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After making macaque and marmoset 

inter-areal connectomes directly 
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mapping, Magrou, Theodoni, et al. 
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model of working memory, which differed 

only by the two species’ anatomy. The 

model’s sensitivity to distraction 

captures real-life behavioral differences 

between the two species of primates.
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SUMMARY

Although macaques and marmosets are both primates of choice for studying the brain mechanisms of cogni-

tion, they differ in key aspects of anatomy and behavior. Interestingly, a recent connectomic analysis re-

vealed that strong top-down projections from the prefrontal cortex to the posterior parietal cortex, present 
in macaques and important for executive function, are absent in marmosets. Here, we propose a consensus 
mapping that bridges the two species’ cortical atlases and allows for direct area-to-area comparison of their 
connectomes, which are then used to build comparative computational large-scale modeling of the fronto-

parietal circuit for working memory. The macaque model exhibits resilience against distractors, a prerequi-

site for normal working memory function. By contrast, the marmoset model predicts a sensitivity to distract-

ibility commonly observed behaviorally in this species. Surprisingly, this contrasting trend can be swapped 
by rescaling intrafrontal and frontoparietal connection weights and offers a credible prediction to the marmo-

set’s behavior in this specific task.

INTRODUCTION

Recent advances in connectomics, 1,2 spanning from local 3–6 to 

multiregional 7–15 connectivity, offer a novel and quantitative 

approach to comparisons between species. Comparative work 

on cortical connectivity has yielded important results in terms 

of graph theoretical 7,16,17 and scaling 18–21 properties of the 

brain. However, although structural information is critical, it is 

often insufficient to predict the dynamical behavior of a recurrent 

brain system, the understanding of which requires concomitant 

progress in physiological experiments and computational 

modeling. 22

In this context, working memory (WM), the brain’s ability to 

internally maintain and manipulate information in the absence 

of sensory stimulation, has become a topic of focus, as its rep-

resentation is distributed across multiple—but not all—brain re-

gions. 23–25 In WM-dependent tasks, neurons in certain parts of 

the macaque cortex show robust, self-sustained, information-

specific, mnemonic persistent activity. 26–29 Experimental ob-

servations motivated connectome-based modeling of the ma-

caque monkey cortex for distributed WM. 30,31 Consistent with

experimental observations, 32 the frontoparietal network was 

found to play a major role in WM. Furthermore, a salient charac-

teristic of normal WM is its resilience against distractors, 33–35 

whose electrophysiology is now well understood 36–38 and 

which has been shown in modeling studies to critically depend 

on the prefrontal cortex (PFC) and its top-down influence on the 

posterior parietal cortex (PPC) in the macaque monkey

cortex. 30,31,39

Much less is known about the marmoset species, which is 

rapidly becoming another important animal model in our 

field. 40–42 Indeed, marmosets possess many of the cognitive 

attributes of both macaques and humans while at the same 

time being faster to breed and easier to handle in experi-

ments. Additionally, they possess the same frontoparietal 

network, known to be the substrate of WM in macaques and 

humans. 43 They are able to perform WM tasks 44 and have 

been shown to exhibit sustained delay activity in the PFC dur-

ing those tasks. 45 Finally, the recent publication of the most 

complete retrograde-tracer-based marmoset connectome 

available to date 7,8 allows for analysis and comparison with 

the macaque.
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Although marmosets can perform such tasks, they are harder 

to train, 46 overall less capable of holding items in WM, 47 and 

remain significantly more distractible than macaques. 48 Through 

this convergence of anatomical, functional, and behavioral evi-

dence, we find ourselves with the unique opportunity to push for-

ward the comparative method into the realm of computational 

neuroscience. We can now apply the same model to both spe-

cies, knowing that any behavioral difference that might emerge 

will be solely due to the differences in anatomy. Specifically, dif-

ferential distractibility could be captured with adequate 

modeling.

We will first provide a common anatomical framework for 

the two species, which we have named ‘‘consensus map-

ping,’’ whose purpose will be to reduce the macaque and 

the marmoset independent atlases to a common parcella-

tion scheme where areal connectivity can be compared 

directly and then convert all the available anatomical data 

to it, connectivity and spine count gradient alike. Second, 

we will constrain an otherwise identical model with those 

two sets of now one-to-one comparable anatomical data 

and investigate commonalities and differences in the 

model’s behavior.

RESULTS

Marmosets lack key frontoparietal feedback from 

46d_9/46d

The atlases of macaque and marmoset hold 91 and 116 areas 

before consensus, respectively, with 40 and 55 injected areas 

(Figures 1A and 1B, injected areas are in bold). Consensus brings 

the two atlases to 74 areas on both sides, capitalizing on primate 

analog broader areas. Applying consensus to connectivity itself, 

the number of injected areas is now 35 for the macaque and 45 

for the marmoset. Of these, 29 are common to both species 

(Figures 1C and 1D, injected areas are in bold).

The 29 × 29 square consensus connectivity matrices 

(Figures 1E and 1F) comprise 794 and 809 connections for 

the macaque and the marmoset, respectively, over 29 × 28 = 

812 possible connections (self-connections are ignored), lead-

ing to respective graph densities of 0.68 and 0.72. For the ma-

caque, the distribution of log 10 FLN (fraction of labeled neurons; 

i.e., connection weights) is best approximated by a normal dis-

tribution, with a mean of − 2.60, vs. − 2.28 in the marmoset, 

which is consistent with previous results from Theodoni 

et al. 7 in spite of modifications produced by the consensus 

(Figure 2A). Also consistent with previous works, if the ma-

caque spans the usual 6 orders of magnitude, 13,49 the 

marmoset spans only 5 of them. 7,8 The correlation between 

macaque and marmoset log 10 FLN data is 0.59. Notably, the 

marmoset lacks some of the top-down connections from the 

dorsal lateral PFC (DLPFC) to the PPC that the macaque has, 

from area 46d_9/46d to the LIP, which is a major contributor 

to spatial WM in the macaque. Conversely, the macaque ap-

pears to be missing some—albeit weak—connections from 

area 10 (A10) to the medial parietal and posterior visual areas, 

suggesting that A10 in the marmoset may retain some features 

of the more posterior prefrontal areas, such as the frontal eye 

field (A8aD_A8aV) (Figure 1F).

Macaque connectivity is, on average, more feedback, 

while marmoset somato-motor areas are higher up in 

the cortical hierarchy

Correlation is weaker in terms of SLN (supragranular labeled 

neuron; Figure 2B, r = 0.32). Further, the macaque average is 

lower (μ = 0.47) than that of the marmoset (μ = 0.59), meaning 

that macaque connections tend to be, on average, more feed-

back (FB; originating in infragranular layers), whereas the 

marmoset is tendentially more feedforward (FF; originating in 

supragranular layers; Figure S5), consistent with the non-

consensus original data. 7,8 Figure 2C shows the difference in 

SLN-based hierarchical estimates 14,50 for the two species, with 

areas ordered on the macaque hierarchy. The marmoset 

consensus areas A3a_A3b (primary somatosensory for touch 

and proprioception), A4ab_A4c (primary motor or M1), A1-2 (pri-

mary somatosensory for texture, size, and shape), and PE_PEC 

(somatosensory dedicated to forelimb digits and joints, which 

also receives direct somatosensory thalamic inputs 51 ) have 

higher hierarchical values than their macaque counterparts (ma-

caque areas 3, F1, 1_2m, and 5, respectively). This, again, is 

consistent with the pre-consensual data. 7 In other words, so-

matosensory and M1 modalities are higher in the global cortical 

hierarchy in the marmoset than they are in the macaque. At the 

top of the marmoset hierarchy is consensus area A6Va_A6vb 

(macaque consensus area 44_F5, a motor oro-facial homolog 

to Wernicke in humans).

Conversely, the marmoset prefrontal areas A45, A9, A47 

(macaque area 12), and A10 have lower hierarchical values 

than their macaque counterparts. Other interesting differences 

also occur in the visual system, such as the marmoset areas 

V4, OPt, and MIP (V4, DP, and MIP in the macaque), which 

also display higher hierarchical estimates. Thus, sensory-mo-

tor areas are tendentially higher in the hierarchy for the 

marmoset, while more associative areas tend to be higher in 

macaques.

Marmosets show lower spine count values compared to 

macaque

Spine counts have been shown elsewhere to correlate positively 

with SLN-based hierarchy in macaques. 30,52 Here, we show that 

the marmoset species also displays a correlation of spine count 

with hierarchy, albeit different in slope (Figure 2D). This is yet 

again consistent with pre-consensus data, 7 thus further vali-

dating that the consensus process conserves properties well. 

In the current consensus data, the maximum is just short of 

5,000, whereas macaque maximal values go beyond 8,000. 

This may be due to a lack of data, but available data for homolog 

areas in both species suggest a genuine difference (see the 

marmoset areas A9, A10, TEO, and TE3 and the respective ma-

caque counterparts).

Macaque and marmoset have different optimal global 

couplings

Because the 11 × 11 model does not contain primary sensory 

areas, both cues (always in excitatory population A) and distrac-

tors (always in excitatory population B; Figure 3D) are sent to 

all parietal areas, so as to reflect the distributed input those 

areas should normally receive from the early visual system.
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Additionally, only a combination of 4–5 parietal areas (depending 

on the selected areas) achieves the goal of distributed sustained 

activity. Cues are always sent 1 s into the simulation and distrac-

tors at 4.5 s. Finally, population A and B stable points are iden-

tical in terms of firing rate values, as already established in Mejias 

and Wang. 30

All free parameters of this model are fixed at the same 

values for both species, except for the global coupling

A B

C D

E F

Figure 1. Flatmaps and 29 × 29 log 10 FLN matrices of consensus mapping

(A) Macaque original 91 area atlas from Markov et al. 13

(B) Marmoset original 116 area atlas from Theodoni et al. 7

(C) Macaque 29 consensus areas commonly injected with the marmoset.

