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Interactions across hemispheres in
prefrontal cortex reflect global cognitive
processing

Megan E. McDonnell 1,2,7, Akash Umakantha1,2,3,7, Ryan C. Williamson1,2,3,4,7,
Matthew A. Smith 1,2,5,8 & Byron M. Yu 1,2,5,6,8

Brain functions involve processing in local networks as well as modulation
from brainwide signals, such as arousal. Dissecting the contributions of
populations of neurons to these functions requires knowledge of interactions
between brain areas. We investigated these interactions using dual hemi-
sphere recordings of prefrontal cortex in monkeys performing a spatial
memory task. To tease apart global processing from local interactions, we
applied a novel statistical approach called pCCA-FA (a combination of prob-
abilistic canonical correlation analysis and factor analysis) to analyze trial-to-
trial variability in neuronal activity. We found substantial shared variability
among neurons within each population, much of which was actually shared
across populations and linked to an arousal process. Our work presents a path
by which we can leverage multi-area recordings to reveal aspects of brain
functions that are hidden in single-area recordings.

Brain functions such as attention1,2, decision making3, and working
memory4,5 rely on coordination among neurons within brain areas as
well as across brain areas. Thus, the spiking activity of individual
neurons can be influenced by neurons from the same brain area,
neurons in other brain areas, global modulatory signals, and more6.
Teasing apart the impact of each of these influences on neural activity
would enable a deeper understanding of how neurons in different
brain areas interact to give rise to such brain functions.

To dissect the various influences on neural activity, we can con-
sider how the activity of one neuron covaries with that of other nearby
neurons. Many studies have examined how the activity of pairs of
neurons in a single brain area covaries from trial-to-trial by computing
spike count correlation (rsc)7,8. These pairwise correlations have been
widely used as a window to investigate a range of phenomena from
cognitive states to circuit architectures9,10. To go beyond pairs of
neurons, a related body of work has identified the population-wide
covariability structure in single brain areas. These population-level

approaches have been used to study the trial-to-trial variability
underlying sensory encoding11,12, attention13,14, motor control15–17,
learning18–20, decision-making21–23, network structure24–26, and more27.
Taken together, these studies inform our understanding of howneural
activity is shared among neurons within a brain area.

Given that most brain functions rely on interactions across brain
areas, it is likely that some component of the activity of each brain area
is shaped by interactions with other brain areas. Developments in
neural recording technology have enabled simultaneous recordings of
populations of neurons in multiple brain areas28–30, which give rise to
the possibility of distinguishing interactions across brain areas from
interactions solely within a single brain area31–34. Simultaneous
recordings from multiple brain areas have been leveraged to study
widespread brain functions such as sensory processing35–40, motor
control41–44, learning45–47, decision-making48–50, working memory51,52,
arousal53,54, and attention55–60. However, most statistical methods for
analyzing populations of neurons are not designed to distinguish
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activity shared across areas from activity shared solely among neurons
within each area.

Here, we seek to identify components of neural activity that
involve interactions across two areas (i.e., an across-area component),
as well as interactions solely within each area (i.e., a within-area com-
ponent). We simultaneously recorded spiking activity from each of the
two hemispheres (here referred to as two areas) of prefrontal cortex
(PFC) in macaque monkeys while they performed a spatial memory
task. Utilizing a statistical method we developed called pCCA-FA (a
combination of probabilistic canonical correlation analysis and factor
analysis), we found substantial shared variance among neurons in PFC,
much of which involved neurons across both areas. In fact, the across-
area component of PFC activity was larger than the within-area com-
ponent.We then uncovered a link between the across-area component
and a brainwide arousal process. Our work motivates a reinterpreta-
tion of shared variance among neurons within a brain area as arising
frommultiple sources, both within that area as well as via interactions
across the brain.

Results
To support perception, cognition, and action, each neuron’s activity
canbe sharedwith other neurons in the samebrain area, aswell aswith
neurons in other brain areas. Consider the spiking activity of two dis-
tinct populations of neurons, recorded simultaneously from two brain
areas (area 1 and area 2, Fig. 1a). For each neuron, we would like to
identify which aspects of its activity are shared with neurons in the
other area (pink arrow) and which aspects are shared exclusively with
neurons in the same area (blue arrow). To understand how the activity
of neuron 1 in area 1 is shared with other neurons (i.e., to quantify the
relationships described by the pink and blue arrows in Fig. 1a), we
would like to partition its trial-to-trial spike count variance into an
across-area component (termed across-area variance; Fig. 1b, pink), a
within-area component (termed within-area variance; Fig. 1b, blue),
and a component independent to this neuron (termed independent
variance; Fig. 1b, gray).

Mean spike count correlation does not adequately partition
shared variance
We simultaneously recorded spiking activity from neurons in both
hemispheres of dorsolateral PFC tounderstandhowneural activitywas
shared either across or within areas (Fig. 2a). We began by character-
izing the pairwise interactions among neurons within each area using
rsc. The spike counts used to compute rsc were taken from a one-
second window during the delay period of a memory-guided saccade
task (Fig. 2b). Throughout this work, we combined trials across con-
ditions after removing condition-specific means, and removed slow-
timescale trends to avoid spurious correlations61 (see Methods, Sup-
plementary Fig. 1).

The mean rsc among pairs of recorded neurons in a brain area is
commonly taken to indicate the strength of shared activity among
neurons. We computed rsc for each pair of neurons within each area
(Fig. 2c, left and middle, example session), then averaged over the
pairs to obtain awithin-areamean rsc per session (right PFCwithin-area
mean rsc = 0.029, left PFC within-area mean rsc = 0.033, example ses-
sion). In the majority of sessions, we found that within-area mean rsc
values were positive (Fig. 2d, top and middle).

To understand how activity is shared across areas, one approach
is to compute rsc between pairs of neurons across areas (i.e., one
neuron in each area). Mean rsc decreases for pairs of neurons as the
physical distance between the neurons increases62–64, and has been
shown to be smaller for pairs of neurons across versus within brain
areas65. We observed an across-area mean rsc that was close to zero
(Fig. 2c, right; d, bottom). This might be taken to suggest that neurons
within areas interact more strongly than across areas (Fig. 2d;
p = 1.0e − 13, pooled across animals and brain areas; one-tailed t-test),
and that there are little to no interactions across the hemi-
spheres of PFC.

However, there are several limitations to mean rsc measurements.
First, by averaging over all pairs of neurons (either across or within
areas), we ignore the breadth of rsc distributions (Fig. 2c). For example,
if there are pairs of neurons with strong positive correlations and also
pairs with strong negative correlations, the mean rsc might be close to
zero even though many neuron pairs exhibit strong correlations. One
way to identify neuron pairs with strong positive and negative corre-
lations is to consider the relative tuning preferences of the
neurons66–70. Indeed, when we computed mean rsc among subsets of
across-area neuronpairs with similar tuning (Fig. 2e, top) and opposite
tuning (Fig. 2e, bottom), we found that similarly tunedpairsof neurons
exhibited positive rsc (mean rsc = 0.019; p = 1.6e − 10, pooled across
animals; one-tailed t-test), whereas oppositely tuned pairs of neurons
exhibited negative rsc (mean rsc = − 0.013; p = 1.6e − 7, pooled across
animals; one-tailed t-test). Second, the within-area mean rsc does not
reveal whether the activity shared among neurons in an area is also
sharedwith other areas. Rather, all co-fluctuations among neurons in a
brain area are collapsed into the within-area mean rsc. As such, within-
area mean rsc could reflect interactions with other areas and/or global
neuromodulation. Third, mean rsc (either across- or within-area) is not
designed to identify the many possible population-wide co-fluctua-
tions among neurons. Several distinct changes in population-wide co-
fluctuations can result in the same change inmean rsc71,72. By collapsing
all interactions in one metric, we are unable to separately characterize
the many influences on neural activity. Here we desire to leverage the
simultaneity of our dual PFC recordings to dissect the multiple
population-wide influences on across- and within-area activity (as
in Fig. 1b).

pCCA-FA partitions across- and within-area shared variance
To explicitly partition across- and within-area variance, we can lever-
age statistical methods that take into account all simultaneously-
recorded neurons together. In a single brain area, we can identify
population-wide co-fluctuation patterns using factor analysis (FA) or

Fig. 1 | Understanding neuronal variability using spike count variance. a Given
two populations of neurons, we seek to understand what aspects of each neuron’s
activity (e.g., area 1, neuron 1, shaded triangle; box indicates spike count bin) are
shared with neurons in the other area (pink arrow) versus only with other neurons
in the same area (blue arrow). b By considering how a neuron’s activity covaries
with other neurons in the same area and the other area, we can partition its spike
count variance into a component that is only shared with neurons in the same area
(within-area variance, blue partition), a component that is shared with neurons in
the other area (across-area variance, pink partition), and a component that is not
shared with any other recorded neuron (independent variance, gray partition).
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related methods73. While this provides a more detailed view of
population-wide covariability than mean rsc72, these methods do not
reveal whether activity fluctuations are shared with other brain areas.
When recording from two brain areas simultaneously, we can identify
variance shared among neurons across areas by employing canonical
correlation analysis (CCA) or relatedmethods33. However, neither CCA
nor its probabilistic variant, pCCA74, are designed to also identify

variance shared only among neurons within each area (see Methods).
Given that none of the aforementioned methods are designed to
partition variance into both across-area andwithin-area components, a
new approach is needed.

