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ABSTRACT 

We are exquisitely sensitive to textures: our sense of touch provides us with a sensitivity 

that spans six orders in magnitude in spatial scale, from tens of nanometers to tens of millimeters. 

Here, we characterize neural representations of texture across the somatosensory neuraxis, from 

responses in the peripheral nerve and early stages of cortical processing, up through higher-

order areas of cortex whose responses to natural texture have never before been evaluated. We 

monitor single-unit activity of peripheral afferents and cortical neurons in the macaque, and we 

relate these neural patterns of activity to perceptual features of texture evaluated by human 

subjects. This allows us to assess how the neural coding of texture is maintained and transformed 

across multiple stages of processing, as well as how it gives rise to our perceptual experience of 

texture. 

The first major focus of this work was to evaluate the role of precise temporal patterning 

of texture responses in somatosensory cortex. We find that finely timed patterns of activity, on 

the order of just a few milliseconds, are highly informative about texture. Individual cells vary in 

their temporal precision, and this heterogeneity can be explained, at least in part, by the inputs 

a cell receives: those cells that receive temporally precise inputs (from Pacinian-corpuscle 

associated peripheral afferents) are, themselves, temporally precise. Finally, while identifying a 

role for precise timing in perception had been elusive, we find that a combination of rate and 

timing is best for predicting the perceptual features of texture. 

The second focus of this work was to characterize natural texture representations in 

higher-order somatosensory cortex, including secondary somatosensory cortex (S2) and the 



 xii 

parietal ventral area (PV). We find that cells in S2/PV convey information about texture, but this 

representation is sparser, higher-dimensional, and less driven by a shared response to low-level 

features. Furthermore, we find a portion of cells that are modulated by the behavioral task. Some 

cells are sensitive to trial type (same vs different), and other cells’ activity correlates with the 

animal’s decision, regardless of the actual trial type.  Altogether, these findings provide for a 

more holistic view of texture coding and how it evolves across various stages of cortical 

processing in the somatosensory neuraxis. 
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CHAPTER 1 | NEURAL BASIS OF TOUCH AND PROPRIOCEPTION IN PRIMATE CORTEX1 

The sense of proprioception allows us to keep track of our limb posture and movements and the 

sense of touch provides us with information about objects with which we come into contact. In 

both senses, mechanoreceptors convert the deformation of tissues - skin, muscles, tendons, 

ligaments, or joints – into neural signals. Tactile and proprioceptive signals are then relayed by 

the peripheral nerves to the central nervous system, where they are processed to give rise to 

percepts of objects and of the state of our body. In this review, we first examine briefly the 

receptors that mediate touch and proprioception, their associated nerve fibers, and pathways 

they follow to the cerebral cortex. We then provide an overview of the different cortical areas 

that process tactile and proprioceptive information. Next, we discuss how various features of 

objects – their shape, motion, and texture, e.g. – are encoded in the various cortical fields, and 

the susceptibility of these neural codes to attention and other forms of higher-order modulation. 

Finally, we summarize recent efforts to restore the senses of touch and proprioception by 

electrically stimulating somatosensory cortex.  

1.1 | INTRODUCTION 

How do we distinguish our body from the rest of the world? How do we keep track of its posture 

and movements? How do we sense objects or other organisms that we come into contact with? 

These abilities rely on somatosensation, a collection of senses that convey information about the 

state of the body and its physical interactions with the environment. Here, we examine in detail 

 
1 This chapter is published: Delhaye BP, Long KH, Bensmaia SJ (2018) Neural Basis of Touch 
and Proprioception in Primate Cortex. Compr Physiol 8:1575-1602 and is available at 
https://doi.org/10.1002/cphy.c170033 
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two of these senses: Proprioception – the sense of the posture and movements of our body in 

space – and touch – the sense originating from our skin when we make contact with objects, with 

a specific focus on the hands. Proprioception and touch are critical for our ability to plan and 

execute movements and manipulate objects. Indeed, the elimination of proprioception results 

in severe movement deficits (3 25), and the elimination of touch severely impairs our ability to 

grasp and manipulate objects (8, 184, 386). The sense of touch is also critical to our sense of 

embodiment: in fact, an extracorporeal device, like a robotic arm, can be made to feel like part 

of our body if it is endowed with a sense of touch (236). Moreover, touch plays a key role in 

emotional communication (153): we touch the people we love, and the absence of normal 

affective touch in childhood has devastating consequences on emotional development (147, 

148, 379). Touch is also essential to sexual function, as evidenced by the severe sexual 

dysfunction that follows sensory loss in erogenous zones (121, 263, 318). 

