4D, which shows that, for Peak-2,
on average (across trials), V1 leads AL by about 5.5 ms (95% CI (3.6,8.8) ms), and AL leads LM
by about 4.6 ms (95% CI (-0.2,7.3) ms). That is, it is very unlikely that the selected population
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of LM neurons reaches its Peak-2 maximal firing rate before that of the AL population. Fur-
thermore, for Peak-2, as shown in Fig we do not see dramatic reduction of the correlation
of V1 and LM after conditioning on AL. Perhaps LM provides important feedback input to AL
that enhances its Peak-2 rise time; perhaps other areas provide such input to both AL and LM;
and, to understand these results, it may be necessary to consider both excitatory and inhibitory
contributions. We are not offering evidence for specific scientific explanations. Our purpose
here is show that investigations of feature coupling across brain areas can generate potentially
interesting findings. Other intriguing patterns may be found in|[C.3] [C.4] [C.5]and [C.2]

The time lags in Fig[4.4D are also interesting in the context of the rest of Fig #.4] Fig4.4C
displays large uncertainties in Peak-2 timing, reflecting large trial-to-trial variation (visible in
Fig[4.3), and they are much larger than those of Peak-1 times shown in Fig[4.4JA. Also, for Peak-
2, V1 leads LM by only about half the time that its does for Peak-1 and, as shown in Fig 4.4B,
in contrast to Peak-2, Peak-1 occurs at about the same for LM and AL.

A Peak-1 time B Peak-1 time lag C Peak-2 time D Peak-2 time lag
Vi —— V1 leads LM —— Vi — V1 leads LM ——
LM —— V1 leads AL — LM —_ V1 leads AL ——i
AL —— —— AL E— AL leads LM f—+—
AL leads LM :

L L L n n L i L L n { . L " L i n L
0 25 50 75 100 125 150 -10 0 10 20 50 100 150 200 250 300 350 400 -10 0 10 20
Peak time [ms] Time lag [ms] Peak time [ms] Time lag [ms]

Figure 4.4: Peak timing across areas. Posterior distributions are shown together with median
and 95% CI (.025 and .975 posterior quantiles). A Mean Peak-1 times for V1, LM, and AL are
57 (95% CI (46,66)) ms post stimulus onset; 68 (60,90); and 70 (64,86). B Peak-1 time lags
between areas: V1 leads LM by 17 (3,19) ms; V1 leads AL by 17 (14, 19) ms; AL and LM are
roughly simultaneous, with AL leading LM by -0.4 (-3.8,2.9) ms. C Peak-2 times are highly
uncertain. For V1, LM, and AL they are 216 (154,272) ms; 232 (154,277) ms; 233 (156,278)
ms. D The Peak-2 time lags between areas are much more precise than the times themselves: V1
leads LM by 9.6 (6.2,13.0) ms; V1 leads AL by 5.5 (3.6,8.8) ms; AL leads LM by 4.6 (-0.2,7.3)
ms.
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Figure 4.5: Fitted population firing rate templates exp{ f2%}. The figure shows exp{ PP
in three different conditions 281, 257, and 280. In condition 281 the gratings drifted at 15
Hz with orientation 315°, in condition 257 at 8 Hz and 315°, and in condition 281 at 8 Hz and
270°. Note that the population firing rate function is exp{n,. f}l’"’cp} where n, . is the number of
neurons for which z, , . = pop. Each row represents one condition. The solid curves and grey
bands are the medians and 95% Cls from the posteriors. There are striking distinctions between
these firing rate curves and those in Fig 1A. The complete set of curves is in

Population templates Fig shows the fitted population firing rate templates exp{ f?%} in
three different conditions. The V1 templates are very precisely determined (they have narrow
posterior bands) and LM and AL templates are well determined. Our use of distinct templates for
different conditions reveals both strong similarities and noticeable distinctions in the population
responses across conditions.

There is an important deviation in the fP? templates from the PSTH curves shown in Fig
M.TIA: Peak-2 is taller and narrower than it appears in Fig 4.TJA. This is largely due to the trial-
to-trial variation in peak time, which dampens Peak-2 in the PSTH. In addition, the much higher
firing rates in Fig [4.5] are also affected by the more refined selection of neurons in our model
than in the process leading to Fig 4.TJA. More details can be found in[C.9] The complete set of
templates, and results for the local-1 templates, are shown in|C.7
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Figure 4.6: Neuron subpopulations. A Probability that a neuron is a member of the population
having firing rate template fP?, for all areas and conditions. Columns are distinct neurons,
rows are different conditions: red indicates the probability is high (posterior median greater
than .9); gray indicates the probability is low (posterior median less than .1); orange indicates
an intermediate probability. B Proportion of activity contributing to the population represented
by fI¥, averaged across conditions (based on the posterior medians in A). For example, on
average, 18% of V1 neurons were part of the interacting population (with template fP?), but
they generated 66% of the spikes. C Histograms that summarize the plots in panel A. For each
neuron, in each area a, we count the number of conditions ¢ having posterior median of p, .
greater than .9 (i.e., the number of red bars in the column corresponding to that neuron in panel
A). The histograms display the number of neurons with count z, for x = 0,1,2,...,13. In
each area, somewhat over half of the neurons never participated (x = 0) and those that did
participate often participated in only a few conditions; in V1, 7 of the 94 neurons participated in
all conditions.

Diversity of neurons Fig[.6|summarizes membership of neurons in the communicating popu-
lations that have templates fP°P. As seen in panel A, for nearly all neurons it is clear whether they
are fit better using the fP°P template or using one of fl°¢a! or flocal-2 QOnly 22 out of 3393 neuron-
condition combinations fail to have at least 90% probability (from the posterior median) of one
or the other. Panel B elaborates by showing how many neurons contribute, and what proportion
of spikes they generate. Panel C indicates the diversity of condition-dependent neural responses.
The large variation in individual-neuron responses is perhaps unsurprising, but it underscores the
importance of allowing for such diversity in statistical modeling efforts. The portion of neurons
in each subgroup (pq,. in Eq (#.9)) is shown in|C.6] Fig[d.7shows that there is no strong spatial
pattern to neuron membership in the communicating population (see also [C.10).
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Figure 4.7: Spatial arrangement of neurons participating in the population having template
fPP. For each area, the x and y axes label the relative positions of the electrodes, with depth
along the x axis, relative to the most superficial unit. Each dot indicates, for a given location,
that at least one neuron in at least one condition participated (based on posterior medians in Fig
M.6]A). The size of the dot indicates spatial frequency, defined as the number of neuron-condition
participation events divided by 13 (the number of conditions). When more than one neuron is
recorded on an electrode, the number above the dots gives the number recorded. The locations
of all subgroups in all conditions are in Fig @

4.2.4 Simulations

We performed simulations to assess performance using sample sizes relevant to our data analysis,
first assuming the model structure is correct as described in equations (1)-(7) and then after
varying the structure in a particular way. Simulation details are in[C.I] We report here results for
correlations between features, which are the main interest (e.g., in Fig 3).

In our initial simulation we found small bias and root mean squared error (RMSE). The bias
values of the estimated correlations are in the range [—0.041,0.040] (the mean of all pairs is
-0.001). The posterior CIs are mostly close to their putative 95% coverage probability, though a
few entries in the table of results are somewhat smaller (see [C.3). The RMSE values are in range
[0.022,0.090] (the mean of all pairs is 0.072). The range of error is slightly larger than the lower
bound of the estimation. See for details. We also verified that simulation standard errors of
CI end points were small relative to the RMSE values. The range of the values is [0.0016, 0.0091]
and the mean standard error across all end points is 0.0056.

Our implementation of the IPFR model assumes that, for the purpose of peak timing identifi-
cation, trial-to-trial variability in the population firing rate intensity function can be summarized
as involving only peak timing. When time warping compensates for trial-varying changes in
shape, peak timing identification can be affected. One might expect such effects to be small, but
we did run a simple simulation study to check. We did this by injecting noise into each neuron,
in the form of intensity shapes that varied across neurons, which changes the population firing
rate intensity function (see [C.I). Such inhomogeneity could also affect neuron clustering, and
thus potentially degrade the performance of the IPFR model. We chose the amount of injected
neuron gain to roughly correspond to the real data. See the[d.4]section. (As a check, we also tried
a large noise setting with 20 times the variance.) We found that the covariation estimates are not
very sensitive to this type of deviation from assumptions (see details in|C.1] [C.4] and [C.5).
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4.3 Discussion

The motivating idea behind the IPFR model is to identify trial-to-trial covariation of activity
across brain areas by considering covariation of population firing rate intensities. There are many
ways these intensities might covary, and the IPFR model assumes a small number of features are
of interest. We focused on the timing of the two dominant peaks seen in Fig 1A. Analysis of peak
timing is reminiscent of ERP analysis. Although evoked potentials are based on trial averaging
because they are too noisy to be useful in single trials, the IPFR model is able to estimate peak
timing on a trial-by-trial basis, which makes possible assessment of trial-by-trial covariation. As
with phase coupling [88], the presence of feature coupling indicates coordination of activity: it
says that whatever creates variation across trials, also creates covariation across those coupled
areas. We showed how the IPFR model can produce effective denoising while also revealing
multivariate relationships and describing neural diversity in the participating populations.

Several clear scientific caveats should be emphasized. Feature coupling identifies a form
of what is usually called functional connectivity. When we say that feature coupling reveals
coordinated activity, we do not mean that it must be purposeful in a mechanistic sense. For
one thing, only a few brain areas are being analyzed, and in any setting there are bound to be
complicated anatomical connectivity patterns, as there are for the mouse visual system [60, [121]].
But even if we were able to observe all areas that are relevant to a given task, causal relationships
could not be established without causal experiments. Furthermore, while features such as peak
timing are useful, they offer a limited description of interaction dynamics. In addition, despite the
new capabilities provided by recording arrays such as Neuropixels, the neurons recorded from
any area do not constitute a random sample of all relevant neurons. With current experimental
data the extent to which recording creates important biases remains unknown.

Statistically, we have assumed that trial-to-trial variation in peak timing can be captured ac-
curately with a model in which peak timing is the only source of trial-to-trial variation. Surely
there are other ways that firing rate intensities vary across trials. For the accuracy of our conclu-
sions, what matters is whether such other effects produce substantially different times at which
the peaks occur and substantially different correlations of peak timing. We also assumed that a
single population of neurons was most relevant for both Peak-1 and Peak-2. It is possible that
treating them separately would be advantageous.

The implementation we reported here involves a comprehensive Bayesian hierarchical model.
It would be possible to decompose some of the components in our IPFR model while also ac-
counting for important sources of variation in different steps [35]. As we described, however, it
was straightforward to implement EM and Gibbs sampling for the comprehensive model, which
has the advantage of making it easy to get an assessment of uncertainty for any model-based
quantity we wish to estimate. We hope our work will stimulate further efforts to harness the
power of point process modeling for investigating timing relationships among neural popula-
tions and their coordination across brain areas.
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4.4 Methods

4.4.1 Materials and pre-processing

We applied our method to the Neuropixels dataset collected by Allen institute [121]. It uses
multiple high-density extracellular electrophysiology probes to simultaneously record spiking
activities from a wide variety of areas in the mouse brain, especially the visual cortices. The
animals were head-fixed and were passively presented with visual stimuli. The details of the ex-
periment setup can be found in [69, 121]. One experiment contains a mixture of many stimulus
types, such as natural movies, flashes, Gabor filters, drifting gratings and etc. Our paper uses
drifting gratings because it has many repeated trials, the stimuli are simple, the trials are long
and it can strongly elicit neural responses. The drifting gratings (type drifting_ gratings
in the dataset) have 40 conditions which are combinations of 8 different orientations (0°, 45°,
90°, 135°,180°, 225°, 270°, 315°, clockwise from 0° = right-to-left) and 5 different temporal
frequencies (1, 2, 4, 8, 15 Hz). The spatial frequency is 0.04 cycles/deg and the contrast is 80%.
The stimulus for each condition is repeated 15 times. A trial lasts for 3 s with 2 s stimulus
and 1 s blank screen. The sequence of the conditions is randomly ordered. The baseline con-
dition has 30 trials with a grey screen. The number of neurons in visual cortical areas recorded
by one probe ranges, roughly, from 40 to 100. Usually, 6 probes are recorded at the same
time. The dataset assigns unique identities for all properties. For example, a condition is la-
beled by stimulus_condition_id, a trial is labeled by st imulus_presentation_id,
one experiment session is labeled by ecephys_session_id. In this paper, we refer to those
identities directly.

We screened the animals and conditions based on whether the regions of interest were recorded
and whether the neurons have strong responses, as the time-warping features depended on the
peaks of the curves. For example, session 754829445 did not record LM and AL regions.
In session 746083955, the activity of AL was too weak and was almost the same as baseline
activities (trials without visual stimulus), so AL was not able to provide any useful information.
The preprocessing was done in three steps:

1. Check if the target regions are recorded by any probes.

2. Select the top 50% neurons with the largest spike counts.

3. Select the conditions with strong fluctuating responses. We first calculate the total variation
[17, sec. 6.3.3] of kernel-smoothed (Gaussian kernel with standard deviation 10 ms) group
PSTH for each condition and each region using the neurons in step 2. Next, sort the
conditions by the sum of total variation of all regions in descending order. Then select
the top conditions. The cutoff is done by visual check where the last condition has clear
two-peak patterns.

We analyzed mouse session 798911424 using 13 drifting gratings conditions. Each condition
had 15 repeated trials. The details of the conditions are listed in The results for V1, LM,
and AL, include 94, 89 and 78 neurons respectively. Spike trains were binned in 2 ms.

In Fig[4.T|A, each curve represents activity aggregated across 600 trials: there were 15 trials

in each combination of 8 orientations and 5 frequencies. Only the most active 50% of neurons
with large spike counts are selected. The curves are fitted using regression with splines.
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4.4.2 Goodness-of-fit assessment

The goodness-of-fit test is determined by the Kolmogorov—Smirnov (KS) test based on the time-
rescaling theorem [24, 162]. The KS test is a little biased as the inter-spike intervals are limited
by the trial length, so only short intervals can be observed. We correct this issue by adjusting the
null distribution of transformed inter-spike intervals according to the trial length. The result is
shown in
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Chapter 5

Interactions across populations on fine
timescale

This project is co-advised by Asohan Amarasingham, and Robert E. Kass.

With the advance of the fast-growing high-density electrophysiological recording technol-
ogy, hundreds of neurons from multiple brain regions can be recorded simultaneously. This
offers opportunities to further investigate the interactions between brain areas, especially the
spike-to-spike coupling effect on fine timescale between regions (for example within 20 ms or
less), which is complementary to many studies based on the mean firing rate. The analysis of the
massive spike train recordings is challenged by enormous noise, large neuronal diversity, poten-
tial artifacts caused by unobservable activities, and heavy computational tasks. These prompt us
to build a flexible, extendable, robust, and computationally efficient tool to quantify the spike-to-
spike coupling effect for hundreds of neurons, and to be prepared for thousands of neurons in the
foreseeable near future. Our proposed point process regression model can be modularized into
two basic components, which can also be extended for more: one part quantifies the coupling
effect using a continuous function in a lag range; the other part is responsible for removing the
artifacts caused by the background activity. The small number of parameters in the model and
optimization-based inference make it efficient for large dataset analysis. We verified the model
using many simulation scenarios and some theoretical analysis, then applied the method to the
Allen Brain Observatory dataset and discovered trial-to-trial variation of the coupling effect on
fine timescale.

5.1 Introduction

Recent advance in high-density electrophysiological recording technologies provides opportu-
nities to explore functional interactions among populations of neurons between brain regions
[121]. A recent work [73]] presents evidence of spike-to-spike interactions between distant areas
on fine timescale in mouse visual cortex [3]. Detecting the spike-to-spike coupling effect be-
tween two neurons is contaminated by the artifacts triggered by the shared background activities.
The shared input drives two neurons in the same way so it can introduce temporal dependency
between the spike trains that is not directly elicited by the spikes from the source neuron. Re-
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moving the background artifacts is challenging as they are usually unobserved and can randomly
vary from trial to trial [3]].

Real data Jitter-based CCG Coupling filter Coupling filter with artifacts
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Figure 5.1: Examples of detecting weak spike-to-spike coupling effect in a time window.
The details of this figure are in Appendix [D.3.2] Here we only summarize the key conclusions.
The first row shows the result of real data (Allen Brain Observatory Visual Coding Neuropixels
dataset [121]]) about coupling effect from one neuron in the primary visual cortex to one neuron
in the lateral medial visual area. The second row replicates the scenario using a simulation
with shared background activity. A, D In both cases, the jitter-based cross-correlogram method
yields noisy output, which can detect some significant inhibitory effect at certain lags but not in
a continuous range. The dark grey band is pointwise 95% confidence band, the light grey band is
simultaneous 95% confidence band. B, E Coupling filters of the point process regression model.
Our method describes the coupling effect using coupling filters, which shows the influence of
a spike from one neuron to the firing rate of the other neuron in a lag window. Our method
can detect the weak inhibitory effect. C, F Modeling the coupling effects assuming constant
background. By comparing E and F, this assumption leads to positive bias; and the conclusion
can be totally different, which detecting inhibitory effect as nearly no effect. So the regression
method using a coupling filter needs careful removal of the background artifacts. This explains
why the estimated coupling filter in C is above the one in B. More similar examples of real data

are in Supplementary [D.4.13]

The jitter-based method is designed to handle such problems that can eliminate slow-rate
background artifacts without explicitly estimating the shared input between neurons. Fig [5.1]
shows an example of fine time interaction from one neuron in the primary visual cortex (V1)
to one neuron in the lateral medial visual area (LM) in Allen Brain Observatory Visual Coding
Neuropixels dataset [121]]. Fig[5.TA is the result of the jitter-based cross-correlogram (CCG).
At certain time lags (V1 neuron leads LM neuron), such as 16 ms or 20 ms, the CCG curve is
tangent to the bottom 95% pointwise CI, and it becomes non-significant after multiple compari-
son adjustment, meaning weak inhibitory influence. Although most part of the CCG curve stays
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within the CI band, it is attempting to hypothesize that the weak inhibitory interaction exists in
the whole window from lag 0 ms to 50 ms since the majority part of the CCG curve stays below
zero. Similar non-significant outcomes are very common in the dataset especially between neu-
rons in distant regions and they are easily overlooked. Fig[5.IB is the result of our point process
regression method. Our method shows significant inhibitory relation between the pair of neu-
rons. The interaction is modeled using a continuous function called coupling filter, similar to the
widely used point process generalized linear regression model (PP-GLM) (79, [111} [134]. The
coupling filter describes how much a spike from one neuron influences the firing rate of the other
neuron in a certain lag period. We replicate a similar scenario using a simulation shown in Fig
@D,E,F. Our method is able to detect the weak coupling effect and it is close to the true model.
It is unsurprising to see the improvement: the power comes from aggregating all the information
in the lag period to estimate a much simpler model. Analog to the jitter-based method, ours still
needs careful removal of the background artifacts, otherwise, the result can be biased as shown
in Fig[5.1F where the coupling filter is close to zero, resulting in a wrong conclusion that there is
no significant coupling interaction. Fig[5.1C has similar issue. If the background artifacts are not
removed, the inhibitory coupling effect can be detected as no effect or a small positive coupling
effect. More examples can be found in Supplementary

Inspired by the jitter-based correction, our regression method eliminates the background ar-
tifacts using coarsened spike trains by adding only one covariate (nuisance variable) through all
trials unlike the typical PP-GLM, which needs many parameters to model the fluctuating back-
ground [89]]. If the background varies from trial to trial, the number of parameters grows with
sample size which may suffer from Neyman-Scott-type issue (the bias does not vanish as the
sample size grows) [114, example 3.5] and large computational burden. Synchrony detection is
a special case of discovering spike-to-spike coupling effect that only focuses on zero lag events
(61} 78, 83, (120, [141]], while we would like to aggregate more lag information to detect weak
signals. We point out that the purpose and usage of our method are slightly different from the
jitter-based method though. The latter one is usually used for hypothesis testing, emphasizing
the existence of the coupling effects, for example, given the timescale of the background activ-
ity (fixed in the null), if there are coupling effects at a specific lag. While our method aims to
quantify the coupling effects in a time range as a continuous function taking the advantage of
data aggregation, as already shown in Fig[5.1] Our method needs to find the optimal timescale
of the shared activity instead of fixing that as a part of the null assumption. Determining the
timescale of the background activity is part of the inference procedure. Another difference is
that our model does not assume the timescale of the shared activity is larger than the timescale
of the spike-to-spike coupling effect. In other words, if the shared activity changes as fast as the
coupling interaction, the model is still able to eliminate the artifacts. In addition, the proposed
regression model is in continuous-time (no need for time-binning), only needs very small mem-
ory space, and is robust to multiple variants. The analysis of the new tool will be presented in
section

Besides simulations, the real data we have used (available from the Allen Brain Observa-
tory [121]) include the primary visual cortex (V1), the lateral medial visual area (LM), and the
anterolateral visual area (AL), three regions that lie at different hierarchical processing stages
while being highly interconnected [60]. We analyzed the coupling filters among V1—LM and
LM— AL. We found the coupling filter type of a pair of neurons (excitatory, inhibitory, no effect,
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or others) might vary from trial to trial.
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5.2 Methods

5.2.1 Point process regression model

a i o
ﬁi,baseline fi,j,shared(t) ﬁj,baseline

Figure 5.2: Coupling neurons model diagram. Two neurons ¢, j are driven by the same input
signal f; ;. A;, \; represent the intensity functions. s;, s; are spike trains. The spikes from neuron
© influences the activity of neuron j through the coupling filter /;_, ;. The goal of the model is to
estimate h;_,; but f; ; challenges the estimation.

Consider a pair of coupling neurons ¢ — j that follow the point process as shown in Fig The
intensity functions for neurons ¢, j areﬂ,

/\](t|Ht) = O./j + fi,j(t) + /t hi_>j(t — T)NZ(dT)
0
Ni(t/He) = o + fi;(t)

S.D

hi_; is the coupling filter, which captures the spike-to-spike interactions between neurons i — j
on fine time scale, say about 30 ms. So the model is history-dependent, H, represents the spikes
before time {. Commonly, neurons share the same input, according to a random function of time
fij(t). Ni(-), N;(-) are counting processes (spike count measures) for neuron i, j respectively.
Ni([t,t + A]) = 1 if there is one spike in a small interval [¢t,¢ + A]. «a; and «; are constant
baselines. The goal is to estimate the coupling filter while eliminating the shared input artifacts.

'Some works model the intensity functions using log-linear form, for example, the intensity function for neuron
i becomes log \;(t|H:) = o, + f;;(t). We do not think this will make a big difference if the coupling effect is
small, but the linear form has great computation convenience, see Appendix [D.1] Consider at a certain time, the
intensity is modeled in two forms, A = Sy + Ah = exp{S{ + Ah'}. Bo, B, represent the baselines of two types
of models, and Ah, Ah’ represent the contribution of the spike-to-spike coupling effect. If Ah, AR < Sy, B)), we
approximately have % + log Bo = AR’ + 5. So Ah, Ah/ have linear relation. The sign of the coupling effect
will be same; if Ah increases, Ah’ will also increase. The distinction is, approximately, a matter of scale. However,
in some specific setups, the additive and multiplicative formats might have noticeable differences [70, Fig 4b with
negative interdependence].
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Our estimator is designed as follows,

~

hiy; = arg min L(h;; ) 5.2)
~ T ~
L(h;—;) := min ¢ — Z log A;(s) +/ Aj(s)ds (5.3)
ﬂj)ﬁw SENj 0
B t
0
T
i) = [ Wt 5Ny (5.5)
0

The shared activity f; ; is simply represented by just one nuisance variable §;. L is the negative
profile log-likelihood function. The estimator fLHj can be in a simple form, such as a square
window, or can be assumed smooth and fitted using nonparametric method such as regression
splines. s;(t) is the coarsened spike train smoothed by kernel 1. We use Gaussian kernel with
scale 0,,. Apparently, the true model is not necessarily in the parametric family of the
estimator shown in Eq (5.2)-(3.5)), so the maximum likelihood estimator (MLE) in Eq is not
guaranteed to be consistent. We put tilde over 5\j in Eq (5.4) to emphasize the special parametric
form that might be different from the form of the true intensity (5.1).

