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Summary
Basic numerical competence is rooted in biological primitives that can be explored in animals. Over 
the past years, the anatomical substrates and neuronal mechanisms of numerical cognition in pri-
mates have been unraveled down to the level of single neurons. Studies with behaviorally trained 
monkeys have identified a parieto-frontal network of individual neurons selectively tuned to the 
number of items and suggested mechanisms for their implementation. The properties of these neu-
rons’ numerosity tuning curves can explain fundamental psychophysical phenomena, such as the 
numerical distance and size effect. Functionally overlapping groups of parietal and prefrontal neu-
rons represent not only numerable-discrete quantity (numerosity), but also innumerable-continuous 
quantity (extent), relations between quantities (proportions) and semantic associations between 
signs and abstract numerical categories, supporting the idea of a generalized magnitude system in 
the brain. These studies establish putative homologies between the monkey and human brain and 
demonstrate the suitability of nonhuman primates as model systems to explore the neurobiological 
roots of the brain’s nonverbal quantification system, which constitutes the phylogenetic and ontoge-
netic foundation of all further, more elaborate numerical skills in humans.

Basic numerical competence does not depend on language; it is rooted in biological primi-
tives that can already be found in animals. Animals possess impressive numerical capabilities 
and are able to nonverbally and approximately grasp the numerical properties of objects and 
events. Such a numerical estimation system for representing number as language-independent 
mental magnitudes (analog magnitude system) is thought to be a precursor on which verbal 
numerical representations build, and its neural foundations can be studied in animal models. 
This chapter reviews the progress that has been made in our understanding of the neuronal 
substrates and mechanisms of nonverbal numerical magnitude representations in primates.
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NEURONS ENCODING NUMERICAL QUANTITY

Recordings in monkeys trained to discriminate numerosity demonstrated the capacity of 
single neurons to encode cardinality [1–3]. In the basic layout of the task, monkeys viewed a 
sequence of two displays separated by a memory delay and were required to judge whether the 
displays contained the same number of items (Fig. 8.1A). To ensure that the monkeys solved the 
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FIGURE 8.1 Representation of visual cardinality in rhesus monkeys. (A) Delayed match-to-sample task with 
visually presented numerosity as the stimulus dimension of interest. A trial started when the monkey grasped a 
lever and fixated at a central target. After 500 ms of pure fixation, the sample stimulus (800 ms) cued the monkey 
for a certain numerosity it had to memorize during a 1000-ms delay period. Then, the test1 stimulus was presented, 
which in 50% of cases was a match showing the same number of dots as cued during the sample period. In the 
other 50% of cases the test1 display was a non-match, which showed a different numerosity to the sample display. 
After a non-match test stimulus, a second test stimulus (test2) appeared that was always a match. To receive a fluid 
reward, monkeys were required to release the lever as soon as a match appeared. Trials were pseudo-randomized 
and balanced across all relevant features. Monkeys were required to maintain fixation throughout the sample and 
delay period. (B) Lateral view of a monkey brain showing the recording sites in LPFC, PPC and aITC. The propor-
tion of numerosity-selective neurons in each area is color coded according to the color scale. The IPS is unfolded to 
show the different areas in the lateral and medial walls. Numbers on PFC indicate anatomical areas. (As, arcuate 
sulcus; Cs, central sulcus; LF, lateral fissure; LS, lunate sulcus; Ps, principal sulcus; Sts, Superior temporal sulcus). 
(C, D) Responses of single neurons that were recorded from the PFC (C) and the IPS (D). Both neurons show graded 
discharge during sample presentation (interval shaded in gray, 500–1300 ms) as a function of numerosities 1 to 5 
(color-coded averaged discharge functions). The insets in the upper right corner show the tuning of both neurons 
and their responses to different control stimuli. The preferred numerosity was 4 for the PFC neuron (B), and 1 for the 
IPS neuron (C). Modified from [2].
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task by judging number per se rather than simply memorizing sequences of visual patterns or 
exploiting low-level visual features that correlate with number, sensory cues (such as position, 
shape, overall area, circumference and density) were varied considerably and controlled for.