Touch and proprioception rely on a variety of different mechanoreceptors embedded in the skin, 

muscles, tendons, joints, and ligaments. These receptors are activated any time the skin is 

deformed or the limb moves. Primary afferents carry signals from these receptors to the spinal 

cord, brain stem, and ultimately to the neocortex, where information about contacted objects 

and about the state of the limb is elaborated. Here, we first provide a brief overview of the 

receptors that mediate touch and proprioception and of the nerve fibers that innervate these 

receptors. We then summarize the various pathways that carry somatosensory information to the 

central nervous system. Finally, we discuss the processing of tactile and proprioceptive 
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information in the somatosensory cortex of primates, focusing on work conducted over the last 

30 years (intended to complement ref. (250), which covers earlier findings in greater detail).   

1.2 | THE SOMATOSENSORY PERIPHERY 

The senses of touch and proprioception involve mechanotransduction, the conversion of 

mechanical deformations of tissues (skin, muscles, tendons, ligaments) into neural signals. 

Cutaneous mechanoreceptors (from cutis, latin for skin), located in the skin, signal contact with 

objects.  Proprioceptors (from proprius, latin for one’s own) – located in the muscles, tendons, 

and ligaments (but also in the skin) – convey information about the position and movement of 

the limbs and about the forces they exert. The different types of receptors are innervated by 

nerve fibers or afferents that carry tactile and proprioceptive signals to the brain. Most tactile 

and proprioceptive fibers are large and myelinated, and thus exhibit high conduction velocities 

(60-100m/s for Group I proprioceptive fibers and 30-80m/s for Aβ tactile fibers and Group II 

proprioceptive fibers) with one exception, C-tactile fibers (see affective touch section below). 

Different types of cutaneous mechanoreceptors and proprioceptors respond in different ways to 

mechanical deformations, and therefore convey complementary information about the state of 

the limbs or about contacted objects. Signals from these different receptors are integrated to 

yield a rich neural image of the state of our bodies and of our immediate surroundings.   

The following section briefly describes the neural basis of touch and proprioception at the 

somatosensory periphery to help frame the subsequent sections on central processing. For more 

detailed and complete reviews of the structure, physiology, and function of mechanoreceptors 

and their associated neurites, see refs (73, 184, 189, 370). 



 4 

1.2.1 | CUTANEOUS INNERVATION OF THE HAND 

Cutaneous mechanoreceptors, which convert skin deformations into electrical signals, are 

located in the skin throughout the body, but their density differs across body regions. In 

primates, the hands and lips contain the highest densities of mechanoreceptors, the legs and 

back the lowest. Approximately 17,000 afferents innervate the human hand, with densities 

peaking around 240 units/cm2 at the fingertips (187).  

1.2.2 | GLABROUS SKIN 

The cutaneous afferents of the glabrous skin are categorized into four classes, each exhibiting 

different response properties (Figure 1.1). These four classes can be split into two categories 

according to their responses to skin indentations: slowly adapting afferents produce a sustained 

response to a static indentation of the skin, one that declines (adapts) slowly over time, whereas 

rapidly adapting afferents respond only at the onset and offset of the indentation. These classes 

can also be distinguished based on the size of their receptive fields (RFs): mechanoreceptors 

innervated by type I afferents lie close to the surface of the skin and have small and clearly 

defined RFs, whereas mechanoreceptors innervated by type II afferents are deeper in the skin 

and have large RFs with ill-defined boundaries. The four different classes of afferents innervate 

different types of mechanoreceptors. 
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While all afferents respond to most contact events, different afferent fibers exhibit different 

response properties, conferred to them by the mechanoreceptors they innervate. Single 

afferents, and even single classes of afferents, convey ambiguous information, and signals from 

the different afferent populations are integrated to give rise to tactile percepts of objects (322, 

380). 