To address this need, we developed a dimensionality reduction
method for two simultaneously recorded brain areas called pCCA-FA
(a combination of probabilistic canonical correlation analysis and

Fig. 2 | Spike count correlations during amemory-guided saccade task. aRaster
plots showing spiking activity from each hemisphere of PFC recorded with multi-
electrode arrays during an example session (Monkey Sa). Our goal was to partition
neuronal variability in PFC into across- and within-area components. b Monkeys
performed a memory-guided saccade task in which a brief target cue was followed
by a variable-length delay period (see Methods). After the delay period, they
reported the remembered location of the cue with a saccade. Spike counts recor-
dedduring the delayperiodwereused for all analyses. c rsc distributions for pairs of
neurons within right PFC (left), within left PFC (middle), and across areas (right)
from an example session (Monkey Pe). Within-area mean rsc > 0 (p = 1.5e − 158,
pooled across brain areas, n = 6, 484 neuron pairs; one-tailed t-test against zero).
Across-areamean rsc was not > 0 (p = 0.55, n = 6, 557 neuron pairs; one-tailed t-test
against zero). Themeanof eachdistribution ismarkedwith a triangle.dAggregated
across sessions, within-area mean rsc (top: right PFC, middle: left PFC) was greater
than across-area mean rsc (bottom) (p = 1.0e − 13, pooled across animals and brain
areas,n = 84brain areas, 2 per session;Monkey Pe: p = 8.6e − 21,n = 32;MonkeyWa:

p =0.039,n = 20;MonkeySa:p = 1.1e −6,n = 32; one-tailed t-tests on the differences
in mean rsc for each session). Each box plot covers the first to third quartiles of the
values of mean rsc in all sessions (across- or within-area), with the mean across
sessions marked with a dashed line. Each whisker covers an additional 1.5 × the
inter-quartile range. Values for individual sessions are shown above each box plot,
with the example session in cmarked with stars. e Similarly tuned (tuned to target
location) pairs of neurons in the two areas exhibited positive rsc (top; mean
rsc = 0.019; p = 1.6e − 10, pooled across animals, n = 42 sessions; one-tailed t-test
against zero), whereas oppositely tuned pairs of neurons in the two areas exhibited
negative rsc (bottom; mean rsc = − 0.013; p = 1.6e − 7, pooled across animals,
n = 42 sessions; one-tailed t-test against zero). The bar plots indicate the mean
across sessions, and the error bars indicate the standard error of the mean com-
puted across the n = 42 sessions. Values for individual sessions are shown above
each bar plot, with the example session in c marked with stars. * Source data are
provided as a Source Data file.
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factor analysis), which partitions the variance of each area’s activity
into an across-area component, a within-area component, and a
component independent to each neuron. pCCA-FA can be applied to
any twopopulations of simultaneously recorded neurons, and herewe
focus on the case where each population is recorded in a distinct brain
area (Fig. 3a, area 1 and area 2). We seek to identify latent variables that
capture co-fluctuations among neurons across areas (Fig. 3a, z, pink),

as well as latent variables specific to each area that capture co-
fluctuations exclusively among neurons within each area (Fig. 3a, area
1: z1, light blue; area 2: z2, dark blue). In total, pCCA-FA identifies three
sets of latent variables: one across-area set, and a separate within-area
set for each area. Because the within-area latent variables are specific
to each area, the number of within-area latent variables for each area
need not be the same.

Fig. 3 | pCCA-FApartitions across- andwithin-area shared variance. a Simulated
neural population activity from two brain areas (illustrated here using 20 neurons
in each brain area) share an across-area latent variable (z, pink trace, same for both
areas). Each area has its own within-area latent variable (z1 and z2, light and dark
blue trace for areas 1 and 2, respectively). An example time bin of interest (trial t) is
highlighted by the gray shading. b The across-area latent variable is mapped to the
activity of eachneuronvia apair of across-area co-fluctuationpatterns, one for each
area (top and bottom, pink). Each within-area latent variable is mapped to the
activity of each neuron in the corresponding area via a within-area co-fluctuation
pattern (area 1: top, light blue; area 2: bottom, dark blue). c The co-fluctuation
patterns can be represented as vectors in a population activity space for each area
(area 1: top; area 2: bottom), where each coordinate axis represents the activity of
one neuron. Eachpair ofpoints (one in area 1 andone in area 2) represents the spike

counts in a particular time bin of interest (e.g., trial t in a). The across-area co-
fluctuation patterns (pink arrows) are paired across areas. There is a separate
within-area co-fluctuationpattern (area 1: top, light blue arrow; area 2: bottom, dark
blue arrow) for each area. d pCCA-FA partitions each neuron’s variance into three
components as in Fig. 1b. e pCCA-FA accurately recovered ground truth values of
across-area (top) and within-area (bottom) %sv with sufficient trials (horizontal
axis) in simulated data. Error bars indicate the mean ± one standard deviation
across n = 30 simulated datasets. Dark lines indicate %sv estimates from pCCA-FA,
and light lines indicate %sv estimates from pCCA. f pCCA-FA accurately recovered
ground truth values of across-area (top) and within-area (bottom) dshared with
sufficient trials in simulateddata. Sameconventions as ine, but fordshared. Note that
the same pCCA-FA and pCCA models are analyzed in both e, f. * Source data are
provided as a Source Data file.
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pCCA-FA approximates neural activity as a weighted sum of the
across-area latent variables (Fig. 3b, pink) and the within-area latent
variables (Fig. 3b, light and dark blue for areas 1 and 2, respectively).
The co-fluctuation patterns comprise theweights, which are estimated
from the neural activity and fixed across all trials. The values of the
latent variables can vary from trial to trial. Each co-fluctuation pattern
can be represented as a vector in a population activity space, where
each coordinate axis represents the activity of one neuron (Fig. 3c).
Whereas the across-area co-fluctuation patterns are paired across
areas (Fig. 3c, pink), the within-area co-fluctuation patterns are sepa-
rate for each area (i.e., not paired across areas) (Fig. 3c, light and dark
blue for areas 1 and 2, respectively).

For eachneuron, we can quantify the proportion of its spike count
variance explained by each set of latent variables. pCCA-FA partitions
each neuron’s variance into a component that is described by the
across-area latent variables (Fig. 3d, pink) and a component that is
described by that area’s within-area latent variables (Fig. 3d, light and
dark blue for areas 1 and 2, respectively). The residual variance not
accounted for by across- or within-area latent variables is independent
to each neuron (Fig. 3d, gray). Thus, pCCA-FA explicitly partitions the
spike count variance of each neuron into across-area, within-area, and
independent components (as in Fig. 1b).

To summarize the outputs of pCCA-FA, we define the following
twometrics. First, to understand the extent to which a particular set of
latent variables explains a neuron’s spike count variance, we define the
across- and within-area percentage of variance shared among neurons
(%sv). The values of this metric reflect the relative sizes of the bars in
Fig. 3d. Across-area %sv is defined as the proportion of spike count
variance explained by the across-area latent variables, averaged across
neurons in each brain area (see Eq. (8)). Within-area %sv is defined
analogously using the within-area latent variables (see Eq. (9)). Thus,
each brain area has both an across-area %sv and a within-area %sv.
Second, we quantify the complexity of the interactions described by
each set of latent variables by computing its shared dimensionality

(dshared)25,75. A larger dshared would indicate more complex interactions
among neurons, whereas a smaller dshared would indicate less complex
interactions among neurons. Across- and within-area dshared are
defined as the number of latent variables required to explain the
across- or within-area variance, respectively (see Methods).