(D) Marmoset 29 homolog consensus areas from (C) commonly injected with the macaque.

The area names placed on the same line represent areas that will be aggregated as one area by the consensus mapping and are shown as separate areas of 

identical color in (A) and (B) and then fused in (C) and (D). The names in bold are those for which there was at least one injection by the original connectivity dataset. 

For ease of reading, area labels are identically ordered between macaque (A and C) and marmoset (B and D). The full table of consensus equivalence across the 

two species is available in Table S3.

(E and F) The 29 × 29 common consensus log 10 FLN matrices for macaque and marmoset, respectively. Each square of color represents a connection from 

source areas as rows to target areas as columns. Colors vary according to log 10 FLN values, from very weak (black) to very strong (bright yellow). Gray is the 

background color of the matrices, and a gray square therefore identifies an absent connection. Thicker black lines separate brain regions; see Table S3 for a key 

to regional acronyms. Areas merged by consensus are labeled by concatenating the names of the original parcellation areas, separated by an underscore. 

Thanks to consensus, each connection is here one-to-one comparable across species. The corresponding SLN matrices are available in Figure S4, and a 

comprehensive connectivity table with both FLN and SLN values can be found in Table S3.

Cell Reports 45, 116847, January 27, 2026 3

Article
ll

OPEN ACCESS



parameter G, which requires specific parametrization for each 

species to meet certain basic behavioral criteria: (1) being able 

to produce distributed and sustained activity and (2) not to 

produce spontaneous sustained activity if not solicited by 

a cue.

We determined the valid range of G values by doing a sys-

tematic parameter search with a gradual incrementation of 

step size 0.01 for both species, using 10 s simulations over 

20 different random seeds (Figure 4A). The average valid 

range of value goes from 0.80 to 1.16 in the macaque, vs. 

from 0.57 to 1.13 in the marmoset. Final values of G 

(Figure 4A) were chosen as the mid-point of the resilient range 

for the macaque (0.98) and the distractible range for the 

marmoset (0.85). Specific to the macaque system is the exis-

tence of a regime of partially resilient behavior (from 0.45 to 

0.80), where prefrontal areas show persistent activity but pari-

etal areas fail to do so (Figure 4B; a complete set is shown in 

Figure S6A). Additionally, there exists a small, non-robust win-

dow of low G values (between 0.50 and 0.57) that produces a 

resilient marmoset (Figure 4C; a complete set is shown in 

Figure S6B).

The macaque is resilient to distraction, not the 

marmoset

With G now fixed, both species in the 11 × 11 model achieve 

distributed sustained activity throughout the system prior to 

distraction (Figure 5, purple trace), as is expected from a num-

ber of previous works. 26–29,33,44,45 Note the very low rate of 

areas DP and 8l_8m_8r in the macaque compared to their 

marmoset equivalents, OPt and A8aD_A8aV. After sending 

the distractor in excitatory population B, the macaque shows 

a resilience to distraction (Figure 5A, purple trace) after a brief 

transient collapse of cue encoding in the PPC (Figure 5A, green 

trace), consistent with single-cell LIP 36,54 and VIP 55 recordings. 

Additionally, PFC areas are able to maintain their activity in 

spite of the distractor affecting the PPC areas, encapsulating 

known results. 33,37,38 In opposition to this, the marmoset’s pop-

ulation B takes over (Figure 5B, green trace), thus predicting 

that distractor encoding activity would propagate to the 

DLPFC in marmosets. Further, macaque area DP and 

consensus area 8l_8m_8r (i.e., the FEF) fail to achieve strong 

activity, contrary to their marmoset counterparts, OPt and 

A8aD_A8aV (marmoset FEF).

A B

C D

Figure 2. 29 × 29 connectome statistics, SLN-based hierarchy estimates, and spine counts

(A) Macaque (horizontal axis) vs. marmoset (vertical axis) consensus log 10 FLN correlation and distribution. In the main plot, each circle represents a connection. 

Blue, the connection exists in both species; gray, the connection exists in only one species. Solid black line, linear regression line between macaque and 

marmoset log 10 FLNs, excluding gray datapoints; correlation coefficient of the regression line r = 0.59; thin broken line, line of unit slope for visual reference. In the 

top plot is the log 10 FLN distribution for the macaque, including connections unique to the macaque; mean μ = − 2.6 and standard deviation σ = 1.36 are used as 

parameters for the superimposed black normal curve. The same statistics are shown in the left plot for the marmoset, and the same conventions apply.

(B) Macaque (horizontal axis) vs. marmoset (vertical axis) consensus SLN correlation and distribution. The same reading conventions as in (A) were used.

(C) SLN-based hierarchical estimates for macaque (black dots) and marmoset (blue dots), computed by a generalized linear model (GLM) of the beta-binomial 

family using a logit link function. Error bars represent standard error (SE). Values are ordered by macaque increasing estimates. Bottom axis, macaque consensus 

areas; top axis, marmoset homolog consensus areas.

(D) Spine count as a function of normalized SLN-based hierarchy. Black dots and regression line, macaque; blue dots and regression line, marmoset. The 

proportion of variance explained r 2 is 0.46 for the macaque and 0.52 for the marmoset.
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This difference is not dependent on parametrization and can 

be explained by the fact that macaque FEF receives less cumu-

lative parietal inputs and more prefrontal inputs than marmoset 

FEF (Figure 2B; a detailed explanation is provided in the 

supplemental text). The same observation is true for macaque 

area DP compared to its marmoset homolog, OPt. Adding to 

this the fact that connections to both macaque FEF and DP

are more FB than in the marmoset and therefore more inhibitory 

via the counter-inhibitory bias (CIB; see Mejias and Wang 30 ), we 

see that the anatomy easily explains the dynamical difference 

between the two species.

Additional simulations were run with a 2 × 2 PFC-PPC model 

on the one hand and a full 29 × 29 area on the other. The 2 × 2 

model shows a similar tendency to that of the 11 × 11, with the
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Figure 3. Large-scale model of distributed 

working memory

(A) Schematic of the local circuit and inter-areal 

interactions. The local circuitry follows a standard 

3-population Wong and Wang model, 53 with 2 

excitatory populations (ex. A and ex. B, purple

and green) and 1 inhibitory population (inh. C, 

orange). Locally, populations A and B excite 

population C, which inhibits them in return; 

globally, inter-areal interactions are based on

FLN and SLN anatomical data.

(B) Comparative visual showing the macaque and 

marmoset brains at the same scale; scale bar,

1 cm. Bottom, the 11 × 11 submatrices that will 

be used for WM modeling. PPC, posterior parietal 

cortex; DLPFC, dorsal lateral prefrontal cortex. 

Reading conventions are identical to those used 

in Figures 1E and 1F.

(C) Bifurcation diagram for an isolated area, with

firing rates (Hz) as a function of parameter J s . 

Below a certain threshold value of J s , a single 

area cannot sustain long-term activity and is 

monostable. Areas are all parametrized to fall 

below that threshold. Small dark gray dots 

correspond to each of the 11 macaque 

areas from (B) and indicate their particular J s 
values, while larger pale gray dots represent the

distribution of the rest of the 29 common consensus areas. Regular and pale blue dots assume the same function with respect to the marmoset.

(D) Schematic representation of the WM task time course. After a 1 s fixation period, the cue is presented for 0.5 s (purple disk) in the form of a pulse of 0.3 nA 

sent to population A. After a delay period of 3 s, the distractor is presented (green disk) as a pulse to population B, identical in time and intensity to the cue.

A B

C

Figure 4. Parametrization of global coupling parameter G

(A) Stacked histogram showing different regimes of activity as a function of G, for both species. Dark orange, spontaneous activity; yellow, resilience to 

distraction; pale yellow, partially persistent activity; blue, distraction; dark gray, no persistent activity; black line, reference (chosen) value. Simulations were run 

with incremental G steps of 0.01, with 20 different random seeds (black dots). Boundaries between regimes are computed as averages over all seeds at each 

qualitative change of regime. The reference value for each species is defined as the half point in the resilience regime for the macaque and the distracted regime 

for the marmoset.

(B) Firing rate as a function of time for the macaque’s partially persistent regime at G = 0.6. Purple trace, excitatory population A; green trace, excitatory population 

B; orange trace, inhibitory population C. Areas have been selectively chosen to showcase the partialness of this regime, with parietal areas not sustaining activity 

(LIP), while prefrontal areas do (46d_9/46d). Consensus area 8l_8m_8r (FEF) is shown as the one prefrontal area that does not follow this logic.

(C) Example behavior for the marmoset’s small window of resilient regime at G = 0.5, where population A re-establishes itself after the distractor pulse. Homolog 

consensus areas and reading conventions are the same as those in (B).

A complete set for (B) and (C) is available in Figures S6A and S6B.
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macaque being resilient and the marmoset being partially (but 

not completely) distractible (Figures S7A and B). The 29 × 29 

version of the model fails to yield the same species difference 

(Figures S7D and E).

