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Neuronal ensembles are coordinated groups of neurons that serve as functional building blocks
of neural circuits. Here, we present PatMap, a computational toolbox for identifying pattern-
completion neurons, key trigger cells capable of reactivating entire neuronal ensembles. We

describe a protocol for modeling neural circuits as probabilistic graphical models, linking
behavior with specific neuronal ensembles, and identifying their pattern-completion neurons. By
linking the cellular and circuit level, PatMap provides a springboard for targeted manipulation
and control of neural circuits.
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SUMMARY

Neuronal ensembles are coordinated groups of neurons that serve as functional
building blocks of neural circuits. Here, we present PatMap, a computational
toolbox for identifying pattern-completion neurons, key trigger cells capable
of reactivating entire neuronal ensembles. We describe a protocol for modeling
neural circuits as probabilistic graphical models, linking behavior with specific
neuronal ensembles, and identifying their pattern-completion neurons. By link-
ing the cellular and circuit level, PatMap provides a springboard for targeted
manipulation and control of neural circuits.

For complete details on the use and execution of this protocol, please refer to
Carrillo-Reid et al. (2021).”

BEFORE YOU BEGIN

Large-scale recordings of populations of neurons have revealed that neural activity is characterized
by rich, intricate, and often stereotyped dynamics.” In particular, small groups of neurons with coor-
dinated activity, defined as neuronal ensembles, appear to represent a variety of sensory and cogni-
tive states.” The objective of our computational toolbox for pattern completion mapping (PatMap) is
to statistically model the neuronal interactions that underlie these ensembles and leverage these in-
sights to identify pattern completion neurons—neurons whose activation is capable of triggering
entire neuronal ensembles.” In our approach, pattern completion neurons are defined by their stim-
ulus specificity and robust functional connectivity.” The identification of pattern completion neurons
is accomplished through the use of probabilistic graphical models known as conditional random
fields. A basic introduction to the concept of conditional random fields can be found here.® In a bio-
logical interpretation, each node in these models represents an individual neuron. These neuronal
nodes are connected to other nodes through edges, each of which represent an inferred interaction
between neurons (Figure 1A).

Mathematical primer

PatMap consists of three stages: learning the circuit’s graphical structure, estimating its parameters,
and evaluating the graphical model for pattern completion neurons. A detailed mathematical
description follows.

We construct conditional random fields (CRFs) given a binary spike matrix of M samples and N neu-
rons. We consider each neuron n within the dataset as a node within an undirected graphical model
(Figure 1A). The conditional dependencies of these nodes are defined by their edges. The state of
every node and edge in the graphical model is described by a feature vector of length M. Every m-th
row of the matrix may be considered a population vector—an N-dimensional vector indicating the
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Figure 1. Conditional random field model of neural circuits
(A) Shaded nodes represent observed neurons. Each
observed neuron is associated with an unshaded model
node. The unshaded model nodes are connected by edges
which describe the inferred functional interactions of the
neuronal circuit. The nodes and edges of the model are
described by scalar scores known as node (@) and edge

potentials (@), respectively.

configuration of the circuit at a specific moment in time: y = [y',y?,...,yM], y"e YN. Given the

feature vectors, x = [x',x%,...,xM], x"e XV, the conditional probability of the population vector

y™ given features x™ may be defined as:
iy exp((o(x™, y™)., 6))
ply™|x™; 8) = F)Z(W
where ¢ is a vector of sufficient statistics in log-linear form, 6 is a vector of parameters to be esti-
mated, and Z is the partition function:

> exp({(x™,y).0)

ye YN

Structural learning

The conditional probability can be factored over the described graphical structure G = (V, E),
where V is a set of neuronal nodes and E is a set of node-pairs connected through edges. That is,
E<V.To learn this graphical structure (i.e., which neuronal nodes are connected by edges), we
conduct /4-regularized neighborhood regression for each node v given vector of regression param-
eters ¢ and regularization parameter A:’

min{/ (9; ) + A1
where

1} X — __ zk: exp 2XVZter tXt)
k & exp (2% v Puext) +1

and
v = {dw,ue Vv}

To efficiently learn a set of A, for each node v, we minimize the following objective function for each
node v using iteratively reweighted penalized least squares:®

min  — i (Bo + x'B) — log (1 + e(ﬁo*xrﬂ)> 4, [ Bl )6l + o 8]
(Bo.6) < B ° ’ 2 1

where a controls the balance between /1 and /; regularization. Given a = 1, this objective function
learns the mapping of the /1-regularized regression of node v and the nodes V v given any 4;. Once
learned, this gives us the ability to determine the associated graphical structure for any A rapidly.