Before applying pCCA-FA to neural recordings, we performed
extensive model validation. We verified that pCCA-FA accurately
identified the ground truth %sv and dshared using simulated data with
properties chosen to be similar to our neural recordings (Supple-
mentary Figs. 2–3). We also found that pCCA-FA required fewer trials
to recover the ground truth %sv and dshared than pCCA (Fig. 3e, f)
because pCCA-FA has fewer parameters than pCCA (Supplementary
Fig. 4). Further, pCCA-FA outperformed other dimensionality reduc-
tion techniques (pCCA and FA) on neural recordings (Supplementary
Fig. 4). Thus, the pCCA-FA framework successfully captures how
neurons in two brain areas covary by partitioning variance into across-
and within-area components.

Across-area interactionswere substantial andoften greater than
within-area interactions
To identify across- and within-area variance in our PFC recordings, we
fit pCCA-FA to the same neural activity (with the same preprocessing)
as in the rsc analyses (Fig. 2). For each session, pCCA-FA estimated a
single set of across-area latent variables common to both areas and a
separate set of within-area latent variables for each area. From the
mean rsc values in Fig. 2, one might expect to uncover a large within-
area component and small across-area component using pCCA-FA.

To determine if this was the case, we computed across- and
within-area %sv and dshared. For the same example session as in Fig. 2c,
we found that a substantial portion of variancewas shared across areas
(14.97% and 17.47%, for right and left PFC, respectively), compared to
the variance shared exclusively within each area (5.65% and 7.47%, for
right and left PFC, respectively) (Fig. 4a). This trendwas evident across
sessions,with the across-area %sv being larger than thewithin-area %sv

Fig. 4 | Across-area interactionswere substantial andoften greater thanwithin-
area interactions. a pCCA-FA partitions the variance of dual-hemisphere PFC
recordings (same example session as Fig. 2c, Monkey Pe). Same conventions as in
Fig. 3d. Across-area %sv was 14.97% and 17.47%, and within-area %sv was 5.65% and
7.47%, for right and left PFC, respectively. For visual clarity, only 14/79 neurons in
right PFC and 14/83 neurons in left PFC are shown. Note, though the across-area
latent variables are common to both areas, the across-area %sv can have a unique
value, depending on the individual variances of each neuron. b Aggregated across
sessions, across-area %sv (mean 11.50%) was larger than within-area %sv (mean
7.66%; p = 2.6e − 7, pooled across animals and brain areas, n = 84 brain areas, 2
per session; Monkey Pe: p = 0.00048, n = 32; MonkeyWa: p = 0.40, n = 20;Monkey
Sa: p = 4.2e − 6, n = 32; paired one-tailed t-tests). Each session contributes two
points, one each for right and left PFC. The example session in a is marked in light

and dark blue for right and left PFC, respectively. The gray histogram shows the
difference between across- and within-area %sv for each session (Δ = within-area %
sv - across-area %sv), with themeandifference indicatedby a triangle. cAggregated
across sessions, across-area dshared (mean 5.41) was larger than within-area dshared
(mean 4.06;p = 3.1e − 6, pooled across animals and brain areas, n = 84 brain areas, 2
per session;Monkey Pe: p =0.0013,n = 32;MonkeyWa:p =0.32, n = 20;Monkey Sa:
p =9.0e− 5,n= 32; paired one-tailed t-tests). Sameconventions as inb. Each session
contributes two values, one for each area. Because dshared is integer-valued, the
values from multiple sessions overlap. The size of each symbol indicates the
number of areas across sessions with the particular values of dshared (larger symbol
indicates more sessions). Symbols for each animal are jittered slightly for visual
clarity. * Source data are provided as a Source Data file.
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(Fig. 4b;p= 2.6e− 7, pooled across animals andbrain areas; paired one-
tailed t-test; see Supplementary Fig. 5 for a shuffle control). Thus,
substantial across-area interactions were present in the PFC activity
and identified by pCCA-FA (see also Supplementary Fig. 1e for the
across-area correlation values computed using pCCA-FA), contrary to
the intuition frommeasuring pairwise across-area rsc. This discrepancy
can be understood by considering the sign of pairwise correlations
among neurons (Fig. 2e, see Math Note A of ref. 72). Mean rsc averages
over positive and negative correlations found in individual pairs of
neurons, whereas %sv accounts for both positive and negative corre-
lations among neurons. Note that the values of across- and within-area
%sv (like mean rsc) can depend on neuronal properties, including their
physical distance and tuning preferences.

Having found that neurons tended to more strongly covary across
areas thanwithin each area, we next considered the complexity of these
interactions. We found that the across-area dshared was also larger than
the within-area dshared (Fig. 4c; p = 3.1e − 6, pooled across animals and
brain areas; paired one-tailed t-test). This indicated that, in addition to
being stronger, the interactions we identified across areas were more
complex than the interactions within each area. We further note that
these findings are not a consequence of statistical bias in measuring
across- versus within-area %sv and dshared (Supplementary Fig. 2).

Across- and within-area components involved different co-
fluctuation patterns
We next sought to understand the population-wide co-fluctuation
patterns represented by each set of latent variables, as they provide
insight into the nature of the co-fluctuations among neurons (Fig. 5a).
There are many possible population-wide co-fluctuations. Perhaps the
simplest example is all neurons sharing the same-signed loading onto a
latent variable, such that the population would all increase their
activity together or decrease their activity together. We examined
whether this was the case in our PFC recordings. For this analysis, we
focused on the first co-fluctuation pattern of each ordered set, as it
reflected a large proportion of the across- or within-area variance
(Supplementary Fig. 6). We found that all neurons increasing their
activity together or decreasing their activity together was not con-
sistent with the across- or within-area co-fluctuation patterns we
identified (Fig. 5b, Supplementary Fig. 7).

We next asked whether across- and within-area co-fluctuation
patterns were similar to each other by computing the angle between
them in population activity space (θestimated; Fig. 5a). They might be
similar if two different processes (one global and one local) had
a similar effect among the neurons. Alternatively, each process might
engage distinct circuit mechanisms, yielding different co-fluctuation

Fig. 5 | Across- and within-area components involved different co-fluctuation
patterns. a The across- (pink arrow) and within-area (blue arrow) co-fluctuation
patterns identified by pCCA-FA can be represented as vectors in each population
activity space. To determine how similar the top across- and within-area co-fluc-
tuation patterns were, we computed the angle between them (θestimated).bWeights
of the top across- (pink) and within-area (blue) co-fluctuation patterns from an
example session (Monkey Sa, right PFC). The height of each bar indicates the
weight of one neuron for that co-fluctuation pattern. For this example session,
there was a high diversity of weights, many with a positive sign and many with a
negative sign. The angle between the across- and within-area co-fluctuation pat-
terns (θestimated) was 72°. c θestimated for all sessions and all animals (mean
θestimated = 68. 2° marked with a triangle). Each session contributed one angle per
brain area (i.e., two angles per session, n = 84 angles). d Simulations, in which the
ground truth angle between the top across- andwithin-area co-fluctuation patterns
was specified (θsim, see Methods), were performed to generate chance

distributions. Same conventions as in c. Top, three simulations were performed in
which θsim was specified as a constant value across all simulated datasets
(θsim 2 ½30, 60, 90��). The θestimated from neural recordings (c) was greater than the
θestimated from simulated data for θsim = 30� (p = 9.0e − 28, pooled across animals
and brain areas, n = 84 brain areas, 2 per dataset; paired one-tailed t-test) and for
θsim = 60� (p =0.00092, pooled across animals and brain areas, n = 84brain areas, 2
per dataset; paired one-tailed t-test), but not for θsim = 90� (p = 1.0, pooled across
animals and brain areas, n = 84 brain areas, 2 per dataset; paired one-tailed t-test).
Bottom, an additional simulation was performed in which the value of θsim was
drawn uniformly and independently for each dataset between 45° and 90°. The
θestimated fromneural recordings (c) was not statistically different from the θestimated

from these simulated data (p = 0.40, pooled across animals and brain areas, n = 84
brain areas, 2 per dataset; paired two-tailed t-test). * Source data are provided as a
Source Data file.
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patterns. In an example session, we found that the across- and
within-area co-fluctuation patterns appeared visually distinct, and
produced a θestimated of 72° (Fig. 5b). In all sessions, we found that the
across- and within-area co-fluctuation patterns had large θestimated

(Fig. 5c), often close to 90°, which would indicate distinct co-
fluctuation patterns.