 

Figure 1.1. The four classes of cutanueous afferents of the glabrous skin. A| Morphology of 
the different mechanoreceptors and their respective locations in the skin. B| Adaptation 
properties and receptive field (RF) size of the four classes of cutaneous afferents. Rapidly 
adapting (sometimes referred to as fast adapting, particularly for humans) vs. slowly adapting 
refers to responses to indentations (transient vs. sustained, respectively). Type I vs. type II 
refers to the size of the RFs, determined in part by the depth of the mechanoreceptors in the 
skin: Type I fibers have small RFs whereas type II fibers have large ones. The density of 
innervation depends on the fiber type: Type I fibers innervate the skin more densely than do 
type II fibers. For example, rapidly adapting afferent type II (PC) afferents show rapidly 
adapting responses with large RFs and relatively low innervation density (type II). Adapted 
from (183). 
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SLOWLY ADAPTING TYPE I (SA1) AFFERENTS 

SA1 fibers, which constitute about 25% of all tactile fibers that innervate the hand, split into 

multiple branches near the skin surface to impinge upon multiple clusters of Merkel receptors 

(258), distributed over different fingerprint ridges; this branching results in RFs with multiple “hot 

spots,” each corresponding to an individual cluster, spanning an average of 10 mm2 (47, 182, 

188, 293). Most Merkel cell clusters are found at the base of dermal papillae close to sweat ducts 

(Figure 1.1A). In response to a skin indentation, SA1 fibers produce a sustained response which 

slowly decreases over time, a property to which they owe their appellation (Figure 1.1B) (211). 

SA1 fibers are most sensitive to static indentations (374) and to slow skin deformations (112, 

253), responding to a combination of absolute skin displacement and rate of displacement (211). 

SA1 fibers respond preferentially to local spatial discontinuities of a stimulus (185, 282) and 

convey, as a population, a neural image of spatially patterned skin indentations (282), with a peak 

spatial resolution (at the fingertips) of about 1 mm. 

RAPIDLY ADAPTING TYPE I (RA) AFFERENTS 

RA fibers account for around 40% of all tactile fibers innervating the hand. Each RA fiber 

innervates multiple Meissner corpuscles (and Meissner corpuscles are typically innervated by 

more than one fiber) (46, 48, 265), which results in complex RFs whose size is similar to that of 

SA1 fibers. Meissner corpuscles are regularly distributed at the apex of dermal papillae (Figure 

1.1A). RA afferents respond to dynamic skin deformation at intermediate frequencies (5-50Hz) 

(112, 186, 253), are silent when the skin is not moving (210), and produce a characteristic off 

response when a skin indentation is removed (Figure 1.1B). Similarly to their SA1 counterparts, 
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RA fibers convey a spatial image of indented patterns, but this image tends to be more poorly 

defined (281).  

SLOWLY ADAPTING TYPE II (SA2) AFFERENTS 

SA2 fibers, which account for about 20% of the tactile fibers from the hand, are thought to each 

innervate an individual Ruffini corpuscle but have large RFs (with a mean of 50 mm2), presumably 

due to the depth of the mechanoreceptor in the skin. SA2 fibers primarily respond to tension 

and stretch in skin and sub-cutaneous tissues (211). SA2 units densely innervate the skin around 

the nails, an arrangement that is well suited to convey information about forces applied on and 

by the fingertips (20). 

RAPIDLY ADAPTING TYPE II (PC OR RA2) AFFERENTS 

PC fibers, which account for about 15% of tactile fibers from the hand, each innervate a single 

Pacinian corpuscle, hence their name, and have large RFs due to the depth of the corpuscle in 

the skin and its high sensitivity to mechanical deformations propagating across the skin. The 

characteristic onion-like structure of the corpuscle confers to the fiber an exquisite sensitivity to 

rapid transients (9) and submicron-scale vibrations at high frequencies (40-400Hz) (112, 186, 253). 

PC fibers respond strongly to textured surfaces scanned across the skin (380) and to vibrations 

transmitted through objects held in the hand (27). 

1.2.3 | HAIRY SKIN 

The four afferent types described above are also found in the hairy skin (at lower densities). 