Parameter estimation

Given a graphical structure G = (V,E), it follows that the parameters § for the nodes and edges can
be written separately in an overcomplete representation. In this formulation, ¢y is a set of two vec-
tors of sufficient statistics for two node possible node states ('0’,"1’) with parameters 6y, while ¢¢ is a
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set of four vectors of sufficient statistics for the four possible edge states (‘00’, '01’, "10/, "11’) with
parameters 6. That is,

exp (Z;E voi(X, Yi)0i+2/e 3] (X, Yi)aj)
Z(X;0)

p(Y|X;8) =

Given the M observed population vectors {y',y?,...,yM}, and corresponding features vectors {x',x?,

,xM}, we learn @ by maximizing the /,-regularized log-likelihood of the observations:”""°

S
7(0;X,Y) Z (0: X, Yoo) ——||0H

where the log-likelihood for each observation k is:

7(0; X, Ye) = {9(Xe, Yi), 0) — logZ(Xy)

Hyperparameter optimization
To determine the optimal values of the hyperparameters s and 45, we invoke a sequential model-

based Bayesian optimization in which we maximize the objective:"’

max _ f(s,p)

s€ As,p€ Ap

over a set of withheld samples t where:
f(s,p) = 7(6; X, Ye)

Here, we construct a model of this objective function as a Gaussian process. Specifically, we formu-
late a model relating the values of hyperparameters A, and 1, with performance on a withheld
validation dataset. We then iteratively update this surrogate model by select new combinations
of hyperparameters to evaluate and incorporate their performance into the model

Identifying pattern completion neurons
To integrate information about user-defined features, we merge binary vectors indicating each
feature (e.g., a visual stimulus) into the spike matrix. Thereafter, the log-likelihood ratio of each pop-
ulation vector (or, network configuration) having come from the trained model had the behavioral
node been active or inactive is calculated:

li1_0 = {Iog(pm) — |og(p{f(’,>},m =1,..M

where

P P(ym”(r\/nf{i}vxxm = 1§9>

pio = p(ym’xyf{i},x‘.m = O§9)

This ratio represents the ability of the model to predict the user-defined feature given the configu-
ration of network. By using this metric of prediction performance alongside the "11" (co-activity)
edge scores, a core set of neurons whose activity is both highly predictive of the user-defined feature
and robust connectivity—pattern completion neurons—maybe identified.

Institutional permissions

All experimental procedures used to generate sample data were carried out in accordance with the
US National Institutes of Health and Columbia University Institutional Animal Care and Use Commit-
tee. To generate data for analysis in this software will require sufficient permissions from the relevant
institutions.
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Preparation
® Timing: <10 min

Downloading PatMap

STAR Protocols

1. The PatMap toolbox can be downloaded from https://github.com/darikoneil/PatMap. The re-
pository contains a collection of MATLAB functions, a graphical user interface (GUI), documenta-

tion (including a tutorial), an example dataset, and dependencies. The repository can also be

downloaded directly using your operating system'’s terminal through git.

>git clone https://github.com/darikoneil/PatMap

2. After downloading, extract the PatMap zipped file and place the extracted folder in the location

of your choosing.

Installing PatMap

3. PatMap does not require installation, but does require an installation of MATLAB. It is recommen-
ded that PatMap be run within MATLAB 2020b. Instructions on installing MATLAB can found here.

Launching PATMAP

4. Open MATLAB and enter the PatMap folder.
5. Enter PatMap in the command window to launch the GUI.

>app = pat_map () ;

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Excitatory neurons in visual cortex This article https://github.com/darikoneil/PatMap/
during drifting gratings example_datasets/drifting_gratings
Excitatory neurons in hippocampal CA1  This article https://github.com/darikoneil/PatMap/

during contextual fear conditioning

Excitatory neurons in the hippocampal
CA1 during spatial navigation task

Krishnan et al.'?

example_datasets/contextual_fear

Krishnan, Seetha (2023) Hippocampus
Reward Dataset (version 0.230416.2132)
[data set]. DANDI archive. https://doi.org/
10.48324/dandi.000462/0.230416.2132

Software and algorithms

PatMap

MATLAB 2020b (recommended)

or greater

MATLAB Parallel Computing
Toolbox (optional)

MATLAB Signal Processing Toolbox

MATLAB Statistics and
Machine Learning Toolbox

MATLAB Symbolic Math Toolbox

Carrillo-Reid et al.’
MathWorks

MathWorks
MathWorks
MathWorks

MathWorks
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Continued
REAGENT or RESOURCE SOURCE IDENTIFIER
MexCPP (modified) Kui Tang https://github.com/kuitang/mexcpp

QPBO v1.32 (modified)

Rother et al."®

https://pub.ista.ac.at/~vnk/software.html

GLMNet Friedman et al., 2010°  https://glmnet.stanford.edu/articles/glmnet.htm

ParWaitBar Olivier Trottier https://github.com/oliviertrottier/parwaitbar

CmdLineProgressBar Ita Katz https://www.mathworks.com/matlabcentral/
fileexchange/5687 1-command-line-
progress-bar-waitbar