The optimization algorithm is in Appendix section Our model treats o, as a tuning
parameter and we do not evaluate its uncertainty due to the optimization difficulty, because it is
not tractable to calculate the derivative of Eq over o,,. However, in some situations, for
example sampling-based inference, it is possible to regard o, as a random variable, see Supple-
mentary In the next section, we will show that with proper selection of the kernel scale
0w, the MLE is still able to achieve some good properties such as small risk and nearly zero bias.
The asymptotic Normality of the estimator is discussed in Lemma and verified numeri-
cally in Supplementary This property can be used for model inference, such as hypothesis
testing, see Supplementary It is possible that neurons are driven by exclusive fluctuating
activities f; and f; besides the shared one f; ;. We introduce this model in Supplementary
Unlike many other point process models, our method is in continuous-time, which does not need
to specify the time resolution of the spike trains [42, 46]], also see [34, example 8.5(a)]. The
memory space thus becomes very small, which is proportional to the number of spikes instead
of number of time bins.

5.2.2 Simulation and theoretical study

In this section, we study the behavior of the proposed estimator in Eq through simulations
and provide corresponding theoretical analysis. We focus on a case where the fluctuating back-
ground activity f; ; is a second-order stationary stochastic process, meaning E[f; ;(¢) f; ; (t + u)]
only depends on u but not ¢ (the formal description is in Lemma [D.2.1). A special case of the
the second-order stationary process is the cluster point process or linear Cox process, which is
widely used in point process study [11, 38] and [34, sec. 6.3]. We add the second-order sta-
tionary condition only to make theoretical derivations easier. The supplementary material will
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provide more variants.

We first generate random shared activity f; ;, then generate spike trains. Let ¢,,(-) be a
Normal window function with center zero and scale o;. t$ are the time points of the center
process determining the positions of Normal windows, which is generated by a homogeneous
Poisson process with intensity p.

fis(t) = Z oy (t — 1) (5.6)

For simplicity, we first consider the coupling filter in form

hi—sj(t) = an - Lo, (1) (5.7)

where «, is the amplitude, and the filter length is 0. o; controls the timescale of activity. If
or is smaller, then f; ; changes faster. o}, controls the timescale of the spike-to-spike coupling
effect. If o, is smaller, then neuron 7 influences neuron j in a shorter time range. The coupling
filter estimator has form Bi_U- = Bh “Tjo,00] (t) with just one parameter Bh and the timescale oy, is
known. We use the thinning method to generate continuous-time spike trains [107].
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Figure 5.3: Simulation and theoretical analysis of the estimator By,. Simulation details are
in the text. We show the properties of Bh as a function of smoothing kernel scale o,, of W (as
in Eq (5.5)). For numerical cases, we evaluate the properties at different o, indicated by the
blue dots. The x-axis is in logarithmic scale. The numerical (blue curves) and theoretical results
(dark curves) are very close. The pointwise confidence interval for RMSE and SE is calculated
using bootstrap (bootstrap the replicated estimators, not the spike train data). The pointwise
confidence interval for bias is calculated based on standard deviation. The blue band for the
likelihood is 1.96 x standard deviation. A The estimated risk root mean square error (RMSE) of
the estimator /3. The two local minimums are labeled by “min-1" and “min-2”. Our method
prefers to select “min-2” indicated by the vertical line. The RMSE can be decomposed into bias
(shown in C) and standard error (shown in D). B The maximum log-likelihood as function of
0. Since the likelihood functions may have different offsets, we align them by the peak (the
maximum value across o,,) to zero, then calculate the mean and pointwise standard deviation.
The vertical line indicates the peak (numerical and theoretical peaks overlap), which matches
the position of “min-2" in A. The theoretical extreme cases “0” and “oco” mean the scale o,, of
smoothing window W goes to limit 0 or oco. The numerical case “no nuisance” represents the
model without including the nuisance regressor s; in Eq (5.3), which becomes a typical Hawkes
process model ignoring the fluctuating background activity.

Fig shows the simulation results and corresponding theoretical approximations about
the properties of the estimator. By theoretical, we mean the properties of the estimator, such as
estimated risk or likelihood, are derived based on the second-order stationarity condition, through
which we would hope to provide insights about how the timescale of the activity is linked to the
behaviors of the estimator. The estimator actually is not sensitive to the second-order stationary
assumption (see Supplementary simulations with time-varying timescale activities). The
activity f; ; in the true model is set as a cluster process in Eq (5.6) with o; = 100 ms. The square
window filter width is 05, = 30 ms and «y, = 2 spikes/sec in Eq (5.7). The firing rate of the center
process p = 30 spikes/sec. The baselines are o; = «; = 10 spikes/sec. One simulation case
has 200 trials and the length of the trial is 5 sec. Each trial is assigned with an independently
generated f; ;. The numerical properties were estimated using 100 replicated simulation cases.
We have discussions about the situation where o, is unknown and it does not match the true
coupling filter width, see Supplementary More complicated non-parametric fitting of
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the coupling filter is presented in Supplementary We consider a similar setting but with
Laplacian window function for the cluster process in Supplementary

If we use a constant baseline model (as known as the Hawkes process model, or linear PP-
GLM with constant baseline, or removing s; in Eq (5.4)) without considering the fluctuating
background signal, the estimated coupling filter will be positively biased (Fig [5.3C “no nui-
sance”), as the common input between neurons will contribute to part of the estimated spike-
to-spike interactions. This explains why the estimated filter in Fig is above the true filter.
Constant baseline model is equivalent to model Eq (5.5) with infinitely wide kernel o,, — o0
(Fig [5.3] “00” points) or infinitely small kernel o, — 0 (Fig[5.3] “0” points), because the nui-
sance variable is not able to capture any shared activity (also see Corollaries [D.2.2.1] [D.2.2.2]
and [D.2.2.3)). The bias of the estimator in Fig is positive if o, is too wide or narrow, and
the bias becomes negative between o,, = 20 ms and o,, = 125 ms (the theoretical derivation is
in Lemma[D.2.2)). The gap between the numerical bias and theoretical bias becomes larger when
oy, is larger than 500 ms and this also appears in RMSE. The SE in Fig[5.3]D does not change too
much as o, changes (the theoretical derivation is in Lemma[D.2.3).

The estimated risk of the estimator has two local minimums, labeled by “min-1" and “min-
2” in the figure, and they are very close to zero bias solutions since SE does not change too
much. If we aim to select a model with small risk, then there seem to have two solutions. We
prefer to choose the model with o,, at “min-2" (indicated by the vertical line in Fig [5.3]A) for
several reasons: 1, the slope of the risk curve around “min-2” is smaller than the slope near
“min-1” (the x-axis of the figure is in logarithmic scale), so the model is less sensitive to the
selection of o,,; 2, from a practical point of view, “min-2" can be selected by maximizing the
log-likelihood over candidate o,, (Fig [5.3B), which agrees with the model selection methods
based on likelihood, such as AIC or BIC; 3, as will be shown shortly, the position of “min-2”
is related to the timescale o; of f;; and it is invariant of coupling filter scale o, or amplitude
ayp. The optimal o, = 125 ms of the smoothing kernel is closer to the scale of the background
activity o; = 100 ms; So the nuisance variable, the coarsened spike train §; (as in Eq (3.3)), can
be interpreted as a approximation of the background activity, and o, reflects the timescale of
that. 4, if the coupling filter is fitted using non-parametric method, the risk at “min-1" will be
much higher than the risk at “min-2”. This will be illustrated in Supplementary [D.4.5] Next, we
explore how these properties are related to the shared activity and the coupling effect.
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Figure 5.4: Influences of background activity timescale, coupling filter timescale, and cou-
pling filter amplitude on the estimator . We show the RMSE and log-likelihood curves as
in Fig[5.3] The settings are the same as Fig[5.3|except for different o; in A, different oy, in B and
different oy, in C. This figure only shows the theoretical results. The numerical results are very
close (data not shown). The log-likelihood functions may have different offsets, we align them
by the peak to zero (maximum value across o,,). The local minimums of the risk are labeled
by “min-1" on the left and “min-2" on the right for each case. A The RMSE and likelihood
curves with different o; = 80, 100, 120 ms. o5, = 30 ms and «;, = 2 spikes/sec are fixed. If o;
increases, “min-2" shifts to the right, while “min-1" does not move. The peak of the likelihood
function also moves accordingly and it is aligned with “min-2” (indicated by the grey vertical
lines). B The RMSE and likelihood curves with different o, = 20,30,40 ms. o; = 100 ms
and oy, = 2 spikes/sec are fixed. If o; increases, “min-1" shifts toward right, but “min-2" and
the peak position of the likelihood function do not change (grey vertical lines). C The RMSE
and likelihood curves with different o, = —2,0,2 spikes/sec. oy = 100 ms and o, = 30 ms
are fixed. oy, does not affect the risk of the estimator, but it changes the shape of the likelihood
function slightly.

Fig[5.4]shows the relations between the estimator’s properties and the timescale of the shared
activity (o of f;; in Eq (5.6)), the timescale of the spike-to-spike coupling activity (o}, of the
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coupling filter in Eq (5.7)), and the amplitude of the coupling filter (o, in Eq (5.7))). The scale
o of the shared activity f; ; is related to “min-2” and the peak of the log-likelihood function
(Fig[D.TA). If oy is larger, the optimal o,, also becomes larger. The scale o}, of the coupling
filter is related to “min-1", but it does not change the peak position of the log-likelihood (Fig
). If 05, becomes smaller, “min-2” does not change, but “min-1" shifts toward left. The
amplitude of the coupling filter (v, in Eq (5.7))), whether it is positive or negative, does not
change the position of the two local minimums (Fig [D.I[C). Our method does not restrict the
timescale of the background is larger than the coupling effect. The “min-2" associated with o;
is not always on the right side, if o; decreases to a very small values where the the background
can change as fast as the coupling effect, the positions of “min-1" and “min-2"" will be switched,
see Supplementary The above properties suggest a second way of choosing o,,. As the
optimal o,, does not depend on the timescale or amplitude of the coupling effect, we can use a
predetermined plug-in estimator for o,, (Appendix [D.1.2).

We also explore many other properties of the estimator. Here we briefly summarize the key

conclusions. The details are in the supplementary session. The scenarios include:

1. Supplementary[D.4.1] Timescale-varying background. The timescale o; of the background
is no longer a fixed value (Eq (5.6)), it randomly changes from time to time. In this case, it
randomly changes between 80 and 140 ms. f; ; = >, ¢, , (t — t7), where every time point
of the center process t{ is assigned with a different scale o; ;. The process changes faster
at smaller o7 ;, and changes slower at larger o7 ;. The selected kernel width o, balances
the varying timescale and the selected estimator can still get small risk and low bias as will
be shown through simulations. However, if the shared activity is a mixture of very distinct
timescales, for example a compound of 100 ms and 5 ms, the selected model with a single
smoothing kernel W (Eq (5.5))) can not balance both timescales and some bias still exists.
We will further address this in Supplementary where the fast-changing activity is
driven by the spike trains of a subpopulation, and the multivariate regression is a remedy
for the issue if the driving spike trains can be observed.

2. Supplementary[D.4.2] Non-shared fluctuating background. Besides the shared background
activity f; ;, neurons can be driven by other sources of activities, which are not shared
between neurons. This scenario breaks the framework shown in Fig[5.2] The non-shared
inputs do not affect the model selection. Surprisingly, the non-shared components help the
estimation by decorrelating the background and the coupling effect as it decorrelates the
inputs of two neurons. The bias and risk become smaller.

3. Supplementary Fast-changing background. The shared activity f; ; has very small
timescale o;. If o7 is set as a small value such as 20 ms or even 5 ms, which is smaller than
the spike-to-spike interaction timescale, the model is still able to accurately estimate the
coupling effect. This is seen as a significant advantage over the jitter-based method, which
cannot handle fast-changing background. The method can split the background effect and
coupling effect as the former one is undirectional and the latter one is directional effect
between neurons. The jitter-based method or similar bootstrapping methods can break the
subtle fine timescale effect.

4. Supplementary Bayesian model. The regression model is built on likelihood and
can be adopted for Bayesian inference where the smoothing kernel width o, can be treated
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10.

11.

as a random variable. o, reflects the timescale of the shared activity as already shown in
Fig but the uncertainty of o, is not directly related to the variance of the timescale o
of the shared activity (if it varies like Supplementary [D.4.1). So o, should be interpreted
as a representation of the average shared activity timescale but not the whole range of the
timescale. Incorporating the uncertainty of smoothing kernel width o,, does not change
the estimation of the coupling effect too much.

. Supplementary Non-parametric fitting for the coupling filter. The coupling filter is

fitted using non-parametric method. This example shows the versatility of the regression
method and the connection to the commonly used point process GLM [79, 111, [134].

Supplementary Selection of coupling filter length. In practice, usually the range
of the coupling effect is unknown. If the coupling filter length o}, is shorter than the true
coupling filter length, then the properties do not change a lot. But if the coupling filter of
the estimator is longer than the truth, then the bias becomes larger, and the kernel width
selection does not match the optimal risk. So if users are not confident with the coupling
filter length, it is recommended to use a shorter coupling filter or non-parametric fitting as

in Supplementary

. Supplementary Asymptotic Normality of the estimator. The Normality of the es-

timator’s distribution is verified using simulations. The property can be used for model
inference, for example calculating p-values in hypothesis testing (Supplementary [D.4.8).

Supplementary Hypothesis testing example. We present examples of hypothesis
testing based on the proposed regression model. We verify that the p-value distribution
under the null is uniform and demonstrates the power of the estimator using weak coupling
effects under a small sample size. The performance of our method is better than the jitter-
based CCG.

Supplementary Background activity with Laplacian window function. The Gaus-
sian window function in Eq (5.6) used to generate fluctuating background activity is re-
placed by the Laplacian window function, which has a sharper shape at the center and
thicker tails. The performance of the estimator and the conclusion are the same.

Supplementary Multivariate regression and partial relation. It is very natural to
extend the bivariate model to a multivariate regression model. The multivariate regression
model can handle the shared input artifacts with a mixture of very distinct timescales under
some circumstances. In this simulation scenario, a subpopulation Z drives two neurons X
and Y through coupling filters on a very fast timescale together with slow-changing back-
ground activity. The bivariate model Eq can not remove the artifacts caused by both
slow-changing background and fast-changing spike train-driven input. But if the driving
spike trains are observed, the multivariate regression model can eliminate all artifacts.

Supplementary[D.4.11] Self-coupling effect. This problem comes from real data goodness-
of-fit test. The self-coupling effect could lead the basic model in diagram Fig [5.2]to select
a smaller smoothing kernel width than the optimal one minimizing the risk. It also under-
mines the goodness-of-fit. However, the introduced extra bias is small. When replicated
the real data analysis in section with different kernel widths, the conclusion did not
change.
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12. Supplementary Rate coupling and delayed shared input. Besides spike-to-spike
coupling, we consider rate coupling between neurons. A special case of rate coupling is
the delayed shared input. The shared component arrives at two neurons with different de-
lays, showing a fine timescale coupling between the underlying instantaneous firing rates.
The coupling between the firing rates does not affect the estimation of the spike-to-spike
coupling effect.
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5.3 Application to neuroscience data

Neuroscience data are noisy, and usually there are not enough repeated trials to make very
detailed estimation of the coupling filters between all pairs. Therefore, we start with a simple
model that can identify the basic types of the spike-to-spike interaction, such as excitatory, in-
hibitory, no coupling effect, or others. We applied our method to the Allen Brain Observatory
Visual Coding Neuropixels [121]. Details of the materials and the algorithm are in Appendix
We found the coupling filter type was not always the same and changed from trial to trial.

We use the coupling filter templates to identify the type of all coupling filters on each trial.
Fig. [5.5| shows the fitted templates of the coupling filters. Not all filters fit into the three cate-
gories, so we add two more groups. It is important to use a powerful tool to identify the coupling
filter type properly. Otherwise, it may not be able to detect the weak effect or get a wrong type,
see Fig[5.1]and Supplementary [D.4.13] Without properly removing the background artifacts, as
already shown in Fig[5.3|the bias is positive if the fluctuating background is not considered, type-
0 “no effect” can be regarded as type-1 “excitatory”, and type-2 “inhibitory” can be regarded as
type-0 “no effect” or type-1 “excitatory”, see Supplementary

* Type 0: No coupling effect.

* Type 1: Positive square window coupling filter representing the excitatory effect. The filter
length is 50 ms. Usually the excitatory effect is weak, which is similar to the case in Fig
[5.1] so we just use one variable for the coupling filter.

* Type 2: Negative square window coupling filter representing the inhibitory effect. The
filter length is 50 ms. The design is similar to the excitatory coupling filter.

* Type 3 and type 4: Oscillatory-shape filters but with different phases. The tail is small.
The filter length is 40 ms.

Type 0: No effect Type 1: Excitatory Type 2: Inhibitory Type 3: Oscillatory Type 4: Oscillatory
20

c]

10

0

Firing rate [spikes/se

0 1‘0 Z‘O 3‘0 4‘0 5‘0 60 0 1‘0 2‘0 3‘0 4‘0 5‘0 60 0 1‘0 2‘0 3‘0 4‘0 5‘0 60 0 10 2‘0 3‘0 4‘0 5‘0 60 0 1‘0 2‘0 3‘0 4‘0 5‘0 60
Time [ms]

Figure 5.5: Fitted coupling filter templates. The first three represent no coupling effect,

excitatory, and inhibitory coupling filters. No all filters fit into these three categories, so two

more templates are included with oscillatory shapes. The phase between type 3 and type 4 are

different.
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Figure 5.6: Frequency of coupling filter types of all coupling filters. Our method identifies
the type of a coupling filter on each trial. Totally there are 285 trials for each pair of neurons.
The histograms show the mean number of trials of each type across all pairs among V1—LM in
A and LM—AL in B. The error bar is the standard deviation of the number of trials.

Next, we identified the coupling filter types of two pairs of neurons on all trials. Fig [5.6]
counts the frequency of each type of all trials. There are cases where the source neuron or the
target neuron do not generate spikes in the whole trial window, so we can not tell what the
coupling filter type is. The trials without observed spikes are categorized into “empty trial”. The
coupling filter type is not always the same and it varies from trial to trial. Our analysis totally
includes 672 coupling filters among V1—LM, and 648 coupling filters among LM—AL. Fig
5.6 shows the mean and standard deviation of the frequency of each coupling filter type. In
both Fig[5.6/A and B, inhibitory type has higher frequency. Since the filter shapes are noisy and
the filters in types O, 1, 2 are very close, some clusters might merge into one. To avoid this
issue, we fix the group weights similar to the k-means clustering instead of updating the group
weights in a typical mixture model, see details in Appendix Fixing the group weights for
all trials does not introduce trial-to-trial variance. We tested the method using different weights,
see Supplementary The portion of each type is sensitive to the group weights due to the
small sample size on each trial.

We assessed the goodness-of-fit using Kolmogorov—Smirnov test based on the time rescaling
theorem [24, 62]]. The results are shown in Supplementary [D.4.16] Most coupling filters have a
good fit except for a few pairs possibly due to the self-coupling effect. The self-coupling effect
can lead the model to select a smaller smoothing kernel width, see Supplementary We
repeated the analysis using a larger and a smaller smoothing kernel width (o, of W in Eq (5.3)),
the results are very similar, see Supplementary We repeated the analysis using totally
different conditions but the same animal. The conclusion is the same, see Supplementary
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5.4 Discussion

One motivation for this work is to develop a flexible, robust and computational friendly tool to
handle large electrophysiological dataset with multiple regions simultaneously recorded. Larger
and more complicated recordings demand that the modeling framework incorporate more factors.
Another motivation is about extendable modeling. The purpose of modeling changes from case
to case. We avoid designing a tool that is highly constrained by specific assumptions or formats.
The framework of the model ought to be easily modified, new components can be freely plugged
in, and different components are ideally separated.

These requirements lead to the proposed model in Eq which is modularized into two
components through the regression framework: the coupling filter component is the main interest
of this work, that is used for inferring spike-to-spike interactions; the kernel smoothed spike train
s; in Eq (5.4) is responsible for removing the artifacts caused by the fluctuating background. The
optimization-based inference is more efficient than sampling-based (while the method can still
be used to the latter, see Supplementary [D.4.4). The model does not need to specify time reso-
lution and the memory complexity is small. Rather than detecting whether the coupling effect is
significant or not, we are more interested in quantifying the effect and build uncertainty around
that so it can be used for more applications, as opposed to only constructing the null distribution
of a statistic (while it can still be used for hypothesis testing, see Supplementary where
build CI for the estimated coupling filter instead of having its null distribution). The modularized
design is flexible since both parts can be adjusted separately for different purposes in various sit-
uations, which also has a connection with the widely used point process GLM[79, 111} 134]]. For
example, if the timescale of the coupling filter is shrunk into a few milliseconds, the model can
also be used for synchrony detection [61} 78, 183} 1120, [141] (simulations or data analysis are not
shown as detecting the effect at only one time lag is not the main goal of the paper). New compo-
nents, for example latent variables, can be added to the intensity function in Eq But this may
lose the convenience of continuous-time modeling if the new component can not be integrated
in closed-form (see Appendix [D.I)). As long as the target equation Eq[5.2]is differentiable over
the coefficients, the optimization is not a big problem. Many variants of the dataset or models
are presented in the Supplementary. Robustness also comes from modularization. The coupling
filter can be adapted to the characteristics of the data without changing the nuisance variable for
the background activity (see Fig [5.4B,C). We do not assume the timescale of the background is
larger than the coupling effect, or vice versa, see Supplementary[D.4.3] For example, as shown in
Fig[5.1] if the coupling effect is weak, the coupling filter can be simplified with less parameters so
that more information in a lag range can be collected for the estimation, thus it is less sensitive to
the noise at one time lag. Leveraging the advantages of kernel smoothing, the nuisance variable
does not need customized design for a special type of the background activity. The smoothing
kernel width can be selected automatically, and the result is not sensitive to the selection, see
Fig [5.3] and Supplementary So the model can be easily applied to massive dataset with
minimal manual intervention.

In our work, the model used for inference is not the same as the specified true model. The
background activity §; is not assumed to be in the same format as f; ; in Eq and If the
inference model and the assumed true model were the same, when the true model needed to be
modified, possibly it would totally overturn the inference procedure, thus limits the flexibility of
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the modeling. However, the cost of our model is that the MLE is no longer guaranteed to have
nice properties such as consistency or asymptotic Normality, etc. We spend a lot of efforts on
justifying that even the true model is not in the special parametric family of the inference model,
it can still achieve satisfactory performance.