However, afferents having RA-I type response, called “field units”, have larger receptive fields 

and have not been associated with Meissner corpuscles (372). Other types of hair follicle afferents 
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signal deformations of hairs with rapidly adapting responses, often with large receptive fields 

that include at least twenty hairs (372). Also present are C-tactile fibers (371), which are thought 

to play a role in affective touch (see affective touch section below) (1, 229). Cutaneous afferents 

that innervate the hairy skin, particularly those with RFs over or near joints (for instance those on 

the dorsal surface of the hand), are sensitive to skin stretch (92, 94) and may also contribute to 

proprioception (93). 

1.2.4 | SENSORY INNERVATION OF MUSCLES AND JOINTS 

Proprioceptive afferents – sometimes referred to as “deep” afferents – respond to deep 

palpation of the muscles and to joint movements, but not to light touch, and can be divided into 

three groups: muscle spindle afferents, Golgi tendon organs (GTOs), and joint receptors. These 

afferents can further be divided according to the size of their axons into type I and type II fibers: 

type I fibers are larger and therefore conduct signals faster than type II fibers.  

PRIMARY AND SECONDARY SPINDLE AFFERENTS 

Primary and secondary spindle afferents (also known as type Ia and type II fibers, respectively) 

innervate the muscle spindles, which consist of a bundle of intrafusal muscle fibers contained 

within a spindle-shaped capsule and are innervated by one type Ia afferent and a few type II 

afferents (160). Afferents branch when entering the spindle and each innervate several fibers. 

Each afferent innervates a combination of intrafusal fibers in the spindles (nuclear bag 1 and 2, 

nuclear chain fiber), and the different combinations lead to different response properties. The 

responses of spindle fibers to passive movements depend on both the length of the muscle and 

the rate at which length changes. Primary spindle fibers are more sensitive to the dynamic 
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components (rate of length change) than are secondary spindle fibers (58, 95) (Figure 1.2A). 

Importantly, muscle spindles are also innervated by gamma motor fibers that can contract 

intrafusal fibers thereby tuning the sensitivity of spindle afferents. The response properties of 

spindle afferents during active movements are therefore more complex (compared to the passive 

case) and poorly understood (83, 84). 
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Figure 1.2. Typical responses of proprioceptive afferents. A| Responses of a primary (left) and 
secondary (right) spindle afferent from the finger extensors muscles to passive ramp and hold 
stretches applied to the metacarpophalangeal (MCP) joint. Primary afferents tend to be more 
sensitive to changes in length than secondary ones. Adapted from (95). B| Golgi Tendon 
Organ (GTO) do not respond to passive ramp and hold stretches (left) but respond robustly 
to isometric contraction (right). Adapted from (96). C| Responses of a joint afferent associated 
with the proximal interphalangeal joint of the index finger during passive manipulations. Joint 
receptors tend to only respond at the extrema of joint movements, perhaps to signal the 
threat of injury. Adapted from (30). 
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GOLGI TENDON ORGAN AFFERENTS 

GTOs (also known as type Ib fibers) innervate thin capsules that envelop collagenous fascicles at 

the muscle-tendon junctions. GTO afferents are exquisitely sensitive to tension on the tendon 

and respond vigorously during isometric contractions (Figure 1.2B). They also show some 

sensitivity to muscle stretch, most likely because muscle stretch results in small level of tension 

in the tendons (95, 96, 238). 

JOINT RECEPTOR AFFERENTS 

As their name indicates, these fibers innervate receptors located in the joint capsules, but also 

nearby ligaments. Joint receptor afferents are not sensitive to cutaneous or muscle stimulation, 

but respond to moderate pressure applied directly over the joint, to joint movements, and to 

contraction of muscles inserting into the capsule (145). Three types of receptors are found in the 

joints: Ruffini-like corpuscles, Pacinian-like corpuscles, and Golgi organs located in the ligaments 

(396). Most joint afferents exhibit slowly adapting responses when the joint is near one of its 

extrema – hyperflexion and hyperextension (30, 145) – suggesting that these fibers play a limited 

role in proprioception under most circumstances and are involved primarily in signaling the 

potential for joint damage (Figure 1.2B). 