Other

Tested operating system Windows 10 https://www.microsoft.com/en-us/
software-download/windows10

Tested operating system Windows 11 https://www.microsoft.com/en-us/

Tested operating system
Tested operating system
Tested operating system
Memory

Ubuntu 18.04 LTS
Ubuntu 20.04 LTS
Ubuntu 22.04 LTS

Scales with size

software-download/windows11
https://releases.ubuntu.com/
https://releases.ubuntu.com/
https://releases.ubuntu.com/
N/A
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of dataset (>8 GB)

STEP-BY-STEP METHOD DETAILS

Here we describe step-by-step details in the analysis of an example dataset, from the importing of
the dataset, to parameter selection, data validation, structural learning, parameter estimation,
model selection, the identification and evaluation of neuronal ensembles, and the identification
of pattern completion neurons. We have indicated the estimated time required for the example da-
taset. A comprehensive benchmarking can be found here to estimate the computation time for your
own datasets.

Initialization
O Timing: <5 min

In this portion of the protocol, we import our data, select dataset-specific parameters, and validate
the compatibility of our dataset (Figure 2A). For this tutorial, we will utilize data collected from the
calcium imaging of excitatory neurons in the visual cortex during the presentation of drifting gratings
with 0°, 45°, 90°, and 135° orientations on an LCD screen. More information on this dataset can be
found here.

Note: All relevant files can be found in the ‘drifting_gratings’ folder within ‘example datasets’'.
The folder contains five files: ‘visual_cortex_data.mat’, ‘visual_cortex_udf.mat’, ‘visual_cor-
tex_rois.mat’, ‘visual_cortex_params.mat’, ‘metadata.txt’. The ‘data’ file contains an M sam-
ple by N neuron binary matrix where each element indicates whether the n-th neuron was
spiking during the m-th sample. The ‘udf’ file contains two variables. The first variable ‘udf’
is an M sample vector of natural numbers indicating which drifting grating was presented dur-
ing the m-th sample. The ‘udf_labels’ variable contains a cell array mapping the natural
numbers in ‘udf’ and the presented drifting gratings. The ‘rois’ file is an optional file that
contains the pixel masks for each neuron within the dataset. The parameters file is a structure
containing the parameters for the analysis. The provided parameters file is simply the default
parameters and is only provided to provide an example on loading a set of saved parameters.
Finally, the ‘metadata.txt’ file contains a short description of the experiment.

A CRITICAL: Imported data files must be an M sample by N neuron binary matrix where each

value indicates the state of the neuron in the sample. Intuitively, the state of the neuronis a
simple binary indication of spiking (i.e., active or inactive). Nevertheless, the matrix does
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A
Initialize New Model
| New Model | | Validate | [ RunModel ||New Model File Name (mat) |
[ Browse | ( load | Load DataMatrix (mat) |
[ Browse | [ load | | LoadUserDefined Features (mat) |
[ Browse | ([ Load |  LoadROICoordinates (mat) |
B

Logging Console
11-Jan-2023 15:58:59 Validation Complete 4
11-Jan-2023 15:58:59 Validating Data
11-Jan-2023 15:58:42 Retreived ROIs
11-Jan-2023 15:58:41 Retrieved UDFs)
11-Jan-2023 15:58:41 Retrieved Data (Spike Matrix) -

Figure 2. Importing data
(A) Import interface for loading and validating data. Note separate buttons for loading the spike matrix, user-defined features, and ROl coordinates.
(B) Logging console confirming successful import and validation of data.

not need to directly map to discrete spikes. Any binary measure of neural activity is suffi-
cient. This ‘data’ matrix must be saved in the form of a “.mat’ file (MATLAB binary file).

A CRITICAL: Imported udf files must contain either an M sample vector of natural numbers
where each element indicates the user-defined feature present in the m-th sample or an M
sample by N user-defined feature binary matrix where each element indicates whether the
n-th user-defined feature was present during the m-th sample. It is critical that each sample
is directly matched with the samples of the dataset. An optional cell array of length N user-
defined features may be provided that maps each user-defined feature with a text label.

A CRITICAL: Imported ROls must be properly formatted in the form of a “.mat’ (MATLAB bi-
nary file). Acceptable formats include: (1) a 2D matrix in which the rows are neurons and the
columns represent the center point in Cartesian coordinates with respect to the image (2) a
2D matrix in which the rows are neuron, the first two columns represent the center point in
Cartesian coordinates with respect to the image, and the third column representing the
imaging plane or (3) an exported Suite2P structure.

1. Importing your dataset.
a. Press the browse button to open a pop-up file explorer.

b. Locate your dataset within the file explorer and press the open button.

Note: In this case, we will be selecting the 'visual_cortex_data.mat’ file in the 'drifting_grat-
ings folder located within ‘example_datasets’ folder.

