
Report
Dorsal Premotor Cortex N
eurons Signal the Level of
Choice Difficulty during Logical Decisions
Graphical Abstract
Highlights
d Monkeys were trained in rank ordering a set of items to form a

mental representation

d Performance suggests the use of a mental model to map

learned premises

d Discrimination is more difficult for items close in ranks in the

mental model

d Premotor cortex neurons’ modulation reflects levels of

difficulty
Mione et al., 2020, Cell Reports 32, 107961
July 28, 2020 ª 2020 The Authors.
https://doi.org/10.1016/j.celrep.2020.107961
Authors

Valentina Mione, Emiliano Brunamonti,

Pierpaolo Pani, Aldo Genovesio,

Stefano Ferraina

Correspondence
emiliano.brunamonti@uniroma1.it

In Brief

Mione et al. show that the degree of

discriminability between pairs of rank-

ordered items stored inmemory (a mental

map) modulates neuronal activity in

premotor cortex of monkeys with

mechanisms comparable with those

observed in perceptual decision-making

tasks.
ll

mailto:emiliano.brunamonti@uniroma1.it
https://doi.org/10.1016/j.celrep.2020.107961
http://crossmark.crossref.org/dialog/?doi=10.1016/j.celrep.2020.107961&domain=pdf


OPEN ACCESS

ll
Report

Dorsal Premotor Cortex Neurons Signal the Level
of Choice Difficulty during Logical Decisions
Valentina Mione,1 Emiliano Brunamonti,1,3,* Pierpaolo Pani,1 Aldo Genovesio,1 and Stefano Ferraina1,2
1Department of Physiology and Pharmacology, Sapienza University, 00185 Rome, Italy
2Senior author
3Lead Contact

*Correspondence: emiliano.brunamonti@uniroma1.it
https://doi.org/10.1016/j.celrep.2020.107961
SUMMARY
Studies on the neuronal correlates of decisionmaking have demonstrated that the continuous flow of sensorial
information is integrated by sensorimotor brain areas in order to select one among simultaneously represented
targets andpotential actions. In contrast, little is knownabout how these areas integratememory information to
lead to similar decisions. Using serial order learning, we explore how fragments of information, learned and
stored independently (e.g.,A>BandB>C), are linked inanabstract representationaccording to their reciprocal
relations (such as A >B >C) and how this representation can be accessed andmanipulated tomake decisions.
Weshowthatmanipulating informationafter learningoccurswith increaseddifficultyas logical relationshipsget
closer in the mental map and that the activity of neurons in the dorsal premotor cortex (PMd) encodes the dif-
ficulty level during target selection for motor decision making at the single-neuron and population levels.
INTRODUCTION

The difficulty in detecting the correct choice can influence deci-

sion making at various stages, from perception to action,

rendering it dependent on the sensory outcome, rule uncertainty,

past experience, and inference of the current state (Bach and

Dolan, 2012; Genovesio and Ferraina, 2014).

When a forward soccer player sees a team member close to

the opposing goal and available for a pass, the decision whether

to pass the ball is biased by acquired knowledge on both the

player’s own ability to score points and its comparison with

those of other available members in similar positions. This and

many other context-guided decisions rely more on a mental

model (i.e., the internal representation of experienced informa-

tion) than on perceptual information (such as the physical posi-

tions of the team members).

Manipulating perceptual (sensory) ambiguity in neurophysio-

logical paradigms in monkeys has advanced our understanding

of the neuronal correlates of target detection and decision mak-

ing in several areas of the brain. In these paradigms, subjects are

asked to identify a target item among a set of distractors (Basso

and Wurtz, 1997; Schall and Hanes, 1993) or detect one of two

potential targets by decoding the directional flow of a set of mov-

ing dots (Shadlen and Newsome, 1996) or the instruction that is

provided by additional cues (Cisek and Kalaska, 2005). Frontal

and parietal brain areas, which are involved in visuomotor trans-

formation and decision making, have typically shown neuronal

ramping toward a threshold, whose slope is modulated by the

degree of the subject’s confidence in identifying the more reli-

able option among the alternatives (Gold and Shadlen, 2007;

Kiani and Shadlen, 2009).
This is an open access article under the CC BY-N
However, we do not have a similar deep understanding of the

neural processes taking place when decisions are influenced by

internally stored information on the basis of previous experience.

A well-studied instance of this condition is when human sub-

jects are asked to compare numerical quantities. In this case,

the decision-making process is based on the mental number

line: indeed, subjects typically display a symbolic distance

(SDist) effect; that is, their performance is always better for

numbers (information) well spaced apart than for those that are

close to each other (Moyer and Landauer, 1967), somehow rep-

resented in overlapping positions throughout the number line.

Decision making driven by mental models has been also hy-

pothesized to modulate performance in the transitive inference

(TI) task (Brunamonti et al., 2011, 2016; Jensen, 2017). In this

task, subjects learn premises that A > B, B > C, C > D, D > E,

and E > F and then create a mental map, such as A > B > C >

D > E > F. This map is used to decide about questions that

require a choice between never experienced pairs of items,

such as which is higher in value between B and D. A proof of

the existence of a mental map in TI is the observation of the

well-documented SDist effect, which is thought to reflect the dif-

ficulty in detecting the differences between the mental represen-

tation of premises, as observed when quantities are compared in

mental lines (Brunamonti et al., 2011; Nieder and Dehaene,

2009). More in detail, behavioral performance decreases as the

position of the items to compare gets closer in the mental repre-

sentation; for example, a subject will find it more difficult to

choose the higher in value between C and D than between B

and D.

In this study, we exploited the TI task to explore the neuronal

correlates of decision making on the basis of mental
Cell Reports 32, 107961, July 28, 2020 ª 2020 The Authors. 1
C-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

mailto:emiliano.brunamonti@uniroma1.it
https://doi.org/10.1016/j.celrep.2020.107961
http://crossmark.crossref.org/dialog/?doi=10.1016/j.celrep.2020.107961&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


Report
ll

OPEN ACCESS
representations in the dorsal premotor cortex (PMd) of non-hu-

man primates. PMd neurons are typically modulated in diverse

periods of behavioral tasks, from target representation to deci-

sion making (Chandrasekaran et al., 2017; Thura and Cisek,

2014), motor planning, and execution (Caminiti et al., 1991;

Weinrich and Wise, 1982). Furthermore, neurons in PMd are

modulated by the memory of recent events (Marcos et al.,

2013), and studies in humans suggest that this region is involved

in logical problem solving in TI tasks (Acuna et al., 2002; Wer-

theim and Ragni, 2018).