Changes in regional coupling can reverse resilience and 

sensitivity

In order to understand what makes the macaque and the 

marmoset different in their distractibility, we investigated how 

we could make the macaque model susceptible to distraction 

and force the marmoset to be resilient. ‘‘Grafting’’ the ma-

caque-specific connections to the marmoset, and vice versa, 

failed to yield the expected result (Figure S8). We therefore elec-

ted to divide the 11 × 11 connectivity matrices of both species 

into 4 quadrants, akin to intra-regional and inter-regional subsets 

of connections, and attributed to each a specific multiplicative 

parameter, from ρ 1 to ρ 4 (Figure 6A). The parameter space of

ρ 1 vs. ρ 2 is shown in Figure 6B. Conversion can be achieved in 

the macaque by reducing ρ 1 to any value below 0.6 (Figure 6A; 

this is also true for the 2 × 2 PFC-PPC macaque model; see 

Figure S7C), thus effectively tuning down the intrafrontal connec-

tivity and shifting the system to a part of the parameter space 

where distraction can occur (Figure 6B, left, leftward arrow). 

Sensitivity to distraction in the macaque can be observed for a 

selection of example areas in Figure 6C (a complete set is pro-

vided in Figure S9A).

As can be seen in Figure 6B, the macaque possesses what ap-

pears to be another distracted territory for very high values of ρ 1 , 
with a gradual transition roughly centered around 1.8. However, 

this part of the parameter space is in fact unstable, as the 

outcome behavior depends on the random seed used. This is 

indicative of a parameter going beyond its realistic limits. At

these levels, any random fluctuation is amplified by a factor of 

close to 2 in the prefrontal areas. Helped by a higher firing rate 

baseline, also due to the higher ρ 1 value, this leads to an easy 

propagation to the rest of the network. Due to its unrealistic na-

ture, this will not be discussed further in what follows.

A marmoset resilient to distraction can similarly also be 

achieved by giving ρ 1 and ρ 2 a value of at least 1.4 each 

(Figure 6C), which effectively displaces the system to a part of 

the parameter space that grants it resilience (Figure 6B, right, 

right-upward arrow), with example areas showcasing the 

behavior in Figure 6C (a complete set is shown in Figure S9B). A 

mixed behavior regime exists in the marmoset’s ρ 1 -ρ 2 plane, 

which is characterized by partial activations in the system 

(Figure S9C). The 2 × 2 PFC-PPC marmoset model effectively 

sits in this regime. Consistently, a single change of ρ 2 to 1.7 pushes 

the 2 × 2 system upward into resilient territory (Figure S7C). 

Similar parameter spaces can be achieved with ρ 3 and ρ 4 , and 

are topologically similar to the ones of ρ 1 and ρ 2 (Figure S10C). 

There, the macaque becomes sensitive to distraction as one in-

creases ρ 4 , and the marmoset becomes resilient as both ρ 3 and

ρ 4 are reduced. For practical purposes, the focus will be on ρ 1 
and ρ 2 in what follows.

Gradual changes in regional coupling indicate a sharp 

transition between resilient and distracted regimes

The next logical step was to understand the transition from one 

regime to the other. To do so, we performed simulations at in-

cremental steps of ρ 1 , across the border that separates the two 

regimes, and looked at the conductance S A -S B phase space 

(i.e., the S variables of excitatory populations A and B) for the 

system’s trajectories, using 10 different random seeds each 

time. For the macaque, ρ 2 was fixed at a value of 1, and ρ 1

A B

Figure 5. Standard behavior of the distributed frontoparietal working memory model

Each subplot shows the activity traces of the firing rates as a function of time for each of the 11 consensus areas of the selected frontoparietal network. Areas are 

directly comparable with their homolog and are placed accordingly. Cues (t = 1 s to population A, purple trace) and distractors (t = 4.5 s to population B, green 

trace) are sent to all parietal areas. The orange trace is inhibitory population C.

(A) Macaque; global coupling parameter G = 0.98, resilient regime.

(B) Marmoset; G = 0.85, distractible regime.
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varied from 0.75 to 0.55 (i.e., from resilient to distractible) with a 

step size of 0.01 (Figure 7A, ρ 1 -ρ 2 ). Figure 7A displays the state 

of the macaque S A -S B phase portrait (rotated by π/4) for 

increasing values of ρ 1 . At ρ 1 = 0.72 (first image on the left, 

with a full progression visible in Video S1), the macaque dis-

plays its standard behavior. The at-rest stable fixed point (black 

dot) is quickly reached (black trajectory originating from coordi-

nate (0,0)), and the system will stay there until the cue is deliv-

ered. Sent to either population A (purple trajectory) or popula-

tion B (green trajectory), the cue pushes the system to the 

stable fixed point specific to the population that was cued 

(a purple point for population A and a green point for B), albeit 

after a quick overshoot. A distractor, injected in the opposite 

population, forces the system’s trajectory to shoot inward for 

the duration of the pulse (yellow and red trajectories), only to 

fall back to the stable fixed point at which they were before 

distraction.

Trajectories will become increasingly tempted by the other 

side as ρ 1 decreases. Transition into the distractible macaque

occurs over a very narrow band of ρ 1 values, contained be-

tween 0.64 and 0.63, at which point independent random 

seeds show radically different trajectories, with some returning 

to their fixed point of origin and others ending their course on 

the opposite stable fixed point. From ρ 1 = 0.62 downward, the 

system has fully transitioned to being distractible, and all 

seeds display similar behavior once again, this time to be di-

verted to the opposite fixed point.

Looking now at the marmoset, we followed an identical pro-

cedure, except fixating ρ 2 at a value of 1.5 so as to avoid going 

through the mixed regime of behavior (Figure 7B, ρ 1 -ρ 2 ). ρ 1 was 

set there to vary this time from 0.975 to 1.175, again with steps 

size of 0.01. At ρ 1 = 0.985, well before the transition happens, tra-

jectories are qualitatively analogous to those of the distractible 

macaque. As ρ 1 progresses toward the threshold of behavioral 

shift, random seed trajectories remain well grouped together 

and will remain so during and after the transition, which is an 

interesting difference from the macaque, arguing for a qualita-

tively different high-dimensional landscape, as they might in

A B

C

D

Figure 6. Parameter space analysis of resilience and distractibility

(A) 11 × 11 matrices from Figure 3B divided into four quadrants: ρ 1 , DLPFC to DLPFC or intrafrontal; ρ 2 , DLPFC to PPC or frontoparietal; ρ 3 , PPC to PPC or 

intraparietal; and ρ 4 , PPC to DLPFC or parietofrontal. Setting ρ 1 to 0.6 in the macaque makes it sensitive to distraction. Setting ρ 1 and ρ 2 to 1.4 in the marmoset 

makes the system resilient.

(B) ρ 1 -ρ 2 parameter plane for both macaque (left) and marmoset (right). Green hues indicate resilient territories in the plane, purple hues indicate distracted, and 

white indicates mixed behavior (see Figure S6C). Each square is the average of simulations performed over 10 different random seeds by incremental steps of 

0.025 in both directions. Open black squares indicate (1,1) coordinates in the plane, and black arrows indicate the displacements generated by the values in (A).

(C) Example behavior for the macaque’s distractible regime at G = 0.98, ρ 1 = 0.6, and ρ 2 = 1.

(D) Example behavior for the marmoset’s resilient regime at G = 0.85, ρ 1 = 1.4, and ρ 2 = 1.4. Reading conventions are the same as those used in Figures 4B and 4C. 

A complete set for (C) and (D) is available in Figures S9A and S9B.
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fact be fanning out in a different plane. The transition itself is even 

shorter than in the macaque, as all seeds have transitioned at

ρ 1 = 1.075 to a fully resilient marmoset. Interestingly, trajectories 

still show a small detour along their former distractor-sensitive 

path before turning around toward their newly found target. 

The last of this can be seen at ρ 1 = 1.105 (Video S2).

DISCUSSION

Consensus mapping conserves statistics and is a great 

tool for future comparative work

The consensus mapping exposed here offers the unique oppor-

tunity to directly compare the mesoscale connectomes of two

Figure 7. S A -S B conductance phase space gradually changes across regime boundaries

The plane is chosen as the unique plane defined by the 3 stable fixed points of the system and then rotated by π/4 for visual clarity. Colored dots indicate said fixed 

points: black, at rest (no input current); purple, population A; green, population B. Colored lines follow the same convention for trajectories: black, at rest (no input 

current); purple, cue input current in population A; green, cue input current in population B; yellow, distractor input current in population B when at stable fixed 

point A; dark red, distractor input current in population A when at stable fixed point B. Trajectories were computed for 10 different random seeds for all conditions.

(A) Macaque. Each plot corresponds to an incremental step in ρ 1 , starting from a resilient macaque. Parameters G and ρ 2 are fixed at 0.98 and 1, respectively. The 

full investigated range is from ρ 1 = 0.75 to ρ 1 = 0.55 with a 0.01 step size, available in Video S1A.

(B) Marmoset. Each plot corresponds to an incremental step in ρ 1 , starting from a distractible marmoset. Parameters G and ρ 2 are fixed at 0.85 and 1.5, 

respectively. The full investigated range is from ρ 1 = 0.975 to ρ 1 = 1.175 with a 0.01 step size, available in Video S1B. For each species, inset plots help visualize the 

covered range of values in the ρ 1 -ρ 2 parameter space.
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species of primates. Allowed by the extensive anatomical analo-

gies that exist between primates, the consensus mapping is 

largely based on the merging of subareas to recover coarse-

grained, well-established areas, albeit with some loss in spatial 

granularity for either species. Nonetheless, as we have seen in 

Figures 2 and S5, the consensus process conserves the basic 

statistics, FB and FF distributions, graph densities, and spine 

count-to-hierarchy relationship 7,17,20 of each species pre-

consensus. Therefore, the mapping is stable enough to be 

meaningful for the modeling depicted in this study. Future 

anatomical investigations of these two species will continue to 

improve the overlap of injected areas and should prove impor-

tant for future comparative work in primate anatomy.