Numerosity-selective neurons were tuned to the number of items in a visual display, that 
is, they showed maximum activity to one of the presented quantities—a neuron’s “preferred 
numerosity”—and a progressive drop off as the quantity became more remote from the pre-
ferred number [1,4]. Importantly, changes in the physical appearance of the displays had 
no effect on the activity of numerosity-selective neurons. A high proportion of numerosity 
detectors (Fig. 8.1B) was found in the lateral prefrontal cortex (PFC). In the posterior pari-
etal cortex (PPC), numerosity-selective neurons were sparsely distributed in several areas, 
but relatively abundant in the fundus of the intraparietal sulcus (IPS), termed VIP [5]. There 
were few such cells in the anterior inferior temporal cortex (aITC) [2] (Fig. 8.1B).

Item numbers can be determined in two fundamentally different spatio-temporal pres-
entation formats. When presented simultaneously as in multiple-item patterns, numerosity 
can be estimated at a single glance in a direct, perceptual-like way from a spatial arrange-
ment. In contrast to a simultaneous presentation, the elements of a set can be presented one 
by one and, thus, need to be enumerated successively across time. Sequential enumeration 
is cognitively more demanding; it incorporates multiple encoding, memory and updating 
stages, and bears resemblance to mental addition. Sequential enumeration is particularly 
interesting in that it constitutes a nonverbal precursor of real counting; after all, verbal 
counting is a sequential enumeration process using number symbols (i.e. 1-2-3, etc.).

To address the neuronal representation of an abstract counting-like accumulation of 
sensory events and to compare it to the encoding of numerosity in simultaneous displays, 
Nieder et al. [3] recorded single-cell activity in the fundus of the IPS while monkeys per-
formed a delayed match-to-sample task in which sample numerosity was specified either 
by single dots appearing one-by-one to indicate the number of items sequentially (“sequen-
tial protocol”, Fig. 8.2A) or by multiple-dot patterns presented simultaneously (“simultane-
ous protocol”, Fig. 8.1A). Temporal and spatial cues were counterbalanced across trials to 
ensure they could not be used by the animals to solve the task. In addition to the previously 
described neurons selective to numerosity in multiple-dot patterns, roughly 25% of the neu-
rons in the fundus of the IPS also encoded sequentially presented numerical quantity (Fig. 
8.2B). However, numerical quantity was represented by distinct populations of neurons 
during the ongoing spatial or temporal enumeration process (i.e. in the sample phase); cells 
encoding the number of sequential items were not tuned to numerosity in multiple-item dis-
plays, and vice versa. However, once the enumeration process was completed, and the mon-
keys had to store information, a third population of neurons coded numerosity both in the 
sequential and simultaneous protocol; about 20% of the cells were tuned to numerosity irre-
spective of whether is was cued simultaneously or in sequence. This argues for segregated 
processing of numerosity during the actual encoding stage in the parietal lobe, but also for 
a final convergence of the segregated information to form abstract quantity representations.

In another domain, cells in the superior parietal lobule (SPL) have been reported to keep 
track of the number of movements [6]. The authors trained monkeys to alternate between 
five arm movements of one type (“push” and “turn”) and five of another. They found neu-
rons in a somatosensory-responsive region (part of area 5) of the SPL that maintained the 
number of movements. Interestingly, transient and focal inactivation of area 5 with chemical 
agents significantly increased the error rate in the selection task [7]. This transient neural 
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inactivation also caused omission errors that were not observed before the inactivation.  
A control task showed that the errors were not caused by motor deficits or impaired ability 
to select between two possible actions. These results indicate that area 5 is crucial for select-
ing actions on the basis of numerical information.

The PPC might be the first cortical stage that extracts visual and somatosensory numeri-
cal information because its neurons require shorter latencies to become numerosity selective 
than PFC neurons [2]. As PPC and PFC are functionally interconnected [8,9], that informa-
tion might be conveyed directly or indirectly to the PFC where it is amplified and main-
tained to gain control over behavior.
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FIGURE 8.2 Coding of sequentially presented numerosity. (A) Sequential delayed match-to-numerosity task 
(here for numerosity 3). The sample numerosity was cued by sequentially presented items temporally separated by 
pauses containing no items. The temporal succession and duration of individual items were varied within and across 
quantities. (B) Responses of an example neuron in ventral intraparietal area (VIP) selective to the sequential quantity 
2 (only one condition shown for clarity). Top panel illustrates the temporal succession of individual items (square 
pulses represent single items). The corresponding latency-corrected discharges for many repetitions of the protocol 
are plotted as averaged spike density functions. The first 500 ms represent the fixation period. Corresponding colors 
were used for the stimulation illustration and the plotting of the neural data. Gray shaded areas denote item presen-
tation. The inset shows the tuning functions of the neuron to the standard and a control protocol (error bars represent 
S.E.M.) for four sequential dots. In both protocols, the neuron was tuned to numerosity 2. Modified from [3].
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Behavioral Significance of Numerosity-Selective Neurons
The activity of all numerosity-selective neurons, each tuned to a specific preferred numeros-