To further assess the extent to which the measured θestimated

reflected true differences in the across- and within-area co-fluctuation
patterns, we created a simulation inwhichwedefined the ground truth
angle between across- and within-area co-fluctuation patterns (θsim,
seeMethods, Supplementary Fig. 3).We simulated activity in each area
with a specified value of θsim that was otherwisematched to the neural
recordings in terms of the number of neurons, latent variables, and
trials (see Methods). We found that, for any given θsim, the resulting
distributions of θestimated (Fig. 5d, top) were narrower than what we
observed in the neural recordings (Fig. 5c). Instead, if we sampled a
different value of θsim for each simulated dataset uniformly from45° to
90°, we recovered a distribution of θestimated (Fig. 5d, bottom) that was
similar to that observed in the neural recordings (p = 0.40, pooled
across animals and brain areas; paired two-tailed t-test). We confirmed
that the observed variation in θestimated from session to sessionwas not
related to the number of neurons or trials recorded (Supplementary
Fig. 8). Furthermore, we determined that the variation in θestimated did
not arise solely from sampling different subsets of neurons from ses-
sion to session, although it still likely contributed (Supplementary
Fig. 9). Together, these results indicate that across- and within-area

components involved different co-fluctuation patterns that varied in
their similarity from session to session.

Across-area latent variables were related to pupil diameter
Given that we found substantial across-area variance (Fig. 4) involving
different co-fluctuation patterns than the within-area component
(Fig. 5), we considered whether the across-area variance might be
related to a brainwide process. Arousal is known to modulate activity
of neurons throughout the brain53,54,76–78. In addition, arousal state has
been linked to changes in both the tonic diameter of the pupil79,80 and
event-related changes in pupil diameter81,82. Changes in pupil diameter
have also been linked to arousal-related changes in neural activity in
both cortical83–86 and subcortical79,87–89 regions. Given that arousal has
been found to be a brainwide phenomenon, we wondered if it was
related to the across-area variancewe observed. Recall that the across-
area component is defined as variance that is shared with one ormore
neurons in the other area (regardless of whether that variance is also
shared with neurons in the same area). We therefore asked how well
the across- and within-area latent variables identified by pCCA-FA
explained variance in the pupil diameter (Fig. 6a).

To address this question, we measured the trial-by-trial pupil
diameter during the delay period and adjusted the pupil diameter
values to remove slow fluctuations in an analogous manner to the
neural activity, yielding one pupil diameter measure per trial (see
Methods, Supplementary Fig. 10a, b). We used the across- or within-
area latent variables identified by pCCA-FA (i.e., either d across-area

Fig. 6 | Across-area latent variables were related to pupil diameter. a We
examined whether across- (pink) or within-area (light and dark blue for right and
left PFC, respectively) latent variables explained variance in the pupil diameter.
b Fluctuations in pupil diameter (black, one normalized value per trial, see Meth-
ods) for an example session (Monkey Sa). For visual clarity, only 40/1258 trials are
shown. Regression onto the pupil diameter using across-area latent variables (pink)
or within-area latent variables identified by pCCA-FA (light and dark blue for right
and left PFC, respectively) are overlaid. For this session, across-area latent variables
explained more trial-to-trial variance in the pupil diameter (r2 = 0.35) than within-
area latent variables (right PFC: r2 = 0.013, left PFC: r2 = 0.052). c Aggregated across
sessions, r2 values for trial-by-trial pupil diameterweregreater for across-area latent

variables (mean r2 = 0.25) than for within-area latent variables (right PFC: mean
r2 = 0.038; left PFC:mean r2 = 0.030) (p = 1.3e − 30; pooled across animals and brain
areas, n = 82brain areas, 2 per session;Monkey Pe: p = 6.7e − 12,n = 32;MonkeyWa:
p = 1.3e − 8, n = 18; Monkey Sa: p = 2.7e − 21, n = 32; one-tailed t-tests on the
differences in r2 for each session). Error bars indicate themean ± the standarderror
of the mean across sessions for each animal (Monkey Pe: n = 16, MonkeyWa: n = 9,
Monkey Sa: n = 16). Gray bars indicate 95% confidence intervals of the shuffle
distribution, obtainedby regressingonto the trial-by-trial pupil diameteron session
j using the latent variables on session i, where i ≠ j. * Source data are provided as a
Source Data file.
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latent variables or dm within-area latent variables for area m; see
Methods) to compute a trial-by-trial regression of the pupil diameter
for each set of latent variables (Fig. 6b). Across sessions, we found that
the across-area latent variables explained substantially more variance
in the pupil diameter (mean r2 = 0.25) than the within-area latent
variables (right PFC, mean r2 = 0.038; left PFC, mean r2 = 0.030)
(Fig. 6c;p = 1.3e − 30, pooled across animals and brain areas; one-tailed
t-test). Furthermore, we found that the across-area latent variables
explained variance in the event-related changes in pupil diameter
observed just after target onset (Supplementary Fig. 10; p = 1.1e − 5,
pooled across animals and brain areas; one-tailed t-test). Thus, the
across-area latent variablesmaybe related tomultiple aspects of pupil-
linked arousal. Taken together, these results are consistent with a link
between the coordinated activity across brain areas and global cog-
nitive processes such as arousal.

Discussion
In this work, we asked to what extent neural activity is shared across
versus within hemispheres of PFC by considering how the spike count
variance of the two brain areas covaried from trial-to-trial. Applying a
novel statistical approach called pCCA-FA, we found that of the sub-
stantial shared trial-to-trial variability among PFC neurons, a large
proportion involved neurons in both areas. The component of neural
activity shared amongneurons in both areas (across-area variance)was
larger inmagnitude (%sv) and complexity (dshared) than the component
shared only among neurons in one area (within-area variance), in
contrast to what was suggested by mean rsc analyses. Additionally, we
found that the across-area component was related to pupil diameter, a
common readout of arousal state. Our approach thus leveragedmulti-
area recordings in PFC to uncover signatures of global cognitive pro-
cessing that were otherwise hidden in pairwise and single-area
analyses.

Across-area variance may arise from a variety of circuit motifs.
First, it may come from circuits that provide common inputs to both
hemispheres of PFC. One such pathway involves the encoding of
brainwide cognitive states, such as arousal. Arousal statemodulation is
thought to propagate through brainwide signaling that originates in
the locus coeruleus90,91. The locus coeruleus projects to both hemi-
spheres of PFC92,93 and influences pupil diameter94, a common readout
of arousal state. Correlations between neural activity and pupil dia-
meter have been observed across the brain36,43,54,95, supporting the
notion that the across-area varianceweobserved in PFCmay be in part
due to common inputs originating in the locus coeruleus. Common
input to both hemispheres of PFCmay also arise through circuitmotifs
involved in sensory processing andmotor control. Each hemisphere of
PFC represents both visual fields17, and common motor plans have
been shown to impact neural activity across the brain36,41,43. Second,
variance shared across hemispheres may arise from direct anatomical
projections96, which have been shown to be spatially patterned97.
Interactions across the hemispheres are central to various brain
functions such as working memory51,52, motor control41,42, sensory
perception40, and spatial attention56,57.

Although we emphasized the variance shared across areas, we
also identified a substantial amount of variance that was shared only
among the neurons within each area. We labeled this variance as
within-area, but we note that it could be shared with other non-
recorded brain areas. The within-area variance we observed may ori-
ginate through a variety of circuit motifs. First, representations of
visual fields in PFC are topographically arranged with a contralateral
bias, resulting in each hemisphere of PFC encoding different, although
partially overlapping, information98–100. Second, internal states like
spatial attention tie neurons together with nearby receptive fields,
especially those occupying the same hemisphere of visual space. For
example, previous studies of visual area V4 during spatial attention
tasks have identified attention-related components of neural activity

that are hemisphere-specific56,57. This type of selectivemodulationmay
account for some of the within-area variance we report here. Third,
within-area variancemay result from constraints on patterns of neural
activity imposed by the cortical circuitry (e.g., horizontal connections)
in each hemisphere101,102. In network models, spatial clustering archi-
tecture that may underlie local circuits within a hemisphere can have a
profound influence on trial-to-trial variability24–26,103,104.