Next, we would like to point out some drawbacks of the model and analysis. We add the
second-order stationary condition for the background activity to make the theoretical derivations
simple (Lemma Lemma [D.2.7). However, if the timescale of background changes from
time to time, it can break this assumption, but the model can still hold the same properties as in a
second-order stationary process, see Supplementary [D.4.1] This means the discovered properties
hold in weaker conditions than the second-order stationarity. However, we have not found such
general necessary conditions from either numerical or theoretical point of view. Our theory
(Lemma shows that if the estimator of the coupling effect is very close to the true model,
then the estimator is asymptotically normal. Numerical evidence shows that even the estimator
has non-negligible bias, it can still have normal distribution. We have not provided a theoretical
explanation for this. Another shortcoming of our work is that we have neither strictly proved
why the estimator selected by maximizing the likelthood can minimize the risk and get low
bias, nor provided a bound on the model selection error. Instead, we showed that the estimator
maximizing the likelihood and that minimizing the risk agree with each other very well, through
theoretical approximation (for example, Fig [5.3] A and B dark curves), and provide numerical
simulations to verify the properties of the estimator empirically (for example, Fig[5.3] A and B
blue curves). The regression model fails in eliminating the artifacts if the background activity
is a mixture of very distinct timescales, for example the timescales are compounds of 5 ms and
100 ms. We partially address this issue using multivariate regression in Supplementary
But we think a more general solution can be an extension of the current model by incorporating
multiple levels of background artifacts, at least two levels. As shown in Supplementary [D.4.10]
the bias is significant only when the fast-changing component is very strong. We will leave the
research of this type of issue in the future. But we first need to find out if such strong fast-
changing background exists in real data. If a coupling filter is fitted by a square window, and
it is longer than the true range of coupling effect, it can disturb the model selection. So we
recommend shorter square window if users are unsure about the range of the coupling effect,
or exploring with non-parametric fitting or CCG first, see Supplementary Our theory
has not covered self-coupling effect yet, and we realize that this effect can mislead the model
selection and undermines goodness-of-fit in some situations, see Supplementary But the
introduced error is minor. We will fix this issue in the next step of our work.
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Appendix A
Appendix for Chapter 2

A.1 Datasets

Data \ Monkey Human Goldfish
Feature inhomogeneous trial-to-trail variability —bursty

# Trials 10 10 1

Trial duration (sec) 1 10 30

Mean firing rate (Hz) | 24.0 1.0 32.4

Source Gerhard et al. Gerhard et al. Tokdar et al.

Table A.1: Details of the datasets used in this paper. The Monkey and Human datasets [53]] consist
of single unit recordings from monkey cortex PMv and M1 areas, and from the neocortex of a
person with a pharmacologically intractable focal epilepsy, respectively. The Goldfish dataset
[96, [132] consists of recordings from retinal ganglion cells in vitro that exhibit bursting firing.
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A.2 Diagnostic Maps

A Diagnostic of Gerhard et al. B Updated diagnostic
3 3

[ Stable

I Fragile

[ Divergent

Unstable
-10 -5 0 5 10
B
C Diagnostic of Gerhard et al. D Updated diagnostic

5

Ba

Figure A.1: Stability maps for two FLF models (Equation Fy using the diagnostic of [53] and
our updated diagnostic. For each value of 8, we (i) simulated a 10 sec. long spike train from Fj,
and deemed the model unstable if it generated over 900 spikes in the last second, (ii) produced
the diagnostic curve and determined from it if the model was stable/fragile/divergent, and (iii)
plotted 6 against the outcomes in (i) and (ii). (A) Reproduction of the stability map in [53]
Figure 4, where F} is an FLF model with 5y = —5.3 and h(t) = /31 - B1(t) + 52 - Ba(t) + Dip(t),
where B (t) = e7/992 By(t) = e*/%! and Dip(t) is a negative window function modeling
a 2 msec. refractory period, = (fi, 52), and filter length 7}, = 0.2 sec. The maps suggest
that the diagnostic is mostly reliable, except in small regions of the parameter spaces. (B) Our
updated diagnostic for the same model matches the simulation better. (C) Stability map using
the diagnostic of [53]] for Fy an FLF model with with 5y = —4, h(t) = (1 - B1(t) + (B2 - Ba(t).
Basis B (¢) and Bx(?) are the same as Figure 2.2]A. 6 = (4, 52), and filter length 7}, = 0.35 sec.
(D) Our updated diagnostic for the same model matches the simulation better.

A.3 Simulation algorithms

Algorithms 1, 2, and 3 generate Izhikevich-xx, FLF, and FNF datasets, respectively.
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Algorithm 2: Izhikevich simulation algorithm. The Izhikevich dynamical model can
generate a rich family of biophysically realistic spike patterns [71, [72]], including time
varying rate pike trains, tonic spikes, bursts, etc. A list of parameters to produce various
effects is given in [137]].

1 Input: Parameters a, b, ¢, d. Time resolution A. Time varying spiking intensity /().
2 Imitial: 4(0) =0, v(0) =0, S = {0}

3fort=0rTdo

4 | dv=0.040(t)* + 5v(t) + 140 — u(t) + I(¢)

s | du=a(bu(t) —u(t))

6 | vit+1)=uv(t)+dv-A

7 u(t+1) =u(t)+du-A

8 if v(t + 1) > 30 then

9

v(it+1)=c

10 uw(t+1) =u(t)+d
11 S=Su{t+1}
12 else
13 \ continue
14 end
15 end
16 Output: S

A Izhikevich-burst simulation B 5 Izhikevich-burst FNFg filter C 5 Izhikevich-burst FNF); filters
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Figure A.2: (A) Izhikevich-burst synthetic dataset spike trains and simulated spike trains from
FLF, FNFgs(k=4), FNF,,(k=4). Both type of models can generate busts similar to those in the
dataset. (B) Fitted filters of the FNFg models with number of spikes £k = 1,...,9. When k£ > 3,
the filters are very close to each other since further spikes will not make too much contribution to
the future firing rate, thus will only affect the filter shape slightly. The fitted FLF filter overlaps
with the FNFg filters with £ > 5, suggesting that these models are functionally similar. (C)
Fitted filters of an FNF;; model with k = 4: the filters are substantially different, which suggests
that past spikes of different order have different effects on the firing rate. A likelihood ratio test
comparing the FNFg(k=5) and FNF,,;(k=5) models favors the FNF,; model (p < 0.001).
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Algorithm 3: FLF model (Equation 2) simulation algorithm. This algorithm simulates
ISIs from a unit rate exponential distribution and inverts them using the time rescaling
theorem [24, [79]] to obtain the past spike times.

1 Input: time resolution A, baseline 3(t),¢ € [0, 7, and post-spike filter & with length L;
2 define f(s1,82) 1= > 2, A(t|H;)A, 0 < 51 < sy < T, assume A(t|Hy) > 0;

3 Initial: S = () be the set of spike time points;

4 N(t|Hy) = B(t)

5 tl* =0

¢ while TRUE do

7 draw one sample Z ~ Exp(1);

8 if f(t1.,T) < Z then

9 | return

10 else

11 s = argmin{ f(t1.,7) > Z}

12 S=SuU{s}

13 t1s = S

14 Update the firing rate function by adding the impact of the new spike to the
future firing rate: log A\(7 + t|H;) = log \(7 + t|H;) + h(T), for all
7 € [0, min(L, T — t)]

15 end

16 end
17 Output: S, \(¢|H;)
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Algorithm 4: FNF model (Equation 3) simulation algorithm.

1 Input: time resolution A, baseline 5(t),t € [0, 77, and k post-spike filter ~; with length
Li

2 define f(s1,89) 1= > 72, A(t[H;)A, 0 < 51 < sy < T, A(t|Hy) > 0is the total firing
rate

3 Initial: S = () be the set of spike time points

4 A(t[Hy) = B(1)

5 ey tony o b = 0

¢ while TRUE do

7 draw one sample Z ~ Exp(1)

s | Update the firing rate function log A(t|H,) = B(t) + S ™0 bt —t,,), if t > L,

hi(t) = 0. t;, are the last i’th spike.

9 if f(t1.,T) < Z then

10 \ return

11 else

12 s = argmin{ f(t1.,7) > Z}

13 S=Su/{s}

14 Tix = S losx = tuy ooy T = E(a—1)%
15 end

16 end

17 Output: S, \(t|H,)
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A.4 Misc. results

Derivation of Equation 2.7]

2. ) %%U At = )N () (A1)
tj« €E(t—Th t14) t—Tp
t1x
-E| E | / h(t—f)dN(T)‘NA}] (A2)
Na | N|Na -,
Tk [L / o (1)du] (A3)
Na tl* —1 -+ Th t—t1.

Ty
= Ay / h(u)du (A.4)
t—11x
where Na = N1, 4,.) is the number of spikes in (¢ — T}, t1.), and Ay is the mean firing rate in
that time window. In equation[A.2] the inner expectation is taken over spike count conditioned on
a fixed number of spikes in the interval (t — T}, ty,). If the filter h(u) is estimated by ") — 1 in
[53], the error will be larger if 2 (u) is not close to 0. Because the point process itself is unknown,
the firing rate function is approximated under the assumption that it is a homogeneous Poisson
process. For homogeneous Poisson process, if the number of events is fixed, they distribute

evenly in the interval, which leads to equation @

The time rescaling theorem Let Z; = ftt,l Ao(t)dt, where t; are spike times, Z; are time
integral transformed intervals. Time rescaling theorem states that if A\y(¢) is the firing rate of
the true model, then Z; are iid and Z; ~ Exp(1). The goodness-of-fit test checks how close the
distribution of transformed intervals from estimated model is to the unit exponential distribution.

84



Appendix B
Appendix for Chapter 3

B.1 Simulation study

First, we created a series of PP-GLMs with coefficients ﬁo(g), g € {g1,...,95}. These parame-
ters corresponded to the models with different ion channel conductance scaling factors. Differ-
ences between adjacent models 3°(g;) and 3°(g;.1) were small and the trend was smooth. The
parameters came from a previous fit. Then for each 3°(g;), we simulated 100 3-second spike
trains according to Eq. [3.1] The simulated spike trains were then used to fit new PP-GLMs in
Eq. and the penalty hyperparameter \ was selected as described above in Eq. We ex-
pected to see that after applying the trend filtering technique, the model could recover the trend of
changes despite the Poisson-like noise from the spike trains. We repeated the above procedures
100 times to acquire the mean and the variance of the error. Besides trend recovery simulation,
we also checked the goodness-of-fit using KS test based on time rescaling theorem [24} 62]]. All
fitted models had good performance (data not shown). The results are shown in Fig.
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Figure B.1: Simulations verification for the joint training model A, B, and C provide one
example fit. D summarizes 100 repeated fits. SS values for PP-GLM fits of simulated spike
trains for (A) the stimulus and (B) post-spike history coefficients, and (C) the log-likelihood all
as a function of A. True SS values are shown at the bottom of A and B. Panels are similar to
Fig. 3.3K-M, except that the true model refers to a known set of PP-GLMs with coefficients
B°(9),9 € {g1,....g5}. When A\ = \* (gray dashed line), the S.S values are very close to the
true S'S values, thereby validating our trend filtering penalty hyperparameter selection method. D
SS error between true PP-GLM and 100 separate sets of simulated spike trains from the true PP-
GLM as a function of aligned ) index. Since different runs may choose different optimal tuning
parameter, so the tuning parameters along the x-axis, the index A, are aligned to the optimal \*
at index 0.

86



B.2 ADMM optimization algorithm for training PP-GLMs with
trend filtering

B.2.1 Update rules

Training PP-GLMs with trend filtering (Eq. [3.6) can be optimized using alternating direction
method of multipliers (ADMM) [18,, [113]]. It can be rewritten as,

B
min Y —lu(B(g:) + A|DBI (B.1)
By Pup
B
= min > Lo (B(g:) + Mzl (B.2)
BigyrBupyt 5
subjectto z— DB =0 (B.3)
Where 3 = (B Jo oo ﬁ (a5) ) , Liy(B(g:)) is defined in Eq. . D represents the difference
operator between blocks of 3, each block has dimension d X d.
gzlal,jd,xfl T‘ ,_ﬂzllfh,Iclx,dT; ,,,,,,,, i ,,,,,,,, T; ,,,,,,,,,,
D — ,,,,,,,,:,g;cgg,dfd,,:,ﬁszqz,ﬁx,d,:,,,,,,,,,: ,,,,,,,,,,
7777777 U — e — — — — -
‘ | 95951 9%d | T gpgp_; axd

The augmented Lagrangian is,

Ly(8,2,w) = 3"~ (B(g1) + Azl + £z — D + wl* = £ jw)p?

B
=1
B

p
> —ti(B(g:) +>\||Z||1+—||Z—ZD (g0) + wlI* = S lIwll”

=1 =1

w is the scaled dual variable (scaled by 1/p). B(g;) € R, D € RB-DIxBd ) e RB-1dxd]
z,w € R(B~D4 The augmented term is introduced to increase the robustness of the calculatlon
by changing the target into a strict convex problem. Note that p = 0 is equivalent to the standard
Lagrangian problem. The ADMM update rules are,

Broadcast

- p
Blo) " = argmin - —6(B(g:) + 512 = Y DBle)™ — DwBlgn) + w1,
Alg:) FEENG!
(B.4)
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fore=1,..., B.

Gather
2D = arg min |zl + —||z - Z DiyB(g:) D 4wk |2 (B.5)
i=1
B
wktD) — wk) 4 g(k+1) Z D(i)ﬁ(gi)(k“) (B.6)
=1

Eq. can be calculated using Newton’s method. Define the target Eq. as R(B(gi)),
The gradient and the Hessian matrix are the following,

o 1
Ky = I+exp{—X;)B(g:)}"
VR = X{(pe) = Yo) + oDl | Y DpBle)™ + DpBle) -2 —wh | ®B.7)
jelBI)

V2R = X{[diag (us) © (1= pe)) X + pD{ Doy (B.8)
Eq. B.5]is equivalent to,

Zk+D) — Sy, (Z DB i) k:+1 w(k))

There are other ways to update the equations above in practice. As suggested by [18, sec
3.4.5], the algorithm updates each 3(g;) in turn multiple times before performing the dual vari-
able update. If 3(g;) are updated in parallel, and 3 and z are updated only once, the algorithm
may diverge.

B.2.2 Stopping rules

We determine the convergence of the algorithm using primal residuals and dual residuals [[18],
which stem from the primal feasibility and dual feasibility.

Primal feasibility
z-— DB =0

Dual feasibility

0682 Y —pDT(w*/p), wx:=u"/p
0€5||Z*||1+P( Yp), whi=u/p

Note that we use the rescaled ADMM, u is the original dual variable.
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Primal residual
r ) =zt pg(kth) (B.9)
Here 3 is a stack of 3(g;).
Dual residual Since z**!) achieves the minimum value of Eq. SO
0 coN|z* V|, +p <z<k+1) — DB*TY 1 w(k)>
—OA[2 V1 + pw

We can see that z*+1) and w**1) always satisfy this part of the dual feasibility. This is also the
reason why we set the learning rate as p.

As 3%+ achieves the minimum value of Eq. SO
B
0 €V > Lo (Blg) ™) = pD" (29 — DB 4 wih))
z;l
—Vs Z — 0y (B(g))*Y) — pDT (Z(k+1) _ pBHHY 4 w(k)) + DT (Z(k+1) _ Z(k))
i=1

B
=V Z U (ﬁ(gi)(k+1)) _ pDTW(k+1) + pDT (z(k+1) _ Z(k))
i=1

B
— pDT (z(k) . Z(k—l—l)) e Vf} Z —gi(,@(gi)(k—i_l)) . pDTW(kz—i-l)

i=1
This means that, the following can be viewed as the dual residual.

gk+1) pDT (z(k) _ Z(k+1)) (B.10)

B.2.3 Warm start

ADMM is notorious for slow convergence, especially when A and p is large. When A = A,
we know the lasso penalty term || D3||; = 0 as it shrinks all entries toward zero. So at A = A\jax
we have,

B(g1) = ... = Blgs) = B, (B.11)
All blocks of 3(g;) are unified. And it achieves the minimum value of the target Eq.
B
B, argﬁmin Z —L) (ﬁg)
oo (B.12)
O S (8
0By = !



At the optimal value, by the stationary condition of w* we also have,
z=Dp"=0
Next we can derive the w* using the stationary condition of 3.

B; = argmin — 6(8(9)) + Ellz" = > D)8y~ DBlg) +w'

play JelBINi}
B b * *
0= 3507 | 6B + Gl = 3 DB~ Dobla) +wP
Z JelBNi} Blo)=8"
B ) o
Blg:)=B;
— 0= (B oD
0B(gr) o PLG)
B(gi)=8

Vi =1,..., B. Now we define,

_%gi(/@(gl)) Xﬁq)(uu) —Y))

- —ag(agB) t(B(9m)) X (e —Yin)

where X(;), f1(;), Y(;) are defined the same as Eq. and the gradient of the PP-GLM log-
likelihood function is calculated in the same way. From the stationary condition we know,

pDTw* =v

1
= w'=-(DD")'Dv
p

We also need to consider the stationary condition of Eq. As
z" = argmin \||z||; + gHz — DB* + w||?

— 2" =25,,(DB"—w)=0
— 7" =05, (W) =0, A= Ana

The last equality must hold as the definition of A\, in Eq. guarantees the zero solution.
Then we use the optimal solution {3*,z*, w*} as the initial values for the ADMM when A\ is
large. When A = \,.x, it takes only one iteration to converge of course.

B.2.4 Model parameters

p 1s an optimization parameter instead of a statistical parameter. Under very general conditions,
the ADMM algorithm converges to optimum for any fixed value of p [18]. In practice, the rate
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of convergence and the numerical stability can strongly depend on the choice of p [113]. Large
p values impose a large penalty on violations of primal feasibility in Eq. so the algorithm
favors diminishing the primal residual. Conversely, the definition of s**1) in Eq. suggests
that small p values reduce the dual residual [18]]. So we adopt an adaptive strategy to balance the
primal and dual residuals as the following,

Tinerp(k), 3 102 > pl[sO
pll+1) =< Lp(k), if |s®]ly > pullr®|,

Tdecr

p(k), otherwise

Since we use a rescaled dual variable, we need to change the w as well to maintain the same
dual variable,

w0 e Oy > s

Tincr

Y = Taeaw®, i Is®)5 > pl|r®]]

w
wk) otherwise

Amax can be derived via KKT conditions [18} [113]].

a B
0¢€ 552 ~lo(Bla) +INIDBIL
=1

0 < .
= %;E@(ﬁ(gz)) AD"u
For some v,
{1}, if (DB):; >0
u; € ¢ {—1}, if (DB); <0 (B.13)
So that we get
Amax = [[(DDT) 1DV s (B.14)
where
O S| )
vi=—— 3 Li(B(g
B = B=p"

the 3" is obtained in Eq.

B.3 Stimulus reconstruction

We have presented a method that links channel conductance to specific stimulus filter or post-
spike history filter features in time-domain. Next, we will provide a frequency-domain method
which is an alternative analysis of how ion channel conductance affects stimulus encoding. We
study the frequency properties of the spike-decoded stimulus, which is reconstructed by trained
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PP-GLMs [[111]. The decoded stimulus presents the information that has been encoded in the
spike train. Stimulus reconstruction provides an intuitive method to investigate how ion channel
conductances affect stimulus encoding by comparing the reconstructed stimulus to the actual
input stimulus. The method follows the steps in [133]]. The stimulus is reconstructed using the
maximum a posterior (MAP) estimation of the stimulus given a fitted PP-GLM [ 111, 1133]], shown
as the following,

max P(s|yq); B(9:), ) = max Pye|s; B(g:)) P (s; 0) (B.15)

where s is the vector of full stimulus; ;) is the spike train for the neuron with channel con-
ductance factor g;; B(g;) are the coefficients of the PP-GLM in Eq. P(y@)ls; B(gi)) is the
likelihood function given in Eq. and P(s;0) is the prior of the stimulus with parameters 6.
As described in section the stimulus is the white noise convolved with an alpha function
as we introduced in section m The white noise has a Normal distribution N(0,02I). The
convolution is a linear transform of the white noise, its corresponding convolution matrix is A.
So the prior distribution is P(s;0) = N(0,02AAT). We assume the noise variance o and the
alpha function is known.

The optimization of this model is the following. The log posterior of for stimulus reconstruc-

tion (Eq. [B.15) can be written as,
log P(y)|s: B(g:)) P (s 0)

T
= Z y(l),] (K]S + ij(l) + ﬂbaseline)
j=1

T
— Z log(1 + exp{(Kjs + Hjyg + ﬁbaseline)})

j=1

1
— §ST(02AAT)_13 +C

- 1
=yl Ks — 1" log(1 + exp{Ks + Hyg + B**"}) — §ST(02AAT)_13 +C

The above log-posterior is a convex function of s, thus the maximum a posterior (MAP)
estimation can be done using Newton’s method. The gradient is,

9 aseline -
alog P(yals; B(g:)P(s;0) =Ky — K o (Ks + Hyg) + ™) — (6?AAT) s

The Hessian matrix is,

0? »
9s0sT log P(yi)|s; B(g:))P(s;0) = — K" diag (U (KS + Hyu) + ﬁbaselme))K — (0?AAT) ™
s0s
K, H are the convolution matrices for the stimulus filter and the post-spike history filter. K;
and H; are the j’th row of the matrices. 3™ is the baseline, it belongs to the parameter
B(g:)). C is the constant which is not a function of s. o(-) is the sigmoid function. The operators

o(+), exp(-) and log(-) are element wise, the output has the same dimension as the input. With
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the gradient and the Hessian matrix, one can use gradient descent method or Newton’s method to
get the optimal s. The posterior is a convex function of s, thus it is guaranteed to get the globally
optimal solution.

The original stimulus and reconstructed stimulus were compared using the spectrum coher-
ence in different frequency bands. The spectrum analysis was implemented with Welch’s method
[LO3]. First, the signal was split into overlapping segments. The window length was 256 data
points (256 ms width), with 32 data points overlap. Each window was masked with a Bartlett
window. Second, the periodogram was calculated for each window using the discrete Fourier
transform, then computed the squared magnitude of the output. All the periodograms were then
averaged. Third, we estimated the magnitude-squared coherence, which is a function of fre-
quency with values between O and 1, indicating how well the input signals = matched to y at
each frequency. The estimator for the coherence is the following [91],

e iy = Valhr

= (B.16)
sz f)Syy(f)

where S, (f) is the estimated cross-spectral density between = and y, S,..(f) and Sy, (f) are the
estimated auto-spectral density. The estimated spectral densities were estimated by averaging
the periodograms of all windows.
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Figure B.2: Stimulus reconstructions and spectral coherence. A An example stimulus reconstruc-
tion for conductance scaling of 1.5, 1.0, and 0.5 (colored lines) compared to the actual stimuli
(gray line) for the MC Kchannel. B Magnitude squared coherence between the stimulus recon-
struction and the mean stimulus for conductance scaling of 1.5, 1.0, and 0.5. C The difference in
coherence between the conductance scaling and control scaling of 1.0. D-F The mean coherence
across indicated frequency bands as a function of conductance scaling factor. Gray dotted line
represents control scaling factor. All panels are for the MC K channel.
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Another way to examine the PP-GLM, which is an encoding model, is through decoding.
Decoding is the process of estimating a reconstruction of the original stimulus given a spike train
and a trained PP-GLM (Eq. Fig. B.2JA). We then compare the reconstructed stimulus
to the original stimulus by measuring the coherence as a function of the signal frequency (Fig.
[B.2B, C). We consider only stimulus reconstructions from PP-GLM:s trained with optimal trend
filtering penalty hyperparameter, as the reconstructed stimuli for PP-GLMs trained without trend
filtering were nearly identical (data not shown). This is expected, as the goodness-of-fit is nearly
identical between A = 0 and A = \* (Fig. [3.5C). The coherence analysis allows estimation
of specific frequency components that are, or are not, encoded when scaling different ion chan-
nel conductances (Fig. [B.2B). Here we evaluate how ion channel conductance scaling affects
the coherence between the reconstructed stimulus and the original stimulus, by measuring the
difference between scaled ion channel conductances and the control ion channel conductance
(Fig. [B.2[C). For example, when scaling the MC K, channel, increasing K,channel conductance
generally reduces coherence across the frequency spectrum, whereas decreasing MC Kchannel
conductance shows increased coherence at specific frequencies 35-50 Hz and 70 Hz (Fig. [B.2C).
Generally, the coherence measures are fairly noisy, which we can smooth by averaging over well
characterized frequency bands (Fig. [B.2D-F). The MC Kchannel conductance scaling affects
encoding of mid range, beta frequencies (Fig. B.2D-F), with only moderate effects on low range,
theta frequencies and high range, gamma frequencies. This suggests a prominent role for the MC
Kachannel in encoding of mid range, beta frequencies. Overall, the additional approach of ex-
amining stimulus reconstructions further reveals how different ion channel conductance scaling
affects encoding of specific stimulus features.
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Appendix C
Appendix for Chapter 4

We provide supplementary information and analyses in the form of appendices, figures, and
tables.