Distractibility is intrinsic to the marmoset model

As we have shown, the macaque and marmoset models, which 

are identical except for their anatomical data, capture an impor-

tant difference between the actual species in their resilience to 

distraction. If this result is consistent with known macaque capa-

bilities and electrophysiology, 26–29,33 marmoset research is still 

at too early a stage to confirm our prediction, although available 

results are certainly consistent with our finding. 44,45,48

In the macaque, the parametrization of the global coupling 

parameter G (Figure 4A) is fairly straightforward. There exists 

only one bracket of values that produce a fully distributed activity 

without running the risk of a spontaneous one, with no value 

leading to a distractible system. The marmoset, on the other 

hand, although its largest window of viable activity is indeed 

the distractible one, does have a valid, if narrow and less robust, 

window of resilient behavior. Therefore, purposefully choosing a 

distractible G value to then claim that our model captures differ-

ential distractibility may appear self-fulfilling. However, that 

would be missing the point, which is that the macaque pos-

sesses no distractible G values when the marmoset is mostly 

distractible for the same range of values, thus giving vastly 

different resilience/distractibility profiles as a function of G. 

Distractibility in the marmoset is therefore a strong prediction 

of our modeling, softly confirmed by the 2 × 2 modeling. The 

only difference is that the marmoset defaults to the mixed 

behavior regime, but it is still very much closer to distraction 

than the macaque. Given that the models differ by anatomy 

only, this G profile difference can only be attributed to the varia-

tions in anatomy across the species. This means that a network-

distributed, complex-system effect from structure to function is 

at work here, as no single change in the connectivity matrix 

can produce this behavioral difference on its own. A second 

aspect of parametrization concerns the parameters J s and J IE , 

which, albeit fixed for each area, will vary as a function of the 

available spine count gradient data.

As shown earlier, the 29 × 29 version of the marmoset model 

fails to achieve distractibility (Figures S7D and S7E), and this 

begs the question of why the 11 × 11 subnetwork effectively 

captures the species difference when the 29 × 29 does not. 

There is a growing understanding that different brain states, 

such as sleep, wakefulness, attention, vision, relaxed mind wan-

dering, and, indeed, WM, have network counterparts of specif-

ically active and synchronized cortical areas, 56–58 while others 

tend to desynchronize for the duration of that state, as seen in

state transitions. 59 Selecting for the WM network 26,32 in this 

study is meant to be an analog of the brain being in that specific 

state. To recover the result while keeping the full 29 × 29 network 

would require modeling state transitions by implementing a 

modulatory mechanism that gates out the other areas, poten-

tially based on neurotransmitters such as dopamine 48,60 or other 

modulatory systems. 31

A larger brain increases feedbackness and therefore 

stability and resilience to distraction

The very low level of activity in the macaque FEF and DP, 

compared to their marmoset counterparts, can be explained 

by the difference in connectivity for these areas across the two 

species. As we have argued elsewhere, 18 these anatomical dif-

ferences can be thought of in the framework of the scaling prop-

erties of the brain. Indeed, due to physical constraints exerted on 

the brain, 61 a bigger brain will get bigger only at the cost of 

reducing its overall connectivity, which in turn leads to an 

increasing modularity of its network. 18,62 This scaling effect 

may well be at work: the macaque and the marmoset 29 × 29 

consensus connectivity matrices in Figures 1E and 1F have 

similar graph densities, although a 4% drop is already detectable 

from the marmoset (0.72) to the macaque (0.68). Additionally, 

Figure 2A clearly shows that the macaque’s FLN range spans 

6 orders of magnitude, while that of the marmoset only spans 

5, 7,13 meaning that the former possesses extra-weak connec-

tions compared to the latter. In short, although it is still small 

enough to harbor a high graph density, the macaque brain is in 

fact about twice the size of the marmoset brain and is already 

on its way to partial disconnection. 7

From a different perspective, Markov et al. 14 showed that FB 

connections decay with white matter distance more slowly 

than FF ones. This means that, on average, long-range, weak 

connections will tend to be FB. Extrapolating across species, 

we should expect the brain to become increasingly FB domi-

nated as it grows larger, at least in primates. This aligns well 

with the data shown in Figure 2B, where the mean SLN value 

for the macaque is 0.47, which is non-negligibly lower than the 

0.59 of the marmoset, meaning that the macaque is, on average, 

more FB than the marmoset. Given the implementation of the 

CIB 30 in our system, FB connections target the inhibitory popu-

lation C, meaning that connectivity that is, on average, more FB 

will lead to greater global inhibition. This is consistent with the 

macaque being resilient, as the random distractor will enter a 

system that is, in effect, less suited to its propagation. 

Conversely, the marmoset system is well suited to welcome 

the next distractor, with its global feedforwardness more readily 

carrying its excitatory influence to all areas.

Circling back to the macaque FEF and DP, these are arguably 

the deeper reasons why they fail to display high activity. A larger 

brain leads to some amount of disconnection—weaker connec-

tions or even missing ones—and greater feedbackness. This, in 

turn, leads to less cumulated input—although more selective— 

for these areas. Thus, a conjecture could be that the same model 

grounded on a larger brain’s connectivity, such as that of the hu-

man primate or other great apes, would see further disconnec-

tions and greater feedbackness, leading to more areas behaving 

like this. This, in turn, would be consistent with the increasingly
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well-segregated subnetworks and functions that we see appear 

in larger brains. 18,63

Reversing distraction and resilience is consistent with a 

bifurcation in highly non-linear dynamical systems

As we saw in Figures 4 and 6, this system produces, by default, a 

macaque resilient to distraction and a marmoset sensitive to it, 

on par with the behavioral data available at this time. 46,48 The 

anatomical frontoparietal differences between the macaque 

and the marmoset, such as the missing connection between 

the consensus marmoset areas A46D and LIP, known to be high-

ly relevant for WM in the macaque, 26 fail to explain the difference 

in behavior within the constraints of our model. Even the com-

plete swapping of species-specific connections from one to 

the other cannot achieve the intended behavioral reversal 

(Figure S8). This argues for the existence of an emergent stability 

produced by a network-based complex system of non-linear 

interactions.

This stable default behavior can nonetheless be changed by 

regionally (i.e., DLPFC vs. PPC) altering the connectivity. The 

macaque becomes distractible by artificially scaling down the 

prefrontal self-connectivity, in line with previous work, 39 thus 

effectively making it less efficient at self-activation and less 

prone to down-regulating parietal areas. This is consistent with 

experimental data, where prefrontal lesions increase distracti-

bility in macaques. 33 In graph theoretical terms, it reduces the 

prefrontal’s modularity. Because this alone is enough to allow 

a distractor to spread to all areas, this result can be interpreted 

as making the prefrontal more permeable to upward signals 

from the parietal cortex.

In the marmoset’s case, both intrafrontal and frontoparietal 

connections need to be tuned up to achieve resilience, which, 

at a conceptual level, creates a continuum between the two spe-

cies. However, the opposition is imperfect. Were it to be perfect, 

an intrafrontal increase would have been enough to render the 

marmoset resilient. In practice, one also needs to increase the 

frontoparietal connections (ρ 2 ) by a similar amount to complete 

the transition, as is shown in Figure 6B. Increasing the ρ 1 to 1.4 

but keeping ρ 2 at 1 leads to a mixed regime where prefrontal 

areas are resilient but parietal areas remain sensitive to distrac-

tors (Figure S9C). The likely interpretation is that, by increasing 

only intrafrontal connections, each prefrontal area now receives 

enough input from its prefrontal neighbors that their collective 

activity is self-sustained and hard to break. We know from Mur-

ray et al. 39 that resilience to distraction is given by the prefrontal 

module. For it to propagate to the rest of the system, one needs 

to increase the influence of prefrontal areas on the parietal area, 

which is here modeled by increasing ρ 2 .
This need to raise ρ 2 to complete the transition may come from 

the missing connections between marmoset area 46 (here A46D) 

and parietal areas LIP, OPt, and PE_PEC (Figure 3B), given the 

importance of area 46 to WM. 26 Although the marmoset pos-

sesses weak frontoparietal connections from A10 to the medial 

parietal cortex that the macaque does not (Figure 3B), these 

are unlikely to provide robust top-down control. Many ‘‘grafting’’ 

experiments were tried in the course of this study, but no single 

particular change in the matrix gave a clear-cut answer. Inciden-

tally, this is also true with respect to both SLNs and spine count

interchanges. All these results are signatures of a complex 

system.

Now imagine the phase diagram shown in Figure 7A as a 3D 

energy landscape seen from above; becoming distractible here 

means that the wells that constitute population A and B stable 

points are getting shallower, with an increasingly reduced basin 

of attraction that can keep the system captive (i.e., the separa-

trix). As ρ 1 gradually decreases, so does the depth of the wells 

and the size of the separatrix. Thus, there is a point at which 

the distractor’s energy is enough to escape (ρ 1 ≈ 0.64), only to 

fall into the other fixed point’s energy well.

The same is true for the marmoset, only reversed with respect 

to ρ 1 . As the parameter increases (Figure 7B), the stable fixed 

points are gradually pulled deeper, increasing the basin of attrac-

tion in both size and gradient and making its separatrix gradually 

less escapable. Starting at ρ 1 ≈ 1.065, the energy wells are too 

deep and/or too steep for any distractor to efficiently push the 

system out, and the system becomes resilient to distraction. 

As can be seen in Figure 6B as well as in Figure 7, the transition 

between distracted and resilient regimes is fairly sharp in both 

species and leads to radically different qualitative results. In 

dynamical systems, this corresponds to the general definition 

of a (global) bifurcation. 64 It appears to be correct that some as-

pects of the high-dimensional topology of the phase spaces in 

Figure 7 drastically change over a very short span of ρ 1 values.