1.3 | SOMATOSENSORY PATHWAYS  

Afferents that innervate nearby receptors bundle into fascicles that successively join other 

fascicles to ultimately unite into nerves, together with efferent (motor) fibers (Figure 1.3). Three 

nerves innervate the hands: the median and ulnar nerves innervate the palmar side of the hand 

and arm, and the radial nerve innervates the dorsal side of the hand and arm. As it approaches 
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the vertebral column, the nerve segregates into dorsal and ventral roots, with the former carrying 

sensory fibers and the latter motor ones. The cell bodies of the sensory neurons are located in 

the dorsal root ganglia (DRG).  

 

 

Figure 1.3. Pathways from somatosensory periphery to cortex. Afferent fibers at the periphery 
bundle in fascicles that join to form the nerves. Afferent cell bodies are gathered in the dorsal 
root ganglia (DRG). When entering the spinal cord through the dorsal root, afferent axons 
branch, sending one projection to the dorsal horn and one projection to the dorsal column 
nuclei (DCN) through the dorsal column. The DCN projects contralaterally through the medial 
lemniscus to the ventroposterior complex of the thalamus, which in turns relays the 
information to cortex. Abbreviations: dorsal root ganglion (DRG); spinomedullothalamic (SM) 
and spinocervicothalamic (SC) tracts. Thalamus: ventral posterior (VP), posterolateral (VPL), 
posteromedial (VPM), posterior inferior (VPI) and posterior superior (VPS) nuclei, posterior 
division (VLp) of the ventral lateral nucleus (VL), lateral posterior nucleus (LP). 
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1.3.1 | SPINAL CORD: DORSAL COLUMN 

Axons of afferent fibers in the DRG terminate in several different locations. First, they can project 

directly onto alpha motor neurons or interneurons at the same level of the spinal cord.  Second, 

they can ascend or descend and project onto either interneurons or alpha motor neurons at 

nearby levels of the spinal cord. Finally, they can ascend (forming the dorsal column tract) and 

synapse onto neurons in the dorsal column nuclei (DCN) of the brainstem.  Some second order 

neurons in the spinal cord follow the same tract to the DCN in the medulla while others follow 

the dorso-lateral tracts (spinomedullothalamic and spinocervicothalamic tracts, see Figure 1.3, 

Spinal Cord) to reach the same complex. Within the dorsal columns, fibers are grossly organized 

somatotopically (339); that is, afferents that innervate adjacent parts of the body tend to be near 

one another, thereby forming a structured map of the body, with the lower body located medially 

and the upper body located laterally. However, recent findings in multiple mammalian species, 

including monkeys and humans, suggest that the main organizing principle in the dorsal column 

is modality: cutaneous fibers tend to cluster medially while deep neurons are found mostly 

laterally (264). Somatotopy is therefore a secondary organization principle, within modality. The 

dorsal columns contain all of the inputs that ultimately activate primary somatosensory cortex 

(S1) as evidenced by the abolition of S1 activation following complete lesions of the dorsal 

columns (177, 234). 

1.3.2 | MEDULLA: DORSAL COLUMN NUCLEI (DCN) 

The dorsal column nuclei (DCN) comprise three nuclei, which mainly receive input from first order 

neurons. Signals from the upper body project to the cuneate and external cuneate nuclei and 
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signals from the lower body to the gracile nucleus (Figure 1.3, Medulla). Note that the 

mechanoreceptive fibers from the head and face are supplied by the trigeminal nerve to the 

principal division of the trigeminal nucleus. The cuneate nucleus receives input primarily from 

cutaneous afferents while the external cuneate nucleus receives primarily proprioceptive or deep 

input (91, 122, 161). The DCN are somatotopically organized proceeding from the lower limb to 

the head along the mediolateral axis (388, 389). Response properties of neurons in the DCN 

seem to be very similar to those of their afferent inputs, but most studies have been carried out 

in cats and careful characterization in primate is lacking. The DCN also receive descending input 

from sensorimotor cortices (17, 54) which may modulate sensory signals before they are relayed 

to higher processing structures. The projection neurons of the DCN send axons contralaterally 

to the ventroposterior complex of the thalamus (298), forming the medial lemniscal pathway. The 

external cuneate also projects to the cerebellum (307). The DCN have long been thought to be 

relay stations for somatosensory signals, simply transmitting sensory information without 

processing it. However, recent work reveals that individual neurons in cuneate are dominated by 

the input of a few afferents (4 to 8) and may carry out some degree of feature extraction (10, 150, 

196), but most of this work has been carried out in cats. Not much is known about the response 

properties of DCN neurons in primates except that they relay sensory information with high 

temporal fidelity (385). Recent advances in chronic implants will likely lead to insights about 

neural coding in the DCN (305, 351). 