ity, formed a bank of overlapping numerosity filters (Fig. 8.3B), mirroring the animals’ behavio-
ral performance (Fig. 8.3A). Interestingly, the neurons’ sequentially arranged overlapping tuning 
curves preserved an inherent order of cardinalities. This is important because numerosities are 
not isolated categories, but exist in relation to one another (for example, 3 is greater than 2 and 
less than 4); they need to be sequentially ordered to allow meaningful quantity assignments.

The response properties of numerosity-selective cortical cells can explain basic psycho-
physical phenomena in monkeys, such as the numerical distance and size effect (Fig. 8.3). 
The numerical distance effect states that it is easier to discriminate quantities that are numeri-
cally remote from each other (say, 2 vs 6 is easier that 5 vs 6), while the numerical size effect 
captures the finding that pairs of numerosities of a constant numerical distance are easier to 
discriminate if the quantities are small (for example, 2 vs 3 is easier than 5 vs 6). The numeri-
cal distance effect results from the fact that the neural filter functions that are engaged in the 
discrimination of adjacent numerosities heavily overlap [10]. As a consequence, the signal-to-
noise ratio of the neural signal detection process is low, and the monkeys make many errors. 
On the other hand, the filter functions of neurons that are tuned to remote numerosities barely 
overlap, which results in a high signal-to-noise ratio and, therefore, good performance in 
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FIGURE 8.3 Relation between monkey behavior and numerosity-selective neurons. (A) Behavioral numeros-
ity discrimination functions of two monkeys. The curves indicate whether they judged the first test stimulus as 
containing the same number of items as the sample display. The function peaks (and the color legend) indicate the 
sample numerosity from which each curve was derived. Behavioral filter functions are skewed on a linear scale 
(left), but symmetric on a logarithmic scale (right). (B) The averaged single-cell numerosity-tuning functions (from 
PFC) are also asymmetric on a linear scale, but symmetric after logarithmic transformation. Modified from [10].
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cases where the animal has to discriminate sets of a larger numerical distance. The behavioral 
consequences of the numerical size effect therefore accord to Weber’s Law.

What scaling scheme describes the neurons’ overlapping tuning curves that are ordered 
along a “number line” best (Fig. 8.3B)? Are neuronal numerical representations best described 
on a linear, or a nonlinear, possibly logarithmically compressed scale? The latter would be 
predicted if Fechner’s Law holds. Fechner’s Law states that the perceived magnitude (S) 
is a logarithmic function of stimulus intensity (I) multiplied by a modality and dimension 
specific constant (k). If the tuning functions for behavioral discrimination and single units 
are regarded as the monkeys’ behavioral and neural numerical representations (Fig. 8.3), 
the crucial question then concerns which scaling scheme provides symmetric (i.e. Gaussian) 
probability density distributions. Both the performance and the single unit data for numer-
osity judgments are better described by a compressed, as opposed to a linear scale [10]. 
Therefore, single-neuron representations of numerical quantity in monkeys obey Fechner’s Law.

The numerical size effect is directly related to the precision of the neuronal numerosity fil-
ters: the widths of the tuning curves (or neuronal numerical representations) increase linearly 
with preferred numerosities (i.e. on average, tuning precision deteriorates as the preferred 
quantity increases). Hence, more selective neural filters that do not overlap extensively are 
engaged if a monkey has to discriminate small numerosities (say, 1 and 2), which results in high 
signal-to-noise ratios and few errors in the discrimination. Conversely, if a monkey has to dis-
criminate large numerosities (such as 4 and 5), the filter functions would overlap considerably. 
Therefore, the discrimination has a low signal-to-noise ratio, which leads to poor performance.