The details of the drifting gratings conditions used in our analysis, such as temporal frequency
and orientation, are summarized in [C.1] Details about the simulation study are in [C.1] [C.3] [C.4]
and [C.5] Supplementary analyses about curve fitting are in [C.2] additional material about the
priors is in and essential formulas for partial correlation and regression are in Selected
regression results are in

The remainder of our supplementary material is in a series of figures. The complete set of
correlations, that is posterior distributions of the correlations, are in [C.3| with corresponding full
partial correlations in [C.4] (full here means after conditioning on all the rest of the features).
The plot of marginal and partial correlation similar to Fig 3B,D for the case of V1 and LM
conditioning on AL is shown in The highly concentrated posterior distributions of p,. are
displayed in The complete set of estimated templates, similar to the plots for selected
conditions, are in Fig[4.5] Different plots for the same estimated templates are in|C.8] while[C.9]
shows additional comparisons of the templates to the corresponding PSTHs obtained from the
same selected set of neurons. The locations of recorded neurons, together with their classification
(based on the posterior median), are shown in Goodness-of-fit plots for each trial are in

C.1 Simulation study

The true model in the simulations together with the spiking data were generated according to
the process in Eq (@.1)-(@-8). The matrix ¥’ and the average population activities fP%, fi°c*!,

wocal2 came from the fit to the real data. We included 3 features (Gain, Peak-1, Peak-2) for 3
virtual brain areas. The total number of trials was 180. For one simulation dataset, we totally
drew 2000 MCMC samples, and dropped first 500 samples. The parameters were initialized
with the true values. We totally created 500 repetitions which could make the CI coverage have
a standard error around /0.95 x 0.05/500 =~ 0.01 with 95% CIL. We calculate the CI ends
standard error by following [40, sec. 3.2.1]. A loose lower bound of RMSE can be determined
by the standard error of Pearson’s correlation with the same sample size, while assuming there
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is no bias and the true feature values are known. The standard error monotonically decreases as
correlation absolute value grows. The standard error of Pearson’s correlation is between 0.012
(if correlation is 0.9) and 0.072 (if correlation is 0) [45]. The RMSE range of the simulation is
slightly larger than this range due to extra uncertainty from other parts of the model and the bias
of the estimation.

Our model assumes the neurons within each group have the same property, meaning they
share the same intensity functions fP%®, fioc!, flo2 To verify this assumption, we created
two extra simulation scenarios by adding neuron-to-neuron variance to the intensity functions.
We did not find systematic error in the curve fitting on the real data, so the injected noise was
not specified in specific ways. Instead, we leveraged the generative model and created the noise
learned from the data. In one case, we added mild neuron-to-neuron variance. We first col-
lected posterior samples of fPoP, flocal-l - flocal2 “Thep we randomly assigned a sample to each
neuron with respect to its group. In the other case, we added more aggressive neuron-to-neuron
variance. We approximated the conditional posterior distribution (Eq (#.10) and (#.T1))) of the
intensity function coefficients using Laplacian method when the sampling was mixed. This out-
put a multivariate Normal distribution, where the mean was the MAP, and the covariance matrix
was the inverse of the Hessian. Next we amplified the covariance matrix by 20 times, and drew
samples for each neuron. We replicated the evaluations for these two extra experiments, and the
results are similar.

For the mild noise case, the bias values of the estimated correlations are in the range [—0.039, 0.05]
(the mean of all pairs of features is 0.0025). The correlation posterior CI coverage is shown in
The RMSE values are in range [0.025, 0.091] (the mean of all pairs of features is 0.074). The
simulation standard errors of CI end points were small relative to the RMSE values. The range is
in [0.001,0.010] (the mean of all pairs of features is 0.0057). For the aggressive noise case, the
bias values of the estimated correlations are in the range [—0.033,0.047] (the mean of all pairs
of features is 0.001). The correlation posterior CI coverage is shown in[C.5] The RMSE values
are in range [0.024, 0.088] (the mean of all pairs of features is 0.072). The simulation standard
errors of CI end points were small relative to the RMSE values. The range is in [0.001, 0.0092]
(the mean of all pairs of features is 0.0056).
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C.2 Curve fitting

True model and raw data Spline fit
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Figure C.1: A comparison between different curve fitting methods. The raw data has 150
trials. The knots positions of spline fitting are shown at the bottom of the figure. Our method,
the Bayesian smoothing spline, chooses the tuning parameter using 5-fold cross-validation. The
BARS uses the default parameters.

The above figure shows a simulation example with two peaks similar to the “pop” activity. We
compare our method with two other methods, BARS and spline fitting with manually selected
knots. Our method has has 100 knots and 102 bases. The spline fit model has 16 knots, 18
bases. BARS does not have a fixed number of knots. We use the default parameters in the online
package [82]. The estimated curves are all very close the true model, and the pointwise CI bands
trap the true curve very well. The synthesized data has 150 trials. The CI band of the spline
fitting (top right plot) is calculated from the Fisher information. The positions of the knots are
shown at the bottom. The tuning parameter of our method (bottom left plot) comes from 5-fold
cross-validation [63] sec. 7.10.1]. The spline fit model has 18 free parameters, so the number of
degrees of freedom is 18. The BARS MCMC samples on average have 10.3 knots, so the average
number of degrees of freedom is 12.3. For the Bayesian smoothing spline method, the number
of degrees of freedom is 6.6. Even the number of knots is large, but the effective number of
parameters is actually very small. The number of degrees of freedom is obtained by maximizing
a posterior and approximating the problem as least squares (in the Reinsch form) [36].

The method needs the hyperparameter 7 to control the smoothness of the curves. In the real
data analysis, we first selected a good initial tuning parameter (the tuning procedure can be run
in a few iterations to have a good initial guess, or use simulated data), fitted the model and fixed
other parameters except for the curve fitting coefficients. Then we trained the curve fitting by
maximizing a posterior (MAP), which is equivalent to penalized maximizing the likelihood or the
Tikhonov regression. We selected the tuning parameter using 5-fold cross-validation by splitting
the trials into 5 segments in all conditions [63} sec. 10.7.1] while holding the neuron clustering
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when the algorithm is mixed. We also tested the tuning parameter on simulated data with two-
peak patterns, the result was the same. Since the number of neurons or trials used to estimate
the curve varies, we multiply » with the number of trials in Eq (C.5), and (C.6) (assuming the
trial length is fixed, otherwise the trial length can also be a factor), so that the tuning parameter
selection is invariant of or less sensitive to sample size.

C.3 Priors

We first list some properties of inverse-Wishart distribution, which will later be used for design-
ing the prior for >XP°P. The following properties can be derived from the conclusions in [9, |68]].
Consider the following distribution for the D x D covariance matrix >. The scale matrix ¥ is
diagonal with all positive values. The number of the degrees of freedom is v.

Y. ~ inverse-Wishart(V, v) (C.1)

The marginal distribution of any correlation entry is the following,

i S,
p=——=, iF]
V22
1 p+1llv—D+1 v—-D+1
= —Bet el—1,1
plo) = yea (PP DL ISR ey

If v = D + 1, the marginal distribution is uniform. > has mode ¥ /4, the mean does not exit.
For any partial correlation entry,

(C2)

pfl=——-" _ Q=x"1 4
VALRIUN
/ (C.3)
, 1B pP+1llv—1rv-1 e 11
P~ SBeta | — s ) Ael-L

If v = D + 1, the marginal distribution is a zero-concentrated distribution. As the dimension D
increases, it becomes more concentrated. Marginal and partial correlation properties above do
not depend on the scale matrix as long as all diagonal elements are positive.

Next, consider the marginal distribution of the diagonal element 3, ;,

(C4)

—-D+1 ¥,
;i ~ Inverse-Gamma (V + : )

2 T2

The inverse-Gamma distribution is diffuse enough to capture the uncertainty using its long thick
tail. If select v = D + 1, the marginal distribution does not depend on D. Some previous works,
such as [2]], add extra uncertainty for W, ; in the prior, but we think it is not necessary.
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Figure C.2: An example of variance Y, ; marginal distribution. ¥, ; = 4. The mode is 1, the
corresponding quantile percentage is 13.5%. The median is at 2.89. The quantile at 2 corresponds
to 36.8%, which stays between the mode and the median. The 70.0% quantile is 5.61 times of
the mode. Note that the ratio between these quantiles is invariant of ¥ and D.

In Eq @.8), ¥y = 2®, is a diagonal scale matrix. The number of the degrees of freedom
isvy = D+ 1, where D = d - A is the dimension of the matrix ¥ (Eq (4.7)). Based on the
properties above, such a design leads to some desired properties: 1, as detailed prior knowledge
for the correlation between features is limited, we use uninformative prior for correlations [9]].
The marginal distribution of a correlation derived from ¥P°P is uniform on [—1, 1] (see Eq (C.2));
2, the marginal distribution of partial correlations derived from >P°? concentrate at 0. More
specifically, it is the scaled Beta distribution on [—1, 1] with coefficients (D /2, D/2) (see Eq
(C.3)). As the dimension D grows, it concentrates more at the center. Conditioning on more
relevant or correlated features is more likely to make the partial correlation closer to zero; 3, the
marginal variance of a feature ¢ is diffused with inverse-Gamma(1, [®o);;) (see Eq (C.4)). Py is
a diagonal covariance matrix with the standard deviations being the ranges of the features. The
ranges of Peak-1, Peak-2 and Gain are roughly estimated using a different animal. The standard
deviations for the Gain, Peak-1 shifting and Peak-2 shifting are 0.15 log spikes/sec, 10 ms, 30
ms. We set ¥y = 2@ such that [®y};; is on the long tail in the distribution in Eq and it
stays between the mode and the median (also see the above figure). This can make the prior of
the feature variance less informative.

The prior for the neurons” memberships uses Dirichlet distribution (@.9)) for its simplicity.
The hyperparameter is & = 5 - 1 as an uninformative prior which is relatively small comparing
to the number of neurons. The membership assignment is insensitive to « in a certain range. We
checked the results with o« = 1 (flat prior) and o = 10 - 1. Then, we quantified the distinction
using the difference ratio of memberships’ modes of all neurons in all conditions. The total count
is N - C'. The model with = 5- 1 and the model with & = 1 have 2.1% membership difference.
The model with & = 5 - 1 and the model with & = 10 - 1 have 1.4% membership difference. In
addition, the prior with o = 5 plays a role of regularization, which prevents the model from an
empty clusters before the samples get mixed, while & = 1 does not do so.
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The priors related to curve fitting are the follows,

1
Bae 182~ = exp{ = Npop o e Fe( 57 ) QBEE (C.5)
0
1
Btlzfgal-l | ;s Q e~ ? eXp{_anocal-l,a,cRC( (lz?zal-l)TQﬁigal-l (C6)
1
P(Be?) o 1 (C.7)

Zy, Z, are the normalizers of the distributions. The constraint of the coefficients is designed for
smoothness in the same spirit as the smoothing spline [63, sec. 5.4]. In Gibbs sampling, the
penalty becomes the log prior density, where the prior is normal. The smoothing parameter n
is tuned using cross-validation. Details are discussed in Npop,a,c and Nigeal.1,0, count the
number of neurons in group “pop” and “local-1” respectively. R. is the number of trials of a
condition. Multiplying with N and R makes 7 less sensitive to varying sample size.

C.4 Properties of multivariate Normal distribution

We derive the marginal correlation, partial correlation and R? values directly from estimated
covariance matrix. Let X be a random vector following multivariate Normal distribution X ~
N(p, ). X is the covariance matrix. The marginal correlation between two entries X;, X is,

i
Vi X
The partial correlation is derived from the marginal and conditional distribution. Let us consider

the conditional distribution of Xy | X7, where Xy, X are entries of X. A = WU Z is the index
set of those entries. Then,

p(Xiv Xj) =

(Xw, Xz)" ~ N(p1a,%4.4)
The conditional distribution follows,
Xw|Xz ~ N(pw|z, Xw)z)
bw|z = Hw + szzg’lZ(XZ — /Lz), Ew‘z = ZW,W — szzg’lzzzw. Then we can get the
partial correlation using the covariance matrix Yy z. Now set W = {i,j}. ¥ = Ywz-
P
vV E;z ' EQ,J'
The regression analysis is also based on the conditional distribution. Let y = Xy be the inde-
pendent variable, W has a single index. The conditional relation can be rewritten as,

p(Xi, X5|Xz) =

y=XzB8+b+e
where 3 = X, Y, w. b= pw — Sw,zX, 41z, € ~ N(0, Xy z). So we can derive

R =Wz

Yww

Yw,w 1s the variance of the independent variable, Xy 7 is the variance of the regression residual.
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C.5 Supplementary figures and tables
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Figure C.3: Full marginal correlations Pairwise marginal correlations between all features.
Significantly positive values are labeled by red, and significantly negative ones are labeled by

blue.
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Figure C.4: Full partial correlations Each entry shows the correlation between two features
conditioning on all the rest. Considering all combinations of variables there are 4572 partial
correlations among the 9 features. Here we display the 45 correlations together with the 45
corresponding full conditional partial correlations and we also provide several additional partial
correlations. Significantly positive values are labeled by red, and significantly negative ones are
labeled by blue.
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Figure C.5: Marginal correlation and partial correlation of Peak-2 This figure is similar to
Fig A shows estimated marginal correlation. Each dot represents the estimated time of
peak-2 on a given trial. B shows estimated partial correlation. Each dot represents the residual
from a regression on the conditioning variable (the correlation of these residuals being the partial
correlation given the conditioning variable). The embedded plots in the corner are the posterior
distribution of the correlations. There is no dramatic reduction of the correlation of V1 and LM
after conditioning on AL
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Figure C.6: The posterior distributions of p, .. Each condition has a group of 3 triangles for
V1, LM and AL. p, . is a 3-entry vector showing the probability of the subgroup memberships.
So p,.. are in 2-simplex and they are mapped to the triangles. The left angle represents the “pop”,
the right one is the local-1, and the top one is “local-2”. If a point is closer to an angle meaning
the corresponding component has a larger portion. To simplify the visualization, we approximate
the posterior using bivariate Normal distribution. The dot is the mean, and the ellipse is the 95%
credible region of the Normal distribution. Most distributions are far from “pop” corner (left
angle), which means “pop” takes small portion of neurons. The distributions are close to “local-
2” corner (top angle), so “local-2” include a large part of neuron. All the distributions are highly
centralized, meaning the uncertainty for neuron clustering is very small. The portions slightly
vary from condition to condition, which shows the diversity of neurons’ behavior.
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Figure C.7: Population templates in all conditions. Similar to Fig the figure shows the
fitted population templates with the median and the pointwise 95% CI of the posterior. The
figure is composed of 3 x 3 blocks for 13 conditions. In a condition block, the columns are
exp{ [P}, exp{ fi%"'}, and exp{ f,°%*}. The rows are V1, LM, and AL.
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Figure C.8: Population templates in all conditions. The curves are the same as those in
which are the medians of the exp{ ff%} and exp{ f;?gal-l}. Each curve represents one condi-
tion. We overlap the curve across conditions to demonstrate the condition-to-condition variance,
which is equivalent or larger than the feature variance, such as Peak-1 or Peak-2 shifting. This
suggests disaggregating the data to better capture the subtly varied features.
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Figure C.9: Examples of exp{fP%®} versus PSTH. The PSTH and the pointwise CI are es-
timated using Bayesian smoothing spline similar to Algorithm (1| line 5 without incorporating
peaks shifts. The PSTH curves fit the same set of neurons as in the “pop” group (selected
from the mode of the posterior). In many conditions, the Peak-2 of exp{ff?} becomes nar-
rower and higher than the PSTH. The CI bands around the Peak-2 hardly overlap, for exam-
ple stimulus_condition_id = 249, 268, 280. Thisis because the activity trials are
aligned better. However, in some conditions like 261 AL, the Peak-2 of the model is not sig-
nificantly higher than the PSTH. In most conditions, the Peak-1 of exp{ f%} does not change
too much because the trial-to-trial deviations are small. Another observation is that the variance
of the Peak-2 shapes is larger than that of Peak-2. This explains why the Peak-2 in Fig 4.1] the
overall average, is wider and lower than Peak-2 due to larger diffusion together with condition-
to-condition variance. This also suggests that simply averaging neural activities, even with more
trials, may not get more accurate neural responses without considering the time-shifting devia-
tions or without treating different conditions separately.
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Figure C.10: The location of recorded neurons. The figure shows the memberships and the
locations of the neurons in every area (by column) and every condition (by row). This is an
expansion of Fig[4.7, The membership is determined by the posterior median. The dot shape or
color represent its membership. More precisely, the location of the neuron is the location of the
channel that records the neuron signal. One channel can record the signal from more than one
neuron.
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Figure C.12: Goodness-of-fit test. KS test for “pop” group of all three regions (shown by
checker boards), all conditions (shown by rows), and all trials (shown by columns). The dotted
lines are 99% CI of KS test. At the bottom of the figure, we show some examples of good fits
(highlighted by green in the grid) and bad fits (highlighted by red in the grid). Some trials may
have unexpected activities that are different from the templates (fI), but our method is still
able to find Peak-1 and Peak-2 positions. Since we model the activity by matching the template,
it may loss some details of each trial and fail some goodness-of-fit tests, but it can accurately
capture the main features of interest. For example, the plot of V1 condition 268 trial 8 has a
bump at the end of the trial, which is not common in other trials of the same condition. The
example of V1 268 trial 0 is a representative trial of the condition, which matches the template




Condition id 249 | 256 | 257 | 260 | 261 | 268 | 270 | 274 | 275 | 278 | 280 | 281 | 284
Temporal frequency [Hz] 8 15 8 4 8 4 8 4 8 8 8 15 15
Orientation [deg] 90 | 270 | 315 | 315 | 135 | 45 | 45 90 0 | 225|270 | 315 | 45

Spatial frequency [cycles/deg] | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04 | 0.04
Contrast [%] 80 | 80 | 80 80 80 | 80 | 80 80 80 | 80 | 80 80 80

Table C.1: Stimulus conditions Parameters for 13 trials in session 798911424 used for our
analysis. The contrast and the spatial frequency are the same for all conditions.

Model | Y X R? Difference | R?

A0 AL-P2 | V1-P2 0.71 (0.60,0.82) || A2 - A0 0.12 (0.06,0.19)
Al AL-P2 | V1-P1,LM-P1,AL-P1 0.34 (0.14,0.53) || A2- Al 0.50 (0.35,0.64)
A2 AL-P2 | V1-P1,LM-P1,AL-P1,V1-P2 0.85(0.75,0.89) || A3-Al 0.58 (0.41,0.72)
A3 AL-P2 | V1-P1,LM-P1,AL-P1,LM-P2 0.92 (0.85,0.95) || A3-A2 0.07 (0.04,0.14)
A4 AL-P2 | V1-P1,LM-P1,AL-P1,V1-P2, LM-P2 | 0.92 (0.85,0.95) || A4 - A2 0.08 (0.05,0.14)

A4 - A3 0.01 (0.00,0.01)

Model | Y X R? Difference | R?

BO LM-P2 | V1-P2 0.79 (0.72,0.84) || B2 - B0 0.07 (0.03,0.14)
B1 LM-P2 | V1-P1,LM-P1,AL-P1 0.32 (0.09,0.54) || B2 - B1 0.57 (0.34,0.75)
B2 LM-P2 | V1-P1,LM-P1,AL-P1,V1-P2 0.87 (0.79,0.91) || B3 - BlI 0.61 (0.40,0.78)
B3 LM-P2 | V1-P1,LM-P1,AL-P1,LM-P2 0.92 (0.84,0.95) || B3-B2 0.05 (0.00,0.10)
B4 LM-P2 | V1-P1,LM-P1,AL-P1,V1-P2, LM-P2 | 0.94 (0.89,0.96) || B4 - B2 0.07 (0.04,0.12)

B4 - B3 0.02 (0.00,0.05)

Model | Y X R? Difference | R?

Co V1-G | LM-G 0.62 (0.54,0.69) || CO-C1 0.28 (0.18,0.36)
Cl1 V1-G | P1s,P2s 0.34 (0.23,0.42) || C2-CO 0.10 (0.04,0.14)
C2 V1-G | LM-G,Pls 0.72 (0.65,0.80) || C3-CO 0.02 (0.00,0.07)
C3 V1-G | LM-G,P2s 0.65 (0.56,0.72) || C4-Cl1 0.39(0.31,0.49)
C4 V1-G | LM-G,,P1s,P2s | 0.74 (0.67,0.82) || C4 - CO 0.11 (0.07,0.16)
Model | Y X R? Difference | R?

DO AL-G | LM-G 0.73 (0.68,0.78) || D1 -DO 0.01 (-0.06,0.11)
D1 AL-G | Pls, P2s 0.72 (0.64,0.77) || D2 - DO 0.07 (0.04,0.13)
D2 | AL-G | LM-GPIs | 081 (0.77.0.85) || D3-D0 | 0.07 (0.02.0.12)
D3 AL-G | LM-G,P2s 0.80 (0.76,0.83) || D4 - D1 0.13 (0.08,0.19)
D4 | AL-G | LM-G.PIsP2s | 0.85 (0.81.0.88) || D4-D0 | 0.12 (0.07.0.17)

Table C.2: Regression analysis. See details in the main text.

Regression analysis The regression analysis studies the contribution of some features to
predicting other features. The table contains different sets of linear regression models. Tables on
the left show the R? posteriors median and 95% CI in the parentheses [50]. Y is the dependent
variable and X indicates the explanatory variables. The tables on the right show the posterior of
R? differences between models. As LM is a putative intermediate region between V1 and AL,
we compare how much early features P1 timing, late feature LM-P2 timing and V1-P2 timing
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explain the variance of AL-P2 timing by running regression analysis. We design 5 scenarios:
AQ, the independent variable only has V1-P2 timing; A1, the independent variables only have P1
timing; A2, besides P1 timing, it considers V1-P2 timing; A3, besides P1 timing, it adds LM-P2
timing; A4, it contains the timing of P1 and both V1-P2 and LM-P2 timing. See the tables on
the first row labeled by A. By comparing AO and A2, P1 timing adds very limited improvement.
By comparing the R? of A2, A3 with Al, both V1-P2 and LM-P2 timing explain much more
than P1 timing. But LM-P2 timing contributes more than V1-P2 timing does, shown by the
comparison between A2 and A3. The improvement from A2 to A4 implies that given V1-P2
timing, LM-P2 timing can still add extra prediction power, but not the other way around (nearly
zero improvement from A3 to A4). We apply similar analysis to AL. 5 models with the select
variables. See the tables on the second row labeled by B. The conclusions are similar except
that given AL-P2 timing, V1-P2 timing can still make some contribution to predicting LM-P2
timing (shown by the contrast between B4 and B3). This further affirms our hypothesis that LM
is an intermediate region between V1 and AL. We also conclude that P2 timing features are more
relevant in predicting AL-P2 timing or LM-P2 timing rather than P1 timing features, this may
be due to large time lag between P1 and P2. The last two sets of models labeled by C and D
are related to G. We design 5 scenarios: CO, the independent variable only has LM-G; C1, the
independent variables include all P1 and P2 timing; C2, besides LM-G, it includes all P1 timing;
C3, besides LM-G, it includes all P2 timing; C4, includes LM-G and all P1 and P2 timing.
Models labeled by D have similar design. LM-G can predict both V1-G and AL-G very well.
One difference between C models and D models is that P1s and P2s together can predict AL-G
much better than V1-G, see models C1 and D1 and related model differences. This means AL-G
is correlated with activities in a broader regions or types than V1-G. This is probably because
AL is a higher-order region.