Distraction may be adaptative given the marmoset’s 

ecological and ethological niche

From the bifurcation perspective above, it appears that ma-

caques and marmosets effectively sit on opposite sides of a 

common bifurcation. From another angle, the recent work of 

Joyce et al. 48 has shown that marmoset DLPFC parvalbumin 

neurons have a higher density of D1 (dopamine) receptors, which 

leads in their modeling to heightened susceptibility to distrac-

tion. Further, those levels increase from humans to marmosets, 

which in turn have similar levels to mice.

Therefore, beyond the brain size effect that we mentioned 

earlier and its link to increased feedbackness, sufficient segrega-

tion of functions, and higher cognitive capabilities, 18 this greater 

dopamine receptor density may indicate that heightened 

distractibility is in fact an adaptive trait for the marmoset. Indeed, 

if distraction were to be counter-selected by evolution, a 

reduced D1 receptor density might have been one of the easier 

ways to solve the issue, given the brain structural constraints at 

that size.

With that in mind, one can attempt a prudent link to their social 

ethology. Where macaques heavily rely on aggression and 

distrust, 65 marmosets are a highly collaborative species with 

respect to problem-solving, a trait otherwise fairly restricted to 

apes. 66,67 How would a distraction-resilient individual perform 

in the more collaborative social structure of marmosets? 

Conversely, in a strict hierarchy of aggression, would a 

marmoset-like macaque manage to thrive? It seems reasonable 

to think that distraction and social structure should present an 

interaction, perhaps even generate selection pressures. Future 

modeling of the highly non-linear evolutionary dynamics at play 

in this particular case could tell much about these types of 

interactions.
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Conclusion

After producing a consensus mapping between macaque and 

marmoset atlases, we reduced each to a homolog parcellation 

scheme, thus allowing direct, area-to-area comparison of their 

respective connectomes. We then used these consensus data 

to differentially constrain an otherwise identical large-scale 

model of WM. Selecting for the frontoparietal WM network of 

the same 11 common consensus areas in the two species, we 

first showed that these two systems produce sustainable activity 

throughout the network after a cue is sent in. We went on to test 

their resilience to distraction and discovered that, although 

the macaque-constrained model resists distraction easily, the 

marmoset model readily switches and commits the newest cue 

to memory by propagating it to all areas, taking over as the 

new sustained activity. Moreover, the two species can be 

bridged by scaling up or down specific quadrants of their con-

nectivity matrix, which effectively alters intrafrontal and fronto-

parietal influence over the system, allowing us to better under-

stand the differences between those two primates. We argue 

that these behavioral differences between models align intrigu-

ingly well with real-life behavioral differences and offer a credible 

prediction of the marmoset’s behavior in this specific task.

Limitations of the study

With respect to scaling up the model to 29 areas (Figures S7D 

and S7E), the enhanced stability given by the sheer number of 

areas forbids even the marmoset model from being sensitive to 

distraction. This points to a limitation of this multiregional model, 

which, due to its architecture, tends to already be resilient to 

distraction in two areas. 39 The consequence is that the marmo-

set’s 11 area model distractibility is very much non-trivial. As 

scaling up the number of areas tends to lead to resilience from 

distraction, it means that there is something very specific about 

the marmoset WM subnetwork’s anatomy that manages to pre-

vent said resilience.

It is only fair to recognize that we have, at this date, less avail-

able spine count data for the marmoset than we currently do for 

the macaque (Table S1 vs. Table S2; for non-consensus data, 

see Theodoni et al. 7 ). Therefore, if the models are indeed iden-

tical across our two species, the marmoset may be considered 

at this point less constrained than the macaque. New data or 

data updates in the future may very well change the present re-

sults by making them more alike or more different, by reducing 

the window of distractibility of G or by expanding it. New ma-

caque data could possibly create a band of distractibility on 

the G parameter line. This point, incidentally, is just as true for 

any change in the connectivity.

Furthermore, as compelling as the proposed hypothetical link 

between anatomy and behavior may be, it cannot possibly be 

the entire story. Indeed, many other explanatory factors are, by ne-

cessity, at work in the production of this behavioral difference, from 

microcircuits to other anatomical gradients, neuronal subtypes, 

electrophysiology, etc. What this study shows is that the differen-

tial anatomy between those two species, at least in the subnetwork 

of WM, does predict some behavioral difference with respect to 

the presence of distractors, which appears to be coherent with 

the behavioral differences so far known to experimentalists work-

ing on these species. Future work in large-scale modeling, as well

as modeling of evolutionary dynamics, will need to incorporate 

increasingly finer-grained details of neurophysiology in order to 

fully disentangle the links between structure and function.
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16. Horvá t, S., G� am� anuț, R., Ercsey-Ravasz, M., Magrou, L., G� am� anuț, B., 

Van Essen, D.C., Burkhalter, A., Knoblauch, K., Toroczkai, Z., and Ken-

nedy, H. (2016). Spatial embedding and wiring cost constrain the func-

tional layout of the cortical network of rodents and primates. PLoS 

Biol. 14, e1002512.

17. Ercsey-Ravasz, M., Markov, N.T., Lamy, C., Van Essen, D.C., Knoblauch, 

K., Toroczkai, Z., and Kennedy, H. (2013). A predictive network model of 

cerebral cortical connectivity based on a distance rule. Neuron 80, 

184–197.

18. Magrou, L., Joyce, M.K.P., Froudist-Walsh, S., Datta, D., Wang, X.J., 

Martinez-Trujillo, J., and Arnsten, A.F.T. (2024). The meso-connectomes 

of mouse, marmoset, and macaque: network organization and the emer-

gence of higher cognition. Cereb. Cortex 34, bhae174.

19. Wang, X.J., and Kennedy, H. (2016). Brain structure and dynamics 

across scales: in search of rules. Curr. Opin. Neurobiol. 37, 92–98.

20. Markov, N.T., Ercsey-Ravasz, M., Van Essen, D.C., Knoblauch, K., Tor-

oczkai, Z., and Kennedy, H. (2013). Cortical high-density counterstream 

architectures. Science 342, 1238406.

21. Murre, J.M., and Sturdy, D.P. (1995). The connectivity of the brain: multi-

level quantitative analysis. Biol. Cybern. 73, 529–545.

22. Wang, X.J. (2022). Theory of the multiregional neocortex: large-scale 

neural dynamics and distributed cognition. Annu. Rev. Neurosci. 45, 

533–560.

23. Sreenivasan, K.K., and D’Esposito, M. (2019). The what, where and how 

of delay activity. Nat. Rev. Neurosci. 20, 466–481.

24. Christophel, T.B., Klink, P.C., Spitzer, B., Roelfsema, P.R., and Haynes, 

J.D. (2017). The distributed nature of working memory. Trends Cogn. Sci. 

21, 111–124.

25. Leavitt, M.L., Mendoza-Halliday, D., and Martinez-Trujillo, J.C. (2017). 

Sustained activity encoding working memories: not fully distributed. 

Trends Neurosci. 40, 328–346.

26. Goldman-Rakic, P.S. (1992). Working memory and the mind. Sci. Am. 

267, 110–117.

27. Fuster, J.M., and Alexander, G.E. (1971). Neuron activity related to short-

term memory. Science 173, 652–654.

28. Wang, X.J. (2001). Synaptic reverberation underlying mnemonic persis-

tent activity. Trends Neurosci. 24, 455–463.

29. Wang, X.J. (2021). 50 years of mnemonic persistent activity: quo vadis? 

Trends Neurosci. 44, 888–902.

30. Mejias, J.F., and Wang, X.J. (2022). Mechanisms of distributed working 

memory in a large-scale network of macaque neocortex. eLife 11, 

e72136.

31. Froudist-Walsh, S., Xu, T., Niu, M., Rapan, L., Zhao, L., Margulies, D.S., 

Zilles, K., Wang, X.J., and Palomero-Gallagher, N. (2023). Gradients of 

neurotransmitter receptor expression in the macaque cortex. Nat. Neu-

rosci. 26, 1281–1294.

32. Chafee, M.V., and Goldman-Rakic, P.S. (1998). Matching patterns of ac-

tivity in primate prefrontal area 8a and parietal area 7ip neurons during a 

spatial working memorytask. J. Neurophysiol. 79, 2919–2940.