An important piece of evidence for the contribution of numerosity-selective neurons to 
behavioral performance came from the examination of error trials. When the monkeys made 
judgment errors, the neural activity for the preferred quantity was significantly reduced as 
compared to correct trials [1–4]. As a result of this (and the ordered representation of quan-
tity), the activity to a given preferred numerosity on error trials was more similar to that 
elicited by adjacent non-preferred quantities on correct trials. In other words, if the neurons 
did not encode the numerosity properly, the monkeys were prone to mistakes.

Implementing Numerosity Detectors
How may numerosity-selective neurons tuned to preferred numerosities arise in the 

course of cortical processing? Purely sensory, non-numerical properties (such as wavelength 
and contrast in the visual system) are encoded already at the earliest processing stages of 
the sensory epithelia. Number, on the other hand, is a most abstract category devoid of spe-
cific sensory features; two cats and two calls have nothing in common, except that the size 
of their set is “two”. How then may the cardinality of objects or events, the pure number of 
entities, be derived in terms of neuronal information processing?

Two main models have been proposed to explain the implementation of quantity infor-
mation. The mode-control model by Meck and Church [11] works in series and suggests that 
each item is encoded by an impulse from a pacemaker, which is added to an accumulator 
(Fig. 8.4A). The magnitude in the accumulator at the end of the count is then read into mem-
ory, forming a representation of the number of a set. Thus, it is assumed that quantity is 
encoded by “summation coding”, i.e. the monotonically increasing and decreasing response 
functions of the neurons (see also network model by Zorzi and Butterworth [12]).

Another model, the neural filtering model by Dehaene and Changeux [13] implements 
numerosity in parallel (Fig. 8.4B). First, each (visual) stimulus is coded as a local Gaussian 
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distribution of activation by topographically organized input clusters (simulating the ret-
ina). Next, items of different sizes are normalized to a size-independent code. At that stage, 
item size, which was initially coded by the number of active clusters on the retina (quantity 
code), is now encoded by the position of active clusters on a location map (position code). 
Clusters in the location map project to every unit of downstream ”summation clusters”, 
whose thresholds increase with increasing number and pool the total activity of the location 
map. The summation clusters finally project to “numerosity clusters”. Numerosity clusters 
are characterized by central excitation and lateral inhibition so that each numerosity cluster 
responds only to a selected range of values of the total normalized activity, i.e. their preferred 
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FIGURE 8.4 Implementation of numerosity detectors. (A) Mode-control model (after Meck and Church [11]). 
(B) Neural filtering model (after Dehaene and Changeux [13]). (C,D) Neurons in LIP discharge monotonically 
as a function of set size during an implicit numerosity task. Two single cells are depicted that show an increase  
(C) or decrease (D) of discharge rate, respectively, with increasing numerosity. Each neuron was tested with differ-
ent standard (color code) and deviant numerosities (see text for explanation of the task) (from Roitman et al.[15]). 
(E–H) PFC neurons tuned to preferred numerosities in monkeys performing a delayed match-to-numerosity task. 
Preferred numerosity was 2 (E), 4 (F), 6 (G) and 20 (H). Modified from [4].
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numerosity. Since the numerosity of a stimulus is encoded by peaked tuning functions with a 
preferred numerosity (causing maximum discharge) this mechanism is termed “labeled-line 
code”. A similar architecture was proposed by Verguts and Fias [14] using a back-propagation 
network. Interestingly, summation units developed spontaneously in the second processing 
stage (the “hidden units”) after tuned numerosity detectors were determined as output stage.

Even though numerosity representations derived with both model are noisy (approximate) 
and obey Weber’s Law, the two models differ in important aspects. The mode-control model 
by Meck and Church [11] operates serially and assumes representation of cardinality on a lin-
ear scale, whereas in the neural filtering model by Dehaene and Changeux [13] numerosity 
is encoded in parallel and represented on a logarithmic scale (the same holds for the back-
propagation model by Verguts and Fias [14]). Both models, however, have summation units 
implemented that accumulate number in a graded fashion prior to feeding into numerosity 
detectors at the output. As a putative physiological reflection of this computational stage in 
models of number processing, Roitman et al. [15] recorded neurons in the parietal lobe whose 
responses resembled the output of accumulator neurons with response functions that system-
atically increased or decreased with an increase of stimulus set size (Fig. 8.4C,D).