] A1G |91 96 94 91 95 93 93 95
A1PI | 95 93 93 93 92 93 90
Al1P2 | 91 94 93 93 95 92
A2G | 87 94 88 94 88
A2P1 |93 89 93 92
A2P2 | 92 95 91
A3G |91 95
A3PI | 95
A3 P2

Table C.3: CI coverage CI coverage ratio percentage of each pair of features correlation. Al,
A2, A3 stand for 3 virtual areas. G, P1, P2 stand for Gain, Peak-1, Peak-2.
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] A1G |93 96 94 92 96 92 92 95
A1 Pl | 95 92 92 93 92 93 94
A1P2 | 89 93 90 89 92 89
A2G | 88 91 85 92 87
A2P1 |92 92 92 92
A2P2 | 91 92 88
A3G |92 91
A3P1 |92
A3 P2

Table C.4: CI coverage The simulation scenario with mild neuron-to-neuron variance. The table

is similar to

] A1G |93 96 95 92 95 92 94 95
A1P1 |95 92 92 92 92 93 91
A1P2 | &9 92 92 92 96 90
A2G | 89 93 84 95 87
A2 P1 | 91 94 92 91
A2P2 | 95 93 90
A3G |92 92
A3P1 |92
A3 P2

Table C.5: CI coverage The simulation scenario with large neuron-to-neuron variance. The table

is similar to @
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Appendix D
Appendix for Chapter

D.1 Optimization algorithm for the continuous-time point pro-
cess regression model

D.1.1 Updating rules

Eq (5.2) is optimized using Newton’s method. ¢,,, ¢, are bases defined as,

= /W(t — s)N;(ds), on(t) == /hi_m-(t — s)N;(ds) (D.1)
Eq can be rewritten as,

Ni(t) = B - 1+ Budw(t) + Budn(t) = U(t)B (D.2)

U (t) represents the bases, 3 is a vector of all coefficients. If the coupling filter is fitted using
non-parametric method, such as spline fitting h;_,;(s) = B, 1B1(s) + ... + B xBk(s). B, ..., By
are bases.

bni(t) = /Bl(t — S)NY(AS), s ba(t) = /Bk(t _ $)Ni(ds)
5\j (t) = Bj - 1+ Buduw(t) + Buidna(t) + ... + Brxdni(t) = ¥ (t)B

The first-order and second-order derivatives of the target equations are,

2 /T “(3) AN (s) + /OTMs)ds

)
PL__ [TV
0808" _/0 X (s) e )

The advantage the model Eq (D.2) is that the integral term [ W(s)ds can be calculated in
closed form if the bases W are designed carefully. We only have such a convenience when the
intensity function is modeled in linear scale but not others. For example, consider the model in

N
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logarithmic scale log A(t) = W(¢)5, then the derivative of the negative log-likelihood function

becomes,

T T

oL = —/ U(s)dN;(s) +/ T(s)e?®Bds.
B 0 0

Usually it is not tractable to calculate the second term so it is approximated by binning the
data. Our model thus does not need to specify the time resolution. Another benefit of using
continuous-time model is that the number of data points is small, which is proportional to the
number of spikes instead of the number of time bins. For example, if the bin width is 1 ms,
then for one 1-second long trial, it needs to store 1000 data points. If the trial has 20 spikes,
the continuous-time model only needs to keep 20 data points. The memory space is 50 times
smaller.
If the regression bases have form Eq (D.I) with kernel, then

[ [ /o oao e o

If K is a Normal window function or a square window function, the above integral is simple.
The boundary effect can be removed in the integral by only considering a few time point close
to 0 or T. Next, we show how to calculate such integral if K is B-spline, which is widely used
in non-parametric curve fitting. For example, the coupling filter in Supplementary [D.4.3]is fitted
using B-splines non-parametrically.

The B-splines are defined using Cox-de Boor recursion equations. ¢; are knots (with repeated
padding). p is the degree of the spline polynomial. When p = 3, these are the cubic splines.

Bi70 ([L‘) :]I[ti,tﬂ»l) (gj)

B;y(x) = Bipi(z) + —2H——

Bit1p-1-
Litpt1 — Liv1

bitp — bi
Knot padding is important to create proper splines. If p = 3 and the distinct knot locations are
(0, 1, 2), the input knots should be (0,0, 0,0,1,2,2,2,2). The knots need extra p repeated knots
of the two ends. If there are K distinct knots, then there are /' 4 2p input knots. The total number
of basisis K + p — 1.

Lemma D.1.1. For the B-spline curve defined above, the integral of the curve has closed-form
as follows,

> Livpr1 — U
B; ds = 22— D.3
| Bupfeias = e ®3)

Proof. The support of each basis spans over p + 1 knot-intervals (including the padded knots on
the ends),

Supp(Bi,p) = [tza ti+p+1)

d P P
aBz’,p(z) =

B, 1(r) - ———
»-1(®) Livpr1 — i1

Bi _1\T).
ti—i—p —t; +1,p 1( )

114



The support of the derivative is almost the same as the basis except for a few 0 derivative points.

d
Supp(aBi,p) g [tz; ti+p+1)

We reform the derivative properties to get the integral [[15]].

d = > Ci —Ci—1
il c:B: ) = +1)—B, ., (z
T 2B ()= Y0+ 1) By )
1=0 i=0
c; are some arbitrary coefficients. Next we set ¢y, ...,c;—1 =0, ¢;, ¢j+1, ... = 1.

d 00 d i+p p+1
P Z ¢jBjpi1(x) = I ZBj,pH(ff) = ————Bi,(2)

— — litpr1 — ti

The first equation simplifies the sum due to the supports of bases. Then take the integral on both
side,

T T 00 i+p
Livpr1 — & Livpr1 — 1
B;,(s)ds = B;,(s)ds = 22—~ E Bi,q(s) =22 __* E B, (x

The area under the curve of a basis is,
i+p

0o Litpt1
/ Bi,p(s)dSZ/ B y(s)ds = ftpt b ZB,pH titpr1)
_ t

Consider the summation term,

i+p
Z Bjpi1(tivpt1) =Bips1(tivpr1) + Bivipi1tivpr1) + oo + Bigppia (Bigpr1)

. tivpro — t;
:< By (tip) + PR

z‘+1,p(tz‘+p+1)>

Livpr1 — & Livpr2 — Lit1

ti - ti ti _ ti
+ <M3i+l,p(ti+p+l) + praL - Bi+27p (ti+p+1)> Tt
Livpr2 — tit1 bivprs = tir2

Lt — b tisopio — b

_|_< +p+1 +p Biopp(tisps1) + +2p+2 +p+l
Livopr1 — Litp Livopr2 — Litpt1

=Bip(tisp+1) + Biv1p(livpt1) + o + Bigprip(tipr1)

=Bip-1(tispr1) + Biv1p(tivps1) + oo+ Bivprop-1(tivpr1)

=B, o(titpt+1) + Bix10(tispr1) + oo + Bizopr10(tizpt1) =1

i+p+1,p (ti+p+1 ))

So the conclusion holds. L]
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D.1.2 Plug-in estimator for the smoothing kernel width

As discussed in Fig the selection of the smoothing kernel width o, is determined by max-
imizing the likelihood and it is insensitive to the coupling filter amplitude or timescale. This
motivates the design of the plug-in estimator of o,,, which means the optimal kernel width o,
can be determined without knowing details of the coupling filter, or even without any modeling
of the coupling filter. The plug-in estimator is a shortcut of the model selection, especially in the
situations where the coupling filters might change from trial to trial, or from neuron to neuron.
As will be shown in Lemma [D.2.2]and [D.2.4] the negative log-likelihood of a trial on [0, 7] as
function of o, can be approximated as the following ignoring the constant term,

L)~ ( (Puss;) )T( (Pusow)  (w, on) )_1 ( (Purs;) )

NQ_X]- (on,85) (PnPw)  (Pn,en) (on,85)

Qow:W*(Si_j\i)u Sph:h*<si_)\i)

(-,-) denotes the inner product on interval [0, 7']. As demonstrated in Fig the peak position
of the log-likelihood is insensitive to the amplitude or the timescale coupling filter h, so we ar-
bitrarily select h(t) = Ijo4,)(t), 0n = 30 ms. Having a very small filter length, say ¢ = 1 ms,
or dropping the terms related to / could make the surrogate approximated likelihood curves in
the above equation a little different from the likelihood obtained through the optimization in Eq
So we still keep the terms related to h. s;, s, are spike trains, (p,,,S;) = fOT 0 (t)N;(de).
The inner product is calculated by discretizing the time series into small time bins, for example
I ms. Sos;,s; are arrays of binary values with 1 indicating the spikes. This does not go against
the advantage of the continuous-time model. For a large dataset, the plug-in estimator can be
calculated using a subset of samples. We grid search o, with 5 ms step size to find the largest
L(o,). The estimator is not very sensitive to o,,. For example, as shown in Fig Supplemen-
tary[D.4.4|and [D.4.15] selecting kernel scale 20 ms larger or smaller will not affect the estimated
value a lot.

D.2 Theoretical properties of the estimator

In this section, we provide theoretical derivations of the estimator properties, including bias, stan-
dard error, risk, and asymptotic Normality. All of these are built on the second-order stationary
condition, which is described as follows [34],
Lemma D.2.1. Let £ be a second-order stationary random measure on X. It satisfies two prop-
erties.
1. The first-moment measure is M 1(A) := EE(A), where A is a set in the Borel o-field of
X, satisfies,
M (dz) = Adx (D.4)

where ) is a constant, which is called the mean density.
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2. The second-moment measure is M¢ 2(A x B) := E{(A)E(B). A, B are sets in the Borel
o-field of X. The second-moment can be expressed as the product of a Lebesgue com-
ponent dx and a reduced measure, say ]\7[572. Mg o 1s the density of the reduced measure
Mg o(du) = e o(u)du. The following equation holds,

//f(s,t)Mag(dsxdt)://f(:z:,a:%—u)dx-mg,g(u)du (D.5)
xJx xJx

The reduced second-moment measure M&Q is symmetric, positive, positive-definite and translation-
bounded. Details can be found in [34, proposition 8.1.1, 8.1.1]. The mean corrected process is
E(A) :=&(A) — M(A). Similarly, the reduced covariance measure and its density can be defined
as,

Cep(du) := Mg ,(du) = Meo(du) — N du (D.6)
Cep(u) = 1z (u) — A? (D.7)

Similar definitions can be used for two different second-order stationary processes &, C.

Meca(A % B) := EE(A)((B) (D.8)
//fst]\/[gggdsxdt //f:cx+ud:c mee2(w)du (D.9)
Cgcg(du) = Mg(,g(du) —_)\gf\gdu (DIO)

55472(16) = m§<72(u) - /\5)\{ (Dll)

Lemma D.2.2. Assuming f; ; is second-order stationary, the bias of the estimator Bh in model
(5.2) is approximated as,

i D
Numerator = </R[W * W|(s)¢n2(ds)ds ) : </ h(s)cnaz2(s)s )
_ (/R[h*w]( Jexa(ds)d > (/W §)enna(s ) o

Denominator — ( /R W W](s)éMg(ds)ds) - < /R B« h—](s)éN,Q(ds)ds>

- (/R W(S)éNA,2<S)S)2

Cn 2 IS the reduced second-order moment measure intensity of spike count measure N;(-); Cna 2
is the reduced second-order moment measure intensity of between spike count measure N;(-)
and intensity measure \;(+) as described in Lemma If the shared activity f; ; is the cluster
process in Eq (5.0) with parameters or, p, and the coupling filter has form in Eq with
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parameters o, then we have the closed-form as follows,

Numerator(o,,) =

P + A . (/—)erf (&>)
2\/7_1-1/0120—]-0% 2ﬁ0w 2 20[

Y +ﬁerf<i) . p
2 2\/02 /2 + o2 2 V20, 2\/m\/02 /2 + o

A
Denominator(o,,) = .
() (2\/%\/02—1—01 2\/_0w>

p |opert on ) _ 201 1—67%
h 20’[ \/7_1'
_ 2
P op Ai Oh
— | zerf | — | + —erf | —
(2 (2 0120/2—1—0?) 2 <\/§Jw)>

i = E[N;(dt)/dt] = o + p. erf(z) =

(D.14)
T 42
\% Jo e "t
Proof. The bases of the regression model (5.4) include a constant, the nuisance variable §; =
W xs;, and the coupling filter h;_,; * s;. A; in Eq (5.4) can be rewritten as,

Aj(s) = Bj + Bupw(s) + Bupn(s)

Vw, Pn are mean-subtracted bases defined as,
/ W (s — t)(N;(dt) — \ydt)
onls) i= [ hioy(s = (N(de) = R

The above mean normalization will not change the value of the coefficients (3, and 3, but the
baseline coefficient 3 is different from model (5.4). Define the following shorthands,

Sww = <90w790w>a Shh = <90h790h>7 Shw = Owh = <90wa Sph>Sw)\ = <90u}7/\i>a Sh)\ = <Q0h7 )\7,>7

(D.15)
(-, ) denotes the inner product between two functions on interval [0, 7.
L r 9 T
a_ - _/ ~—Nj(d8)+/ 1ds
0P, 0 Aj(s) 0
T 1 o X
N dS - T—/ _ N dS
B+ Bupa(s) + Brpn(s) 1 (09) . 5(ds)

e /Tﬁl (1Bt - Bt mias o (/T 5 (Feno 1 Bae)
( T

o[ 4 (et ) i)
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The quantity in omitted term

/OT en(s)N;(ds) = E [/OT ©n(s)N;(ds) NZ} - /OT on(s)\;(s)ds

T
:/ on(s) (COnstant + fij(s) + ah%@))ds
0

_ / on(s) (i + Fig(s) + angn(s) ) ds = / onl) (M) + anns))ds

The conditional expectation is over count process [NV, (-), and the equation holds because of the
Campbell lemma [93, Lemma 1.1]. So the omitted term or the approximation error is

?;’ gQ (Shr + anShn)

Terms S\, Swhs Sha, Sun, Will be derived in Lemma The trial is in time interval [0, T']. So
the baseline is approximately,

(Swr + nSwn) +

The baseline parameter is approximately fixed at the mean firing rate );, so we only need to
consider the negative log-likelihood function L (3, 34) of two parameters 3 = (3., 8)7. It can
be approximated using the quadratic form,

L~ %ﬂTHB + b3 + constant (D.16)
oL 2L
98~ HB+b, H= 9803" (D.17)
T U(s)W(s)"
(ds) ~ Ey. - N (ds)|N;
aﬁaﬁT / )~ B /o S s

_/0 o ; A (s)ds %}%/OT\I/(S)\I/(S)TCIS

VU (s) = (Yuw, on)? is the vector of two bases. The parameter b in Eq (D.16) can be solved using
two special solutions B and BC.

. dL(BE,0)

B __ w ) —
R
5 OL(0, 5F)

“=0 hl =0
5’[1.1 aﬂh
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As for ,5’5 , let us compare it with model :\j = B + BuwPw

_0Lr(B) _ [T eul®) gy s (s
0= T / Xj(s)cwj<>+/0 pu(3)d

= [ e an) = 1 [ ul)—g——ano

A+ BBu(s) A L+ 520, (s)

- _/ (1— ﬂ_¢w< )) dN;(s) + o (i—‘;/o Pu(s)euw(s )dN](S)>
_)\_/ Pu(s) (1 - i_]¢w( )) dN;(s) Nl]

———/ Pus (1— = pu(s )) Aj(s)ds

Then we can derive the 35,

Similarly, we have

The MLE then is, A
—H (D.18)

So we have the estimator Bh,
B %Sww : <30h7 )\]> - Shw . <§0w7 )\]>
" SuwwShn — 52,
_Sww : <50ha a;‘ + fi,j + ah@h) - Shw : <§0w7 O‘;‘ + fi,j + ah@h)
SwwShh - S»ih

_Sww {@n, fij) = Shw * {Pw, fij) Sww * {ns 1) — Shw * (Pw> Pn)
= 2 + o 2
Swwshh - Swh SwwShh - Swh
~ Sww - (@n @i + fij) = Shw - (Puws i + fij) N
= 3 Qp,
SwwShh — Sin
Sww <§0h7 > Shw <<pw7 /\z>
Rap +
" SuwwSin — i

So the bias of the estimator is approximately,

bias(f3)) ~ S?Shgh; fh;’f“ (D.19)
ww hw
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Lemma shows the derivation of the inner products Sy, Shi, Shw, Swrs Sha- ]

Corollary D.2.2.1. When the smoothing kernel becomes infinitely narrow, the bias in Eq (D.14)
satisfies

. Numerator Perf< 207 )
lim - — P
ocw—0 Denominator _ iy
p |operf (%) — % 1—e %1

Corollary D.2.2.2. When the smoothing kernel becomes infinitely wide, the bias in Eq (D.14)
satisfies

(D.20)

+ j\iah

P Oh
_ Numerator serf (20’[)
lim . — 5
sw—oo Denominator ) iy
On | _ 201 _ o 4o
p |operf <201> NG 1—e *1

Corollary D.2.2.3. Ifthe regression model Eq (5.4)) does not include the nuisance variable, which
becomes a typical Hawkes process, then the bias of the estimator is

Lerf
. A Sha 2T ( 0>
b N
) ~ o =
p |operf (%) %\? 1l—e *1

The approximation is similar to Lemma [D.2.2] Note that the three corollaries have the same
results.
Lemma D.2.3. The variance of the estimator Eq (5.2)) for one trial on time interval [0,T] is
approximated as,

D.21)

+ )\iah

(D.22)
+ j\io—h

N Numerator
V. R — D.23
ar(ﬁh) Denominator ( )
Numerator = ( W * W( cN72(d3)ds> (D.24)

Denominator =

/‘\’ﬂ
=

/ W W cNg(ds)ds> - < /R B+ h](s)éN,z(ds)ds> (D.25)

- ( /R W(s)ew(s)s)Q (D.26)
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If fi ; follows the cluster process in Eq (5.0), then

s
Numerator(o,,) ==~

P A
_|_
T <2ﬁ\/012u+0% Qﬁaw)

Ai
Denominator(c,,) =
() (2\/?\/02—1—01 2\/_Uw>

at (20} 2200 (o
pian 20’[ ﬁ
_ 2
p Op Ai Oh
— | Eerf | ——— | + Zerf [ ——
(2 (2 012”/2—1—0%) 2 (\/5%))

The proof is similar to Lemma using the Fisher information.
Corollary D.2.3.1. If 0, — 0 of the variance in Eq will converge

2
9 _ %k
operf (%) — % <1 —e 4"%>

Corollary D.2.3.2. If 0, — 00 of the variance in Eq (D.27)) will converge

2

Op 207 — b

f __ s 1_ 40
oret (201) ﬁ( ’ I)

Corollary D.2.3.3. Ifthe regression model Eq (5.4) does not include the nuisance variable, which
becomes a typical Hawkes process, then the variance of the estimator is
-1
+ /\ O'h)

5 5\ 5\1 o 20 Uh
s 5= oot (5) - % (-7

The proof is similar to Lemma The three corollaries above have the same results.
Lemma D.2.4. The negative log-likelihood of Eq (5.2) can be approximated by

T -1
I n % ( Swx + anShuw ) ( Sww  Swh ) ( Swr + AnShw ) +constant  (D.30)

) ~1
Numerator X, <p n Am) (D.28)

m -—
o»—0 Denominator T

lim —mM = =

Numerator i
sw—oo Denominator T p

-1
+ Xz»ah> (D.29)

Sha + anShn Shw  Shh Sha + anShn

The values Sy, Shhy Shiws Swi, Sna is shown in Lemma[D.2.6)

The proof is similar to Lemma[D.2.2]
Lemma D.2.5. Let the estimator be the model in Eq (5.2). Assume |f3],
and the third-order derivative of the intensity function and log-intensity function are bounded

?

gg is a continuous function of 3; and E!Bh —ap)*=o0 ( \F)’ where R is the number of trials.
Then B is asymptotically Normal
VR(B—a) ~ N (0,1(8)7") (D.31)

I(pB) is the Fisher information.
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Proof. We expand the negative log-likelihood function of MLE B = ( Bﬁ, Bh) at the true value
a = (b5, an), while other entries (5, are the same as MLE. R is the number of trials. «, is the
true value of coupling filter coefficient. We have the following,

_ Lo 1 oL
VROB|,., R apopT|,

VRS l /H dt——/ Gt }(B—a)

The last term is the reminder as in Taylor’s theorem in the Lagrange form. H, G are the third-
order derivative of the intensity function and of the log-intensity, which are assumed to be
bounded by M, see [106, theorem 5, condition C4]. H, G are evaluated at some value between
3 and a.. With the assumption that E|5), — as|> = 0(1/v/R). I(«) is the Fisher information.

-\/f_%(ﬁ—a)

1 LB . PL ]
R 0B03T _QHE[aﬁaﬁT} = 1)
1 oL

H__ — I(a)VR(B - a)|| < MVE|(5 - )|

as B — oo. As we have iid trials,

o (o ] o [ )

As assumed E| 5, — ap|? = o(1/+v/R) and 3, is bounded, so 3, — oy, = 0, 2L is a continuous

s 8/3

function of j3,

oL /T W(s) /T » OL

- = - ——dN;(s) + U(s)ds = — =0

9B | 5-q 0 A(s) i) 0 (=) OB | 5—p
so E [\lﬁ gg } — 0. For the covariance we have,
E {8_L8_LT] =E / / dudv — du]\f (dv) — dv]\fj(du) + N{(du){\]j(dv)

05 0p Lo N Ah()

_E U/#+//} ifu = v, N,(du)N,(dv) = N;(du)
_ <_/0qu( )§j<Z;du+\IJ( w)du ) (-/fxp@)%dw@@)@)

(
" /OT \Ij(;\])(—u()g)T)\j(u)du SE B;%(?T)}
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Finally we have,

oL 0?L(B)
Cov|—| — E
o [05} {%%T
Note L represents the negative log-likelihood here. Taking this into the Normal distribution of
the estimator leads to the conclusion.

]

Remark The proof procedure and conditions are different from some previous works, such as
[106], because the model we propose is not necessarily in the same parametric family of the true
model. In some situations as shown in Lemma|[D.2.2] if the smoothing kernel widht is not selected
properly, the bias can be nonzero, so the MLE is not always consistent, which is an important
difference from the theory in [106]. This is why we add conditions such as E| Bh —apl? =

0 (ﬁ) . With these conditions, the MLE can still get the good properties like typical ones. These

conditions are feasible. As shown in Fig[5.3] the bias is able to be zero. We assume the samples
are collected by iid trials, so the variance convergence in the rate of O(1/R). We verify the
asymptotic normality using simulations in Supplementary Numerical simulations shows
that even the bias is non-negligible, the asymptotic Normality still holds.

Another difference is the way the data is aggregated. From practical point of view, especially
in neuroscience data collection, data are collected session by session not through one continuous
recording. This affects how the central limited theorem is applied. Our theory uses the basic
version which assume data samples are iid. But some works use different versions of central
limit theorem assuming time segments have weak temporal dependency and it decays quickly
[29,106].