Note: The path to your file will be reflected in the associated textbox.

6 STAR Protocols 4, 102543, September 15, 2023
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c. Click the load button to import your dataset.
Note: A preview of the dataset will be generated below.

2. Importing (potentially) encoded features, referred to as user-defined features (UDFs)
a. Once again, press the browse button to open a pop-up file explorer.
b. Locate your UDFs within the file explorer and press the open button.

Note: In this case, we will be selecting the ‘visual_cortex_udf.mat'’ file in the ‘drifting_gratings’
folder located within ‘example_datasets’ folder.

Note: The path to your file will be reflected in the associated textbox.

c. Click the load button to import the UDFs.

3. Optional: afile containing ROl coordinates can be imported for visual identification of ensemble
neurons and pattern completion neurons, and superimposing the learned graphical structure
onto the rois. If one is not provided, simulated rois will be generated.

a. Press the browse button to open a pop-up file explorer.
b. Locate your ROIs file within the file explorer and press the open button.

Note: In this case, we will be selecting the 'visual_cortex_rois.mat’ file in the ‘drifting_gratings’
folder located within ‘example_datasets’ folder.

Note: The path to your file will be reflected in the associated textbox.

c. Click the load button to import the ROIls. The ROIs will be plotted below.
4. Selecting Parameters.

Note: The right panel displays the major parameters of the analysis pipeline. Relevant parame-
ters are additionally displayed on the submenu of each step and are described as the user per-
forms those steps later. These parameters are linked (i.e., changing one changes the other).

Note: In this tutorial we will demarcate and outline parameter choices during the step they are
relevant.

a. Press the browse button to open a pop-up file explorer.
b. Locate the parameters file within the file explorer and press the open button.

Note: In this case, we will be selecting the ‘visual_cortex_params.mat'’ file in the drifting_grat-
ings’ folder located within the ‘example_datasets’ folder.

c. Click the load button to import the parameters. Do not worry if the parameters do not change.
The supplied example parameters are simply the defaults.
5. Validating the Dataset.
a. First, we specify the three parameters relevant for this stage.
i. ‘Shuffle Data’ indicates whether to shuffle the dataset before learning. Shuffling the data
here mitigates the influence of potential longitudinal changes in the dataset (e.g., unstable
or dynamic representation).

Note: It may seem that one would always wish to shuffle the dataset, however, there are sit-
uations where this is not the case. For example, one might wish to train a model on some
behaviorally relevant portion of the dataset and consider whether it generalizes to a different
portion. For example, before and after extinction of a conditioned stimulus.

STAR Protocols 4, 102543, September 15, 2023 7
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ii. ‘Training-Testing Split" indicates the fraction of samples used for training the graphical

model. To mitigate overfitting of the model, a subset of the data should always be withh
at this stage (i.e., the testing data).

eld

iii. ‘Validation-Training Split' indicates the fraction of training data withheld for hyperpara-

meter optimization. Hyperparameters are parameters whose values shape the learn

ing

of the model. It is always best practice to determine the best combination of hyperpara-

meters on a dataset that is separate from the testing data to mitigate overfitting.
b. Second, we press the “validate dataset” button.

Note: This step ensures that data is appropriately structured as described in the preceding
sections labeled critical. Specifically, this step ensures the data is binary (contains only 0’s
and 1's), that every neuron fires at least twice in the testing and training datasets, and that
each observation contains at least one neuron firing. In the event of failed validation, the val-
idator will attempt automatic solutions if applicable. Successful validation will be confirmed to
the user in the logging console (Figure 2B). Otherwise, an error will appear.

Note: Pressing the ‘Run Model’ button will launch the entire analysis with a single-click
(including validation). However, in this tutorial, we will proceed manually through each step.

Structural learning

O Timing: 1-5 min

The objective of the structural learning step is to generate a set of structures which approximate the

functional connectivity of the neural circuit. We accomplish this by conducting neighborhood-based

regressions implemented through highly-efficient elastic nets. The most optimal structure for the

graphical structure will be determined during the hyperparameter optimization step.

6. Click on the ‘Training’ tab to proceed to the training stage.

7. Click on the “Structural Learning” tab to open the structural learning submenu (Figure 3A).

8. Setting Structural Learning Parameters.

a.

b.

8

‘Parallel Learning’ indicates whether to learn the set of structures in parallel. This is step can
save considerable time at the expense of using more memory. By default, it is set to O (off).
‘Alpha’ indicates the balance of /1-to-/; regularization in the elastic net during structural
learning. We set this parameter to the default value of 1. This parameter does not need to
be changed but is provided for advanced users.

‘Number of sLambda’ indicates the number of distinct sLambda values used to minimize the
structural learning objective.