1.3.3 | Thalamus: Ventro-posterior complex 
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The somatosensory thalamus receives inputs from the contralateral dorsal column nuclei via the 

medial lemniscal pathway (and the trigeminal lemniscus). The ventroposterior complex has been 

subdivided into three major regions, the ventroposterior nucleus (VP, also known as the 

ventrocaudalis region, or Vc, in humans, see Figure 1.3, Thalamus), the ventroposterior superior 

nucleus (VPS), and the ventroposterior inferior nucleus (VPI) (217). VP is further subdivided into a 

lateral compartment (VPL) and a medial compartment (VPM). Different parts of the 

ventroposterior complex receive different sensory inputs: VPL receives cutaneous inputs from 

the DCN and VPM from the trigeminal nucleus; VPS receives input from proprioceptive fibers; 

VPI receives major input from the spinothalamic tract and is associated with thermoreception 

and nociception (6, 67, 204, 225). Each of three main divisions of the ventroposterior complex 

(VP, VPS and VPI) is somatotopically organized and contains a complete map of the contralateral 

body (270). This organization is also reflected in the cytoarchitecture of these structures: single 

digit representations are separated by cell-poor septa (294). The response properties of 

somatosensory neurons in the thalamus have been described as similar to those of primary 

afferent fibers, suggesting that there is little processing of sensory information before cortex, but 

this assertion is based on scant evidence. Finally, neurons in the thalamus do not seem to be 

modulated by attention or cognitive tasks in contrast to their counterparts in the somatosensory 

cortices (40, 41, 51, 373).  

Thalamic projections to cortex are highly divergent and convergent (71, 193, 270): while the bulk 

of VP neurons project to areas 3b and 1, they also sparsely project to areas 3a, 2, and 5 (115, 

192, 195, 270). Thalamic projections have different layer targets in different areas: projections in 
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areas 3a and 3b reach layer 4 and deep part of layer 3 while projection to area 1 and 2 reach 

layer 3 (192). The most anterior part of VPL, VLp (also termed  VPLo previously), relays deep 

inputs to area 3a (270). The bulk of VPS neurons project densely to areas 2 and 5 and less so to 

areas 3a, 3b, and 1. Individual thalamic neurons can sometimes branch over distributed regions 

of the anterior parietal cortex, sometimes spanning multiple cortical fields (133, 270). 

1.4 | CORTEX 

The principal cortical recipient of tactile and proprioceptive signals from the periphery is the 

anterior parietal cortex (APC) – often referred to as primary somatosensory cortex – located along 

the anterior border of the parietal lobe (Figure 1.4A). APC comprises four cytoarchitectonically 

defined areas – Brodmann’s areas 3a, 3b, 1 and 2 – only one of which can be considered primary 

somatosensory cortex proper based on the prominence and laminar targeting of its 

thalamocortical input, namely area 3b (197, 212). Areas 1 and 2 are generally considered to be 

higher cortical areas as evidenced by larger RFs and more complex response properties (104, 

169, 218, 269). APC, in turn, sends projections along two parallel streams (Figure 1.5), which 

have drawn analogies to the ventral and dorsal streams described for the visual system (123, 

246). The ventral stream, in the lateral parietal cortex (LPC), includes the secondary 

somatosensory cortex (S2) and the parietal ventral area (PV), where neurons have even larger RFs 

and more complex response properties than do their counterparts in APC. This somatosensory 

pathway is linked to higher level feature extraction (106) and to cognitive functions such as 

attention and decision-making (181, 218, 245, 312). The dorsal stream in the posterior parietal 

cortex (PPC) includes areas 5 and 7, where neurons have large and often bilateral RFs (223, 326, 



 17 

333), and is more tightly linked to motor behavior, such as reach and grasp (5, 109, 123, 138, 

180, 254).  