Underlying the across- and within-area circuit motifs are various
cellular and circuit mechanisms, which have been implicated in the
shaping of correlations among neurons both across and within brain
areas. First, the structure of inhibition is known to shape correlations
among neurons, where the influence of inhibition depends on its
spatial scale26,105 and timing relative to excitation106–109. Second, chan-
ges at the level of the synapse, including synaptic depression110 and
connection strength111, can also regulate correlated variability. Third,
neuronal correlations are influenced by neuromodulators such as
acetylcholine112–114 and norepinephrine91, which together have wide-
ranging modulatory effects including altering the strength of thala-
mocortical inputs115 and regulating global brain state116. Finally, the
strength of excitatory synaptic connectivity has been linked to the
strength of correlation117. Anatomically, long-range horizontal con-
nections within a brain area118–120, across brain areas97, and across the
corpus callosum96, are all weaker than local recurrent connectivity.
However, the strength of the detected correlations need not be
directly linked to the strength of the anatomical connection between
hemispheres or among distant neurons121. For example, weak neuro-
modulatory inputs could drive strong correlations among neurons by
influencing the much stronger local circuit mechanisms that exist in
local circuitry. Our analyses using pCCA-FA, like any other assessment
based solely on spiking activity, do not explicitly distinguish between
these cellular and circuit mechanisms. Instead, we focused on the
spiking variability yielded by these mechanisms and dissected the
components of spiking variability that are shared across versus within
brain areas.

With the identification of within-area variance, pCCA-FA allowed
us to isolate components of neural activity that were not shared
between the two hemispheres of PFC. Previous work has described a
gating of signals across areas via a communication subspace122. pCCA-
FA identified what would be termed a communication subspace
between the two hemispheres of PFC: we found distinct across- and
within-area co-fluctuation patterns, indicating that not all signals were
shared between areas. In other words, the existence of the within-area
latent variables in our PFC recordings indicated that a communication
subspace exists between the hemispheres.

pCCA-FA improves upon CCA and its probabilistic variant (pCCA)
in identifying across-area interactions. First, CCA and pCCA are
designed only to identify across-area variance and do not partition the
remaining variance into a component that is shared among neurons
within each area from variance that is independent to each neuron.
Thus, pCCA-FA provides amore thorough dissection of the population
activity in two brain areas. Second, even in cases where only across-
area variance is of interest, pCCA-FA produces a more accurate esti-
mate of across-area variance than pCCA (or CCA), especially in the
limited data regime (Fig. 3e, f). This is due to the pCCA-FA model
having a smaller number of parameters thanpCCA (see Eqs. (2) and (4),
and Supplementary Fig. 4). The tradeoff is the increased computation
time of pCCA-FA compared with pCCA for jointly identifying the
across- and within-area dimensionalities in pCCA-FA compared to
identifying only the across-area dimensionality in pCCA (or CCA). This
can be partially mitigated by employing efficient hyperparameter
optimization techniques123,124. For these reasons, we advocate for the
use of pCCA-FA in the place of pCCA or CCA for studying interactions
between brain areas.

pCCA-FA fills an unmet need in the set of exploratory tools tai-
lored for studying the trial-to-trial variability of neural activity. When
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studying neurons from a single brain area, FA is among the simplest
approaches for separating variance that is shared amongneurons from
variance that is independent to each neuron. For two brain areas,
pCCA-FA is among the simplestmethods for separating variance that is
shared across areas from variance that is only shared among neurons
within each area. To incorporate the concept of time, one can consider
using Delayed Latents Across Groups (DLAG)124 or related
methods32,125–130 to separate activity time courses that are shared across
areas from those that are shared only among neuronswithin each area.
pCCA-FA can be extended in the following ways. First, onemay seek to
identify latent variables that are explicitly related to task stimuli or the
animal’s behavior by using a targeted dimensionality reduction
approach95,131–134 or by applying pCCA-FA to raw spike counts. Second,
one may seek to identify non-linear interactions between brain
areas135–138. Asmulti-area population recordings continue to increase in
prevalence28–30, pCCA-FA and related methods will become increas-
ingly essential for dissecting the rich structure of across- and within-
area interactions.

Methods
Animal model
Three male rhesus macaque monkeys (Macaca mulatta) were used in
this study. One animal was sourced from Tulane National Primate
Research Center (Monkey Wa) and two animals were from Covance
(Monkey Pe and Monkey Sa). They were 10 (Monkey Pe), 7 (Monkey
Wa), and 7 (Monkey Sa) years old at the time of data collection. All
experimental procedures were approved by the Institutional Animal
Care and Use Committees of Carnegie Mellon University and the
University of Pittsburgh, and were in accordance with the United
States National Research Council’s Guide for the Care and Use of
Laboratory Animals.

Surgical preparation
Each animal was surgically implanted with a titanium headpost, which
was fixed onto the skull using titanium screws. This was necessary to
limit head movement such that the position of the eyes could be
tracked and neural activity recorded. Animals were then each
implanted with two 96-electrode “Utah” arrays (Blackrock Neurotech,
Salt Lake City, UT). Electrode arrays were placed on the prearcuate
gyrus just anterior to the arcuate sulcus, one in each hemisphere.
Surgeries were performed in sterile conditions under general anes-
thesia using isoflurane.

Electrophysiological methods
Animals were positioned 36 cm from a 21” cathode ray tube monitor
with 1024 × 768-pixel resolution and a refresh rate of 100Hz. Task
stimuli were generated using custom-designed software in Matlab
(Mathworks, Natick, MA) that utilized the Psychophysics toolbox
extensions139–141. Signals from the implanted electrodeswere band-pass
filtered (0.3–7500Hz) and then digitized at 30,000Hz. For each
electrode, spiking waveforms were defined as a 52-sample (1.73ms)
window of the filtered voltage signal triggered by the signal crossing a
predefined threshold, and stored for offline analysis. The threshold
was defined as a multiple of the root-mean-square voltage of a brief
epochof the raw signal on each electrode collected at the beginning of
each session. All behavioral data and neural activity were recorded
using a Grapevine recording system (Ripple, Salt Lake City, UT) for
further offline processing and analysis.

Behavioral task
Animals were trained to perform a standard memory-guided saccade
task142. At the beginning of each trial, a 0.5 degree diameter blue
fixation circle appeared at the center of a gray screen. The animal
initiated fixation within an invisible window (Monkey Pe: 2.4, Monkey
Wa: 1.8, Monkey Sa: 2.9 degrees radius) centered on the fixation circle

and then 200ms later a white target flashed in the animal’s periphery
(Monkey Pe: 11.8 or 17.5 degrees from fixation depending on the ses-
sion, MonkeyWa: 11.6 degrees from fixation, Monkey Sa: a single value
in the range of 8.0–15.6 degrees from fixation depending on the ses-
sion, with one session containing multiple randomly interleaved dis-
tances in this range) at one of 4, 8, or 16 locations depending on the
session. The white target remained on the screen for either 100, 200,
or 400ms (depending on the session) after which it was removed from
the screen. The animal maintained fixation for a delay period drawn
randomly fromauniformdistribution between 1.5 and 3 seconds. After
the delay, the fixation circle disappeared, which served as the go cue
for the animal to initiate a saccade toward the remembered location
where the white target flash had appeared. The animal had 500ms
(Monkey Sa: 400ms) to initiate a saccade, and an additional 200ms to
reach the target location. Successful completion of a saccade was
defined by the animal maintaining fixation within an invisible window
(Monkey Pe: 4.1, MonkeyWa: 5.9 or 7.0,Monkey Sa: 4.1 degrees radius)
centered at the target location for at least 100ms. A liquid reward was
delivered for a saccade to the correct location. For a subset of sessions,
a dim white circle was flashed at the target location after saccade
initiation to assist the animal in target acquisition. Trials were pseudo-
randomized in blocks during which the animal was required to cor-
rectly complete all target directions before beginning a new block. In
total, we collected 42 sessions of data (16 in Monkey Pe, 10 in Monkey
Wa, and 16 inMonkey Sa). For each session,we consideredonly trials in
which the animal successfully acquired the saccade target (i.e., correct
trials). The number of correct trials per session for Monkey Pe was
729.8 ± 173.4 (mean ± standard deviation), for Monkey Wa was
463.5 ± 170.1, and for Monkey Sa was 850.1 ± 284.2.

Preprocessing of neural activity
We used a previously trained and published neural network to classify
waveforms as spikes or noise143. Briefly, the network was trained on
human-sorted waveforms to distinguish between waveforms puta-
tively of neural origin and waveforms not of neural origin. Using this
network, we removed threshold crossings that were unlikely to be of
neural origin, and refer to the remaining waveforms as spikes. The
spikes fromeachelectrodeon theUtaharraywere treated asmulti-unit
activity, and no further differentiation of single units was performed.
Thus, each electrode was treated as one neural unit. Using multi-unit
activity tends to yield higher correlation values than single unit
activity8, and this applies equally to the across-area and within-area
measurements.