In this study [15], the activity of single neurons was recorded in the lateral intraparietal 
area (LIP) of monkeys performing a delayed saccade task. On each trial, monkeys main-
tained fixation on a central point while a saccade target was placed at a random location 
lateral of the fixation spot. When the fixation point was extinguished, the monkey shifted its 
gaze to the saccade target to receive a fluid reward. Prior to the monkey performing the sac-
cade towards the target, a set of items (2, 4, 8, 16, or 32 dots) at the location of the recorded 
cell’s receptive field informed the monkey about the amount of reward it would receive 
after a correct saccade. One of the five possible numerosities was selected as the standard, 
which was then presented in half of the trials. In such standard trials, the animal received 
a fixed amount of fluid as reward. In each of the remaining trials, one of the four devi-
ant numerosities was shown, resulting in a slightly larger amount of fluid as reward. This 
encouraged the monkey to pay attention to the numerosities, even though they were not to 
be discriminated or otherwise used in the task.

Roitman and co-workers [15] found that the activity of most LIP neurons increased or 
decreased systematically with increasing number of elements during stimulus presentation 
(Fig. 8.4C,D) (irrespective of other stimulus features or cognitive demands). Thus, a pop-
ulation of neurons in LIP encoded the number of elements in a visual array in a roughly 
monotonic manner. The authors suggested that these two classes of number-selective neu-
rons may be the physiological instantiation of the summation units and numerosity units 
proposed in neural network models of numerical representation; monotonic magnitude 
coding of LIP neurons may provide input to neurons in the PPC and PFC that compute car-
dinal numerical representations via tuning to preferred numerosities (Fig. 8.4E–H) [1–4].

In agreement with this hypothesis, monotonic neurons described in LIP would operate 
on an intermediate level of numerosity detection. The numerosity stimuli used by Roitman 
and coworkers [15] were carefully placed over the spatially confined response fields of LIP 
neurons and thus allowed the encoding of numerosity to be addressed within contiguous 
subsets of the visual. Final processing stages of abstract numerical information, however, 
are required to integrate across time, space and modality. Area VIP and the PFC are ideal 
candidate structures for a global representation of numerosity; both areas integrate multi-
modal input [16] and neurons in PFC in particular exhibit global cognitive processing 



NEURONS ENCODING NUMERICAL QUANTITY 111

properties that are no longer spatially restricted [17]. Behavioral relevance is another aspect 
that could have a substantial effect on the coding scheme. All studies that required the 
monkeys to use cardinal numerical information explicitly to solve a task found a labeled-
line code, irrespective of stimulus modality, presentation format and recording site [1,3,6], 
whereas numerosity was implicitly informative in the delayed saccade task [15] but discrim-
ination was not required for the monkey to perform the task. Thus, the neuronal representa-
tion may change if quantity is encoded as an explicit category.

Tracing Numerosity Tuning in the Human Brain
If anatomical and functional similarities between the brains of nonhuman primates and 

humans do exist, equivalent areas in the brain should also be activated in humans when 
nonverbal cardinality is processed (see Box 8.1). Testing functional MRI (fMRI) adaptation 

BOX 8.1 FIGURE 1 Numerically responsive 
regions in the rhesus monkey and human brain, 
indicating homologies in neural substrates 
between both species. (A) Dorso-lateral view of 
a rhesus macaque brain. The colored areas rep-
resent regions in which neurons that respond to 
numerosities have been identified via single-cell 
recordings. Areas include the lateral PFC (LPFC), 
the SPL, the ventral intraparietal area (VIP), which 
is located at the fundus of the intraparietal sulcus, 
and the LIP. (B) Regions in the human brain that 
responded to numerosity changes, as measured by 
BOLD-activation. Colored areas in the axial (top 
left) and coronal (top right) sections, as well as on 
the surface image indicate the IPS. From [18]. (C) 
Substantial overlap (outlined in white) of BOLD-
activation in the human brain for numerosities, 
dot proportions and line proportions. Significant 
overlap was restricted to the bilateral parietal cor-
tex surrounding the IPS, the precentral and pre-
frontal cortex. Modified from [19].