Here we provide evidence that the activity of PMd neurons re-

flects performance at both the single-neuron and population

levels when animals use internal information to contribute to the

decision-making process. At the single-neuron level, as the diffi-

culty of a choice between targets increases, fewer neurons are

able to provide sufficient information, and the latency to discrim-

inate increases. We found similar results representing population

activity in a multi-dimensional space, where neuronal trajectories

start to diverge at different times according to the SDist between

the compared items, thus signaling the difficulty of the decision.

RESULTS

Choice Difficulty Modulates the Identification of the
Target Location during Logical Decision Making
Both monkeys performed daily a TI task with six novel items hier-

archically organized (Figures 1A and 1B). In the test phase of the

task (see STAR Methods), all pairs of symbols (corresponding to

all possible SDists) were presented. In all sessions with simulta-

neous recording of neuronal activity (monkey 1, n = 7; monkey

2, n = 7), the SDist effect characterized the behavior, suggesting

the use of the mental model to map learned premises (see STAR

Methods; Figure S1) and a variable choice difficulty. Figures 1C

and 1D show that the proportion of correct choices increased

and that the reaction time (RT; computed as the time from go

signal to movement onset; see Figure 1B) decreased as SDist

increased. Of relevance, the most difficult comparison was found

for pairs of symbols at SDist 1; conversely, SDist 4 and 5 compar-

isons were easily managed by both monkeys.

The quantitative analysis of the behavioral outcome revealed

that SDist linearly modulated the performance of both monkeys

(see Table S1 for details).

Choice Difficulty Is Reflected in the Selectivity of Single-
Neuron Activity
We studied 186 PMd-isolated neurons (59 from monkey 1 and

127 from monkey 2; Figure 2A; STAR Methods) during the test

phase of the TI task to evaluate how neuronal activity during

logical decisionmakingwasmodulated by the difficulty in select-

ing the target from the non-target.

The first level of analysis assessed the neuronal population

target/action selectivity. We found that the activity of 62% (115

of 186; 45 in monkey 1, 70 in monkey 2) of all recorded neurons

differed significantly (p < 0.001, t test with Bonferroni correction)

for target position/movement direction (right/left, independent of

correctness) during the early period after the presentation of the

pair (Pair-on) and/or at the time preceding the onset of the move-

ment (Mov-on) (see STAR Methods for more details).
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These neurons represented our database. Initially, we studied

if SDist modulated their directional activity while the monkeys

compared pairs of symbols.

Figure 2B shows the time course of the neuronal activity for the

different SDists, aligned to the time of pair presentation, in a

neuron of our sample. This neuron displays selectivity for the

left target modulated by the choice difficulty. The left target se-

lection (i.e., the directionality) emerged at earlier times and with

increasing intensity as choice difficulty decreased (i.e., from

comparisons at smaller to higher SDists) well before the go signal

(900 ms represents the average duration of the delay; see STAR

Methods).

For each of the 115 neurons, we calculated the time course of

the differences in activity (expressed as receiver operating char-

acteristic [ROC] values) across correct trials at each SDist and up

to 800 ms following the presentation of the target (Figure 2C).

ROC values, computed every 20 ms, were used to estimate

the time at which each neuron started to encode the target posi-

tion, defined as the time bin at which the ROC value exceeded

0.6 (encoding, as preferred, the left target position) or fell below

0.4 (encoding, as preferred, the right target position) for three

consecutive bins.

The analysis shows that the spatial preference was distributed

similarly across the population of neurons, wherein 42% of the

cells (48 of 115) preferred the target when on the left of the screen

(red traces), compared with the remaining 58% (67 of 115)

preferring it when on the right (blue traces). However, the number

of cells encoding the target position was highest (n = 82) for pairs

with an SDist of 5 (easy to discriminate, on the basis of our

behavioral analysis) and decreased as the SDist declined (SDist

1, n = 52). Moreover, the start of significant selectivity (white

dots) was delayed in all SDists compared with SDist 5. The me-

dian time (vertical arrows in Figure 2C) at which the population of

neurons significantly encoded the target increased gradually

from SDist 5 to SDist 1 (p < 0.001, Kruskal-Wallis test), always

anticipating the go signal. Finally, the average magnitude of

discrimination (ROC value) across neurons in the 800 ms

following the target onset was significantly higher at SDist 5

than at lower SDists (average area under the ROC curve

[AuROC]: SDist 1 = 0.52 [SEM = 0.008], SDist 2 = 0.52 [SEM =

0.010], SDist 3 = 0.54 [SEM = 0.009], SDist 4 = 0.53 [SEM =

0.008], SDist 5 = 0.56 [SEM = 0.008]; p < 0.001, Kruskal-Wallis

test).

Considering the different number of selective neurons in the

different SDists, we investigated a possible categorical repre-

sentation of difficulty. We detected that 32 of 82 neurons

(39%) displayed selectivity for all SDists. A small percentage

(11 of 82 [13%]) showed selectivity only for SDist R 3, suggest-

ing the possibility of a categorical representation of more easy

comparisons in these neurons. The remaining 39 of 82 (48%)

showed a more complex representation based on the lack of

sensitivity in at least one SDist (other than SDist 5, always pre-

sent). A similar result was evident when considering the distribu-

tion of discrimination times among neurons (not shown).

Overall, these results demonstrate that PMd activity reflected

better the target choicewhen the ranks of the symbols were easy

to discriminate and suggest that target selection is subtended by

complex interactions among all neurons.
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Figure 1. Experimental Task and Behavioral

Performance

(A) Schematic of the hypothesized mental repre-

sentation of the rank-ordered items acquired after

the learning procedures. Choice difficulty is repre-

sented as a function of the degree of overlap be-

tween adjacent and spaced pairs of items in the

series. A sample series used in the experiment is

displayed.

(B) Time course of the experimental task in the test

phase (after learning). Monkeys were required to

wait for the presentation of a pair of items while they

touched a white dot at the center of a touch-sen-

sitive computer screen. After, the central dot dis-

appeared (go signal), instructing the monkeys to

touch the selected item on the screen. The choice

of the higher ranked item in the pair, according to

the series in (A), was rewarded. The dark gray line

indicates the epoch of neuronal analysis.