We removed electrodes that had very low firing rates or very high
trial-to-trial variability. To do this, we first binned neural activity by
counting spikes during the target presentation and delay period
between target onset and saccade initiation cue. We then removed
electrodes with mean spike count lower than 2 spikes/second or Fano
factor greater than 10 during this time window. This served to elim-
inate electrodes contaminated by recording artifacts, or units that
were not present for the entirety of a recording session. We also
removed electrodes affected by artifactual cross-talk due to electrical
coupling. For each pair of electrodes, we flagged spikes as coincident
if they occurred within 100μs of each other. If either electrode in
the pair had 20% or more of its spikes flagged as coincident, we
flagged that pair as having artifactual crosstalk. This procedure
provided an index for each electrode of how many other electrodes
it was coincident with. We then iteratively removed the electrode
coincident with the highest number of other electrodes until
no crosstalk remained, which ensured that the fewest possible number
of electrodes were removed. After this process the number of
remaining electrodes in Monkey Pe was 78.3 ± 7.8 and 79.5 ± 8.5
(mean ± standard deviation), in Monkey Wa was 85.3 ± 8.1 and
25.2 ± 4.4, and inMonkey Sa was 62.6 ± 9.8 and 75.3 ± 13.2 for right and
left PFC respectively.
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After the above preprocessing steps, the spiking activity was
binned into spike counts. The bin was defined as the one second of the
delay period immediately preceding the earliest possible saccade
initiation cue in the session, such that each trial contributed one bin.
For example, if the earliest possible saccade initiation cue in a given
sessionwas 1.5 s after the target disappeared, the bin would be defined
as 0.5–1.5 s after the target disappeared for every trial in that session.
This one-second window aggregated the interactions across and
within brain areas observed during the delay period on the trial-to-trial
timescale.

Computing signal correlation
In Fig. 2e, we investigated if the distribution of across-area rsc, despite
having a mean near zero, contained pairs of neurons with positive rsc
and other pairs of neurons with negative rsc, in a way that was sys-
tematically related to theneurons’ task tuning. Todo this,we identified
each neuron’s tuning across all of the saccade target locations. We
determined whether each pair of neurons had similar or opposite
tuning by computing their signal correlation. This was defined as the
Pearson correlation between the two neurons’ raw trial-averaged
responses to each of the possible targets (4, 8, or 16 depending on the
session) during the one-second window described above. To assess
significance for each neuron pair, we generated a chance distribution
of correlation values by using a permutation test (shuffling the target
location labels). We then labeled a neuron pair as having significant
signal correlation (positive for similarly tuned and negative for oppo-
sitely tuned pairs) if their signal correlationwasmore extreme than the
99th percentile of the chance distribution. Neuron pairs not meeting
this criterion were excluded from this analysis.

Combining trials across conditions
To increase the number of observations for model fitting, we com-
bined trials across conditions (saccade target direction). To focus our
analyses on trial-to-trial variability, for eachneuron, we first subtracted
the condition mean from the binned spike counts in each condition
and then combined residual spike counts across conditions. Because
the spike count variance can differ across conditions, the residual
spike counts can still contain a small amount of condition-specific
signal. An alternative approach is to z-score the spike counts for each
neuron and condition before combining across conditions63. We
repeated the key analyses related to the identification of shared var-
iance amongneurons in Figs. 2 and4using condition-specific z-scoring
and found qualitatively similar results. Note, the computation of signal
correlation (above) was performed before the subtraction of
condition-specific means.

Separation of slow and fast components
In this work, we were interested in trial-to-trial variability of neural
activity on a timescale of seconds. As we investigated interactions
between left and right PFC, it soon became apparent that both areas
also contained a component that varied slowly on a timescale of
minutes to hours. While slow-timescale variability presents its own set
of scientific questions (e.g., ref. 54), these fluctuations complicatedour
analyses by introducing dependencies between one trial and the next,
violating the basic independence assumption of correlation analysis
(including regression, Pearson correlation, pCCA, and pCCA-FA).
Therefore, we removed the slow component from the neural activity
(see Supplementary Fig. 1), and focused all analyses in this work on
faster-timescale trial-to-trial variability, except where noted in Sup-
plementary Fig. 1 and for computing signal correlation. We computed
the slow component for each session using a centered boxcar filter of
length 25 trials, computed for each remaining electrode after the
preprocessing described above. We then subtracted this component
from the residual spike counts to remove slow-timescale trends that
could have induced spurious correlations61. We performed this

preprocessing procedure independently for each neuron. All analyses
in this study were performed on the residual faster-timescale compo-
nent, except where noted.

Preprocessing of pupil diameter
Eye position and pupil diameter were monitored using monocular
infrared tracking at a 1000Hz sample rate (EyeLink 1000, RS Research,
Mississauga, Canada). On each trial, we measured the pupil diameter
during the delay period, from target offset until the saccade initiation
cue. Each trialwas smoothedusing amedianfilterwith a 50mswindow
(i.e., the median value in a 50ms centered window was subtracted
from each sample) to remove high frequency noise.

For the analyses in Fig. 6, we computed mean smoothed pupil
diameter (arbitrary units)over the full timewindowdescribed above to
obtain the most robust estimate of the pupil diameter on each trial.
This yielded one average pupil diameter value per trial. Like the pre-
processing of neural activity, we removed slow-timescale fluctuations
in pupil diameter using a centered boxcar filter of length 25 trials. This
yielded what we termed the trial-by-trial pupil diameter (Supplemen-
tary Fig. 10a, b).

To ensure pupil data quality, we computed the variance across
trials of the trial-by-trial pupil diameter. We then removed outlier
sessions that exceeded a variance threshold of two times the inter-
quartile range of the variance values across sessions. This was per-
formed for each animal individually. This procedure excluded one
session from Monkey Wa from analyses of the pupil (Fig. 6, Supple-
mentary Fig. 10), resulting inn =9 sessions for analysis. Toensure pupil
diameter was on a similar scale across sessions, we z-scored the trial-
by-trial pupil diameter for each session by subtracting the mean and
dividing by the standard deviation across trials in the session.

Probabilistic canonical correlation analysis (pCCA)
A commonly used approach for identifying interactions between
brain areas is canonical correlation analysis (CCA)33. Briefly, CCA
attempts to find a co-fluctuation pattern in area 1 and a co-fluctuation
pattern in area 2, such that neural activity along these co-fluctuation
patterns is maximally correlated across areas. Further co-fluctuation
patterns can be found subject to the constraint that they are
uncorrelated with previous co-fluctuation patterns. The correlations
along these co-fluctuation patterns are known as canonical correla-
tions (ρ). Note that CCA identifies activity shared across areas, but is
not designed to partition activity into across- and within-area
components.

The probabilistic interpretation of CCA (pCCA74) is defined by the
following model. pCCA defines a linear-Gaussian relationship between
the spike count vectors x1 2 Rn1 from area 1 and x2 2 Rn2 from area 2
and the across-area latent variables z 2 Rd as:

z �Nð0, IdÞ
x1jz �Nðμ1 +W 1z,Ψ1Þ
x2jz �Nðμ2 +W 2z,Ψ2Þ,

ð1Þ

where n1 and n2 are the number of neurons recorded in areas 1 and 2,
respectively, and d is the number of across-area latent variables. The
identity matrix Id 2 Rd ×d describes prior covariance of the latent
variables. The vectors μ1 2 Rn1 and μ2 2 Rn2 represent themean spike
counts of areas 1 and 2, respectively. The loadingmatricesW 1 2 Rn1 ×d

andW 2 2 Rn2 ×d map the latent variables onto neural activity in areas 1
and 2 respectively, and Ψ1 2 Rn1 ×n1 and Ψ2 2 Rn2 ×n2 are full
covariance matrices.

From Eq. (1), the marginal distributions for x1 and x2 are:

x1 � Nðμ1,W 1W
T
1 +Ψ1Þ

x2 � Nðμ2,W 2W
T
2 +Ψ2Þ

ð2Þ
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We can see that pCCA decomposes the covariance of neural activity
from each area into a low-rank component shared across areas (e.g.,
W 1W

T
1 ) and a full noise covariance matrix (e.g., Ψ1). Note that pCCA

treats all variance which cannot be explained by across-area latent
variables (z), including within-area interactions and variance indepen-
dent to each neuron, as noise.

It can be shown that pCCA (Eq. (1)) finds the same co-fluctuation
patterns (described by W1 and W2) as CCA that maximize correlation
across areas74. CCA and pCCA therefore identify the same canonical
correlations.