BOX 8.1 
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with numerosities, Piazza et al. [18] found such a corresponding blood oxygenation level-
dependent (BOLD) activation in the IPS of humans. The horizontal segment of the IPS sig-
nificantly habituated to numerosity. Based on the recovery from BOLD-adaptation, Piazza  
et al. [18] could indirectly trace the average numerosity-tuning curve of the underlying 
neural population, which also showed a clear Weber-fraction signature. Using the same 
approach, Jacob and Nieder [19] later demonstrated a systematic recovery from BOLD-
adaptation as a function of numerical distance both in the IPS and the PFC. Just as the sin-
gle-neuron tuning curves in monkeys, these recovery functions were also significantly better 
described on a logarithmic than on a linear number scale.

CODING OF CONTINUOUS AND DISCRETE QUANTITY

To investigate how continuous quantity is encoded by single nerve cells and how it relates 
to numerosity representations, Tudusciuc and Nieder [20] trained two rhesus monkeys in a 
delayed match-to-sample task to discriminate different types of quantity randomly alternat-
ing within each session. In the “length protocol”, the length of a line (out of four different 
lengths) needed to be discriminated (continuous-spatial quantity). In the “numerosity proto-
col” (Fig. 8.1A), the number of (one to four) items in multiple-dot displays (discrete-numerical 
quantity) was the relevant stimulus dimension. To ensure that the monkeys solved the task 
based on the relevant quantitative information, other co-varying features of the stimuli were 
again controlled, and the positions of the dots and lines were greatly varied.

After the monkeys solved more than 81% of the trials correctly for both the length and the 
numerosity protocols, single unit activity from the depth of the IPS was analyzed while the ani-
mals performed the task. About 20% of anatomically intermingled single neurons in the monkey 
IPS each encoded discrete-numerical (Fig. 8.5A), continuous-spatial (Fig. 8.5B), or both types of 
quantities (Fig. 8.5C), suggesting two partly overlapping populations of neurons within this area.

Can functionally overlapping groups of parietal neurons provide sufficient information 
for the monkey to make correct quantity judgments? To assess the discriminative power of 
small populations of neurons, Tudusciuc and Nieder [20] applied a population decoding tech-
nique [21] based on an artificial neuronal network [22]. The classifier was trained with neuro-
nal responses (i.e. pre-processed spike trains) of a set of neurons recorded while the monkeys 
judged each of the eight quantity categories; at this stage, the classifier was informed about the 
stimulus configuration and learned the neuronal features which were best suited for identifying 
a given category. In the subsequent test phase, the classifier predicted the categories from novel 
neuronal responses of the same pool of neurons, i.e. from data it had not used for learning.

The quantitative results based on the statistical classifier demonstrated that the small popu-
lation of quantity-selective neurons carried most of the categorical information; by exploiting 
the classical spike-rate measure which contributes to the monkeys’ quantity discrimination per-
formance, the classifier was able to accurately and robustly discriminate both continuous and 
discrete quantity classes. Interestingly, even the population of untuned neurons had a remark-
able and significant quantity-coding ability, albeit to a lesser extent than the tuned neurons. 
This suggests that the classifier extracted, beyond the averaged spike rate, additional informa-
tion from the temporal structure of the neuronal responses. Moreover, the comparison between 
the monkeys’ neuronal and behavioral responses showed that the brain indeed utilizes this 
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information for decision making; neuronal responses recorded whenever the monkeys failed to 
discriminate the quantity categories prevented the classifier from predicting the correct quantity 
category. Future studies need to clarify whether complex quantity judgments require an inter-
play with, or readout by, structures with more executive functions, such as the PFC [23].
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FIGURE 8.5 Neuronal coding of continuous and discrete quantity. (A–C) Three example neurons in the IPS 
exhibiting selectivity for quantity. Top panels in (A) illustrate the four different numerosities (left) and four differ-
ent line lengths (right) used as stimuli. Left and right graphs illustrate the discharge rates (displayed as smoothed 
spike density histograms) of the same neuron in the numerosity and length protocol, respectively. The first 500 ms 
represent the fixation period. The area between the two black vertical bars represents the sample presentation, the 
following 1000 ms indicate the delay phase. Colors correspond to the quantity dimensions. The insets between two 
histograms depict the tuning functions of each of the three neurons to numerosity and length. (A) Neuron tuned 
to numerosity 3, but not to length. (B) Neuron tuned to the third longest line, but not to any tested numerosity.  
(C) Neuron encoding both discrete and continuous quantity. Modified from [20].
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CODING OF PROPORTIONS