(C and D) Average performance and RTs of the two

monkeys with regard to the spatial position of the

target and the SDist: (C) proportion of correct se-

lectionsof targetwhenpresentedon the right and left

position is reported; (D) reaction time. They both

showed an increasing tendency to choose more

accurately the target from the non-target as theSDist

increased. Error bars in (C) and (D) indicate SEM.
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Population Encoding of Target Position under Different
Degrees of Difficulty
To examine the neuronal mechanisms at the population level, we

used principal-component analysis (PCA) and trajectories for

representing the changes of activity in the functional state space

during target selection and, consequently, logical decision mak-

ing.We used the first 15 principal components (PCs) as the refer-
ence frame, accounting for 82% of the

variability in the neuronal activity of mon-

key 1 and 88% of that of monkey 2.

Figures 3A and 3B show, for illustrative

purposes, the temporal evolution of the

neuronal activity during the comparison

of items for each monkey as trajectories

in a system formed by the first 3 PCs.

Neuronal trajectories are shown for all tri-

als that corresponded to the same spatial

selection (left or right; thicker red and blue

lines) and for trials that corresponded to

various conditions, sorted by SDist

(thinner lines). The neuronal trajectories

of both animals began to diverge toward

the neuronal state that corresponded to

the decision, long before the presentation

of the go signal (triangle). As evidence of

this separation, Figures 3C and 3D show

that the Euclidean distance between tra-

jectories (computed for each SDist on

the first 15 PCs) increased with increasing

latency, in agreement with difficulty, dis-

playing a gradual ordered organization
on both animals (vertical arrows; even with animal-specific char-

acteristics). On average, the Euclidean distance exceeded the

value that was calculated in the control time (120 ms around

the target presentation) at 180 and 600 ms after the target pre-

sentation in monkeys 1 and 2, respectively, by more than 3.5

SDs. These times preceded the time of the go signal (shaded

lines in Figures 3C and 3D) by 620 ms in monkey 1 and 300 ms
Cell Reports 32, 107961, July 28, 2020 3
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Figure 2. Single-Neuron Activity in TI Task and Color Map of ROC Values for Overall Neuronal Sample

(A) Location of recording array in both monkeys in relation to the approximate location of the arcuate sulcus and spur of the arcuate.

(B) Mean spike density function (shading denotes SEM) of the time course of neuronal activity for left (red) and right (blue) targets for each SDist at the time around

the pair presentation.

(C) Time course of ROC values from 100 ms before to 800 ms after the target onset (leftmost plot for each SDist) and 400 ms before to 100 ms after the onset of

movement (rightmost plot). Neurons are sorted according to their degree of discrimination of the target location at SDist 5 in the 800 ms following the pair onset.

The same order overall was kept for the other SDists for both epochs. Gray points in the map highlight each time bin passing the criterion of ROC value > 0.6 and

ROC< 0.4. Histograms showdiscrimination time at each SDist for the first epoch of analysis together with themedian discrimination time (arrows) and the number

of neurons reaching the discrimination criteria.
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in monkey 2. By comparing the two extreme cases, we observed

that the trajectories for the comparisons at SDist 5 reached sig-

nificance about 340 and 120ms before the comparisons at SDist

1 in monkey 1 and monkey 2, respectively.

The difference in time of target detection for the two animals

suggests that the process is not terminated after discrimination.

In fact, the RT range is very similar in the two animals (see Fig-

ure 1D). To detect further modulations after the time each trajec-

tory passed the relative threshold, we computed ameasure of the

total displacement, beforemovement onset, by using the cumula-

tive sum of the velocity for each SDist and monkey, separate for
4 Cell Reports 32, 107961, July 28, 2020
the two directions ofmovements.Weperformed this analysis after

having assessed that the compared trajectories did not deviate

significantly from a parallel pathway in all 15 dimensions (as sug-

gested by the first three PCs; Figures 3A and 3B). To this end, we

analyzed the degree of parallelism of all pairs of trajectories in 15

dimensions (see STARMethods). Our analysis revealed no signif-

icant differences (p > 0.01 for all, Bonferroni post hoc test) with an

overall lack of significant deviation of the SDist trajectories from a

parallel pathway in the epoch of analysis.

Figure 4 shows the cumulative sum (i.e., the final total

displacement) differentiated in an ordered manner according to
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A Figure 3. Network Dynamics of Decision

Making during the TI Task

(A) Neuronal trajectory of the decision process in

both monkeys during TI is represented in a tridi-

mensional state space, when the target was

located on the left (red tick line) and right (blue

thick line). Thin colored lines represent the deci-

sion process at different SDists. The decision

process is tracked from the 100 ms preceding the

presentation of the pair of items (squares) to the

time of movement onset (circles), after the pre-

sentation of the go signal (triangles).

(B) Time course of Euclidean distance between

trajectories, for the left and right targets, for both

monkeys as in (A). The dotted horizontal line in-

dicates the threshold used to mark the time at

which the average left and right trajectories begin

to separate significantly; the exact time for each

SDist is marked with an arrow colored accord-

ingly. Vertical black solid lines indicate the pair

onset (at time 0) and average go signal, respec-

tively. Shaded gray vertical bar highlights the

movement onset time (mean ± 1 SD).
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the differences in SDists during its increase. We found that once

the position of the target was identified at the neuronal level

(threshold in Figure 3), the state that corresponded to the onset

of movement (colored circles) was attained more rapidly for the

easiest comparisons at SDist 5 than for more difficult compari-

sons at lower distances. The slope of the cumulative sum of

the velocity for both target positions resulted significantly

steeper (by analysis of covariance [ANCOVA]) for higher versus

smaller SDist and similar in both monkeys (see Table S1).

We obtained comparable results in the state space analysis by

considering either only sessions in which monkeys acquired the

mental representation of the items’ rank by the chain-linking

learning procedure (see STAR Methods; Figure S1A; Figure S2)

or only SDist-modulated neurons, as highlighted by the ROC

analysis (Figure S4).

It is worth noticing that we performed the PCA on all iso-

lated neurons (n = 186) and included both correct and error

trials. By this approach, we tested the power of the state

space analysis to capture the signals relevant for completing

the task in presence of complex interaction between neu-

rons, including those excluded by criteria relaying on stan-

dard single-unit statistics.