Lemma D.2.6. If the model follows Eq (5.6) and Eq (5.7)), then the inner products defined in Eq
(D.15)) can be derived in closed-form. Details are in the proof.
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Proof. Apply Lemma([D.2.1,[D.2.7] and[D.2.8]

1
T

Sww ~ /R[W « W1(s)én2(ds)ds

= / ! s P < 1) ) d
 Jr 205,V P 402 | \ 207/7 P 4o? 18] ) €3

P A
= +
2T\ 02 +0F  24/Toy

TS [ o) (9enalds)ds
:/R {rect (Uﬁh _ %) « rect (—Uih _ %)} (s) (ﬁ exp {—4%} + M(s)) ds
o) (ol

B u 1 p 52 -
_/]R {rect (U_h - 5) * gbgw(u)] (s) (m exp{—ﬁ} + )\ié(s)) ds
Y /S B
= erf( %2 4o +401> + 2elrf (ﬂaw>
- w)\N/W CN)\Q
52 p s d
yE r{ o) (oo { i)
)

:\/2012” +40? - /7
1 .
?Sh,\ %/ h(s)énn2(s)s
R

—/]I (s) P —i ds
~ Jy 0ol 20/ P 40

P Op
—Porp [ 2

2 (201)

Lemma D.2.7. Assume the point process N;(-) is second-order stationary (Lemma with
reduced second-order moment measure intensity Cy o, intensity function \;, and mean intensity

]
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\;. Define two mean subtracted processes,
/ Wi(s —t)(Ny(dt) — M\idt)
/ Wa(s — t)(N;(dt) — \ydt)

Then the inner product on interval [0, T| between the processes is

(roes) = T [ W0 Wy J()ealr)dr (D.32)
R
Wy (z) == Wa(—2x).
(Pws Ai) = / W (r)énaa(r)dsdt (D.33)
R

CNA2 IS the reduced second order moment measure intensity between two random measure N;(-)
and A;( =[,A 4 Ai(t)dt is the intensity measure.
Proof.

T T—u T—u
:/ / Wi(s)Wy (r — s)ds - ¢no(r)dr - du

0 —u —u
T T—u
~ / Wy Wy |(F)éwa(r)dr - du ~ T / (W, 5 Wy | (1) o (r)dr
0 —u R

The approximation error comes from the boundary effect. If the kernels I, W, decays fast, the
error can be ignored.

(P A / / W(t —u) (N;(du)) — ;\idu) Ai(t)dt
- / / Wt — ) (Ny(du)) — Adu) (A(t)dt — Ad)
%T/RW(T’)éNAQ(r)dsdt

O

Remark Many works that study the second-order stationary point process is in the frequency-
domain [10, (19} 20} 21,164, 97, 104] and [34, ch. 8]. All of our analysis is in time-domain. If we
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apply the Parseval’s theorem to Eq (D.32)), it equivalently shifts almost all results into frequency-
domain.

/R (W, 5 Wy (1) a(r)dr = / Wo(f) - Wy (f) - Twaldf)

where W\l, /V[72’ are the spectrum of kernels, and I' v 5 is called Bartlett spectrum for point process
or Bochner spectrum for wide-sense process (see [34, ch. 8] and [19]). This can shift the time-
domain analysis into the frequency-domain. This work does not include any frequency properties
of the estimator, but it is promising to interpret some steps using the Bartlett spectrum measure
in the future work.

Lemma D.2.8. Consider the cluster process in Eq (5.6). Let ¢(-),, be a window function with
scale or, 15 be the points of the center process which is generated by homogeneous Poisson
process with intensity p. «; is the baseline. The intensity function has form,

=i+ > ¢g (t—t) (D.34)

= [, A Ai(t)dt is the intensity measure with respect to the intensity \;. N;(-) is the corre-
spondmg count measure. Assume ¢, is a Normal window with mean zero and standard deviation
o1. The reduced covariance measure intensity of \;(t) is,

2
ern(u) = p- oo, * Go,](u) = p = eXp {_u_} (D.35)

2
4dmoy 4o

Similarly, the reduced covariance measure intensity the point process N;(t) is,

2
Ena(w) = p - [Po, * do,) (1) + N0 (u) = exp {—%} + Ao (u) (D.36)

I

p
\4ro?

2
Exns(t) = p- [doy * bog)(u0) = ﬁexp {—%} (D.37)
I

Proof. The first-moment property of the intensity is,

N =E [/ Go, (t—5) ds} /gbUI ) (o + p)ds = a; + p
The reduced covariance for the second-moment stationary process is defined as,

Cap(w) = Ei(@) (@ + u)] — ED(@)[E[Xi(z + )] = EAi(z)\i(@ + u)] — A
The second-moment measure of homogeneous Poisson process is [64],

M]C\],z(dv) = \i0(v)dv + Aidv
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The second equation holds due to the Campbell lemma [93, Lemma 1.1]. N€(-) is the count
measure of the center process.

= EAi(2)di(z + u)]

onalu) = E {Ai(dx)cﬁj E{Z + du)}

=E[(a; + fij(2))(a; + fij(x +u))] = E[fi;(x )fij($+u)]+2pai+&?

_]EK/ P (7 = 5) AN(s ></ Go; (¢ +u—1)dN(r ))] + 2pa; + of

=E {/ / Goy (T —8) P, (x +u—1)dN(s )ch(r)] + 2pa; + o
— [ ds [ 0y (0= 5) 0y (25 0 540 M) + 290+
X4 p / Gor () Gy (1 — 5)ds = X2+ plGy * 0] (1)

The reduced covariance measure intensity of the count measure can be derived as follows.

Mpyo(dt x (t + du)) = dt - My o(du)
=E [N;(dt)N;(t + du)] = Ep [Ex [N(dt)N (¢ + du)|A;]]
=6 (u)du + Ey [A;(dt) Ay (t + du)] = N (u)dudt + mp o(u)dudt

So we have,

Similarly, the reduced second-order covariance intensity is,

My o(dt x (t 4 du)) = dt - My o(du)
—E [N (dt)A(t + du)] = Ey [Ex [N(dt)A(t + du)|A]]
=E, [A(dt)A(t + du)] = mp 2(u)dudt

So we have,

mNA,Q(U) = ﬁ”bA,Q(U)

Enaz(u) = épo(u)
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D.3 Application to neuroscience dataset

D.3.1 Materials

We applied our method to the Allen Brain Observatory Visual Coding Neuropixels [121]. It uses
multiple high-density extracellular electrophysiology probes to simultaneously record spiking
activity from many areas in the mouse brain, especially the visual cortex. The animals were
passively presented with visual stimuli while the head was fixed. The details of the experimental
setup can be found in [121]]. Our work uses drifting gratings as it includes many repeated trials,
the trials are long and stimuli strongly elicit neural responses. The drifting gratings have 40
conditions which are combinations of 8 different orientations (0°, 45°, 90°, 135°,180°, 225°,
270°, 315°, clockwise from 0° = right-to-left) and 5 different temporal frequencies (1, 2, 4, 8,
15 Hz). The spatial frequency is 0.04 cycles/deg and the contrast is 80% for all trials. One
condition has 15 repeated trials. A trial lasts for 3 sec with 2 sec stimulus and 1 sec blank screen.
The sequence of the conditions is randomly arranged. The baseline condition has 30 trials with
a grey screen. The number of neurons in visual cortical areas recorded by one probe ranges,
roughly, from 40 to 100. Usually, 6 probes are recorded at the same time. The dataset assigns
unique identities for all properties, such as conditions, trials, neurons, etc. In this paper, we refer
to those identities directly. We analyzed mouse session 798911424 using randomly selected
19 drifting gratings conditions, totally 19 x 15 = 285 trials. The time window of each trial
is [400,2000] ms dropping the initial part of the trial after the activity gets more stable. The
conditions are: 275, 246, 268,270, 284,274,249, 263, 265,261, 286, 258,278, 267,
280,256,260,257, 281. We selected top 30% most active neurons (thresholded by the mean
firing rate) including 28 V1 neuron, 24 LM neurons, 27 AL neurons.

D.3.2 Details of Fig[5.1

The real data is composed of spike trains of two neurons, : =951102476 and 7 =951109307.
We considered the coupling effects ¢« — 5 (¢ leads 7). The trials include 3819, 3828, 3859,
3882, 3886, 3906, 3912, 3917, 3922, 3924, 3925, 3930, 3932, 3942, 3946, 3948,
3951, 3953, 3959, 3966, 3980, 3995, 31020, 31033, 31035, 31040, 31048, 31054,
31055,31114,31129,31152,31161,31170,31173,31174,31177,31179, 31182,
31186,31190,31194, 492009, 49211, 49220,49262,49290, 49301, 49304, 49305,
49327,49353,49378,49390, 49418, 49420. We selected these trials as they were iden-
tified as “inhibitory” type coupling effect using our algorithm. In Fig[5.TA, the jitter window
width is 120 ms. Smaller or larger jitter window width yields similar results. The time bin for
the spike train is 2 ms. The pointwise CI or the simultaneous CI were calculated using 1000
surrogate jitter spike trains. More details of the jitter-based CCG can be found in [3]. In Fig
the coupling filter was estimated using the B-splines with 6 evenly spaced knots (9 spline
bases). The smoothing kernel width is o,, = 60 ms.

For the simulation data, the spike trains are generated using the model in Eq[5.6]and Eq
The activity f; ; in the true model is set as a cluster process in Eq (5.6) with o; = 40 ms. The
firing rate of the center process p = 12 spikes/sec. The baselines are o; = «; = 1 spikes/sec. The
square window filter width is o, = 50 ms and «y, = —5 spikes/sec in Eq (5.7). The simulation
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has 56 trials and the length of the trial is 2 sec, which is the same sample size as the real data in
Fig[5.1A,B,C. Different trials are assigned with a different randomly generated f; ;. The coupling
filter is estimated using B-splines with 5 evenly distributed knots (8 spline bases).

D.3.3 Algorithm for filter type identification

The model is estimated using hard EM algorithm, that alternatively updates the coupling filter
templates as shown in Fig[5.5and coupling filter type of each coupling filter on each trial.

Update coupling filter templates. 7, ; ,; is the coupling filter type of neurons ¢ — j on
trial r, which is a categorical variable. h; is the coupling filter templates, / = {0, 1,2, 3,4} with
respect to “no effect”, “excitatory”, “inhibitory”, and two oscillatory types. We put all trials of
the same type from all neurons together to estimate the coupling filter template.

2 &6

T
h; = arg min { min Z — Z log S\T,Hj(s) +/ S\nHj(s)ds ,1=1,2,3,4
h PP zisa=1 \ sen; 0
(D.38)
The template for “no effect” (I=0) is fixed as 0. :\m‘—m‘ is constructed similar to Eq which is
a linear function of f3;, 3,,, h. For type 1 and 2, we estimate the coupling filters using a square
window with width 50 ms similar to Eq for type 3 and 4, we use B-spline with 8 evenly
distributed knots. The fitted templates are in Fig[5.5]
Update coupling filter types. I represents all templates, N;, N; represents all spike train
data.

Z’I"L—}] —argmax{p(Z]H N’HN)}
—argmax p(Z|B;, Buw, H, N;i, N;) - (ﬂj,ﬂw)dﬁjdﬁw}

p(Z|B;, B, H, NMV)}} (D.39)

J

{
s s
el

—argmax max < p(N;|B;, Buw, hz, N;) - p(Z)}}

T
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The third row marginalizes the nuisance parameters using the approximation through BIC [39].
/\T i—; 1s constructed similar to Eq [5.4, which is a linear function of 3}, 8, h. p(Z), Z =
0,1,2,3,4 is the weight of the couphng filter type. The optimization over the negative log-
likelihood can be calculated using Newton’s method as shown in Appendix [D.I] The model
converges quickly. The updating terminates if the coefficients of the coupling filter templates
and the group sizes change very small. In the first updating rule, conditioning on the spike trains
and the rest variables, the coupling filters for each type can be calculated independently. In
the second updating rule, the coupling filter type of each pair of neurons and each trial can be
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calculated independently. So the algorithm can be highly implemented in parallel to improve the
performance.

A standard mixture model updates the group weights in every iteration. But in our situation,
the clusters of types 0,1,2 are very close since the coupling effect is not very strong, they might
become unbalanced or get merged because the distributions of these groups are not well isolated
with a clear boundary. To overcome this issue, we fix the weights p(Z) as a constant, which is
reduced to a clustering method similar to k-means. As the weights do not change from trial to
trial, it will not introduce the trial-to-trial variation. To verify whether the conclusion is sensitive
to this modification, we present more results in Supplementary with different uneven
weights. The number of significant outcomes is slightly different, but the patterns are similar.

For the initialization, we started with exploring the dataset in the following ways,

1. The whole dataset is too large. We selected the most active 30% of neurons determined

by the spike count of all trials. Then randomly selected some pairs of neurons among
VI—LM and LM—AL.

2. Run CCG on these pairs of spike trains. Strong coupling effects would first be picked out,
just like the examples in Fig [D.24fype 3 and type 4. We grouped them into two clusters
based on the CCG curves (run k-means on CCG curves). Then applied the point process
regression method to get the coupling filter templates of type 3 and type 4. The CCG
results also helped with determining the coupling filter length, where the end of the filter
had small values.

3. The rest pairs had weak coupling effects. CCG was not powerful enough to distinguish
them, and most parts of the curves stayed within the confident bands. But we found some
curves were above zero, some were below, and some fluctuated evenly around zero, as
shown in the examples in Fig and Fig This motivated us to aggregate the data
(along with the time lag instead of focusing at one lag) to detect the weak signal. Stepping
back from estimating the detailed shapes of the curves, we simply chose square window
coupling filters, one being positive, one being negative and one being zero. Their initial
values are set to 3 spikes/sec, -3 spikes/sec and O spikes/sec. The length of the filter was
roughly determined by checking CCG and running non-parametric fitting. As discussed in
Supplementary we preferred to choose shorter filters than longer ones.

4. The smoothing kernel width of W was determined using plug-in estimator as shown in
Appendix by sub-sampling 5000 trials. As described in Fig the selection of the
smoothing kernel width is invariant of coupling filter properties, it does not matter what
the coupling filter type the trials have. We tried several times and got a similar value. (We
later on came back to verify if the fitted templates changed too much if the kernel width
was set to a smaller or a larger value). The kernel width used for the analysis in the main
text is 60 ms.

5. Once we got the templates of the 5 groups, we could update the coupling filter types of all
neurons on each trial. Then alternatively run the updating rules above.
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D.4 Supplementary information

In this section, we will present more simulation study from section to section [D.4.11| as
summarized at the end of section The topics include: Timescale-varying background; Non-
shared fluctuating background; Fast-changing background; Bayesian model; Non-parametric fit-
ting for the coupling filter; Selection of coupling filter length; Asymptotic Normality of the
estimator; Hypothesis testing example; Background activity with Laplacian window function;
Multivariate regression and partial relation; Self-coupling effect; Rate coupling and delayed
shared input. We will also provide supplementary materials to the real data application, where
we will show: More examples of coupling filters and jitter-based CCG; Clustering with unbal-
anced weights; Results with different smoothing kernel widths; Goodness-of-fit; Results using
different dataset.

D.4.1 Timescale-varying background activity

The shared activity f; ; in Eq (5.6) is composed of a sequence of Gaussian windows with fixed
scale o;. The locations of the windows are determined by a homogeneous Poisson process with
intensity p. This simple random process is second-order stationary and many properties can be
calculated in closed-form formula as shown in Lemma oy controls how fast the activity
changes. If o; is smaller, the activity will change faster. This makes the theoretical derivations
much simpler.

Here we design a similar process but the scale of the window o7 is no longer a fixed value,
where o;; changes in a continuous range. Every time point of the center process t{ is assigned
with a different scale o ; randomly. The settings of this simulation scenario are the same as Fig
[5.3|except that o7 ; is set by a uniform random variable between 80 ms and 140 ms. The process
fi,; changes faster at smaller o ;, and changes slower at larger o7 ;.

fij = Z Gop, (T —17) (D.40)

The true coupling filter is a square window h,,;(t) = oy - Ijo,)(t), where the timescale is
op, = 30 ms, the amplitude is o, = 2 spikes/sec.
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Figure D.1: Simulation results of the coupling filter estimator with varying background
activity timescale. The figure is presented in the same ways as Fig The simulation details
are in the text. The shared activity f;; in Eq (5.6) is replaced with Eq with varying
timescale. The results are similar to Fig[5.3] The dark curves show the equivalent theoretical
approximation using the model in Eq [5.2] and Fig [5.2] with fixed timescale o; = 100 ms with
manually tuned o; to match the numerical results.

As shown in Fig [D.1] the selected kernel width o, will balance the varying timescale, and it
can still the select estimator with small risk and low bias, indicated by the vertical lines in Fig
A and B. Similar to Fig [5.3D, the SE does not change too much as the smoothing kernel
width o, changes. The model can balance the bias, which can be explained by its properties in
Fig [5.3[C. If the timescale of the background o is fixed and consider the bias of the estimator
near the right root. If o, is larger than the right root, the bias will be positive, if o, is a little
smaller than the right root, the bias will become negative. In this scenario, the timescale of the
background o; varies. The optimal o, is relatively large for the activity with small o;, so the
bias is positive for fast-changing part. The optimal o, is relatively small for the sessions with
large oy, so the bias is negative for slow-changing part of the activity. With proper selection of
0w, the estimator will balance the overall bias between fast- and slow-changing activities, and it
can still achieve zero bias. Together with the SE, the risk properties remain similar in Fig[D.T|A.

To verify the reasoning, we compare the numerical results with the equivalent theoretical
approximation shown in the dark curves in Fig The theoretical method is for the model
in Eq and Fig with fixed timescale for the background by manually tune the timescale
as o; = 100 ms to match the numerical curves. The behavior of the estimator for the varying-
timescale background activity is almost equivalent to the case with fixed-timescale background
activity. The SE of the numerical results is slightly larger though.

Finally, we also want to point out that the model could fail if the shared activity is a mixture
of very distinct timescale, for example when it is a compound of 100 ms and 5 ms. The shared
fast-changing input can be the spike trains from a subpopulation. We will further discuss this

problem in Supplementary [D.4.10]
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D.4.2 Non-shared fluctuating background

The baselines of the model in Fig are constant «; and «;, and the only fluctuating back-
ground activity comes from the shared component f; ;. In this section, we consider non-constant
baselines f;(¢) and f;(¢) for each neuron exclusively. The diagram of the new model is in Fig
[D.2] The only differences from Fig [5.2] are the extra components f;(t), f;(t). The settings of
the simulation are also the same as the case in the main text Fig[5.3|except for f;(t), f;(t), and

fij(t). |
Fit) =D o, (t— 1)

_ (D.41)

Fi8) =D b, (t—137)
fi(t) and f;(t) are created using independent cluster processes. The intensity of the center pro-
cesses is 10 spikes/sec. t¢, ¢ are the time points of the center processes for f;(t), f;(¢) respec-
tively. The intensity p of the center process for f; ; is adjusted from 30 spikes/sec to 20 spikes/sec
so the overall mean firing rates of the neurons are similar to Fig The window function ¢,,
of fi(t), f;(t) and f; ;(t) are Gaussian with the same timescale ;. The true coupling filter is a

square window h;_;(t) = ay, - Ij,,(t), where the timescale is 05, = 30 ms, the amplitude is

oy, = 2 spikes/sec.

fi(® @ fij® a; fi(®)

Figure D.2: Diagram for the coupling neurons model with exclusive fluctuating baselines.
The diagram is the same as Fig except for the baseline f;(¢), f;(¢) for neuron 7 and j sepa-
rately. The random process f;(t), f;(¢) are also created using cluster process in Eq Details
of the model are in the text.
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Figure D.3: Simulation results of the scenario with exclusive fluctuating baselines. The
figure shows the simulation results of the model described in Fig including RMSE, bias,
SE and log-likelihood in a similar way as Fig The details of the simulation settings are in
the text. The green curves are the theoretical approximation of the basic model in the main text
(Fig without exclusive components f; or f;), where the intensity of the center process for
fi; 18 p = 20 spikes/sec, same as the current simulation settings. The dark curves are similar
theoretical approximations of the basic model in Fig but the intensity of the background
center process is p = 10 spikes/sec, which is lower than the intensity of this simulation scenario.
The dark curves match the numerical curves better than the green ones.

The results are shown in Fig Similar to the scenario in Fig[5.3] the SE does not change
a lot as the timescale of the smoothing kernel o, varies. The bias can still achieves zero. The
optimal model with small risk can be selected by maximizing the likelihood indicated by the
vertical lines in Fig[D.I6A and B.

Next, we compare the numerical results with the theoretical approximation of the basic model
in the main text without the baselines f;, f;. If Fig the green curves correspond to the basic
model with the same center process intensity p = 20 spikes/sec of f; ;; In all plots in Fig
the numerical results match the dark curves better. These comparisons imply that adding the
non-shared fluctuating activity can actually help the estimator. It is equivalent to reducing the
strength of the shared activity. The shared background activity contaminates the coupling effect
estimation because it is correlated with the spike trains. Without considering the background,
such correlation will be counted as the contribution of the coupling filter. Adding non-shared
fluctuating activity can reduce the correlation between the background and the coupling effect so
it improves the estimation.

D.4.3 Fast-changing background

In the main text, the shared activity changes slower than the coupling effects. We will show
in this section, this is not a necessary assumption or constraint. Even the background changes
faster than the coupling effect, the model still holds the ideal properties such as optimal model
selection and low bias.
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We consider two scenarios by setting the timescale of the f; ; in Eq @ to oy = 20 ms (Fig
A.B,C,D), and o; = 5 ms (Fig E,FE,G,H). The rest settings of the simulation scenarios
are the same as the main text in Fig [5.3] where the true coupling filter is a square window
hi—j(t) = ap - Ij,4,(t), the timescale is 05, = 30 ms, the amplitude is «v;, = 2 spikes/sec.
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Figure D.4: Fast-changing background with small o;. We present the properties of the
coupling filter estimator in the same way as Fig[5.3] The simulation settings are the same as Fig
@except thatin A, B, C,Do; =20ms,inE,F,G,Ho; = 5 ms.