Neurons in the prefrontal and posterior parietal cortices are selectively tuned to abstract 
quantity, and the cellular response characteristics can explain basic psychophysical phenom-
ena in dealing with them. However, many vital decisions in animals require an estimation of 
the relation between two quantities, or proportion. Vallentin & Nieder [24] demonstrated that 
rhesus monkeys were able to grasp proportionality in a delayed match-to-sample test. They 
trained two rhesus monkeys to judge the length ratio (proportion) between two lines, a refer-
ence and a test line. The length ratios between the test and reference lines were 1:4, 2:4, 3:4 and 
4:4 (Fig. 8.6). After demonstrating that the monkeys could discriminate spatial proportions, 
Vallentin and Nieder [24] investigated this capacity’s neuronal underpinning and recorded 
from 526 randomly selected neurons of the PFC while the animals performed the proportion 
discrimination task. Both during the sample and delay presentation, 25% of the tested neu-
rons were significantly tuned only to proportion, irrespective of the absolute lengths of the test 
and reference bars. Each of the selective neurons preferred one of the four tested proportions. 
Just as with numerosities or lines, a labeled-line code was found for the coding of proportions, 

FIGURE 8.6 Neuronal coding of proportions. Single-cell responses of two example neurons during the fixa-
tion, sample and delay period are shown. Neurons were proportion-selective during the sample (A) or delay  
(B) period (marked in gray). In the top panel, the neuronal responses are plotted as dot-raster histograms (each dot 
represents an action potential, spike trains are sorted and color-coded according to the sample proportion illus-
trated by example stimuli on the left). Middle panels show spike density functions (activity to a given propor-
tion averaged over all trials and smoothed by a 150-ms Gaussian kernel). The first 500 ms represent the fixation 
period followed by an 800-ms sample and a 1000-ms delay phase (separated by vertical dotted lines). Bottom pan-
els depict the tuning functions of the respective neurons for each of the three stimulus protocols derived from the 
periods of maximum proportion selectivity (error bars represent S.E.M.). Modified from [24].
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with neurons exhibiting tuning curves and preferred proportions. The areas where such pro-
portion-selective neurons were found coincided with PFC regions that also house numerosity-
selective neurons. These data suggest that the perception of relational quantity is represented 
by the same frontal network and magnitude code as absolute quantity in the primate brain.

These single-cell data complement and refine recent functional imaging studies describ-
ing selectivity to quantity relations in a parieto-frontal network. Using an fMRI adaptation 
protocol to investigate automatic quantity processing, a recovery from repetition suppression 
was detected both for line and numerosity proportions in lateral PFC and PPC [25]. Because 
recovery from blood-oxygenation-level-dependent (BOLD)-adaptation was a function of 
ratio distance, populations of neurons in the human cortex also seem to be tuned to preferred 
proportions. Moreover, both numerosity and proportion seem to be processed by the same 
dedicated brain areas, as witnessed by a strong overlap of the distance effect for numerosity 
and proportions stimuli. Using the same methodology but presenting fractions in symbolic 
notation, Jacob and Nieder [26] could show that populations of neurons in human parietal 
cortex were tuned to preferred fractions and even generalize across the format of presen-
tation. The distance effect was invariant to changes in notation from number to word frac-
tions and strongest in the anterior IPS, a key region for the processing of whole numbers. 
The intraparietal cortex was also active in adults solving a fraction comparison problem [27]. 
These findings demonstrate that the primate brain uses the same analog magnitude code to 
represent both absolute and relative quantity. A fraction might be represented by its numeri-
cal value as a whole rather than by the numerical values of its numerator and denominator. 
Together with previous studies in the numerical domain, the current findings indicate close 
similarities between non-symbolic quantity processing in the human and monkey brain.

TOWARDS SYMBOLIC NUMBER REPRESENTATIONS

As shown previously, humans and animals share an evolutionarily old quantity representa-
tion system which allows the estimation of set sizes. Nonverbal numerical cognition, however, 
is limited to approximate quantity representations and rudimentary arithmetic operations. 
Language-endowed humans, on the other hand, invented number symbols (numerals and 
number words) during cultural evolution. These mental tools enable us to create precise quan-
tity representations and perform exact calculation that is beyond the reach of any animal species.