Overall, these results suggest that the discriminability of the

target position and the consequent decision are reflected in

the dynamic of the network activity. Specifically, we observed

that the neuronal trajectory dynamics were strongly influenced

by target discriminability and decision-making difficulty.
DISCUSSION

We used a TI task to investigate the

neuronal correlates of decision making

on the basis of internal (mental) repre-

sentations. We instructed two ma-

caque monkeys to select between

pairs of targets, on the basis of an or-
dered rank learned during a previous trial-and-error training

session.

We found that the closer the ranks, the more difficult the deci-

sion processes, as observed in the decline in correct choices

and in the increasing RTs. Importantly, the neural activity of

PMd neurons reflected these behavioral effects; indeed,

neuronal activity was differently modulated in conditions in

which the choice was easy because of a large SDist between tar-

gets, compared with conditions in which the choice was difficult

because of a small SDist and, presumably, a higher degree of

overlap between two stimuli in themental schema formed during

serial learning.

We recognized two neuronal mechanisms in the PMd that

correlated with the difficulty of the decision: (1) as the difficulty

in discriminating the target decreased, more neurons were re-

cruited, and (2) the decline in difficulty was accompanied by a

shorter neuronal discrimination latency.

Comparing Paradigms: Mental Schema-Driven versus
Perceptually Driven Decision Making
The neuronal correlates of decision making have been studied

widely using perceptual decision-making tasks. The commonly

used task design requires to identify a target item or its location

by comparing its static or dynamic visual features among a set of

distractors (Basso and Wurtz, 1997; Coallier et al., 2015; Hanks

andSummerfield, 2017).Bymanipulating thedegreeofperceptual

overlap between a target and distractors, researchers have
Cell Reports 32, 107961, July 28, 2020 5



Figure 4. Network Dynamics from the

Neuronal Response Time to Movement

Onset

Cumulative sum of instant velocity from the time of

trajectory separation to the onset of movement

(colored circles) for left and right target locations

and different SDists for both monkeys. Colored tri-

angles mark the time of the go signal. The slope of

the lines indicates that the dynamics are faster

(short RT) for greater SDist.
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modulated theperceptual uncertainty andcorrelated theactivityof

several sensorimotor areas to this process (Hanks and Summer-

field, 2017). Themain finding of these studies has been to highlight

a difference in the ramp-up toward a threshold of neuronal activity.

This process has beenmodeled by dynamic competition between

mutually inhibitory units that increase their response as the

incoming perceptual information favors one of the options (Smith

and Ratcliff, 2004; Wang, 2002). In motor areas, this competition

has been related to the selection of themore reliable action among

a set of actions that are simultaneously represented in an ambig-

uous context (Cisek and Kalaska, 2010), and perceptual decision

making is viewed as a means of selecting the more appropriate

motor action (Cisek and Kalaska, 2010; Shushruth et al., 2018).

We have shown that the ambiguity in mental representation in-

fluences the neuronal correlates of a commitment to an action in

motor areas. Also, we addressed whether two decision pro-

cesses share some features (Shadlen and Shohamy, 2016). In

our paradigm, a given stimulus corresponded to the target or dis-

tractor (non-target), depending on its position in the mental map,

as acquired during the serial learning training. Thus, perceptual

identification of the item is insufficient for making a decision

without accessing the mental representation of the serially or-

dered items. In this scenario, perceptual information serves

only as link between the stimulus and its abstract representation

in the mental map that drives the response.

We observed that the rank/distance (SDist) of the memorized

items in the hierarchically organized mental map—a manipulation

of the signal-to-noise ratio in target detection—altered the perfor-

mance and modulated neurons at the single-cell and population

levels. In fact, the decrease in the overlap between target and

non-target in the mental schema improved the performance,
6 Cell Reports 32, 107961, July 28, 2020
increased the number of neurons that

were selective for the target, and antici-

pated the time of logical target selection.

Similar behavioral and neuronal correlates

have been observed in the perceptual deci-

sion tasks, in which the coherence of mov-

ing dots (Hanks and Summerfield, 2017),

the proportion of colored dots (Coallier

et al., 2015), the proportion of distracting

items (Basso and Wurtz, 1997; Schall and

Hanes, 1993), and visual salience (Pani

et al., 2018; Shen et al., 2010) are

manipulated.

The study of the network dynamic as a

moving point in a multi-dimensional space
revealed that choice difficulty in committing to an action influ-

enced the evolution of the network dynamic toward a decision

state, with the timing depending on the difficulty of the decision

and the degree of certainty.

Our results are consistent with the simultaneous representa-

tion of potential multiple actions in motor areas (Cisek and Ka-

laska, 2010). In our approach, we presented two potential tar-

gets of action simultaneously. By relying on their mental

representation, suggested to be encoded in the prefrontal cor-

tex (Brunamonti et al., 2016), the monkeys were required to

indicate whether the target was on the left or right and activate

a motor plan to reach it. We showed that neuronal trajectories

for reaching leftward and rightward overlapped after the pre-

sentation of the two stimuli and then diverged, depending on

the target position that was identified. The divergence be-

tween neural trajectories occurred approximately 200–

600 ms after presentation of the pair, timing that is compatible

with that reported in earlier studies in which selection was

required by simple (Cisek and Kalaska, 2005) or complex

static stimuli (Chandrasekaran et al., 2017; Coallier et al.,

2015) or dynamically changing stimuli (Thura and Cisek,

2014). These results are also consistent with the competition

between groups of units, representing different outcomes

(Wang, 2002) and gradually becoming more responsible for

target selection as the decision evolves over time (Cisek and

Kalaska, 2005).

Function of the PMd in Abstract Tasks
The PMd is engaged in a wide range of highly abstract reasoning

tasks (Abe and Hanakawa, 2009; Goel and Dolan, 2004; Hana-

kawa et al., 2002; Tanaka et al., 2005, 2015), including the
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representation of abstract information and rules (Wallis and

Miller, 2003), even when actions are not performed directly (Ci-

rillo et al., 2018; Cisek and Kalaska, 2004). Neuroimaging studies

have demonstrated that this brain area is active in humans who

perform a TI task (Wertheim and Ragni, 2018), but they lack de-

tails on the neuronal mechanisms. In several neuroimaging and

neurophysiology studies (Acuna et al., 2002; Ohbayashi et al.,

2003), the premotor cortex in human and monkeys is recruited

every time sequential information is generated and when previ-

ously unrelated elements must be integrated into a sequence,

increasing our understanding of its function in the TI task. These

activities reflect the fundamental role of the PMd in conditional

visuomotor association, especially in the representation and

integration of relevant abstract information, on the basis of visual

stimuli that are necessary to specify goal-directed actions (for re-

views, see Amiez et al., 2006; Hoshi, 2013).