Probabilistic canonical correlation analysis - factor analysis
(pCCA-FA)
Wedeveloped amodel called pCCA-FA (a combination of probabilistic
canonical correlation analysis and factor analysis (FA144)), which
explicitly partitions covariance of neural activity into an across-area
component, a within-area component, and a component independent
to each neuron. Though we term the components across-area and
within-area, the pCCA-FA framework can be applied to any two
simultaneously-recorded populations of neurons. pCCA-FA is related
to extensions of FA that have been proposed in other contexts, such as
refs. 145 and 146.

pCCA-FA defines the linear-Gaussian relationship between the
spike count vectors x1 2 Rn1 from area 1 and x2 2 Rn2 from area 2 and
across-area latent variables z 2 Rd andwithin-area latent variables z1 2
Rd1 and z2 2 Rd2 as:

z � Nð0, IdÞ z1 � Nð0, Id1
Þ z2 � Nð0, Id2

Þ
x1jz, z1 � Nðμ1 +W 1z+ L1z1,Ψ1Þ
x2jz, z2 � Nðμ2 +W 2z+ L2z2,Ψ2Þ

ð3Þ

where d is the number of across-area latent variables, and d1 and d2 are
the number of within-area latent variables for areas 1 and 2,
respectively. The identity matrices Id 2 Rd ×d , Id1

2 Rd1 ×d1 , and Id2
2

Rd2 ×d2 describe the prior covariance of each set of latent variables.
Given n1 neurons from area 1,W 1 2 Rn1 ×d is the loadingmatrix for the
across-area component in area 1, and L1 2 Rn1 ×d1 is the loading matrix
for the within-area component in area 1. The matrix Ψ1 2 Rn1 ×n1 is a
diagonal matrix containing the independent variance of each neuron
in area 1, and μ1 2 Rn1 represents the mean spike counts of area 1. The
parameters for area 2 are defined analogously.

From Eq. (3), the marginal distributions for x1 and x2 are:

x1 �Nðμ1,W 1W
T
1 + L1L

T
1 +Ψ1Þ

x2 �Nðμ2,W 2W
T
2 + L2L

T
2 +Ψ2Þ

ð4Þ

We can observe that pCCA-FA decomposes the covariance of neural
activity in area 1 as the sum of an across-area component (W 1W

T
1 ), a

within-area component (L1L
T
1 ), and an independent neuron compo-

nent (Ψ1). The covariance of neural activity in area 2 is decomposed
into analogous across-area (W 2W

T
2 ), within-area (L2L

T
2 ), and indepen-

dent neuron (Ψ2) components. In the pCCA-FAmodel, variance shared
with neurons in the other area is assigned to the across-area
component (appearing in the pCCA-FA model as Wm for each area
m, and corresponding to latent variable z, which involves both areas),
regardless of whether that variance is also shared with neurons in the
same area. Consequently, variance is assigned to the within-area
component only when it is not shared with any neuron in the other
area (appearing in the pCCA-FA model as Lm, and corresponding to
latent variable zm, which only involves area m).

pCCA-FA can be viewed as a combination of two existing latent
variable methods, namely pCCA, which finds co-fluctuation patterns
that maximize correlation between two populations, and FA, which
maximizes covariance between neurons within a single population.
Importantly, pCCA-FA explicitly identifies both types of covariance in a

single probabilistic framework. The key difference between pCCA-FA
and pCCA is that pCCA-FA constrains the full covariance matrices
identified by pCCA (e.g., Ψ1 in Eq. (2)) as low-rank plus diagonal (e.g.,
L1L

T
1 +Ψ1 in Eq. (4), see Supplementary Fig. 4). It follows that pCCA-FA

has fewer parameters than pCCA, and is thus more robust in the
regime of low trial counts (i.e., able to recover ground truth with fewer
trials; Fig. 3e, f). With sufficient trials, pCCA-FA and pCCA identify the
same across-area co-fluctuation patterns.

Fitting pCCA-FA
To fit pCCA-FA to neural activity, we define a joint vector of neural
activity in both areas (ex) and a joint vector of across- and within-area
latent variables (ez):

ex : =
x1

x2

� �
ez : =

z

z1
z2

2
64

3
75

The probabilistic model of pCCA-FA from Eq. (3) can be rewritten as:

ez � Nð0, Id +d1 +d2
Þ

exjez � Nðeμ+eLez, eΨÞ
ð5Þ

where

eμ=
μ1

μ2

� � eL= W 1 L1 0

W 2 0 L2

� � eΨ =
Ψ1 0

0 Ψ2

� �

and μ1, μ2, W1, W2, L1, L2, Ψ1, and Ψ2 are defined as in Eq. (3). The
formulation in Eq. (5) makes clear how we can think of pCCA-FA as a
constrained and structured FAmodel. The zeros in the loadingmatrixeL
ensure that the within-area latent variables (z1 and z2) are only used to
explain activity in their respective areas, whereas across-area latent
variables (z) are used to explain activity in both areas. Based on Eq. (5),
the marginal distribution of the activity in both areas is:

ex � Nðeμ,eLeLT + eΨÞ ð6Þ

Wefit pCCA-FAmodel parameters to neural activity using anexact
expectation-maximization (EM) algorithm147. The EM algorithm for
pCCA-FA resembles that used for FA. Specifically, the M-step update
equations for the parameters eL and eΨ mirror those derived in FA for
the loading matrix and noise covariance matrix. Each M-step para-
meter update for pCCA-FA (i.e., for parametersW1, L1, etc.) effectively
applies a zeroing mask to the contents of eL, ensuring that the
blocked structure of the loading matrix is maintained. Additionally,
there is no constraint on the relationship between the across- and
within-area co-fluctuation patterns (e.g., they are not constrained to be
orthogonal).

The columns of each loading matrix (Wm and Lm for each aream)
as estimated using the EM algorithm are not ordered. As a post-
processing step for all analyses, we applied the singular value
decomposition to transform each loading matrix, such that the first
column contained the co-fluctuation pattern that explained the most
shared variance, the secondcolumnexplained the second-most shared
variance, etc. For across-area co-fluctuation patterns, it may also be
desirable to order the columns according to shared correlation (as in
CCA, see below).

For each session, we jointly chose the dimensionalities for across-
(d) and within-area (d1 and d2) latent variables using 10-fold cross-
validation and selected the dimensionalities which maximized the
cross-validated data likelihood PðexÞ (see Eq. (6)). We tested
integer dimensionality values between 1 and 15, inclusive, for both
across- and within-area latent variables for each cross-validation
run. After across- and within-area dimensionalities were selected, a
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final pCCA-FA model was fit with the specified dimensionalities
using all trials. The parameters of this final model were used in all
analyses.

Estimating latent variables in pCCA-FA
To estimate the across- and within-area latent variables in pCCA-FA
(e.g., for use in predicting pupil diameter in Fig. 6), we computed the
posterior mean of latent variables:

E ezjex� �
=eLT eLeLT + eΨ� ��1 ex� eμ� 	 ð7Þ

where the first d entries of E ezjex� �
are E zjx1,x2

� �
(across-area latent

variables), the next d1 entries areE z1jx1

� �
(within-area latent variables

for area 1), and the final d2 entries are E z2jx2

� �
(within-area latent

variables for area 2).

Computation of canonical variables
The pCCA-FA parameters allow for the computation of the canonical
variables analogous to those found for CCA (Supplementary Fig. 6a).
Following ref. 74, the canonical directions and correlations can be
obtained applying the singular value decomposition on the cross-
correlation matrix K 2 Rn×n:

K =Σ�1=2
11 Σ12Σ

�1=2
22

where n is the total number of neurons (i.e., n1 + n2),

Σ11 =W 1W
T
1 + L1L

T
1 +Ψ1

Σ22 =W 2W
T
2 + L2L

T
2 +Ψ2

Σ12 =W 1W
T
2

are the blockwise entries of eLeLT + eΨ. The canonical pairs of directions
ðu1i 2 Rn1 ,u2i 2 Rn2 Þ for i = 1, 2, . . . , d, are defined as:

ðu1i,u2iÞ= ðΣ�1=2
11 v1i,Σ

�1=2
22 v2iÞ,

where ðv1i 2 Rn1 , v2i 2 Rn2 Þ are a pair of left-right singular vectorsofK.
The corresponding singular value ρi is the canonical correlation.

Note that the Σ matrices are defined in terms of the estimated
pCCA-FA parameters rather than the sample covariance matrices
(which is what CCA and pCCA use). This is the regularization that
pCCA-FA provides that enables it to perform well in a limited data
regime (Fig. 3e, f).

Measuring %sv and dshared
We defined two metrics to summarize the outputs of pCCA-FA: the
percentage of variance shared among neurons (%sv) and shared
dimensionality (dshared), which were originally introduced for FA25,72

and adapted here for pCCA-FA.