Even though number symbols are of paramount importance in today’s scientifically 
and technologically advanced culture, their invention dates back only a couple of thou-
sand years [28]. Given the time scale of brain evolution, a de novo development of brain 
areas with distinct, culturally dependent number symbol functions is more than unlikely 
[29]. Rather, it is conceivable that brain structures that originally evolved for other purposes 
are built upon in the course of continuing evolutionary development [30]. According to the 
“redeployment hypothesis” [31] or “recycling hypothesis” [29,32], pre-existing cell assem-
blies are largely preserved, extended, and combined as networks become more complex.

In the number domain, existing neuronal components in PFC and IPS subserving nonver-
bal quantity representations could be used for the new purpose of number symbol encod-
ing, without disrupting their participation in existing cognitive processes [33,34]. Guided 
by the faculty of language, children learn to use number symbols as mental tools during 
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childhood. During this learning process, and as a prerequisite for the utilization of signs as 
numerical symbols, long-term associations between initially meaningless shapes (that later 
become numerals) and inherent semantic numerical categories must be established. This 
necessary, but by no means sufficient, step towards the utilization of number symbols in 
humans can also be mastered by different animal species [35,36].

To investigate the single-neuron mechanisms of semantic association, Diester and Nieder 
[37] mimicked such a semantic mapping process by training two monkeys to associate the a 
priori meaningless visual shapes of Arabic numerals (that became “signs”, or more precisely, 
“indices” [38]) with the inherently meaningful numerosity of multiple-dot displays. After 
this long-term learning process was completed, a relatively large proportion of PFC neurons 
(24%) encoded plain numerical values, irrespective of whether they had been presented as a 
specific number of dots or as a visual sign. Such “association neurons” showed similar tun-
ing during the course of the trial to both the direct numerosity in dot stimuli and the asso-
ciated numerical values of signs. Interestingly, the tuning functions of association neurons 
showed a distance effect for both protocols, i.e. a drop-off of activity with increasing numeri-
cal distance from the preferred numerical value. This distance effect found in the sign proto-
col indicates that association neurons responded as a function of numerical value rather than 
visual shape per se. These findings argue for association neurons as a neuronal substrate for 
the semantic mapping processes between signs and categories.

In the same study [37], the activity of neurons in the fundus of the IPS was also recorded. 
In contrast to PFC, only 2% of all recorded IPS neurons associated signs with numerosities. 

BOX 8.2 

Q U E S T I O N S  F O R  F U T U R E  R E S E A R C H

1. How do numerosity-selective neurons 
develop? Neurons that represent 
numerical information are abundant in 
PFC and PPC. Does the coding scheme 
change with experience of the subject? 
Long-term recording studies could 
answer these questions.

2. Are single-cell representations abstract or 
non-abstract? So far, numerosity-selective 
neurons have only been tested for single 
sensory modalities. Are single neurons 
responding modality-independent to 
preferred numerosities, i.e. are they 
supramodal?

3. How is the brain treating cardinal and 
ordinal aspects of numerical information? 
Numerical quantity and rank have been 

studied largely separately so far, and 
the relationship between mechanisms 
that underlie cardinality and serial order 
judgments remains elusive. However, if 
numerical capacities are two aspects of a 
common numerical faculty, should there 
not be similarities in neuronal processing?

4. What types of neural codes are 
implemented in the brain? Average firing 
rates nicely explain many fundamental 
psychophysical effects. But even in the 
absence of average rate information, 
statistical classifiers can extract 
behaviorally relevant information from 
single spike trains. What is the nature of 
this additional, temporal information in 
spike trains?
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Moreover, the quality of neuronal association in the IPS was weak and occurred much later 
during the trial.

The conclusion drawn from these results is that, even though monkeys use the PFC and 
IPS for non-symbolic quantity representations, only the prefrontal part of this network is 
engaged in semantic shape–number associations. Interestingly, this pattern of brain areas 
seems to be preserved in children [39–41]. In contrast to adults, pre-school children lacking 
ample exposure to number symbols show elevated PFC activity when dealing with sym-
bolic cardinalities. With age and proficiency, however, the activation seems to shift to pari-
etal areas. The PFC could thus be ontogenetically and phylogenetically the first cortical area 
establishing semantic associations, which might be relocated to the parietal cortex in human 
adolescents in parallel with maturing language capabilities that endow our species with a 
sophisticated symbolic system [42].

For a list of questions that need to be addressed in future research, see Box 8.2.
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