The neuronal dynamic we observed indeed fulfills the require-

ments of being selective well before movement onset and being

influenced by the decision variables (Padoa-Schioppa, 2011;

Thura and Cisek, 2014), consistent with an active role of PMd

in decision making.

The profile of the PMd described so far, together with the

overall results and this latest evidence, support the hypothesis

that PMd functions in processing internal information that leads

to decision making and that this activity is not simply a reflection

of the computation of these decision processes.

Our results show that PMd takes part in the discrimination of

the two symbols used for each test, well before the movement

is planned and executed. Because animals were well aware

that any response before the go signal corresponded to an

aborted trial and a lack of reward, we assume that a committed

state is delayed in the following interval. We tentatively speculate

that because of the task construction, the committed state re-

quires an external source (or additional signal) to remove the in-

hibition. However, our task cannot solve the issue, and we are

aware that such a result is not incompatible with the alternative

hypothesis that PMd is more involved in manipulating choice

representation in order to generate a final motor plan, receiving

information from upstream areas.
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Beneficial effects of the NMDA antagonist ketamine on decision processes in

visual search. J. Neurosci. 30, 9947–9953.

Shushruth, S., Mazurek, M., and Shadlen, M.N. (2018). Comparison of deci-

sion-related signals in sensory and motor preparatory responses of neurons

in area LIP. J. Neurosci. 38, 6350–6365.

Smith, P.L., and Ratcliff, R. (2004). Psychology and neurobiology of simple de-

cisions. Trends Neurosci. 27, 161–168.

Tanaka, S., Honda, M., and Sadato, N. (2005). Modality-specific cognitive

function of medial and lateral human Brodmann area 6. J. Neurosci. 25,

496–501.

Tanaka, S., Pan, X., Oguchi, M., Taylor, J.E., and Sakagami, M. (2015). Disso-

ciable functions of reward inference in the lateral prefrontal cortex and the

striatum. Front. Psychol. 6, 995.

Thompson, K.G., Hanes, D.P., Bichot, N.P., and Schall, J.D. (1996). Perceptual

and motor processing stages identified in the activity of macaque frontal eye

field neurons during visual search. J. Neurophysiol. 76, 4040–4055.

Thura, D., and Cisek, P. (2014). Deliberation and commitment in the premotor

and primary motor cortex during dynamic decision making. Neuron 81, 1401–

1416.

Treichler, F.R., and Raghanti, M.A. (2010). Serial list combination by monkeys

(Macaca mulatta): test cues and linking. Anim. Cogn. 13, 121–131.

Treichler, F.R., Raghanti, M.A., and Van Tilburg, D.N. (2003). Linking of serially

ordered lists by macaque monkeys (Macaca mulatta): list position influences.

J. Exp. Psychol. Anim. Behav. Process. 29, 211–221.

von Fersen, L., Wynne, C., Delius, J.D., and Staddon, J.E. (1991). Transitive

inference formation in pigeons. J. Exp. Psychol. Anim. Behav. Process. 17,

334–341.

Wallis, J.D., andMiller, E.K. (2003). From rule to response: neuronal processes

in the premotor and prefrontal cortex. J. Neurophysiol. 90, 1790–1806.

Wang, X.-J. (2002). Probabilistic decision making by slow reverberation in

cortical circuits. Neuron 36, 955–968.

Weinrich, M., and Wise, S.P. (1982). The premotor cortex of the monkey.

J. Neurosci. 2, 1329–1345.

Wertheim, J., and Ragni, M. (2018). The neural correlates of relational

reasoning: a meta-analysis of 47 functional magnetic resonance studies.

J. Cogn. Neurosci. 30, 1734–1748.

Yu, B.M., Cunningham, J.P., Santhanam, G., Ryu, S.I., Shenoy, K.V., and Sa-

hani, M. (2009). Gaussian-process factor analysis for low-dimensional single-

trial analysis of neural population activity. J. Neurophysiol. 102, 614–635.

http://refhub.elsevier.com/S2211-1247(20)30942-6/sref12
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref12
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref13
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref13
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref13
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref14
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref14
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref15
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref15
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref15
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref16
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref16
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref17
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref17
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref18
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref18
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref19
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref19
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref20
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref20
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref20
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref20
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref21
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref21
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref22
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref22
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref22
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref23
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref23
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref23
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref23
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref24
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref24
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref25
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref25
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref25
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref26
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref26
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref27
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref27
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref28
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref28
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref28
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref29
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref29
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref30
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref30
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref30
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref31
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref31
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref32
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref32
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref32
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref33
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref33
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref34
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref34
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref34
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref35
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref35
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref35
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref36
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref36
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref37
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref37
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref37
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref38
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref38
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref38
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref39
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref39
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref39
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref40
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref40
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref40
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref41
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref41
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref42
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref42
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref42
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref43
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref43
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref43
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref44
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref44
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref45
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref45
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref46
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref46
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref47
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref47
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref47
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref48
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref48
http://refhub.elsevier.com/S2211-1247(20)30942-6/sref48


Report
ll

OPEN ACCESS
STAR+METHODS
KEY RESOURCE TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Experimental Models: Organisms/Strains

Primate: Rhesus macaque Sapienza ‘‘University of Rome’’ N/A

Software and Algorithms

Cortex NIMH Cortex https://nimh.nih.gov

Off Line Sorter Plexon Inc https://plexon.com/

MATLAB MathWorks https://www.mathworks.com/

Custom-made data analysis scripts

(MATLAB)

N/A

Other

Neuronal recording RZ2 TDT system Tucker-Davis Technologies, Alachua, FL,

USA

https://www.tdt.com/

96-channel microelectrode array Blackrock Microsystems, Salt Lake City,

Utah

https://www.blackrockmicro.com/

electrode-types/utah-array/

Arrington eye-tracker system Arrington Research, Scottsdale, USA http://www.arringtonresearch.com/
RESOURCE AVAILABILITY

Lead Contact
Further information and requests for resources should be directed to and will be fulfilled by the Lead Contact Emiliano Brunamonti,

emiliano.brunamonti@unitroma1.it.