33. Suzuki, M., and Gottlieb, J. (2013). Distinct neural mechanisms of distrac-

tor suppression in the frontal and parietal lobe. Nat. Neurosci. 16, 

98–104.
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STAR★METHODS

KEY RESOURCES TABLE

METHOD DETAILS

Anatomical connectivity data

Despite the continuous progress occurring in the field of diffusion MRI and tractography based connectomics, 82,83 it 

nonetheless remains true that, where feasible, retrograde tract-tracing experiments still constitute the gold standard in cortical

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Macaque 40 area connectivity data Henry Kennedy 60 core-nets.org

Marmoset 55 area connectivity data Marcello Rosa 8 analytics.marmosetbrain.org

Consensus macaque 35 area 

connectivity data

This paper https://doi.org/10.5281/zenodo.15612783

Consensus marmoset 45 area 

connectivity data

This paper https://doi.org/10.5281/zenodo.15612783

Kennedy lab injection Metadata Henry Kennedy 

(Markov et al. 13 ; 

Table S2)

https://oup.silverchair-cdn.com/oup/backfile/Content_public/Journal/

cercor/24/1/10.1093_cercor_bhs270/1/bhs270_Supplementary_

Data.zip?Expires=1758568837&Signature=tuS7VgSafvR9Y7bDZ∼

YWfVtYdIOL8iy0oFaink2iHNmf-N02kSxIJ∼xYm-IJBkSoZfV5VuzZyX

lw0Ts1114gR2p1yUHpXixcKlJKvncqWDE4amv6xbNotYaU00YF76

352YHxrfoHeOpbL-3K-HHgPiownvZ∼0o6so-b4ExkG4sqLJljl∼7lTi5

VCm405R7Umbrrjku9EuBQUTXrryaIKgG-PjmCzZYv-∼z1vo3N12M

FRJw8loPsdrhVj1NGj8IQqA0fxkY7syYAPu2usONGtDywCpvPr1qz

3ZHaIJWMVBHwA9Q8∼YYWczg1qPNEG8LiGtTWeUlj2oE7ylNhN

YdunLw__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA

Rosa lab injection metadata Marcello Rosa 

(Theodoni et al. 7 ; 

Tables S1–S3)

https://oup.silverchair-cdn.com/oup/backfile/Content_public/Journal/

cercor/32/1/10.1093_cercor_bhab191/2/supplementary_rereview_

may2021_bhab191.zip?Expires=1758569354&Signature=

ecXPnCRIyEuVDXkKMn7IWasMweUQW0FR1g1cM∼0DmXNrNGN

sihiVLyFlc3qiFYF8UUit6DZVQFrB2jVGOiarJLHCpYW3i∼IGGB8bd

XKzx4eWrqINEtubAxLf∼fQl0hs4T4AlNJ0GHgAyv4KnZ3n∼X4U1ey

0an-1dcS3ahT1vMyUCxhhfU∼b7GRzPMg42K86juHoPmdu6IXfm

ShsOUUDFf67F9DwLHD8hQVGsQDYpdAZy2mwHs0M-hUwF6Cew

UqYAl7neIPdb2YZg75dbWYMCMH8jB-HG6m3Ywd3REQNTAakxw

RMafNKIW3FbfNSZLd0TbvfV-3jS93qwscHtOTHUEQ __&Key-Pair-

Id=APKAIE5G5CRDK6RD3PGA

Macaque spine count data Guy Elston (Elston et al. 68–70 ; 

Elston and Rockland 71 ; 

Elston 72 ; Elston et al 73 ; 

Elston and Rosa 74 ;

Elston et al 75 ; Elston

and Rosa 76,77 )

N/A

Marmosey spine count data Noritaka Ichinohe;

Guy Elston (Oga et al. 78 ; 

Sasaki et al. 79 ;

Elston et al. 80,81 )

N/A

Consensus macaque spine count data This paper Table S1

Consensus marmoset spine count data This paper Table S2

Software and algorithms

Large-scale dynamical model 

simulation and analysis code

This paper https://doi.org/10.5281/zenodo.15612783

Julia programming language Julia julialang.org

R programming language The R Project www.r-project.org
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connectivity/mesoscale connectomics. 84 In the realm of primates, we are now uniquely suited to tackle cross-species comparison as 

extensive databases have been produced in both the macaque 13,60 downloadable from core-nets.org, the historical model in primate 

neuroscience, and now the marmoset 7,8 downloadable from analytics.marmosetbrain.org, a smaller primate model that is easier to 

handle whilst retaining many primate features important to today’s neuroscience.

Injections of retrograde tracers are carried out in multiple areas, designated as ‘‘target’’ areas, over multiple experiments. Each 

injection site is controlled so that the injection covers all 6 layers of the cortex, whilst not infringing on the white matter, so that 

the dye is not captured by fibers of passage. At the injection site, the dye is captured by axon terminals and is actively transported 

backward toward the soma of the cell, thus only labeling neurons that directly project onto the injection site (Figure S1A). These neu-

rons are subsequently detectable through fluorescent microscopy. Tracers here employed are monosynaptic, meaning that they 

cannot continue their course beyond the one neuron that captured them into another neuron that shares a synapse with the 

back-labeled cell.

Many of the injected areas in both species are represented only by a single injection. It has been shown that the connectivity pat-

terns of repeated injections are remarkably stable across individuals for injections in V1, V2 and V4 for retinotopically equivalent 

points in each of those areas 49 (in this case foveal). The same observation had already been made for marmoset visual area 

MT. 85 Importantly, in both species this repeatability includes weaker projections previously unknown to the field. The same analysis 

was repeated in frontopolar area 10 13 , on the opposite side of the brain, and in the motor cortex, 86,87 thereby proving that this repeat-

ability is not a feature restricted to the visual system. This statistical stability erodes as the parcellation scheme becomes finer and 

finer grained, and becomes stronger with a coarser parcellation, 13 such as our consensus mapping. This means that a single properly 

done injection is statistically sufficient to get an accurate and stable connectivity pattern, with repetitions providing only limited addi-

tional information. This is also reported to be true for mouse 12 and the marmoset. 7 Injection experiments metadata for both macaque 

and marmoset can be found through the links provided in the key resources table.

Labeled cells are counted and attributed to ‘‘source’’ areas according the species’ parcelation atlas and their position with respect 

to granular layer 4 (i.e., infragranular for layer 5 and 6; supragranular for layers 2 and 3). From this data extraction are computed two 

basic connectivity metrics. The first one is the Fraction of Labeled Neurons (FLN 88 ), defined as the number of labeled cells in a given 

area divided by the total number of labeled cells for the injection (i.e., in all cortical areas, excluding labeling in the injected area; 

Figure S1B), thus giving the relative weight of the connection. By doing so, all injections are normalized to 1, thus allowing comparison 

between injections. The second metric is the Supragranular Labeled Neuron (SLN 89 ), defined as the number of labeled cells in the 

supragranular compartment of an area divided by the total number of labeled cells for that area (i.e., both infra and supragranular; 

Figure S1B). This metric allows us to quantify the feedforward/feedbackness of a connection, with values close to 0 being identified 

as feedback (FB) and values close to 1 as feedforward (FF). These SLNs can be used to produce a species specific cortical hierar-

chy 14,50 that has been shown to correlate with cortical gradients of several biological measurements, such as areal spine counts 30,52 

or the recently discovered neurotransmitter receptor gradients. 31 Over many injections, both metrics are usually displayed as 

matrices, with as many rows as there are areas in the relevant atlas (here macaque or marmoset), and as many columns as there 

is injections. Repeated injections are summed as if they where a single massive injection, which is consistent with standard practices 

when dealing with repeat injections, as in Markov et al., 13 Markov et al. 49 In practice, what will be used throughout this paper is the 

square matrix (i.e., where source and target areas are the same) for each of those metrics, that is the edge-complete (i.e., all con-

nections are known) graph of all commonly injected consensus areas.

Spine count gradient

The other anatomical constraint, besides connectivity, that is applied to the model is the gradient of spine count as investigated 

across several publications for both macaque 68–77 and marmoset. 73,78–80 Spine counts, as captured by the total number of spine 

on the basal dendrites of layer 2/3 pyramidal cells, have been shown in macaques to vary across areas by more than 10-fold 

from 600 in V1 more than 8000 in premotor areas. Further, Nimchinsky et al. 90 showed that approximately 90% of excitatory synap-

ses on neocortical pyramidal cells are on dendritic spines, thus making a strong argument that a greater amount of spines results in a 

greater excitability. Elston 81 in turn suggested that spine count differences are likely to impact local summation of postsynaptic po-

tentials. Because of this, spine counts can be used as a proxy to the self connectivity of a population.

Additionally, it is a non trivial discovery that these spine count values correlate positively with the SLN-based cortical hierarchy for 

both macaque and marmoset, 7,30,52 computed from retrograde tracer connectivity where the hierarchy is statistically inferred 

through a beta-binomial GLM applied to the SLN values. 14,50 This conception of hierarchy is itself rooted in the anatomical under-

standing of FB and FF. 15,91,92 The very fact of this correlation means that the hierarchy captures an important aspect of cortical areal 

differences, which can be used to complete the data where missing. All spine count values and their corresponding bibliographical 

references are given in Tables S1 and S2, along with their hierarchical index.

Consensus mapping: Atlas

One of the key requirements of a formal comparative analysis of nervous systems is a step aimed at mapping the anatomical knowl-

edge available for one species into registration with that available for the other. In the present study, this requirement translated into 

identifying homologous parcels of cerebral cortex in the marmoset and macaque, so the patterns of connectivity could be directly 

related within a same spatial reference frame. This process was, in practice, limited by issues related to the use of different
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nomenclatures by different laboratories, data availability (e.g., the areas explored with tracer injections may not be the same in the 

two species), and the likelihood of genuine biological differences. To circumvent such issues, we created a consensus map that de-

scribes the subdivision of the cortex of the two species in a manner that results in identification of the same number of homologous 

parcels (areas, or groups of areas) for which the results of tracer injections were available (Figure 1; Table S3).

This consensus mapping provides a way to directly relate the cortical areas proposed by Paxinos et al. 93 in the marmoset, which 

recognizes 116 histologically distinct areas, and those proposed by Markov et al. 13 in the macaque, which recognizes 91 areas. 

These atlases were chosen because they were used as the basis for describing the most comprehensive cellular-level connectomic 

datasets available. 7,8,13,14,60 Alignment of the two parcelations was guided by several criteria, which included location in the brain and 

relative to other areas, histological structure, and, where available, functional data and pattern of connectivity.

In the simplest case, single areas could be directly identified in the two species using available histological and functional criteria. 

For example, the majority of the areas of the visual and premotor cortex could be identified with a high degree of certainty based on 

previous anatomical and functional studies. 94,95 In other cases, one area in one species was related to 2 or more areas in the other. 