. 'Minimum sLambda’ and "Maximum sLambda’ set the range from which sLambda parameters

are selected. By default, this range is set to 1e-05 to 5e-01. These parameters should rarely
need changed.

. ‘sLambda distribution’ sets the distribution used to randomly select sLamba values. By

default, this parameter is set to “1" to utilize a log distribution. This allows for more samples
to be selected at smaller sLambda where the complexity of output structures is greater. Users
should only set this to parameter to “0” (uniform distribution) if structural learning is prohib-
itively time-consuming for a particular dataset. Setting this parameter to “0” will improve per-
formance at the expense of accuracy.

‘Edge Constraints’ controls the connectivity of user-defined feature nodes within the learned
structure. By default, this parameter is set to 1" to constrain the structure such that user-
defined feature nodes cannot connect to each other. This parameter does not need to be
changed but is provided for advanced users who may be interested in exploring interactions
between user-defined features.

STAR Protocols 4, 102543, September 15, 2023
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A
Learning
Perform Structural Learning Number of Seed Structures 8 Passed sLambda
Preview Passed Structures Total Passed Structures 8 ?:ggggg;z:gg -
5.619312e-02
4.495673e-02
3.372033e-02
Preview All Structures 2.248394e-02
1.124755e-02 2
B
Learning
‘ Perform Parameter Estimation Number of Seed Models 16 Passed pLambda
( Optimize ] Total Models Learned 16 1:888388:82
Seed Models Unlearned 0
C 16 of 16

Parameter Estimacion: s_lambda=l.000000&-0S: p_lambda=l.000000&+03
Debug: Ioing cdgeRROS++4++ttttttttdittdttttdtdttitbittsttit ittt
DEBUG t = 1, naxgin = 1

(BCFW) iter = 1000, fval = -21407.4,
[BCFW] itex = 2000,
(BCFW) iter = 3000,
[BCFW) icer = 1000,
[BCFW] iter = 5000,
[BCFW) iver = €000,

s s

relDg = 2.81602, totItexTime = 0.95EE53, trainErr = 0.66998, dxl = 326604, stepSz = 0.45079¢
, rTelDg = 1.088S3, totItexTime = 2.01835, trainExrx = 0.99998, dxl = 117507, sctepSz = O.02!
relDg = 0.701613, tocTterTime = 3.16502

relDg = 0.561414, tocIterTime = 4.46189,
relDg = 0.492976, totIterTime = 5.80544,
tocIterTime = 7.18051, trainErz =

a
4
1
8,
a
5
3,
3,

(BCFW) iver = 7000, . totIterTime = &.58629, 6, svepsz = 4.50855e-08
[BCFW) iver = 8000, tocIterTime = 10.0271, o , ovepSz = 4.508552-08
(BCFW] iver = 9000, zelDg = 0.460014, toclvezTime = 11.4968, .99998, 1078, avepSz = 4.50888;

[BCFW) iter
(BCFW) ivex
(BCFW] iter = 12000,
(BCEW) iter = 13000,
[BCFW) iter = 14000, fval = -32675.5, ag = 14988
CONVERGENCE REACHED

10000,
11000,

relDg = 0.459595, torIterTime
TelDg = 0.459223, totlverTime
TelDg = 0.458784, torItarTime atepsz =
zelDg = 0.456713, tovlverTime 3 50, stepSz = 4.50!
relDg = 0.45871, totIterTime = 18.8008, Crainkrr = 0.99998, Axl = 0.324779, STEpSZ = 9.50855e-08

12

Converting F and G to node and edge potentials
Computing training likeliheod
Computing test likelihood

Finished estimating parameters.
Ko

Figure 3. Structural learning and parameter estimation

(A) Structural learning panel with an interface for initiating structural learning and a drop-down box highlighting a
pseudo-random selection of s-lambda values to be passed to parameter estimation.

(B) Parameter estimation panel with an interface for initiating parameter estimation and a drop-down box highlighting
selected p-lambda values.

(C) Console feedback during parameter estimation reporting progress and computation time.

g. 'Absolute Value Ranking’ formulates structures based on the absolute value of their coefficients
rather than their positive magnitude. We will set this parameter to 0. However, it could be useful
in mixed datasets including excitatory and inhibitory neurons and has been left open to the user.

h. ‘Number of Seed Structures’ determines how many structures to randomly select as seeds for
parameter estimation and hyperparameter optimization.

i. 'Density’ sets an optional threshold for the density of the learned structure. The number of
edges kept in the structure is equal to this value times the number of possible non-zero edges.

9. Press the run Structural Learning to generate a set of structures to pass to parameter estimation
and hyperparameter optimization.
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Note: A progress bar indicating progress will be displayed in the terminal.

Parameter estimation
® Timing: 10-30 min

The object of this step is to infer the potentials which dictate the magnitude of the interactions iden-
tified during structural learning. This objective is accomplished through maximum likelihood
estimation.