Materials availability
This study did not generate new unique reagents.

Data and Code Availability
The data supporting the current study have not been deposited in a public repository but are available from the Lead Contact author

upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Twomale rhesusmonkeys (Macacamulatta), weighing 10.00 kg (Monkey 1) and 9.00 kg (Monkey 2), were chronically implanted in the

left PMd cortex with a 96-channel microelectrode array (Blackrock Microsystems, Salt Lake City, Utah). Animal care, housing, and

experimental procedures conformed to European (Directive 2010/63/EU) and Italian (D.L. 26/2014) laws on the use of non-human

primates in scientific research. The research protocol was approved by the Italian Health Ministry. The housing conditions and

the experimental procedures were in accordance with the recommendations of the Weatherall report (use of non-human primates

in research).

METHOD DETAILS

Subjects and recording apparatus
Subjects were chronically implanted in the left PMd cortex with a 96-channel microelectrode array (Blackrock Microsystems, Salt

Lake City, Utah). Both monkeys were tested on a TI task while neural activity was recorded extracellularly. All surgical procedures

were performed using aseptic techniques under general anesthesia (1%–3% isoflurane/O2, to effect).

The behavioral task was implemented using the freeware software package Cortex (https://nimh.nih.gov/) to control the visual

display for the presentation of stimuli and a touchscreen (MicroTouch, sampling rate of 200 Hz) connected to a PC via a serial

port to detect the choice. An RZ2 TDT system (Tucker-Davis Technologies, Alachua, FL, USA) that was synchronized to the

behavioral events recorded the neural activity during each behavioral trial, and the eye movements were recorded by an Arrington

eye-tracker system (Arrington Research, Scottsdale, USA).
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Test stimuli and task design
The monkeys were trained to learn a new rank-ordered sequence of 6 items (Figure 1A) in each session, exploring the reciprocal re-

lationships between pairs of them. The itemswere chosen from a set of 80 black and white abstract images (bitmaps, 16� x 16� visual
angle) and changed every day to avoid task solution based on familiarity (Brunamonti et al., 2014, 2016).

At the beginning of each trial, themonkey was instructed to touch (using the right hand) a red fixation cue at the center of the screen

(a red circle 13.5� x 13.5� visual angle) to make a pair of items appear on the screen. After a randomwaiting time (ranging from 600 to

1200 ms), the disappearance of the fixation cue was the Go-signal to release the touch and choose one of the two items. Only the

choice of the item higher in rank (randomly presented to the left or right of the screen midline) was rewarded (Figure 1B).

Each experimental session (7 for Monkey 1 and 7 for Monkey 2) was divided into two different phases: a learning phase, in which

the monkeys learned the relationships between the adjacent items only of the series, and a test phase, in which this acquired knowl-

edge was used to solve inferential problems (also including pairs of nonadjacent symbols in the series).

Two different learning procedures were presented: 1) a chain-linking learning procedure (Brunamonti et al., 2016) and 2) a sequen-

tial learning procedure.

In the first case, the original 6-item list was split into 2 3-item sequences (Figure S1), learned independently (e.g.,A versusB, thenB

versus C in one block; D versus E, then E versus F in a different block) until the learning criterion was reached (80% of correct re-

sponses), and then linked by training on the C versus D pair (20 trials block). In the sequential learning procedure, all pair of items

with an adjacent rank was presented sequentially in blocks of 20 trials (e.g., A versus B, B versus C, and so on). Blocks of trials

comparing the same pair of items were presented until the percentage of correct responses was at least 80% for the pair. This first

step of the learning procedure was followed by a consolidation block (50 trials blocks repeated until performance > chance level), in

which all adjacent pairs were randomly presented in the same block.

Each monkey was tested, respectively, in 6 (Monkey 1) and 4 (Monkey 2) sessions with the chain-linking procedure and in 1 and 3

sessions with the sequential learning procedure.

In the test phase (the same for both learning procedures), all possible combinations of the items (both learned pairs and novel pairs)

were presented in random order; each problem (i.e., selecting the target from the non-target) was presented at least 18 times (half the

with higher-ranked item on the left and half on the right).

To account for the different number of trials in the different SDists in two sessions of eachmonkey we balanced the number of trials

in the different SDists by increasing the number of trials in the pairs comparisons at higher SDists. In these sessions the number of

trials for each SDist was on average 72 (SD = 6). The two different versions of the task (balanced versus unbalanced) did not signif-

icantly affect the performance of the monkeys. A 2-way ANOVA (session type X SDist) revealed no significant differences between

session types F(1,12) = 4.44; p > 0.05 or significant interactions F(4,48) = 0.77; p > 0.05. We only detected a significant main SDist

effect F(4,48) = 32.4; p < 0.001.

QUANTIFICATION AND STATISTICAL ANALYSIS

Behavioral data
We evaluated the performance in each sessionwith regard to the effect of SDist and the spatial location of the target item. To this end,

for each pair of items presented, we calculated the probability to select the item on the right and left position of the screen depending

on its SDdist from the non-target item. SDists for the position of the target on the left side of the screen are indicated as negative

(Figures 1C and 1D). The reaction time of correct trials, calculated as the time between the Go-signal and the hand movement,

was computed for each SDist. By a regression analysis, we tested if the performance increased and the reaction time decreased

with the growing of SDist.

As a control analysis of the possible association between symbols and reward history during learning we tested the performance of

the monkeys at the end of the chain-linking learning procedure. In this learning condition, the presentation of the C versus D pair

required the monkeys to quickly rearrange the provisional representations (A > B > C and D > E > F) according to the new information

(C > D): all of the values of the elements on the second list had to be revised, and new relationships among the overall items had to be

formed, regardless of their relative ranks in their initially trained lists (Brunamonti et al., 2016; Treichler and Raghanti, 2010; Treichler

et al., 2003).

If the entire mechanism relies on associative learning, then it should not be possible to predict a SDist effect on the unified list. In

this perspective, what we call SDist effect (and logical inference) is nothing but a value transfer from the always-rewarded or never-

rewarded item to the adjacent element in the list (von Fersen et al., 1991). Our results show that the SDist effect was still present in the

chain-learning sessions (Figure S1B).