As already shown in the main Fig @A, if o; decreases, the labeled “min-2” of the risk
will shift toward left. Fig shows an extreme case that if o; keeps decreasing, two local
minimums will merge to one minimum. In Fig [D.4[C, the bias property has a similar change;
two roots in the main Fig[5.3|C will merge to one root. The property of SE does not change too
much, see Fig[D.4D and[5.3D. If o; < 20 ms, the “min-2” point labeled in Fig[5.3| will move to
the left, and it can still be selected by the likelihood function, see Fig[D.4E and F. When o has
a very small value, such as 5 ms in Fig the theoretical approximation of the SE begins to
have a large deviation from the numerical value. We think this is related to the large error of the
quantity Sj,, in Lemma[D.2.6] Next, similar to Fig[5.4], we will explore how the timescale of the
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shared activity oy, the timescale of coupling effect o, and the amplitude of coupling filter o, are
related to the above properties when o is very small.
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Figure D.5: Properties of the estimator with fast-changing background. This figure is analog
to Fig[5.4]but the time scale o; of the shared activity f; ; is very small. The settings are the same
as Fig[5.3] [5.4] and except for different o; in A, different o, in B and different oy, in C.
We only show the theoretical RMSE and log-likelihood curves. The numerical results are very
close. Some numerical results have been shown in Fig[D.4] The log-likelihood functions may
have different offsets, we align them by the peak to zero (maximum value across o,,). A If o;
is around 20 ms, two local minimum values of the risk curve may merge to one, which agrees
with the numerical result in Fig[D.4A. If o; < 20 ms, the selected optimal kernel width o, will
be at the left local minimum of the risk. Notice that when ¢ is around 20 ms, the shape of the
log-likelihood near the maximum value is more blunted than others. In these cases, the timescale
of the coupling filter 0, = 50 ms and the amplitude o, = 2 spikes/sec are fixed. B If o; ms is
very small, it will be the right local minimum of the risk that is associated with the coupling filter
timescale, which is opposite to Fig[5.4B. If the timescale of the coupling filter o), decreases, the
right local minimum of the risk will move to the left. o, does not change the left local minimum
or the maximum point of the likelihood. In these cases, 0; = 5 ms and «) = 2 spikes/sec
are fixed. C Similar to Fig [5.4C, the amplitude of the coupling filter o, does not change the
risk curve or the position of the maximum likelihood. In these cases, o; = 5 ms and 05, = 50
spikes/sec are fixed.
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Fig shows the estimator’s properties when parameters o;, o, and oy are tuned in a
similar way as Fig|5.4|in the main text, but the time scale o; of the shared activity f; ; here is a
much smaller value. As already shown in Fig when o7 is very small, the optimal smoothing
kernel width o, will move to the left (indicated by the vertical line), and it still matches the
maximum likelihood. Two local minimum values may merge to one when o; is around 20 ms.
If o < 20 ms, the selected optimal kernel width o, will be at the left local optimal. Notice that
when o7 is around 20 ms, the shape of the log-likelihood near the maximum value is blunter than
others. So it may become more difficult to accurately choose the optimal model. In Fig[5.4B, the
left local minimum of the risk labeled by “min-1" is associated with the coupling filter timescale
oy Butif o7 is very small (say o; = 5 ms in Fig[D.5B), it will be the right local minimum of
the risk that is associated with the coupling filter timescale. If the timescale of the coupling filter
oy, decreases, the right local minimum of the risk will move to the left. o, does not change the
left local minimum and the maximum point of the likelihood. The amplitude of the coupling
filter o, does not change the risk curve or the position of the maximum likelihood similar to Fig
[5.4] Notice that when o is very small, the risk of the non-optimal model is much larger than the
scenario in Fig with large o;. The worst risk can go up to 12 spikes/sec (dark curve in Fig
[D.5B), while in Fig [5.3|the worst case is only about 2 spikes/sec.
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Figure D.6: A comparison between the estimations of the coupling effect with fast-changing
background. The figure compares the performance of the estimators of the coupling effect. The
simulation settings are the same as Fig [5.3] except that the timescale of the background o; = 5
ms is very small. The timescale of the coupling filter as in Eq (5.7) is 05, = 30 ms. In A, B, and
C, the amplitude of the true coupling filter is oy, = 2 spikes/sec. In D, E, and F, the amplitude of
the true coupling filter is o, = 0 spikes/sec. A, D The estimator of the point process regression.
It can accurately estimate the true filter, which is supported by the analysis in Fig and[D.5]
B, E Jitter-based CCG. The time bin for the spike train is 1 ms. The jitter window width is set as
5 ms, close to the timescale of the background activity. The dark grey band is pointwise 95% CI,
and the light grey band is simultaneous 95% CI. The result is acquired from 1000 surrogate jitter
samples. The CCG method detects a small excitatory effect before lag = 5 ms no matter whether
the neurons have true coupling effect. C, F Similar to B except that the jitter window width is 10
ms. In both B and C, the jitter-based CCG method can only detect a small effect before 5 ms lag
or 7 ms lag. A large part of the coupling effect between O to 30 ms is buried under the CI band.
However, such an effect is due to the fast-changing background, but not the neuron-to-neuron
coupling effect.

A significant advantage of our model over the jitter-based model is that the proposed model
does not assume the background activity changes slower than the coupling effect, and the model
can automatically find the optimal timescale. The jitter-based method can not avoid such an as-
sumption due to its nature of conditional inference. The null hypothesis states that the coupling
effects do not change faster than the jitter window width. Thus the samples under the null distri-
bution are obtained by randomly jittering the spikes within the jitter window. If the background
changes as fast as the coupling effect, such bootstrapping method can not maintain the temporal
structure of the background activity, so it can not split the background artifacts and the coupling
effects. In other words, if the jitter window is set a little larger than the coupling effects, it can
not tell whether the detected effect belongs to the background or the spike-to-spike interaction.
Some other bootstrapping methods have the same issue for exactly the same reason [33]]. Fig[D.6]
compares the point process regression method and jitter-based CCG method. The simulation
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scenario is the same as the basic model in Fig|5.3|except that the timescale of the background ac-
tivity is very small o; = 5 ms. The numerical properties of the estimator have been shown in Fig
[D.4E-H. The true coupling filter is a square window /;_,;(t) = ay,-Ijo,4,](t). The timescale of the
coupling effect is 0, = 30 ms. The true amplitude of the coupling filter is vy, = 2 spikes/sec in
Fig[D.6)A,B,C, and oy, = 0 spikes/sec in Fig[D.6E,E.F. In both cases, the regression method can
accurately estimate the true estimator, which agrees with the numerical and theoretical results in
Fig In Fig B and C, the CCG method with jitter window width = 5 or 10 ms can detect
some excitatory effect in a lag range smaller than 5 ms or 10 ms. Nevertheless, it misses the
excitatory effect between lag=10 to 30 ms. It is unreasonable to use a larger jitter window, as it
will not match the background timescale. The CCG results are similar to another example in Fig
[D.6E, F, where there is no coupling effect. The detected significant data points are totally due
to the fast-changing background. So for the results in Fig and C, we can not conclude that
the jitter method has removed the background artifacts and the significant effect is caused by the
coupling effect.

D.4.4 Simple Bayesian model

The regression model Eq is probabilistic, so it can be easily adopted for Bayesian inference.
In this section, we present some simple Bayesian models where the scale o, of the smoothing
kernel W in Eq (5.5)) can be treated as a random variable. We want to investigate how incorpo-
rating the uncertainty of the smoothing kernel width affects the estimation of the coupling filter,
and how the variance of the background timescale affects the uncertainty of the smoothing ker-
nel width. The posterior of the coupling filter coefficients obtained using sampling-based method
can also verify the Normality property in the regression method when the sample size dominates
the prior.

We consider two Bayesian models below and the basic point process regression model in Eq
[5.2] The likelihood of the model is same as Eq (5.2)-(5.5). The coupling filter is estimated using
a square window, same as Eq (5.7). We choose non-informative flat priors for all the variables.
As the sample size is large, the posterior does not heavily rely on the prior. Model 2 is similar
to the regression model in Eq where the kernel width o, is selected using the same way
as the regression model and held as fixed. Model 2 and the regression model are expected to
have similar results. In Model 1, o,, is a random variable. We performed the estimation on two
datasets: The first dataset is the same as the example in Fig [5.3] (details are in the main text);
The second one is the same as the scenario in Supplementary where the timescale of the
background activity o; randomly changes in a continuous range between 80 ms and 140 ms.
The true coupling filter is a square window h;_,;(t) = ay, - Ijp 5, () where the amplitude of the
coupling filter is o, = 2 spikes/sec. The timescale of the square window is o, = 30 ms. We
used the Hastings-Metropolis method for the model inference, which was a Monte Carlo Markov
Chain (MCMC) sampler. The posterior was acquired by drawing 1000 samples. The model was
initialized using the basic point process regression method Eq (5.2). The basic regression model
approximates the estimator’s distribution using Normal distribution; the mean is the MLE Bh,
and the standard error is from the Fishier information. See the discussion of the asymptotic

Normality in Lemma
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Model 1:

/ijﬂ’unﬁhvo-w o 1
p(ﬁjaﬁunﬁhvaw|sjasi) Ocp(sj‘siaﬁjﬁﬁunﬁhnaw)

where p(s;[s;, B, Bu, Bn, 0w) is the likelihood function of the point process similar to Eq (5.3).
o, 1S a variable of the model.
Model 2: o,, is fixed and the parameter selection follows the regression method.

ijﬂwvﬁh o 1
p(ﬁjaﬁunﬁh|sjusi> Ocp(sj‘siuﬁjaﬂwwﬁfwaw)

Mode 2 Model 1 Model 1
31 —— True value 31 i —— Optimal
A P — Regression B e C 0.08 A M 95%cI
Bayesian 4
21 H 95%cr 21 0.06
0.04 -
11 11
0.02 J
0 T T T 0 T T T 0.00 T T T T T
1.5 2.0 2.5 3.0 1.5 2.0 2.5 3.0 100 120 140 160 180
Bn [spikes/sec] B [spikes/sec] Gy [ms]
Mode 2 Model 1 Model 1
D Es F
P P+ 0.06 4 P
21 2
0.04 A
0 T T T 0 T T T 0.00 T T T
1.5 2.0 2.5 3.0 1.5 2.0 2.5 3.0 100 120 140 160 180
B» [spikes/sec] B [spikes/sec] Gy [ms]

Figure D.7: Applications of Bayesian model 1 and model 2 to two datasets. The figure shows
the posterior of the estimated coupling filter amplitude Bh of Bayesian models 1 and 2 (grey
histograms in A,B,D,E) and the posterior of the smoothing kernel scale ,, of model 1 (grey
histograms in C, F). The solid dark curves are the Normal distributions of @h obtained using the
point process regression model Eq (5.2). A, B, C Applications of Bayesian models 1, 2, and
the basic regression model to the dataset in Fig (5.3). The timescale of the shared activity f; ; is
fixed at o; = 100 ms. Details of the dataset description is in the main text. In C, the mode of
the kernel scale is 130 ms, the 95% Cl is [119, 148] ms. The optimal kernel scale o, selected
by the regression model is 125 ms. D, E, F Applications of Bayesian models 1, 2, and the basic
regression model to the dataset in section where the timescale of the shared activity o;
varies from 80 ms to 140 ms. In F, the mode of the kernel scale is 126 ms, the 95% Cl is [111,
148] ms. The optimal kernel scale o, selected by the regression model is 120 ms.

Fig[D.7|presents the estimated coupling filter coefficient of Bayesian model 1, 2, and the basic
regression model using two simulation datasets. One dataset has fixed shared activity timescale
o; = 100 ms, shown in plot A,B,C; the other dataset has a time-varying timescale in a continuous
range between 80 ms and 140 ms, shown in plots D,E,F. In A and D, the posterior distributions of
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B ( grey histogram) and the estimated distribution of the regression model (solid curves) are vary
close. This can be a side proof of the result in Supplementary that (3, has asymptotic Nor-
mal distribution. In both datasets (first row and second row), by comparing the results between
model 1 and model 2, incorporating the uncertainty of the smoothing kernel scale o,, does not
change the posterior of Bh too much. As shown in Fig the selected smoothing kernel scale
o, 1s related to the timescale of the shared activity o;. If o increases, the corresponding selected
o, Will increase by around the same amount. By comparing Fig and F, the CI width does
not change a lot (from 29 ms in C to 37 ms in F) when the timescale of the background switched
from a fixed value o; = 100 ms to a randomly varying value in [80, 140] ms. So the uncertainty
of the o,, does not directly reflect the variance of the shared activity timescale.

D.4.5 Non-parametric fitting for the coupling filter

For simplicity, the models presented in the main text and many sections in the supplementary use
a square window for the coupling filter. In this section, we consider non-parametric fitting for
the coupling filter through B-spline bases. The linear form of the intensity function in Eq[5.4]can
be easily extended for this purpose. The coupling filter now is estimated as a linear combination
of B-spline bases as follows,

hisj(s) = BriBi(s) + ... + BriBe(s)

where By, ..., By, are spline bases. Define the covariates in the regression,

Gna(t) = /Bl(t — s5)N;(ds), ..., dpi(t) == /Bk(t — 5)N;(ds)
The intensity function in Eq[5.4] becomes,

5‘j (t) = Bj + BuSi(t) + Bridni(t) + ... + Brxdni(t)

§;(t) is same as the coarsened spike train in Eq The coefficients of the coupling filter
Bhis - Bni can still be estimated using the model in Eq The optimization algorithm is
in Appendix We applied the non-parametric fitting to the dataset in Fig The true cou-
pling filter is a square window h,_,;(t) = ay, - Ij»,)(t) where the amplitude of the coupling filter
is o, = 2 spikes/sec, the timescale of the square window is o, = 30 ms. The coupling filter
is estimated in lag window [0, 50] ms using B-splines with 9 equal-distance knots. We evaluate
the risk using root-mean-integral-square error (RMISE). The RMISE between the true coupling
filter h(t) and the estimator h(t) is defined as follows. L, = 50 ms is the length of the coupling
filter.

RMISE(h, ) \/ Li / " (bt — ()

We evaluate the bias and the standard error of the filter at lag 5, 15, 25 ms. The result is shown

in Fig below.
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Figure D.8: Non-parametric fitting for the coupling filter. The dataset and the non-parametric
estimator are described in the test. The results are presented in the same way as Fig[5.3] A
RMISE of the estimated coupling filter as a function of smoothing kernel width o, of W in Eq
(5.3). The vertical line indicates the minimum risk. B The maximum log-likelihood as function
of 0,,. Since the likelihood functions may have different offsets, we align them by the peak (the
maximum value across 0,,) to zero, then calculate the mean and pointwise standard deviation.
The vertical line indicates the peak of the mean log-likelihood. C The bias of the estimator is
evaluated at lag = 5, 15, 25 ms. D The standard error of the estimator is evaluated at lag = 5, 15,
25 ms.

The risk curve and the log-likelihood curve are similar to the result in Fig[5.3] The optimal
model with minimum risk can be selected by maximizing the likelihood, which is the same as
the basic regression scenario in Fig[5.3] The difference is that, in the non-parametric fitting, the
left local minimum risk has a higher value than the right local minimum. While in the basic
fitting case, two local minimum values are close (labeled by “min-1" and “min-2” in Fig [5.3).
This can be explained by decomposing the risk into bias and SE shown in Fig [D.§IC and D. If
the smoothing kernel width o, is around 130 ms, the bias values at different lags of the coupling
filter are nearly the same. But if o,, is around 20 ms, the bias values at different lags have large
divergence: the beginning part of the estimator at lag=5 ms has negative bias, the middle part
at lag=15 ms has around zero bias, and the end part of the estimator at lag=25 ms has positive
bias. The SE of the estimator at different lags does not change a lot as o, varies. So overall, the
RMISE has a much larger value near lag=20 ms than at lag=130 ms. These properties are further

demonstrated in Fig
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Figure D.9: Non-parametric fitting for the coupling filter. The figure compares the true
coupling filter (dark) and the estimator (blue). The light blue band is pointwise 95% CI. The
coupling filters were fitted in the same way as described in Fig[D.§] This figure picks out some
fitted estimators with different smoothing kernel widths o, = 20, 130, 200 ms. If the smoothing
kernel width is too small (o,, = 20 ms), the bias values of the estimator at different lags have
large differences. This matches the bias curves shown in Fig[D.8C. At the beginning part of the
estimated coupling filter around lag=5 ms, the bias is negative, and at the end part around lag=25
ms, the bias is positive. If the smoothing kernel width is selected optimally (o, = 130 ms), the
fitted coupling filter matches the true filter very well. If the smoothing kernel width is too wide
(0w = 200 ms), the whole estimated coupling filter has uniform positive bias at different lags.
This agrees with Fig that multiple bias curves with different lags beyond o, = 130 ms are
very close.

D.4.6 Selection of coupling filter length.

The simulation scenario in the main text in Fig [5.3] and many scenarios in the supplementary
sections simplify the coupling filter estimation using a square window and assume the timescale
of the coupling effect o}, in Eq is known. In this section, we show the consequences of
unmatched coupling filter timescale. Because in practice, the timescale of the coupling effect is
usually unknown.

We used the same dataset in Fig[5.3] where the true coupling filter is a square window. The
amplitude o, = 2 spikes/sec and the window width is o, = 30 ms. We applied two versions of
the regression model to the dataset. Both versions used a square window as the coupling filter
estimator, but one with shorter timescale 0;, ; = 20 ms, the other with longer timescale o, » = 40
ms. We present the results in Fig[D.10]in the same way as Fig[5.3]
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Figure D.10: Consequences of unmatched coupling filter timescale. The dataset is the same
as Fig[5.3] where the true coupling filter is a square window in Eq[5.7} The amplitude is o, = 2
spikes/sec and the window width is 05, = 30 ms. We tested the regression model with unmatched
coupling filter width. The model in A, B, C, D estimates the coupling filter using a shorter
timescale oy, 1 = 20 ms. The model in E, F, G, H estimates the coupling filter using a longer
timescale 0, = 40 ms. As a reference, the dark curves show the theoretical approximation
using the basic regression model by setting the coupling filter timescale as 20 ms in A-D, and 40
ms in E-H. The rest settings are the same as the simulation.

If the coupling filter is estimated using a shorter timescale (0,1 = 20 ms) as shown in Fig
[D.I0A,B,C.D, the selected model still has the minimum risk indicated by the vertical line. The
dark curves in Fig[D.I0A,B,C,D, show the theoretical approximation of the properties using the
basic regression model in Eq (5.2))-(5.5)) by setting the coupling filter timescale as 20 ms instead,
which can be seen as the expected properties of the model. The absolute values of the bias are
larger than expected if o, 1s between 10 ms and 120 ms or larger than 200 ms. But the roots of
the bias still match the expected position. The SE is not affected by the unmatched timescale. So
the optimal selection of o,, does not change. As a contrast, if the coupling filter timescale of the
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estimator (0,2 = 40 ms) is longer than the truth (30 ms), the consequence is more severe. As
shown in Fig G, the actual bias is uniformly lower than the expected bias. The SE is not
affected. So the consequence is that the selected smoothing kernel width o, (Fig F vertical
line) does not match the actual risk minimum (Fig [D.10]E vertical line).

By combining the results of the two cases, we recommend users select shorter coupling filter
timescale if they are not confident about the coupling filter timescale, or using non-parametric

fitting as in Supplementary

D.4.7 Asymptotic Normality of the estimator

In this section, we perform simulations to verify the asymptotic Normality property of the esti-
mator, see Lemma The dataset is the same as Fig[5.3] The true coupling filter is a square
window h;_,;(t) = oy, - Ijo,,](t), where the amplitude is o, = 2 spikes/sec, and the timescale
is 0, = 30 ms. The estimator for the coupling effect Bh is Eq and We compare the
empirical distribution of the estimators with the theoretical distribution. The theoretical distribu-
tion is Normal, where the mean is the true value «;, plus the theoretical bias (Lemma[D.2.2)), the
standard deviation is the theoretical standard error (Lemma [D.2.3).
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Figure D.11: Normality of the estimator’s distribution. The dataset is the same as Fig
including 100 repetitions. The figure shows the Q-Q plots of the empirical distribution of the
estimator against the theoretical Normal distribution (see details in the text), shown in the dark
curves. The straight dashed grey lines are 95% CI. In the first row, the empirical distribution
matches the theoretical distribution very well at the optimal model (o,, = 125 ms) and at models
close to the optimal (o, = 100,160 ms). We also evaluate the model at many other different
smoothing kernel widths. If o, is too small or too large (second row, o,, = 60, 250, 500 ms), the
empirical distribution has a large deviation from the theoretical distribution. This is caused by
the error of the theoretical approximation of the bias, see Fig[5.3[C. If the mean of the theoretical
Normal distribution is replaced by the mean of the numerical estimators (mean of all estimators),
but the standard error of the theoretical distribution remains the same, the distributions can match
very well (dashed dark curves in the second row).

As shown by Fig first row, the estimator has Normal distribution at the optimal selection
of 0, = 125 ms and near-optimal selections o,, = 100, 160 ms. In Fig second row, if o, is
too small or too large, the empirical distributions will have large deviations. This is caused by the
error of the theoretical approximation of the mean but not by the theoretical approximation of the
standard error. The dashed curves in Fig second row show the good match after replacing
the theoretical mean with the empirical mean (mean of all estimators).

D.4.8 Hypothesis testing example

The regression model can be adopted for hypothesis testing problems. The simulation scenario
in this section is similar to the case in Fig The background activity is a cluster point process
in Eq (5.6), and the coupling filter is a square window h,_,;(t) = ay, - Ijg,1(¢) in Eq (5.7). Each
simulation dataset only has 10 trials. We reduce the sample size to make the tasks more difficult,
and the performances of different estimators will be more distinguishable. The length of the trial
is 5 seconds, the time scale of the background activity is o; = 100 ms. The intensity of the
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center process is p = 30 spikes/sec. The baselines of two neurons are o; = «; = 10 spikes/sec.
The coupling filter is estimated using a square window with known timescale 0;, = 30 ms. The
amplitude of the coupling filter is o, = 0 spikes/sec in the null cases without coupling effects.
We include three true positive scenarios with coupling filter amplitudes o, = 2, —2, 1 spikes/sec
respectively. The dataset generating and the model fitting procedure was repeated for 100 times.
Consider the null hypothesis R
HO . Bh =0

f3, is the estimator for «,. The inference method is a direct application of the properties of the
estimator. The smooth kernel is o,, = 125 ms, which is chosen by maximizing the likelihood. Bh
has asymptotic normal distribution (see details in Supp and Appendix [D.2), so the p-value
can be easily calculated accordingly. The alternative method is jitter-based CCG, where the time
bin width is 2 ms, the jitter window width is 100 ms. The CCG with shorter or longer jitter
window width, for example 60 ms or 140 ms, gives similar results, so the figures are not shown.
The p-value of the method is obtained by considering the multiple testing across all time lags
between 0 and 30 ms, which is the same as the true coupling filter length. The calculation detail
is in [3]] supplementary document.
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Figure D.12: Hypothesis testing examples. We compare the point process regression model
(A, B) with the jitter-based cross-correlation (CCG) method (C, D) using simulations. The sim-
ulation details are in the text. The left column is the Q-Q plot which compares the p-values
distribution under the null (numerical quantile along the y-axis) with the uniform distribution
(theoretical quantile along the x-axis). The dashed line is the 95% CI. Both methods yield valid
p-value distributions. The right column shows the results of ROC analysis with the false positive
rate (FPR) along the x-axis, and the true positive rate (TPR) along the y-axis. The score of an
outcome is the p-value of the hypothesis test. When «;, = 2, —2 spikes/sec, the area under the
curve of our method is larger than that of the jitter-based CCG method, so our method is more
powerful. However, when the coupling effect is weak «, = 1 spikes/sec, neither of the methods
has satisfactory performance.

Fig[D.12]A verifies that the p-value distribution of the basic point process regression method
under the null is uniform. This provides another verification of the estimator’s Normality distri-
bution, which has already been shown in Supplementary The p-value of the CCG method
under the null is also valid as shown in Fig[D.12[C. Fig and D compare the ROC analysis.
The score of a test outcome is the p-value. The point process regression method has better perfor-
mance when the amplitude of the coupling effect is o, = 2, —2 spikes/sec. Both methods have
poor performance if the coupling effect is very weak «;, = 1 spikes/sec. Usually, the jitter-based
method focuses on pointwise statistic at a specific time lag, which can ignore the connection
between adjacent time lags. We think the power of the CCG method can be improved by consid-
ering the time lag dependency and designing the multiple hypothesis test more carefully, but it is
not the main interest of this paper.
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D.4.9 Background activity with Laplacian window function

The fluctuating shared activity of the simulation scenario shown in Fig[5.3]is modeled as a cluster
process in Eq (5.6) composed of superimposed Gaussian window functions. The smoothing
kernel in Eq (5.5)) is also Gaussian. In this section, we verify that if the Gaussian window function
of the background activity is replaced by another window with a different shape, the estimator
will not be affected. Here we replace the Gaussian function with a Laplacian window function
[3]. The shared activity f; ; in Fig becomes,

fij(t) = Z Goy (t —15)

b0, (z) = \/;UI exp {— 0);0\'/5} (D.42)

where ¢ are the time points of the center process, o; controls the timescale of the window.
The simulation settings of this scenario are the same as the Fig[5.3] except for the new window
function. The timescale is o; = 100 ms.
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Figure D.13: Results using Laplacian window in the background activity. Similar to Fig
[5.3] we present the results in the same way except that the window function of the background
activity is replaced by Eq [D.42] with timescale o; = 100 ms. The properties of the estimator and
the conclusion do not change.

The numerical results are shown in Fig Similar to Fig the properties of the estima-
tor and the conclusion do not changeﬂ

D.4.10 Multivariate regression and partial relation

Multivariate regression is a natural extension of the basic regression model introduced in Eq[5.2}
[5.5]and diagram Fig[5.2] We briefly mentioned in Supplementary [D.4.3|that if the shared input

! Author note: It should be very easy to derive the theoretical results for the Laplacian window. I only need to
recalculate the quantities in Lemma But I did not have enough time to do so before the thesis defense. I will
do this after.

151



between two neurons is a mixture of activities with very distinct timescales, the model can fail
in eliminating all artifacts. This section continues the discussion.