10. Click onthe “Parameter Estimation” tab to open the parameter estimation submenu (Figure 3B).
11. Setting Parameter Estimation parameters.

a. 'Implementation Mode’ sets the implementation of parameter estimation. Changing the
default “1" to 2" conducts parameter estimation on multiple potential models in parallel
at the expense of increased memory requirements. Setting the mode to “3" or 4" conducts
sequential or parallel parameter estimation on seed models only. This setting is useful to get
a quick gauge of the amount of time it takes to learn models of a particular size or composi-
tion before launching a more-expansive optimization.

b. ‘fVal Epsilon’ sets the convergence criterion and is best left at default. It is provided to allow
advanced users to relax the criterion on exceptionally large or complex datasets.

c. 'Reweight Denominator’ sets the method used to relax the approximation of the partition
function to facilitate learning. It is best left at the default. It is provided to allow advanced
users to tailor performance when using exceptionally large or complex datasets.

d. ‘Number of pLambda’ sets the number of pLambda values used as seeds during parameter
estimation.

e. 'Minimum pLambda’ and ‘Maximum pLambda’ set the range from which pLambda values are
selected.

f. ‘pLambda Distribution’ sets the distribution from which seed pLambda values are selected.
Set this parameter as “0" for a uniform distribution or “1” for a log space.

g. 'Max lterations’ sets the upper limit for the number of iteration to allow during parameter
estimation. It is best set at default, but can be decreased to improve performance for large
or complex datasets

h. "Max Time' sets the upper limit for the amount of time spent on a single model during param-
eter estimation. While the example dataset will converge relatively quickly, | can be advan-
tageous to set this parameter to a few thousand seconds to ensure poorly-suited models
don't’ absorb valuable computation time.

i. 'Print Interval’ sets the regularity of user feedback during learning. It does not affect perfor-
mance and can be left at the default.

j- 'SMBO Max Evaluations’ sets the maximum number of models to evaluate during hyperpara-
meter estimation. The default value is usually sufficient.

k. 'SMBO Max Time' sets the maximum amount of time permitted to optimize the hyperpara-
meters.

12. Press the "perform parameter estimation” button to estimate parameters.

Note: Verbose feedback will be printed in the command window (Figure 3C).
Model evaluation
O Timing: <5 min

The objective of this step is to identify the best model from the pool of all learned models. The best
model is selected by assessing the performance of each model on a withheld dataset.
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Model Evaluation Identification of Neuronal Ensembles Parameters
Reselect Best Model Slambda ’ 1.0374836-02 Tuning Criterion | AUC [+] } Evaluate Neuronal C R to Random ‘
[ 1.000000e+03] Ensemble Size | coact | v e— s
pLambda 1.000000e+03
] Evaluate Best Model ‘ Evaluate Node Performance Identify Neuronal Ensembles (Run All) ‘
s 14| Train Likelihood 7573 Include UDF in Ensembles o ,
(
Assess Decoding| 1 Test Likelihood 7748 Number of Random Controls 100‘ ‘ Compare to Random Ensembles Deviations 3 UDF 1
Assess Clustering 1 Max Degree 42 c
Mean Degree 21 Pattern Completion Neurons
Clustering Coefficients Median Degree 21 Identify Pattern Completion Neurons | Pattemn Completion Neurons 24 78 Percent Unique
; : 100%
Global|  0.1057 RMS Degree 22 24 78
UDF 1 Unique Neurons
Edges 4716 EEESS e e = Pattern Completion Density
Node Threshold | Entire v Promiscuous Neurons | NO Promiscuous = 8%
Neurons 2

Figure 4. Leveraging learned models for identifying pattern completion neurons

(A) Model evaluation panel displaying the statistics and properties of the optimal model. Note the button to evaluate the model’s ability to predict the
occurrence of user-defined features.

(B) Panel for identifying neuronal ensembles.

(C) Panel for identifying pattern completion neurons.

13. Click on the "Evaluate Model” Tab to open the model evaluation submenu (Figure 4A).
Note: The best model is automatically selected following parameter estimation.
14. Press the "Evaluate Best Model” button to evaluate the learned model.

Note: A table will be produced describing the performance of the model in predicting user-
defined features. An interactive visualization will be produced allowing users to highlight spe-
cific nodes within the graphical structure to observe their connectivity.

Note: Select which UDF to visualize using the UDF edit field.

Identification of neuronal ensembles
O Timing: <5 min

The objective of this step is to identify the groups of neurons (neuron ensembles) specifically rele-
vant to each UDF.

15. Click on the “Identify Ensembles” tab to open the Identifying Neuronal Ensembles submenu

(Figure 4B).