As further evidence of the use of a mental model for making decisions, we assessed if the SDist effect modulated the performance

of both monkeys in comparing separately each item with any of the others. By means of linear regressions analyses, we tested if the

rising of items’ symbolic distance increased the performance and decreased the reaction time (Figure S1C).

Neural data
A pool of 186 isolated neurons (59 recorded in Monkey 1, 127 in Monkey 2), selected for not being repetitively recorded over multiple

sessions by the MATLAB tool provided by Fraser and colleagues (Fraser and Schwartz, 2012), was studied during the test phase of
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the task. Specifically, we asked how the neural activity of the single neurons of the dorsal premotor cortex (PMd) encoded the target

item according to both the spatial position and the rank difference from the non-target item.

t test with Bonferroni correction considering all trials (correct and wrong) was used to classify cells as task-related if the neural

activity concurrent with left versus right movement differed significantly in at least one of the two epochs of analysis (pair onset,

Pair-on, corresponding to the time from 100 to 400 ms following the pair presentation and movement onset, Mov-on, taken as

300 ms before the arm movement initiation; see Results).

To evaluate the intensity and the time at which the neural activity for each SDist started to differ between the right and left positions,

we applied ROC analysis (receiver operating characteristic) on correct trials, which takes into account not only the differences in

mean response between two conditions but also the response variability of a neuron in individual trials (Thompson et al., 1996).

We derived the area under the ROC (auROC), which represents the probability with which, on the basis of firing rates, the neuron

can reliably identify the location of the target item in the presence of a non-target item. A value of 0.5 indicates that responses

were not influenced by the target location. Conversely, a value of 1.0 or 0 indicates that responses to the target were always greater

at the left or right location (arbitrarily), respectively. For each task-related neuron, the number of correct trials for the left and right

presentation of the target item was equalized across each SDist. On average, the analysis was performed on 29 (SD = 17) trials

for each SDist.

Spike density function of each trial was calculated by convolving the neuronal activity with exponential functions that resembled a

postsynaptic potential (Thompson et al., 1996). ROC values were obtained for each consecutive time window (20 ms duration), start-

ing 100 ms before to 800 ms after the pairs’ onset.

The latency of discrimination for the target in the preferred location was defined by convention as the time when the auROC value

exceeded the criterion of 0.6 or dropped below the value 0.4 for at least 3 consecutive bins 60 ms. For each neuron that reached the

discrimination threshold at SDist 5 (the best discriminative condition according to the behavioral performance), we tested if the

discrimination threshold was still reached at an SDist other than 5 and with comparable times. For each neuron and SDist, we

also calculated the mean ROC value in the 800 ms following the pair onset to quantify the magnitude of discrimination of the target

in the preferred position, regardless if it was in the left or the right position. By a Kruskal-Wallis test we evaluated, if across all neurons,

the ROC significantly differed among the different SDists.

Population analysis using PCA
Population encoding of the target item selection was studied by a principal component analysis (PCA) approach. Before PCA appli-

cation, neuronal data were preprocessed as reported in Yu et al. (2009). In detail, for each trial (both correct and error trials), neuronal

activity from the 200ms preceding the pair presentation time to 2200ms following it was binned every 20ms. Binned activity was first

square-rooted and then smoothed by aGaussian filter of 40ms. For each neuron, we computed themean of the smoothed activity for

the position of the target item (left or right) for each of the five SDists. PCAwas then applied to thismain activity. Since by definition the

number of trials in the unbalanced sessions was higher in the lower SDists than in higher SDists, the average neuronal activity for

lower SDists was calculated on the number of trials comparable to that of higher SDists, of the population of 59 neurons recorded

from Monkey 1 and the population of the 127 neurons recorded from Monkey 2. The activity of the neuronal population was then

represented as a moving point within the 15-dimensional state-space of the PCs. We studied if the behavioral performance was re-

flected in the kinematics of the point. We first used a 4th-degree polynomial function tomodel the projection of the neuronal activity on

each of the 15 components, then we controlled for the parallelism of the different trajectories in 15 dimensions for the 5 SDists, sepa-

rately for the left and right position of the target. To this end, we estimated the time evolution (�100 ms to 1400 ms from the presen-

tation of the stimuli; 20 ms time bins) of the degree of parallelism in all pairs of trajectories (SDist1 versus SDist 2; SDist1 versus SDist

3; SDist1 versus SDist 4; SDist1 versus SDist 5; SDist2 versus SDist 3; SDist2 versus SDist 4; SDist2 versus SDist 5; SDist3 versus

SDist 4; SDist 3 versus SDist 5; SDist4 versus SDist 5) as the angle of separation of pairs of points belonging to two different trajec-

tories, respect to the origin in the state space.

Naming i, j two points in the 15-dimensional space and Vi, Vj the vectors that identify i and j with respect to the origin, the angle q

between Vi and Vj is given by:

q = arccos
Vi3Vj

jVij3 jVjj
Where | | indicates themodule.We used a Kruskal-Wallis non-parametric test to evaluate significant differences between the q angles

(factor time bins) in the full trial and Bonferroni post hoc comparisons to test if q differed between pairs of time points following the

target discrimination time to the onset of movement.

Once assessed that the different trajectories did not deviate significantly from a parallel pathway, we derived the polynomial model

over time to calculate the instant velocity (V) of the moving point on each of the principal components of the space as follows:

V = ðVx1;Vx2;.;Vx15Þ
where Vx1, Vx2, ., Vx15 are the velocities of the point in each of the 15 components calculated as:

Vx1 = dðX1Þ=dt;Vx2 =dðX2Þ=dt;.;Vx15 =dðX15Þ=dt;
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where d(Xi) is the derivate of the component Xi over time.

The module of the instant velocity

V tð Þ= sqrt Vx21 +Vx22 +.Vx215
� �

of the point in the 15-dimension space was compared across the trajectories of the neuronal activity in the different task conditions.