%sv. We used %sv to measure the prominence of (i.e., the proportion
of variance explained by) the across- or within-area components. For a
given pCCA-FA model, there are four instances of %sv: an across-area
and awithin-area instance, for each of the two areas. The across-area %
sv quantifies the percentage of each neuron’s variance that was
explained by across-area latent variables (i.e., the percentage of each
neuron’s activity that was shared with at least one other neuron in the
other area). More specifically:

Across-area %sv for neuron k in area m=
wmkw

T
mk

wmkw
T
mk + lmk l

T
mk +ψmk

ð8Þ

wherewmk is the kth row of the across-area loading matrix for aream,
lmk is the kth rowof thewithin-area loadingmatrix for aream, andψmk is
the independent variance for the kth neuron in area m (i.e., the kth
entry of the diagonal ofΨm). The numerator represents the across-area
variance for neuron k in area m, and the denominator represents the
total variance for that neuron. In our analyses of %sv, we averaged over
neurons in a brain area to obtain a single across-area %sv metric for
each area.

Similarly, the within-area %sv quantifies the percentage of each
neuron’s variance that was explained by within-area latent variables
(i.e., the percentage of each neuron’s activity that was shared with at
least one other neuron in the same area, but was not shared with any
neurons in the other area). More specifically:

Within-area %sv for neuron k in area m=
lmk l

T
mk

wmkw
T
mk + lmkl

T
mk +ψmk

ð9Þ
dshared. We used the metric, dshared, to measure the complexity of
across- andwithin-area interactions. For a given pCCA-FAmodel, there
are four instances of dshared, an across-area and a within-area instance,
for eachof the two areas.Note thatdsharedmeasures thedimensionality
of interactions shared among neurons and excludes activity related to
each neuron’s independent variance. We measured dshared in an ana-
logous way to ref. 25, but adapted for across- and within-area
dimensionalities.

Briefly, the first step in measuring across-area dshared is to fit the
loadingmatricesWmwithd* across-area latent variables,whered* is the
number of latent variables that maximizes the cross-validated data
likelihood. Across-area dshared is defined for each area m as the mini-
mum number of latent variables needed to explain at least 95% of the
across-area shared covariance in WmW

T
m, where dshared ≤ d *. A 95%

threshold was used in order to focus on latent variables that explain a
large amount of shared variance. Note that although there is a single
set of d * across-area latent variables, it is possible to obtain a different
value of across-area dshared for each area. We analogously defined
within-area dshared for each area using the procedure described above
by replacing WmW

T
m with LmL

T
m.

Simulated data generation
To validate the pCCA-FA model (Fig. 3e, f), as well as generate chance
distributions (Fig. 5d), we generated simulated data xm for each aream
from the pCCA-FA model according to Eq. (4). This involved defining
ground truth model parameters μm, Wm, Lm, and Ψm for each area m.

For model validation in Fig. 3e, f, we defined these parameters in
the following way. We generated random loading matricesWm and Lm
for each area m using independent draws from a standard normal
distribution. We scaled the %sv in each loadingmatrix by adjusting the
singular values of the across- andwithin-area loadingmatrices (Wm and
Lm) relative to each other to achieve the desired ratios (≈ 15% across-
area and ≈ 10% within-area). The independent variance values (i.e.,
entries of Ψm) were then scaled to achieve a level of 75%. Each simu-
lated dataset had 30 neurons per area, 5 across-area latent variables
(d = 5), and 3 within-area latent variables per area (dm = 3 for each area
m). For each trial count configuration, we generated 30 sets of ground
truth parameters and a single simulated dataset per set of parameters.

For Fig. 5d, we defined the ground truth model parameters to be
copies of those that were estimated from each of the neural record-
ings, with one manipulation, described below. For the chance dis-
tributions in Fig. 5d and the simulated data in Supplementary Fig. 3, we
specified the angle between across- and within-area co-fluctuation
patterns (θsim). To achieve this, we held the across-area loadingmatrix
(Wm) constant and set the first column of the within-area loading
matrix (Lm) to be a vector that was θsim degrees apart from the first
column of Wm. The remaining columns of the within-area loading
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matrix were randomly generated from a standard normal distribution,
and then orthogonalized relative to the first column (i.e., the first
column remained fixed and the remaining columns were set to be
mutually orthogonal to it).

Fitting pCCA-FA and pCCA to simulated data
To fit pCCA-FA to simulated data for the analysis in Fig. 3e, f, we used
the EM algorithm described above. Across- and within-area dimen-
sionalities were estimated in a cross-validated manner. Candidate
dimensionalities for across- and within-area ranged from 1 to 10
(inclusive), for both across- and within-area latent variables. After the
across- andwithin-area dimensionalitieswere selected, afinalpCCA-FA
model was fit with the specified dimensionalities using all simulated
trials. The parameters of this final model were used to compute %sv
and dshared.

To fit pCCA, we used an analogous EM algorithm, presented in
ref. 74.We fit pCCA to the same sets of simulated data aspCCA-FA. The
across-area dimensionality was estimated in a cross-validated manner.
Candidate dimensionalities for the across-area latent variables ranged
from 1 to 10 (inclusive). After the across-area dimensionality was
selected, a final pCCA model was fit with the specified dimensionality
using all simulated trials. The parameters of this final model were used
to compute across-area %sv and dshared.

Pupil diameter regression
To explain pupil-related variance using the latent variables estimated
by pCCA-FA, the across-area latent variablesE zjx1,x2

� �
and thewithin-

area latent variables E z1jx1

� �
and E z2jx2

� �
were estimated using Eq.

(7). We regressed either the across-area or the within-area (right or left
PFC) latent variables onto the trial-by-trial pupil diameter using a linear
regression model for each set of latent variables. We then assessed r2,
the proportion of variance in the trial-by-trial pupil diameter explained
by the regression model.

To compute chance distributions, we repeated the procedure
above, except that we performed the regression using latent variables
estimated from the neural activity from a different session than the
one in which we measured pupil diameter (i.e., the latent variables
from session iwere used to explain variance in the pupil diameter from
session j, where i ≠ j). Trials were truncated in the session with more
trials to ensure equal trial numbers. Chance distributions contained
240 samples for Monkeys Pe and Sa with 16 sessions, and 72 samples
forMonkeyWawith 9 sessions.We report the 95% confidence intervals
of this chance distribution (Fig. 6c, gray bars, termed shuffle). An
alternative method to generate the chance distribution involves per-
forming a within-session shuffle, in which the latent variables from
session i are used to explain variance in the pupil diameter from ses-
sion i but with permuted trial labels. This procedure yielded a similar,
but slightly more lenient, chance distribution.

To control for differences in the number of across- and within-
area latent variables, we repeated the entire procedure using only one
predictor (i.e., the top across- or within-area latent variable) rather
than the full set of predictors (i.e., d across- or dm within-area latent
variables). This yielded similar results (p = 4.3e − 22; pooled across
animals and brain areas, n = 82 brain areas, 2 per session; one-tailed t-
test on the differences in r2 for each session).

Statistical tests and reproducibility
Data preprocessing was performed using custom code in MATLAB
(Mathworks, Natick, MA). Criteria for inclusion of units are described
in Methods section: Preprocessing of neural data. All analyses were
performed in Python (version 3.8.18). Statistical tests (t-test) were
performed using the SciPy (version 1.10.0, https://scipy.org) statistics
module. Sample sizes and p-values are directly reported in the corre-
sponding figure caption. Averaged data shown in figures are averaged
across sessions (n = 42) or brain areas (n = 84, 2 per session), noted in

each caption. For data shown in histograms, means are marked with
triangles. Detailed descriptions of plotted data are provided in each
caption. Code to reproduce the figures and statistics is publicly avail-
able on GitHub at https://github.com/meganmcd13/figures-dual-pfc.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The preprocessed electrophysiological and pupillometry data that
support the findings of this study have been deposited in the KiltHub
database with the identifier https://doi.org/10.1184/R1/
31431415148. Source data are provided with this paper.

Code availability
Python code for fitting and using the pCCA-FA model is publicly
available onGitHub at https://github.com/SmithLabNeuro/pcca_fa and
archived on Zenodo at https://doi.org/10.5281/zenodo.18913386149.
Matlab and Python code for figure generation is publicly available on
GitHub at https://github.com/meganmcd13/figures-dual-pfc and
archived on Zenodo at https://doi.org/10.5281/zenodo.18929016150.
Matlab behavioral control software for running the animal experi-
ments used in this study is publicly available at https://github.com/
SmithLabNeuro/Ex.
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