16. Setting identification of neuronal ensembles parameters.

a. 'Tuning Criterion’ sets the criterion for assessing the performance of individual neuronal no-
des. The default criterion is ‘AUC’ for the area-under-the-curve of the receiver operating
characteristic (true positive rate vs. false positive rate). In some cases, the dataset may be
heavily imbalanced. That is, the empirical probability of a user-defined feature being present
is low (~10%). In this case, the criterion ought to be set to ‘PR’ to utilize a precision-recall
curve.

b. "Ensemble size’ controls the size of random ensembles used for comparison. By default, the
random ensemble size is equal to the size of the node with the highest degree. However, it
can also be set to the size of the maximum coactivation of neurons or the size of the maximum
coactivation of neurons during UDFs.
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c. 'Number of Random Controls’ sets the number of random ensembles used for comparison.
The default value of 100 is sufficient, but the user may increase this value if desired.
17. Press 'Evaluate Neuronal Contributions’ to quantify the individual contributions of individual
neurons in the model.

Note: Here, the ratio of the log-likelihood of a model with and without the neuron active are
compared.

18. Press 'Evaluate Node Performance’ to predict the state of UDFs using the change in the contri-
butions of individual neurons.

19. Press ‘Compare to Random Ensembles’ to compare these predictions to the performance of
random ensembles and identify neuronal ensembles.

Note: Neurons are added to an ensemble when they surpass a threshold calculated using the
performance of randomized ensembles.

Note: The threshold for ensembles neurons can be modified and new ensembles extracted
through the ‘Recompare to Random Ensembles’ buttons.

Identifying pattern completion neurons
O Timing: <5 min
The objective of this step is to identify the pattern completion neurons for each UDF.

20. First press the ‘Identify Pattern Completion’ tab to open the Pattern Completion Neurons sub-
menu.

21. To identify pattern completion neurons within the identified ensembles (if present), press the
‘|dentify Pattern Completion Neurons' button (Figure 4C).

Note: Pattern completion neurons are defined as those neurons surpassing a threshold for
both predicting the UDF and the strength of their influence within the network—defined as
the node strength, the sum of their Phi-11 coactivity potentials.

Note: The results will be automatically plotted. To select which UDF is currently plotted,
change the 'UDF’ field.

22. Press the export button to save and export results.

A CRITICAL: The identity of ensemble and pattern completion neurons will be saved in cell
arrays named ‘ensemble_nodes’ and ‘pattern_completion_nodes’. The length of each cell
array is equal to the number of user defined features. Each cell contains an index of the
identified ensemble or pattern completion nodes. A snap-shot of all the calculated data,
including sub-optimal models, is also exported. Descriptions of these exported variables
and parameters can be found here.

EXPECTED OUTCOMES

PatMap is a simple graphical user interface that intuitively models neural circuit dynamics as prob-
abilistic graphical models—where nodes represent neurons, and edges their functional connections
(Figures 5A and 5B). PatMap can leverage the probabilistic dependencies within these models to
identify the computational building blocks that underlie behavior (e.g., neuronal ensembles,
Figures 5C and 5D). Unlike traditional dimensionality reduction or encoding methods, these

12 STAR Protocols 4, 102543, September 15, 2023
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neuronal ensembles are described within the statistical scope of individual neurons. This biologi-
cally-meaningful modeling lends itself naturally to studies involving targeted manipulations, allow-
ing informed manipulation of behavioral, circuit and ensemble activity. To this end, in its present
functionality PatMap identifies pattern completion neurons within neuronal ensembles—these neu-
rons have been found capable of activating complete neuronal ensembles through their robust in-
fluence on population activity (Figures 5E and 5F; Figure 6; Methods video S1).

LIMITATIONS

PatMap is currently a supervised method, and thus cannot detect encoding of unexpected stimulus
features. Second, PatMap requires binary data. It follows that information may be lost when using
fluorescence-derived data (e.g., calcium imaging) as it cannot incorporate magnitude. Also, our
analysis is currently limited to detect zero-lag neuronal interactions, although we are exploring
future versions that incorporate detecting temporal interactions in neuronal firing. Finally, while
PatMap’s computational and structured prediction performance is optimal, in practice it can
become computationally expensive as model complexity increases.

TROUBLESHOOTING

Problem 1
PatMap returns repeated warnings regarding failure to converge during structural learning (Step 10).

Potential solution
This problem typically arises when the sequence of sLambda parameters is not well-suited. This
problem can usually be solved by using a large sLambda minimum (i.e., using a smaller range).

Problem 2
PatMap is able to decode UDFs with good performance, but is unable to identify high performing
ensembles (Step 19).

Potential solution

Some neural circuits may not utilize neuronal ensembles. In some case, neural circuits may dynam-
ically encode the UDF in stochastic network activity that may be incorporated into the model. Never-
theless, this problem can also arise due to a high baseline of performance in randomized ensembles
(often due to random ensembles that are very large). This problem is easily identified by observing
the distribution of node performance on the ‘Identifying Neuronal Ensembles tab’ and solved by us-
ing a larger deviation during ensemble identification.