For example, the marmoset caudal somatosensory cortex is not clearly differentiated into areas 1 and 2, as in the macaque, and ap-

pears instead the single area A1-2. Conversely, whereas marmoset area 3 is subdivided into A3a and A3b, the macaque atlas only 

provides a single subdivision called area 3. More complex mappings were required, leading to larger parcels. For example, in the 

macaque medial temporal lobe, area TH/TF was equated to five areas in the marmoset cortex: TF, TFO, TH, TL and TLO. At the 

end of this process, we are left with an consensus atlas of 75 areas. Let it here be noted that the subiculum (‘‘SUBI’’ in Figure 1), 

entryway to the hippocampus proper and part of the hippocampal formation, is not part of the marmoset original parcelation, and 

therefore absent from the consensus one as well, effectively bringing down the consensus to 74 areas, since keeping the subiculum 

in the macaque is non consensual. Nonetheless, it was kept for completeness sake, and is not involved in the simulations reported 

here. The complete table of consensus equivalence across the two species is available in Table S3.

Consensus mapping: Computing connectivity

The consensus atlas now set, the connectivity of the two independent dataset must be converted to this new atlas of 74 common 

consensus areas, before they can be fully compared and used in a large-scale model. To do so, FLN, SLN and spine count values 

have to be combined so as to fit the new parcelation. As the consensus is essentially merging areas and area subdivisions together in 

either species to converge on homolog parcelation schemes, the connectivities of both species should reflect this by summing 

together source areas at the level of neuron counts. In other words, all the relevant connectivity transformations happen in the count 

matrices, created from the downloadable material for both species (see Method section anatomical connectivity data). It must be 

stressed that to do so, one needs separated neuron count matrices for infragranular and supragranular numbers for both species, 

and that any operation needs to happen in the same fashion in both infra and supragranular matrices for each species.

For a given injection, two source areas (i.e., two rows in the count matrix) that need to be merged will see their respective counts of 

neurons summed together as a single area. Additionally, two target areas (i.e., two columns in the count matrix) will also be summed 

together, as if it were a large unique injection. The decision to sum, as opposed to average them together, follows the same logic as 

with the repeat injections explained above. 13,49 It stems from the fact that computing FLNs and SLNs are linear transformations that 

both involve dividing by the cumulated sum across injections. Additionally, averages tend to create non integer quantities for counts, 

where summing does not.

Once the new count matrices are ready and conform to the consensus parcelation, the macaque original matrices of 40 × 91 have 

become 35 × 74 matrices under consensus. Similarly, the marmoset ones have changed from 55 × 116 to 45 × 74. Complete 

consensus FLN and SLN matrices can be examined in Figures S2 and S3 and full consensus data is available in Table S5. Of the 

35 and 40 consensus injected areas for the macaque and the marmoset respectively, 29 are commonly injected in both species. 

Common consensus square FLN and SLN matrices of size 29 × 29 (Figures 1E, 1F, and S4) are then extracted and, in the case 

of FLN, columns are renormalized to sum to 1, so that injections are directly compatible to one another. This is a standard practice 

in meso-connectomics, given the variation of injected volumes tracer from one injection to the next, and the sum total of neurons 

being a excellent proxy for injection volume and uptake zone size. 88

Consensus mapping: Spine count gradient

Merging spine counts to follow the consensus parcelation leads to two potential cases: either merging 2 areas (or more) that all have 

spine counts attributed to them prior to consensus, or merging 1 area that has a spine count with another area that does not. Through 

sheer happenstance, the first case never did present itself in either species, due in part to the fact that spine counts have been 

measured in the context of broader areas (i.e., area 46 or TE, which are larger than the currently used parcelation), and in part because 

far from all pre-consensus areas have been tested for spine counts. When the second case presented itself, the most parsimonious 

position was to assume homogeneity, and therefore attribute the spine count value of the first area to the resulting consensus area. 

This more parsimonious approach is further validated because spine counts are computed for an average neuron in each area.

In the case of consensus areas for which no spine count data was available prior to consensus, then the SLN-based hierarchy was 

used, itself computed from the consensus SLN matrices, as explained in Method section spine count gradient and computational 

model: Spine count gradient as synaptic strength, following the methods from Vezoli et al. 50 and Markov et al. 14
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Consensus mapping: 11 × 11 matrices

In order to study the particularities of the WM system proper, we expended the 2-compartment model of Murray et al., 39 which 

modeled PPC and DLPFC with each with a single Wong-&-Wang, into an 11 area model, where PPC and DLPFC are now 6 and 5 

areas, respectively. Doing so therefore encompasses all available consensus data regarding the parietofrontal network, known to 

be the substrate of WM. 26 These 11 × 11 matrices can be seen in Figure 3B and consist of 6 PPC and 5 DLPFC consensus areas. 

The corresponding spine count values were taken from the consensus spine count gradient described above in Method section 

consensus mapping: Spine count gradient.

Computational model: Local circuit

Conceptually, the system built here should be thought about as a network of Wong-&-Wang models, 30,53 each corresponding to a 

particular cortical area, and whose connectivity to other areas (i.e., other Wong-&-Wangs) are structured and constrained by the 

retrograde tracer connectivities described above (Figure 3A).

The local system, which belongs to the category of mean-field models, possesses in our case three explicit variables r A , r B and r C , 

describing the temporal evolution of the firing rates of three neural populations: two excitatory (populations A and B) and one inhib-

itory (population C). The equation of the firing rate for each population is as follows:

τ r
dr i
dt

= − r i + Φ i (I i ) (Equation 1)

Here, and in all future equations, all parameter values are taken from Mejias & Wang, 30 except G and ρ. The index i can be A, B or C, 

depending on the population. τ r = 2 ms and Φ i (I i ) is a transfer function that converts the total current I of a population into a firing rate, 

according to the following equations 96 :

Φ A;B (I) =
aI − b

1 − exp( − d(aI − b)) 
(Equation 2)

Φ C (I) = 

[ 
1

gI 

(c 1 I − c 0 ) + r 0 

] 

+

(Equation 3)

with a = 135 Hz/nA, b = 54 Hz, and coefficient d = 0.308 for Equation 2; and g I = 4, c 1 = 615 Hz/nA, c 0 = 177 Hz and r 0 = 5.5 Hz for 

Equation 3. The index ‘‘+’’ in [expr] + indicates a rectification where all negative values are set to 0.

Given that Φ i evolves as a function of I i , let us define next the current equations for each population:

I A = J s S A + J c S B + J EI S C + I 0A + I net;A + x A (t) (Equation 4)

I B = J c S A + J s S B + J EI S C + I 0B + I net;B + x B (t) (Equation 5)

I C = J IE S A + J IE S B + J II S C + I 0C + I net;C + x C (t) (Equation 6)

Starting with the fixed parameters for this set of equations, the cross-coupling parameter J c has a value of 0.0107 nA and encap-

sulates how the two excitatory populations A and B cross-activate each other. J EI is the coupling parameter regulating the input from 

inhibitory population C into excitatory populations A and B. Being inhibitory, the term J EI S C must be negative, so J EI is set at − 0.31 nA. 

J II , population C inhibitory input onto itself, is also negative at − 0.12 nA. Background current parameters I 0A and I 0B are identical and 

set at 0.3294 nA, I 0C is set at 0.26 nA.

Although fixed, the self-coupling parameter J s and the excitatory-to-inhibitory coupling parameter J IE are different for each area 

depending on the spine count gradient (see Method section spine count gradient) and will be explained in a dedicated section 

down below (Method section computational model: Spine count gradient as synaptic strength). Similarly, the I net,i terms for each pop-

ulations, which encapsulates the role of the inter-areal anatomical connectivity (Method section anatomical connectivity data), re-

quires its own dedicated explanations further down (Method section computational model: Inter-areal connectivity).

The variables collectively designated as S i are described by the conductance equations below, and truly govern the local system:

dS A
dt

= −
S A
τ N

+ γ E (1 − S A )r A (Equation 7)

dS B
dt

= −
S B
τ N

+ γ E (1 − S B )r B (Equation 8)

dS C
dt

= −
S C
τ G

+ γ I r C (Equation 9)
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In these, S i are the conductances for each population; the τ N (NMDA) and τ G (GABA) time constants are set at 60 and 5 ms respec-

tively; and γ E and γ I , set at 1.282 and 2, are dimensionless saturation factors for the excitatory and inhibitory populations, respectively 

again. Finally, r i is the firing rate of each population from Equation 1.

The last term in the current Equations 4, 5, and 6, x i (t), signifies an Ornstein-Uhlenbeck process, which introduces some level of 

stochasticity, and can be construed as random noise intrinsic to the system. It is defined be the following equation:

τ noise

dx i
dt 

= − x i +
̅̅̅̅̅̅̅̅̅̅ 
τ noise

√ 
σ i ξ i (Equation 10)

where τ noise is the time constant for the process set at 2 ms, σ i is the noise strength set at 0.005 nA for populations A and B, at 0 for 

population C. The last term ξ i is the Gaussian white noise, on which σ i is applied.

Finally, still in Equations 4, 5, and 6, an implicit term μ can be added to introduce sensory stimulations into the system, in which case

μ = 0.3 nA for a duration of 500 ms. Figure 3D shows the schematic progression of the task modeled in this study, with the cue and the 

distractor stages being where μ is non zero for one of the populations.