The simulation scenarios are shown in the diagrams in Fig[D.T4] Consider two neurons X, Y
that are driven by some shared input, but there is no coupling effect between them. The first
diagram in Fig is the model in the main text Fig[5.2] and Fig [5.3] with relatively slow-
changing background f; ;. In the diagram Fig [D.14B, we only include fast-changing driving
activity. Z represent a subpopulation of 4 neurons. The spikes of neurons in Z influence X, Y
through coupling filters hy_.x = hzy = az -1,,, az = 15 spikes/sec, oz = 30 ms. The
activity of neurons in Z and X, Y have constant baselines of 20 spikes/sec. The diagram in
Fig includes both slow-changing activity f; ; as in A and fast-changing activity driven by
spikes from Z as in B. The coupling filters are the same as plot B. The neurons in Z and X, Y
are all driven by fluctuating background activity f; ;. f;; is a linear Cox process in Eq[5.6] where
the intensity of the center process is p = 20 spikes/sec, and the window function is Gaussian
with scale o; = 100 ms. The constant baseline for all neurons is 10 spikes/sec. The simulation
dataset has 200 5-second trials. This section mainly studies scenarios B and C. The filters were
fitted using non-parametric method in Appendix
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Figure D.14: Shared driving factors on multiple timescales. A The diagram as already shown
in Fig[5.2| without coupling effects. Two neurons X, Y are driven by slow-changing activity f; ;.
B Neurons X, Y are driven by fast-changing activity triggered by Z. Spikes from a subpopulation
Z drives the activities of X and Y through coupling filters h»_, x and hz_.y, but there is no direct
coupling filter between X and Y. Simulation details are in the text. C A combination of the cases
in A and B, where neurons X, Y are driven by both fast-changing activity from Z and slow-
changing activity f; ;. D Estimated coupling filter X — Y using the basic bivariate regression
model. The spike trains are generated using diagram B. The model can handle artifacts caused
only by fast-changing activity. E Estimated coupling filter X — Y using the basic bivariate
regression model. The spike trains are generated using diagram C with background on two
distinct timescales. The model can not fully remove the artifacts. F The estimated coupling filter
X — Y using a multivariate regression in Eq[D.43] Conditioning on both estimated f; ; and Z,
the artifacts can be removed.

Fig D.14D.E,F show the results. In Fig [D.14D, the data was generated by the model in
Fig with only fast-changing component. The basic bivariate regression model is able
to eliminate the artifacts caused by fast-changing background activity. This has already been
shown in Supplementary [D.4.3| Fig[D.14E shows the estimated filter using the dataset generated
by the model in In Fig [D.T4C. The filter falsely shows excitatory effect before lag=10 ms. The
bivariate model in Eq[5.2]fails in eliminating the artifacts when the shared input is on two distinct
timescales. If we can observe the spike trains of Z, then the multivariate regression can help with
eliminating the artifacts related to the fast-changing activity. Consider the intensity function for
the multivariate point process regression,

S (t) =By + Bu Sk (1) + / By (t — 7)Nx (dr)
(D.43)

t t
+/ hzl_ﬂ/(t—T)Nzl(dT) + ... +/ hZ4_>y(t—T)NZ4(dT)
0 0
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hx_,y is the coupling filter between neuron X — Y. hz vy, ..., hz,y are coupling filters of
neurons Z, — Y,..., Z4 — Y, which are estimated using square window with known timescale
as in Eq Since all neurons are driven by the same slow-changing activity f; ;, the nuisance
variable only has one component sx(¢). If there is evidence showing different pairs of neu-
rons are driven by different sources, the model can include more nuisance variables, such as
57, (t),...,57, (t). We skip further discussion on this topic.

Fig shows the results using multivariate regression. The false-positive coupling effect
shown in Fig D.T4E does not appear in F. This example is analog to conditional correlation. In
diagram Fig[D.14A, X L Y'|f; ;. If f;; is approximated properly, the artifacts can be removed.
Similarly, in diagram Fig [D.14B, X L Y|Z. In diagram Fig [D.14C, X and Y are not neces-
sarily independent only conditioning on either f; ; or X, X [ Y|f;;, or X [ Y|Z. However,
X L1 Y|f,;,Z, where bot factors of f; ; and Z need to be included so that X, Y can become
conditionally independent. The artifacts related to the fast-changing activity is noticeable if the
influence is very strong. In simulation scenario Fig [D.14C, the coupling filters h,_,y of four
neurons all have large amplitude ovy = 15 spikes/sec. If the impact of the spikes trains from Z is
small, the artifacts can be ignored.
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Figure D.15: A comparison between log-likelihood curves with or without fast-changing
background. The blue curve is the log-likelihood curve of a dataset generated by the model in
Fig . The blue curve is the log-likelihood curve of a dataset generated by the model in

Fig [D.14/A. The left part of the blue curve with small o, is elevated due to the presence of the
fast-changing background.

The above multivariate regression provides a solution in a special situation where all the spike
trains from Z are observed. However, if the input of neurons from all their connected neurons
can not be recorded at the same time, the method still can not eliminate all artifacts. So a more
general solution is needed for the mixture of distinct background activity timescales. We propose
the following model,

(0) = 5+ B SO 0) 4 5 50+ [ iyl - TNr)
0
S_Z-SIOW(t) — [Wslow " Si] (t), S_Z-faSt(t) — [Wfast % Si](t)

Instead of using one smoothing kernel in Eq[5.4] the new model includes two smoothing kernels
to cover both fast-changing activity and slow-changing activity. The timescale of the background
activity varies in a relatively small range, then there is no need for such a model, see Supplemen-
tary Such a design is also motivated by the shape of the likelihood curve in Fig The
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likelihood with mixture timescales is not obvious multimodal, but the left part of the curve with
small kernel width is higher than the likelihood curve without the fast-changing component. This
delivers a message of a mixture of timescales. The bias is significant only when the input is very
strong. We will leave the research on this type of issue in the future. But we first need to find out
if such strong fast-changing background exists in real data.

D.4.11 Self-coupling effect

The basic regression model in the diagram Fig only considers the spike-to-spike coupling
effect from one neuron to another. In this section, besides the cross-neuron coupling effect,
we take the self-coupling effect into account. The self-coupling effect means that the spikes
generated from a neuron will feedback to itself and influence its own intensity function in the
future. Fig shows 3 ways of self-coupling: A, the self-coupling effect only occurs on
the source neuron 7; B, the self-coupling effect only occurs on the target neuron j ; C, the self-
coupling effect appears on both neurons. We have not yet developed the theory with self-coupling
components, so we only present numerical results through simulations. The data is still fitted
using the model in Eq (5.2)-(5.5) without the self-coupling component. The goal in this session
is not to model the self-coupling effect explicitly, but to study how the basic regression model is
affected by the extra self-coupling as artifacts.

@; fi,](t) a;

Figure D.16: Self-coupling effect diagram. The diagrams are similar to Fig except for the
extra self-coupling components. A The self-coupling effect only appears on the source neuron
1. B The self-coupling effect only appears on the target neuron j. C The self-coupling effect
appears on both neurons i, j.

The simulation settings for diagram A are the following. The activity f; ; is set as a cluster
process in Eq with o; = 100 ms. The intensity of the center process is p = 20 spikes/sec,
the constant baseline intensity for all neurons is o; = «; = 20 spikes/sec. The square window
filter width is 0, = 30 ms and amplitude o, = 2 spikes/sec. The self-coupling filter h;_,; is
also a square window function with amplitude -15 spikes/sec and width 10 ms, mimicking the
refractory period. One simulation case has 200 trials and the length of a trial is 5 sec. Different
trials were assigned with randomly generated f;; independently. The spike trains were fitted
using the basic regression model in diagram Fig [5.2] and Eq (5.7). The numerical properties
were estimated using 100 replicated simulation cases. The results are shown in Fig The
properties are similar to the case in Fig[5.3] The model can still select the proper smoothing
kernel width.

155



b —
Q is]
o 2
% 24 &
] o
a3 < 1
oy B
4 o
2 5 10 20 50 100 200 5001000 no 2 5 10 20 50 100 200 5001000 no
nuisance nuisance
B 0 D 03 M }
)
8 -100 by
< g 0.2
g —-200 —E_
= o,
2 -300 w 01
- 2]

|
b
o
o

L
o
o

I2 I5 1I0 ZIO 5I0 160 Z(I)O S(I)O IOIOO I2 é 1IO 2I0 5I0 1(IJO Z(I)O 5(IJO IOIOO _nlo
oy [ms] o, [ms] nuisance
Figure D.17: Source neuron self-coupling effect. These results correspond to the model dia-
gram in Fig[D.TGA. The results are presented in the same way as Fig[5.3] Details of the data and
model fitting are in the text.

The simulation settings for diagram B are similar to diagram A. The self-coupling filter A, _, ;
is a square window function with amplitude -20 spikes/sec and width 20 ms, mimicking the
refractory period of neuron j. The results are shown in Fig [D.18] In this situation, the self-
coupling effect misleads the model to select a smaller smoothing kernel width o,,. The risk at
the selected model by maximizing the likelihood is not too large though. As a comparison, the
risk, bias, and SE of the estimator at different o,, become much smaller than the source neuron

self-coupling case in Fig A.
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Figure D.18: Source neuron self-coupling effect. These results correspond to the model dia-
gram in Fig[D.T6B. The results are presented in the same way as Fig[5.3] Details of the data and
model fitting are in the text.

The simulation settings for diagram C are similar to diagrams A and B. The model includes
both self-coupling filters /;_,; on the source neuron in diagram A and /;_,; on the target neuron
in diagram B. The results are in Fig The case inherits the issue from diagram B that the
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self-coupling effect on the target neuron can mislead the model to select a smaller kernel width.
The bottom line is that the introduced extra risk is small.
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Figure D.19: Self-coupling effect on both source and target neurons. These results correspond
to the model diagram in Fig[D.16[C. The results are presented in the same way as Fig Details
of the data and model fitting are in the text.

Another issue about self-coupling is that it can cause lack of fit. Next we perform goodness-
of-fit test using KS test based on time rescaling theorem [24,62]], also see Supplementary[D.4.16]
Fig below use some examples to compare three scenarios of self-coupling with respect to

the diagrams in Fig

Source neuron Target neuron Source + target neuron

.. Za /
/

/ /
Theoretial quantile Theoretial quantile Theoretial quantile

>
o

/

Empirical quantile
Empirical quantile
Empirical quantile

Figure D.20: Influence of self-coupling effect on goodness-of-fit test. The figure shows the
goodness-of-fit test based on KS test as described in Supplementary [D.4.16] 3 scenarios corre-
spond to the model diagrams in Fig[D.16]and numerical simulations in Fig[D.17, [D.18] and[D.19]
A Only the source neuron has self-coupling effect. The goodness-of-fit is not affected. B Only
the target neuron has self-coupling effect. The bivariate regression model in the main text Eq
(3.2)-(5.3) shows lack of fit. C Both source and target neurons have self-coupling effect. This
case still has the problem in B that the basic regression model has lack of fit on some level.

The basic regression model shows a lack of fit only when the self-coupling effect involves
the target neuron. If the goal of the model is to estimate the cross-neuron coupling effect not the
self-coupling effect, the introduced risk or bias of the estimator can be alleviated by selecting
slightly larger smoothing kernel width than the one maximizing the likelihood. If the small error
is acceptable, the kernel width correction is not necessary.
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D.4.12 Rate coupling and delayed shared activity

a;  fih)

Figure D.21: Rate coupling and delayed shared input. A Similar to the scenario in Fig|5.3|and
diagram Fig [5.2] two neurons share the same input but with different delays. Having different
delays results in that the lagged neuron’s activity can be predicted by the leading neuron some-
how at a certain time as the leading neuron receives the same information earlier. B The special
case in A is under a more general model, rate coupling model, where two neurons interact with
not only spike-to-spike, but through rate coupling filter hﬁ'j‘j-.

The coupling filter describes the influence from neuron ¢’s spikes to neuron j’s intensity function.
Is that possible if two neurons do not have any spike-to-spike coupling effect, but the estimated
coupling effect is totally due to the coupling between the underlying intensity functions on a fine
timescale? In this section, we study a scenario where two neurons, the source neuron ¢ and target
neuron j in diagram Fig [D.21]A, have the same shared input f; ;, but the activity arrives at two
neurons with subtle different delays.

Nt He) = o + fij(t — Tiag) + / hij(t —r)N;(dr)
0
Ni(t|He) = ai + fi;(t)

where 71, 1s the lag between the source neuron and the target neuron. If 7 > 0, the share activity
arrives at the source neuron earlier, If 7 < 0, the share activity arrives at the source neuron later.
Delaying a function is equivalent to convolving the function with a delayed Dirac delta function

Jig(t = Tiag) = [fij(s) % 0(s — Tiag)](¢)
So the model in diagram Fig can be seen as a rate coupling as shown in panel B. The
model equations are rewritten as,

i (tH) = o + /0 h;iﬁ? (t —s)fi(s)ds + /0 hi—sj(t —7)N;(dr)
it/ He) = a; + fit),  filt) = fi; (1)

where hj%%(t) = 0(t — Tiag). fi = fi; is the exclusive input for neuron i. Neuron i’s firing rate

affects neuron j through the rate coupling filter hg?. Besides delaying, the shared activity can
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be transformed using more complicated functions. For example, an arbitrary rate coupling filter
function can be approximated using a sequence of delta functions,

R (1) 2 RIS (0)3(1) + RS (A)S(E — A) + oo+ R (RA)S(t — kA) + ...

] i—7] i—j

Next, we only present the results of the simple case with delayed shared input. The diagram

of the model is in Fig The simulations include two scenarios, where the settings are the

same as Fig[5.3]except that: scenario 1, the target neuron leads the source neuron by 20 ms. So

the shared activity of the source neurons can be roughly predicted by the target neuron’s activity

as it arrives at the target neuron earlier; scenario 2, the source neuron leads the target neuron

by 20 ms. So the activity of the target neuron can be roughly predicted by the source neuron’s
activity for the same reason. The simulation results are shown in Fig

Target neuron leads source neuron by 20 ms
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Figure D.22: Delayed shared input. The figure presents the properties of the estimator in the
same way as Fig[5.3] The settings of the simulation are in the text. The dark curves show the
theoretical results exactly the same as the dark curves in Fig [5.3] without considering the delays
of the shared activity. A,B,C,D The shared activity f; ; arrives at the target neuron 20 ms earlier.
E,F,G,H The shared activity f; ; arrives at the source neuron 20 ms earlier. Delaying the shared
input does not change the results significantly.
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Figure D.23: Intuitive explanations of delayed shared input. A The source neuron leads the
target neuron. The inhibitory (down arrows) and excitatory (up arrows) effects will be balanced
out. B,C,D Explanation using decomposition. The inputs between two neurons are not fully
overlapped due to the delay. It can be decomposed into the shared component colored in green,
and non-shared parts in dashed curves.

Fig [D.22] show the numerical results. The dark curves are the theoretical results from Fig
[5.3] without considering the delays between neurons. By comparing the numerical results and
the reference theoretical results, delaying the shared input does not modify the properties of the
estimator too much.

The negligible effects can be explained in two ways as shown in Fig In Fig D.23A,
the shared activity arrives at the source neuron (dark curve) earlier than the target neuron (blue
curve). Before the activity reaches the peak, the source activity is higher than the target neuron,
which demonstrates an inhibitory effect (down arrows in panel A). After the peak, the source
neuron activity is lower than the target neuron, so it shows an excitatory effect (up arrows in
panel A). Overall, the excitatory and inhibitory effects will be balanced. If the source neuron
leads the target neuron, the explanation will be the same.

Another explanation is using decomposition as shown in Fig[D.23[B,C,D. Similar to panel A,
the shared activity arrives at the source neuron (dark curve) earlier than the target neuron (blue
curve). The activities can be decomposed into two the shared components and the non-shared
parts for each neuron as shown in panels C and D. The shared part is colored in green in panels
B,C,D. The decomposition of the source neuron is in panel C, its non-shared part is the dashed
dark curve. The decomposition of the target neuron is in panel D, its non-shared part is the dashed
blue curve. This situation can be reduced to Supplementary [D.4.2] with non-shared input. The
green curve corresponds to f; ; in diagram Fig the source neuron’s non-shared component
(dark dashed curve in Fig corresponds to f;, and the target neuron’s non-shared component
corresponds to f;. As the lag in the simulation is only 20 ms, the non-shared components are
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very small. The non-shared components will not undermine the estimator.

D.4.13 More examples of coupling filters and jitter-based CCG

This section shows an example of Fig[5.6|by checking the shapes of the fitted coupling filter and
CCG. We consider the coupling filter of neurons V1—LM (neuronid 951102686—951108867).
The type of the coupling filter changes from trial to trial; it can be inhibitory on some trial, and
switches to excitatory on some other trials; it can be weak such as no effect, or has strong inter-
actions like the oscillatory types. As the spike trains are noisy and the sample size of each trial is
small, we pool all the trials of the same type together and re-fit the coupling filters using square
windows and non-parametric method. We also compare the results with the jitter-based CCG as
another verification. The results are shown in Fig

Similar to Fig the jitter-based CCG method hardly detects weak signals such as type
1 or 2, and it can not easily distinguish the types between 0, 1, and 2. The jitter-based CCG
can detect strong coupling effect such as the oscillatory types. In types 3 and 4, the shapes
of the CCG curves are very close to the coupling filters. The point process regression allows
us to aggregate all the information in a lag window to estimate the coupling filter with one
parameter using a square window, or a few parameters using B-spline. The results will be more
effective and significant than the method using pointwise statistic. In Fig type 0,1, and
2, the square window coupling filters show significant excitatory and inhibitory coupling effect,
and the coupling filters are obviously distinguishable. We also estimate those effects using non-
parametric fitting. For example, the shapes of the type 2 coupling filters are not strict square,
but most part of the curve between lag=0 ms and lag=50 ms is below the x-axis. We admit
the modeling strategy using square windows loses many details of the coupling effect, but it is
effective in terms of justifying basic properties of the coupling effect and implementing for a
massive dataset. Given the limited dataset and large variance from neuron to neuron, and from
trial to trial, the method has to scarify non-relevant details.
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Figure D.24: Re-fitting of coupling effect by pooling the trials of the same type. The
figure shows the jitter-based CCG and the fitted coupling filters for one pair of neurons among
VI—LM (neuron id 951102686—951108867). After identifying the coupling filter types
on each trial, we pool the trials of the same type together, then calculate the jitter-based CCG
and estimate the coupling filters. The number of trials of each type is in the title of each plot.
The details of the jitter-based CCG is the same as Fig[5.1] The second row of types 0, 1, and 2
shows the fitted coupling filters using square windows. The third row shows the fitted coupling
filters using the non-parametric method.

Fig[D.25|shows the fitted coupling filter using the same trials as Fig[D.24]type 2 without the
nuisance variable §; in Eq (5.4). As the model does not correctly remove the artifacts, the fitted
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coupling filter changes from inhibitory to excitatory. Since the bias is positive as shown in Fig
the model erroneously detects the inhibitory effect as excitatory, so it totally reverses the
conclusion and will fail the coupling filter clustering. A similar example has already been shown
in Fig[5.1] So it is important to remove the artifacts carefully.
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Figure D.25: Re-fitting type 2 inhibitory coupling filter without considering fluctuating
background. This example replicated the fitting of Fig type 2 trials, but the coupling
filter is fitted using a constant baseline without the nuisance variable §; in Eq (5.4). The fitted
filter becomes excitatory.

D.4.14 Clustering with unbalanced weights

Our algorithm alternatively updates the coupling filter templates and identifies the coupling filter

types as shown in Appendix [D.3.3] Eq (D.38) and (D.39). In step Eq (D.39), unlike a typical
mixture model, we do not update the portion of the coupling filter groups. This is because the

coupling filters on each trial between “no effect”, “excitatory” and “inhibitory” are close. The
distributions of parameters of these types do not have a clear boundary. Without fixing the group
portion, those coupling filters can get merged during the clustering. In other words, the coupling
filter type identification on each trial is sensitive to the group portion. The clustering algorithm
is reduced to the k-means-type method. Since the group portion is fixed with equal weights for
all the trials, it does not introduce trial-to-trial variance.

In this section, we verify the results using different fixed group weights. The results are
shown in Fig[D.26] In Fig[D.26/A,B, the weights are 0.20, 0.25, 0.15, 0.2, 0.2. In Fig[D.26(C,D,
the weights are 0.25, 0.2, 0.15, 0.2, 0.2. The filter type order is the same as Fig @
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Figure D.26: Coupling filter type frequency with different group weights. In A and B, the
weights are 0.20, 0.25, 0.15, 0.2, 0.2. In C and D, the weights are 0.25, 0.2, 0.15, 0.2, 0.2. The
filter type order is the same as Fig[5.5}

D.4.15 Results with different smoothing kernel widths

As shown in Fig[5.3|and Supplementary the estimator is not very sensitive to the selected
smoothing kernel width o, in Eq[5.5] If o, is 10 ms larger of smaller, the results do not change
a lot.

The smoothing kernel width o, = 60 ms was selected by the plug-in estimator using a subset
of samples (Appendix [D.1.2). In this section, we verify the results by repeating the analysis using
different kernel widths o,, = 50,80 ms. The results are shown in Fig in the same way as
Fig The kernel width is 50 ms in Fig A, B. The kernel width is 70 ms in Fig C,
D.
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kernel width = 50 ms
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Figure D.27: Coupling filter type frequency with different smoothing kernel widths. Similar
to Fig we replicated the analysis with different kernel widths o,,. In A and B 0,, = 50 ms.
In C and D 0, = 70 ms. The results do not change a lot with different kernel widths.

D.4.16 Goodness-of-fit

Goodness-of-fit test was assessed with the Kolmogorov-Smirnov (KS) test based on the time-
rescaling theorem (24, 162]]. The theorem states that the transformed inter-spike intervals follow
the unit exponential distribution. The KS test is used to compare the empirical distribution and
the target distribution. A good fit should have a straight curve along the diagonal in the Q-Q plot.
Fig[D.28|shows part of the results. We performed the test on all trials for a pair of neurons i — j.
The fitted intensity function for each trial came from the last step of the iteration in Eq (D.39).
The integral transformation of the intervals was approximated by discretizing the intensity into
1 ms bins.
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Figure D.28: Goodness-of-fit test. The KS tests for part of fitted filters. Each plot shows the
results of a coupling filter of a pair of neurons. The neurons’ identities are labeled in the corner.
The test includes all trials for a pair of neurons. The grey dashed lines are 99% CI. A good fit
should have a straight curve along the diagonal.

In Fig most curves are along the diagonal or have small deviations except for a few
cases. For example the coupling filters with neuron 951113075 as the target neuron in the
last two rows. The lack of fit is related to the self-coupling effect of the target neuron. This is
why coupling filters with 951113075 as the target neuron all have a bad fit. We replicate this
situation using simulations in Supplementary Missing modeling the self-coupling effect
may result in selecting smaller smoothing kernel width, but the introduced risk or bias is small.
We repeated the analysis using a larger smoothing kernel width in Supplementary The
conclusion does not change.

D.4.17 Results using different dataset

In this section, we repeat the analysis using the conditions totally different from the analysis in
the main text. The same animal 798911424 is the same. The condition numbers include 247,
248,250,251,252,253,254,255,259,262,264,266,269,271,272,276,277,279,
282, 283, 285. These are the rest conditions of the drifting gratings. The results are shown in

Fig[D.29|and [D.30]
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The shapes of the coupling filter templates are almost identical to the Fig[5.5] The frequency

of each type remains similar to Fig
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Figure D.29: Fitted coupling filter templates.
but with new dataset.
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Figure D.30: Frequency of coupling filter types of all coupling filters. Similar to Fig the
figure counts the average frequency of coupling filters from V1—LM in A and coupling filters
from LM— AL in B. The error bar is the standard deviation.
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