MATLAB toolboxes for statistical comparisons, data reduction (PCA), polynomial fitting (polyfit), and polynomial derivation (poly-

der) were used for data analysis.
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Figure S1. 
Performance in transitive inference task in sessions with chain-linking learning procedure and test of 
SDist effect for separate item. Related to Figure 1 
(A) Schematic of serial chain-linking learning. The two separate lists A>B>C and D>E>F are learned 
separately, and then linked by the C>D during training, in order to create a unified list A>B>C>D>E>F for 
controlling the reward value of the extremes items A, C, D and F. (B) Performance of both monkeys in each 
pair comparison (blue and red dots) at the very first trial of the test phase, after completion of learning. Since 
the beginning of the test phase both monkeys displayed a significant distance effect overall comparisons (black 
square; chi-square test (1,4) = 11.813, p = 0.019), supporting the view of the use of a mental schema driven 
performance. (C) Performance and normalized reaction time (RT) in comparing separately each item with all 
others at different symbolic distances (SDist). Error bars indicate S.E.M. A significant symbolic distance 
(regression line) effect emerged in all comparisons (with the exception of RT comparisons for item C and D in 
monkey 2). [P(correct). Monkey 1; item A: p<0.01; item B: p<0.05; item C: p<0.001; item D: p<0.001; Monkey 
2: item A: p<0.001; item B: p<0.001; item C: p<0.001; item D: p<0.00] (Reaction time: Monkey 1: item A: 
p<0.01; item B: p<0.05; item C: p<0.001; item D: p<0.001; Monkey 2; item A: p<0.01; item B: p>0.05; item C: 
p>0.05; item D: p<0.01). Looking at the performance of pairs involving the highest in rank item A (left panel), 
it is clear how the only presence of the target item - even if stored as always-winning - is not sufficient to have 
a 100% rate of successful choices: the probability of success is instead modulated by the SDist, from the 
paired loser item. The SDist effect on a single item, then, supports the hypothesis that the degree of similarity 
between ranks of two items, and likely the degree of overlapping of their mental representations, modulated 
the difficulty in choosing one of the two symbols as the target item. 
 
 
  



 
 

 
 
 

 
Figure S2 
Population dynamics in transitive inference task in sessions with chain-linking learning procedure. 
Related to Figure 3 
(A) State space dynamics of the neuronal activity in sessions with chain-linking learning in both monkeys. (B) 
Time evolution of the Euclidean distance between the right and left neural trajectory and instant velocity of 
trajectories at each SDist in the chain-linking learning sessions. 
 
 
 
  



 

 
 
 
 
Figure S3 
Network dynamics from the neuronal decision time to movement onset in chain-linking learning 
sessions. Related to Figure 4 
In both monkeys the slope of cumulative sum of the instant velocity, in fact, was higher for higher SDist : 
monkey 1 left: SDist 1 = 0.06 x 10-3, SDist 2= 0.07x 10-3, SDist 3 = 0.088 x 10-3, SDist 4 = 0.09 x 10-3, SDist 5 
= 0.11 x 10-3; p< 0.0001; monkey 1 right: SDist 1 = 0.06 x 10-3, SDist 2= 0.07 x 10-3, SDist 3 = 0.08 x 10-3, 
SDist 4 = 0.09 x 10-3, SDist 5 = 0.10 x 10-3; p= 0.0001; monkey 2 left: SDist 1 = 0.07 x 10-3, SDist 2= 0.08 x 
10-3, SDist 3 = 0.07 x 10-3, SDist 4 = 0.08 x 10-3, SDist 5 = 0.08 x 10-3; p< 0.0001; monkey 2 right: SDist 1 = 
0.09 x 10-3, SDist 2= 0.10 x 10-3, SDist 3 = 0.09 x 10-3, SDist 4 = 0.010 x 10-3, SDist 5 = 0.11 x 10-3; p<0.0001). 
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Figure S4 Population dynamics calculated for SDist modulated neurons. Related to Figures 3-4 

Time evolution of the Euclidean distance for the trajectories in the state space of the 82 neurons (41 
in each monkey) modulated by the SDist in the ROC analysis (see Figure 2C). The top panels reveal 
that in both monkeys the Euclidean distance crossed the criterion threshold with a time comparable 
with the decreasing of difficulty in performing the task (colored vertical arrows). Accordingly, the 
slopes of the cumulate distribution of velocity (bottom panels) gradually increased as the difficulty of 
the task decreased (Monkey 1 left target from SDist1 to SDist5 = 0.041 x 10-3, 0.050 x 10-3, 0.051 x 
10-3, 0.055 x 10-3, 0.063 x 10-3; right target from SDist1 to SDist5 = 0.042 x 10-3, 0.044 x 10-3, 0.047 
x 10-3,0 052 x 10-3, 0.056 x 10-3; Monkey 2 left target SDist1-SDist5 = 0.053 x 10-3, 0.054 x 10-3, 
0.054 x 10-3, 0.065 x 10-3, 0.066 x 10-3; right target SDist1-SDist5 = 0.059 x 10-3, 0.067 x 10-3, 0.064 
x 10-3,0 068 x 10-3, 0.084 x 10-3). For both monkeys, the increasing of the slope was significant for 
both the positions of the target (all ps<0.001). 

  



 
Table S1: Regression analysis results. Related to Figure 1  

 Linear regression  Linear regression  

 P(select the target) – (Left target) P(select the target) – (Right target) 

Monkey 1 YLeft = -0.058(SDist) + 0.73, P<0.01 YRigth = 0.057(SDist) + 0.73, P<0.01 

Monkey 2 YLeft = -0.072(SDist) + 0.67, P<0.01 YRigth = 0.069(SDist) + 0.68, P<0.01) 

 Reaction Time  –  (Left target) Reaction Time  –  (Right target) 

Monkey 1 YLeft = 26(SDist) + 296, P<0.01 YRigth = -36(SDist) + 505, P<0.001 

Monkey 2 YLeft = 28(SDist) + 347, P<0.001 YRigth = -31(SDist) + 505, P<0.05 

 
 

Table S2. Slope of regression lines. Related to Figure 4 
  Symbolic distance Target left  Target right 

Monkey 1 SDist 1  0.07 x 10-3 0.07 x 10-3 
 SDist 2 0.08 x 10-3 0.08 x10-3 
 SDist 3 0.09 x 10-3 0.09 x 10-3 
 SDist 4 0.10 x 10-3 0.10 x 10-3 
 SDist 5 0.12 x 10-3 0.12 x 10-3 
 P <0.0001 <0.0001 

Monkey 2 SDist 1 0.08 x 10-3 0.09 x 10-3 
 SDist 2 0.08 x 10-3 0.10 x 10-3 
 SDist 3 0.09 x 10-3 0.09 x 10-3 
 SDist 4 0.10 x 10-3 0.11 x 10-3 
 SDist 5 0.10 x 10-3 0.13 x 10-3 
 P <0.0001 <0.0001 
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