Computational model: Spine count gradient as synaptic strength

What makes large-scale models increasingly important as neuroscience progresses is their ability to incorporate differences be-

tween cortical areas, where they would otherwise be construed—and modeled—as rigorously identical units. Here, we use a brain 

wide gradient of spine count to uniquely constrain our system, whereby each area is characterized by a spine count value, as 

exposed in Method section spine count gradient, which is used to compute an area-specific self-coupling parameter J s through 

the following equation:

J s (a) = J min + (J max − J min )
~ h a

~h max

(Equation 11)

where a is a consensus area; J min is the minimal synaptic strength set at 0.21 nA; and J max is the maximal value synaptic strength can

take, set at 0.42 nA, effectively bounding J s between those to values. ~ h a =~h max is meant to represent the normalized spine count

gradient, completed by SLN-based hierarchical estimates ĥ a where necessary (see Table S1). This effectively produces a gradient

of J s values, spanning from J min to J max . J max being inferior to bifurcation threshold J* ensures that no single area taken alone is able to 

achieve multistability (Figure 3C).

From J s is computed J IE with the subsequent equation:

J IE (a) =
1

2J EI ζ 
(J 0 − J s (a) − J c ) (Equation 12)

where a is again an area; J c and J EI are the same parameters as in Equations 4, 5, and 6, set at 0.0107 and − 0.31 nA respectively. 

Parameter ζ is fixed on parameters previously spelled out:

ζ = 
τ G γ I c 1 

g I − J II τ Gγ I c 1 
(Equation 13)

with τ G and γ I from Equation 9; c 1 and g I from Equation 3; and J II from Equation 6. The explanation for the precise definition of ζ can 

be found in the methods of Mejias & Wang. 30 Briefly, the baseline activity level of each local Wong-&-Wang circuit is by default depen-

dent on J s , and areas with high values could exhibit spontaneous persistent activity. They could in principle even go beyond phys-

iologically realistic limits if left unbounded. We control this by imposing on the system that all areas have the same baseline, regard-

less of their specific J s value. We allowed three simplifying assumptions: The system is symmetrical with respect to populations A and 

B (at baseline, the only input the background current, and I 0A = I 0B ), noise is negligible, and population C has significantly faster dy-

namics, as they are mediated by GABA. After simplification, Equations 12 and 13 are deduced, with J 0 being set at 0.2112 nA. The 

linear relationship described in Equations 11 and 12 ensures that the baseline activity is the same for all areas in the network. Note 

that deviations from this linear relationship would simply lead to different areas having slightly different spontaneous activity levels, 

but it does not substantially affect our main results.

Because J IE needs to always be non negative, Equation 12 imposes a lower bound to the values J s can take in Equation 11 at 0.205 

nA. On the other side of its range, a J s that would be higher than the bifurcation point of the system (0.4655 nA for an isolated Wong-

&-Wang parametrized as described so far) would grant multistability to the system. Therefore, setting J max below that bifurcation 

threshold ensures that all areas are monostable when taken in isolation. In other worlds, each individual area cannot on its own 

display sustained activity, even after a stimulation, and any persistent non baseline firing rate is strictly an effect multi-areal system 

as a whole. Here, as described above, setting J min and J max at 0.21 and 0.42 nA respectively ensures that our system displays distrib-

uted WM as a non linear effect of associating monostable areas together.

Cell Reports 45, 116847, January 27, 2026 19

Article
ll

OPEN ACCESS



Computational model: Inter-areal connectivity

Going back to Equations 4, 5, and 6, the term I net,i still requires explanations. This term designates the current that, for each popu-

lation in each area, comes from the rest of the network outside the area in question. Said differently, it is the global input current to 

each area, and is defined as such:

I xnet;A = G 
∑ 

y 
W xy SLN xy S

y

A (Equation 14)

I xnet;B = G 
∑ 

y 
W xy SLN xy S

y

B (Equation 15)

Ixnet;C =
G

Z

∑ 

y 
W xy (1 − SLN xy ) 

( 
S

y

A + S
y

B

) 
(Equation 16)

In these, indices x and y respectively represent rows and columns of matrices W xy and SLN xy , where each column is a target area (i.e.,

injection site) and each row is a source area. Additionally, y the y th element in column vector Sy

i . The summation over y applies over the

expression W xy SLN xy S
y

i (or the population C equivalent), which is the pairwise (i.e., Hadamard) product of matrices W, SLN and col-

umn vector S i . The output of said summation is the row vector Ixnet;i , where x is the x th element in the vector.

G stands for the global coupling parameter, which tunes up or down the importance of the input from the network to a given area. G 

has to scale down as the number of areas scales up, or the sum that is I net will gradually take over the current Equations 4, 5, and 6 and 

the dynamics will blow up exponentially. The exact value of G is different for the two species (see Results: Standard Behavior) and are 

set at 0.98 and 0.85 (0.4 and 0.42 in the 2 × 2 case; 0.51 and 0.33 in the 29 × 29 case) for macaque and marmoset respectively, for all 

simulations. Z is a scalar that controls the balance between excitatory and inhibitory inter-areal connections. Z = 1 would mean that 

long-range excitatory and inhibitory projections are of equal strength. In our particular case, we needed to enforce the following con-

dition: if excitatory populations A and B are both active at the same time and at the same level in a given area, then their net effect on 

other areas in the network should be 0. Given this imperative, parameter Z can be deduced as follows:

Z = 
2c 1 τ G γ I J EI 

c 1 τ G γ I J II − g I 
(Equation 17)

with c 1 and g I from Equation 3; τ G and γ I from Equation 9; J EI and J II from Equations 4, 5, and 6.

Back to Equations 14–16, W xy is the weight matrix, which we get to through the following sequence of transformations: First we 

define the matrix U as the non linear rescaling of matrix FLN (see Method section anatomical connectivity data):

U xy = k 1 (FLN xy ) 
k 2 (Equation 18)

where k 1 and k 2 are rescaling factors of value 1.2 and 0.3 respectively. The rescaling described by Equation 18 is done so that the 

range of FLN values, which spans 5 to 6 orders of magnitude, is better suited to a firing rate model. The same qualitative behavior can 

be obtained with other k 1 and k 2 values, or even other rescaling functions, so long as a standard working regime is achieved. The 

values were kept from Mejias & Wang 30 for consistency.

We then renormalize U by column to obtain V:

V xy =
U xy

∑ 
y U xy

(Equation 19)

Importantly, this renormalization step, named as such to differentiate it from the original normalization that produces FLNs, is to be 

performed only once, on the edge-complete 29 × 29 matrix. The 11 × 11 connectivity matrix of parietal and prefrontal areas is not 

renormalized again, as it is considered a subpart of a larger network, not its own independent system.

Finally, to obtain our true weight matrix W, the spine count gradient is introduced to the inter-areal connectivity so that global and 

local circuitry be of the same trend, like so:

W xy = 
J s (a)

J max

V xy (Equation 20)

Going back once more to the I net,i Equations 14-16, the SLN term indicates the square matrix of SLN values, already described in 

anatomical connectivity data. As SLN values evolves between 0 and 1, with 0 meaning FB and 1 as FF, pairwise multiplication of the 

SLN and the W matrices gradually filters out FBs as a function of the SLN value. If it is a reasonable assumptions that FFs should be 

excitatory, as it facilitates signal propagation to the entire system, having FB do the same would lead to excitatory reverberation and 

all areas being indiscriminately activated as well as having similar firing rates during WM delay, as shown by Mejias & Wang. 30 In the 

same paper, the authors introduce the notion of Counterstream Inhibitory Bias (CIB), by which the weight matrix W is, for the inhibitory 

population C of each area, not pairwise multiplied by SLN but by (1-SLN), thus filtering out FF connections, not FB ones. By doing so, 

the model effectively takes on the assumption that FBs connect to inhibitory neurons which, if it is very much consistent with the 

known FB modulatory effects, 97–99 the existence of such FB-to-inhibitory-cell connections still remains to be proven at the cellular 

level. That being said, applying the CIB to a distributed WM model does yield a pattern of sustained activity during WM that is
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remarkably close to known electrophysiological data, 30 thus making the CIB a fascinating as well as credible prediction to be tested 

by experimentalists.

Finally, all parameters of the model are listed in Table S4.

QUANTIFICATION AND STATISTICAL ANALYSIS

Connectome statistics and SLN-based hierarchy

All Statistics were performed in R. Macaque vs. marmoset FLN correlations (Figure 2) where done using the linear model function of 

the stats package, which is part of the base sets of packages in R. The SLN-based hierarchy of each species was computed following 

the methods developed in Markov et al ..14,50 In short, we suppose that we can assign hierarchical levels, h i and h j , to all area pairs i 

and j, based on a the SLN measurements taken from injection in area a. Then, we assume that:

g 
( 
SLN ai

) 
− g 

( 
SLN aj

) 
= h i − h j (Equation 21)

where g applies a logit or probit transformation to SLN values, from an injection into area a that receives projections from areas i and j. 

This suggests a formalism similar to a GLM with a binomial family. The SLN is taken as a binomial variable (neurons are found in the 

upper or lower cortical layers) and the sum of neurons in both compartments is used a weight. The problem can be reframed as 

follows:

g 
( 
SLN ai

) 
= Xh (Equation 22)

where X is the incidence matrix of the cortical graph, and h the vector of hierarchical values, the product of which maps the differ-

ences in hierarchical value between two areas with the differences between the transformed SLN.

A negative beta-binomial model (with a probit link function) was used, given that the distribution of the response variable, here the 

expected SLN values, has a greater variability than the usual binomial distribution and is better described by a beta distribution 

(aods3 linear model from the aods3 R package 100 ). For present purposes, the model can be reparameterized to include a dispersion 

parameter that better models the overdispersion typically observed in neural counts. 14 Once the statistical model is specified, the 

coefficients are estimated by maximum likelihood. Note that because numbers of neurons are used in the model and not just the 

SLN proportions, this method generates a weighted hierarchy.
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