Problem 3
PatMap indicates my dataset is invalid but every sample and neuron has multiple spikes (Step 5).

Potential solution
If some neurons spike very infrequently, on occasion these spikes will all be grouped in the test data-
set upon shuffling. This can be solved by removing these neurons or reshuffling the dataset.

Problem 4
| received a segmentation error and crash to desktop during parameter estimation and/or hyper-
parameter estimation (Step 12).

Potential solution

Select functions that require high-performance are C++. To make it easy for users, we have precom-
piled ‘'mex’ functions that interface this performant code with MATLAB. Nevertheless, it is possible
that there are particular combinations of Matlab and operating system releases for which these
compiled functions aren’t well-suited. In this case, we have prepared a recipe to easily compile these
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Figure 5. PatMap analysis of excitatory neurons in mouse visual cortex

(A) Spatial locations of neurons identified in example dataset.

(B) Example data spike matrix associated with identified neurons.

(C) Decoding performance of best model (16 models compared). The area-under-the-curve (AUC) of the receiver operating characteristicis 0.95. Dotted
line represents the performance of a no-skill classifier.

(D) Distribution of tuning criterions for all nodes. Here, the tuning criterion was the AUC of a decoder trained to identify the presentation of a
0°-oriented drifting grating using the log-likelihood ratio of the model containing or not containing a specific neuronal node.

(E) Performance of 0° orientation ensemble in identifying presentation of 0°, 45°, 90°, and 135°-oriented drifting gratings. Purple (0°, AUC 0.98), red (45°,
AUC 0.32), blue (90°, AUC 0.34), orange (135°, AUC 0.35). Dotted line represents the performance of a no-skill classifier.

(F) Performance of 0°, 45°, 90°, and 135°-orientation ensembles in identifying the presentation of a 0°-oriented drifting grating. Purple (0°, AUC 0.98),
red (45°, AUC 0.34), blue (90°, AUC 0.26), orange (135°, AUC 0.47). The AUC of the 0° was 0.98. Dotted line represents the performance of a no-skill
classifier.

(G) Spatial location and connectivity of 0° ensemble neurons (blue) and its pattern completion neurons (red).

(H) Pattern completion neurons are readily identified by plotting the AUC for a specific UDF and the node scores. The y-axis bounds represent +/- one
standard deviation within the mean of random ensemble performance. The x-axis bounds represent 95% confidence intervals of the ensemble’s node
scores. The three pattern completion exceeds both these bounds.

(I) Comparison of identified ensemble and pattern completion neurons to the coefficient estimates or weights of a support vector machine trained to
classify the frames in which a 0° oriented drifting grating was presented. Note that the identity of pattern completion neurons cannot be discerned by
their utility in classification.
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(A) Decoding performance of best models trained to decode the orientation of drifting gratings in the visual cortex, the context during fear conditioning
in the hippocampus, and decoding position in the hippocampus. Purple (mean, AUC 0.95), red (context, AUC 0.90), blue (position, AUC 0.95), orange
(orientation, AUC 0.94), red: context, blue: position, orange: orientation. Dotted line represents the performance of a no-skill classifier.

(B) Decoding performance of identified ensembles trained to decode the orientation of drifting gratings in the visual cortex, the context during fear
conditioning in the hippocampus, and decoding position in the hippocampus. Purple (mean, AUC 0.96), red (context, AUC 0.94), blue (position, 0.97),
orange (orientation, AUC 0.93). Dotted line represents the performance of a no-skill classifier.
(C) Kernel density estimate of all neurons’ AUC and node scores. Red: pattern completion neurons, purple: ensemble neurons, black: non-ensemble

neurons, colorbar: density.

functions on your own. Simply open the ‘Makefile’ in the repository with a text editor, enter the path

to your Matlab ‘mex’ file, open a terminal in the repository, and enter ‘make’.

Problem 5

My dataset generates out-of-memory errors. How do | analyze my dataset (Step 12)?

Potential solution

The simplest approach reducing memory requirements is to lower the density parameter. This will

reduce the complexity of learned structures by reducing the number of edges. Even small reductions

in the density parameter (e.g., subtracting 0.01) can greatly reduce memory requirements in large

datasets. A second approach is to reduce the number of neurons included within the model through
random sampling or the utilization of feature selection methods. While reducing the number of sam-
ples is an option, the number of nodes is the primary determinant of the required amount of mem-

ory. Model structure is generally robust to the addition and subtract of individual nodes (see here).

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be ful-
filled by the lead contact, Darik A. O'Neil (d.oneil@columbia.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability

All datasets and code used during this study are available at www.github.com/darikoneil/PatMap.
The accession number for this material is also available at Zenodo: 8145204.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.xpro.2023.102543.
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