 

 
Figure 1.4. Organization of somatosensory cortical areas. A| A lateral view of the brain 
showing the different somatosensory areas in macaque monkey cortex (Adapted from (198)). 
Inset: Horizontal section of the postcentral gyrus at the level of the hand representation, 
showing the position of the different APC modules relative to the central and the intraparietal 
sulci. B| Detailed view of the somatotopic representation of the body in the four fields of APC 
(areas 3a, 3b, 1 and 2) and in area 5L (Adapted from (262, 333)). C| Coronal section showing 
the location of LPC in the lateral sulcus (Adapted from (214)). Abbreviations: Anterior parietal 
cortex (APC); second somatosensory area (S2); parietal ventral area (PV); parietal reaching 
region (PRR); anterior (AIP), ventral (VIP) and lateral (LIP) intraparietal areas; post central sulcus 
(PCS); intraparietal sulcus (IPS). Somatotopic map: Upper lip (UL); lower lip (LL); chin (CN); 
snout/jaw (SN/J); digits of the hand (1-5); (cutaneous) forearm ((CUT) FA); occiput (OCC); trunk 
(TR); toes (T1-5); hindlimb (HL). 
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The hierarchical organization of somatosensory cortex draws strong parallels with that observed 

in other sensory modalities and is supported by several lines of evidence. First, lesions in early 

somatosensory areas abolish or nearly abolish activation of higher areas, but the reverse is not 

true (130, 285). Second, responses begin later (36) and last longer (256) as one ascends the 

somatosensory neuraxis. Third, as further described below, the size of RFs increases and 

response properties become increasingly complex and selective. That is, neurons in the early 

stages of processing respond to most stimuli impinging upon their RFs whereas neurons 

downstream respond only when a preferred feature is present in their RFs. Finally, while the APC 

and LPC of mammals receive parallel projections from the VP nucleus of the thalamus (90, 131, 

317), LPC receive only very sparse input from VP in monkeys and other higher primates (VPL or 

VPM, not VPI) (116, 216). These four lines of evidence all point to a hierarchical structure in 

somatosensory cortex with APC as an earlier stage of processing than LPC.  

In the next section, we describe the overall organization and structure of the somatosensory 

areas, beginning with APC. Then, we describe higher cortical areas, first the ventral stream 

(lateral parietal cortex) then the dorsal one (posterior parietal cortex). Next, we present in more 

detail the neural computations performed in APC and LPC along several stimulus continua that 

have been extensively studied. Most of the referenced studies involve single-unit or multi-unit 

recordings in macaque monkeys, but recent imaging studies carried out in humans confirm many 

findings from the animal work and are highlighted when helpful. 
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1.4.1 | ANTERIOR PARIETAL CORTEX (APC) 

The anterior parietal cortex consists of four distinct cortical fields that form parallel bands along 

the central sulcus: areas 3a, 3b, 1 and 2 (199). A major feature of APC is its somatotopic 

organization: nearby APC neurons respond to stimulation of nearby and partially overlapping 

patches of skin on the body or to nearby combinations of joints (Figure 1.4B). As a result, APC 

comprises four complete maps of the contralateral side of the body – one in each area – with the 

foot representations near the midline and the face and tongue representations at the lateral end. 

Body regions that are more densely innervated (such as the fingers and the lips) occupy more 

cortical area than do less innervated regions (such as the proximal arms or the back), a 

phenomenon referred to as cortical magnification (348). At the same time, RF size is inversely 

proportional to neural magnification: for example, neurons with RFs on fingers have much smaller 

RFs than do neurons with RFs on the back (348).  

The body maps in each area of APC are organized systematically with respect to one another 

(see Figure 1.4B). That is, the representation of each body part in each area is approximately 

aligned along central sulcus and the organization along the axis perpendicular to the sulcus is 

also predictable and systematic. For instance, proceeding caudally along the axis orthogonal to 

the central sulcus, RFs in area 3b shift from the digit tips, down the digits, to the palm, and there 

the transition with area 1 occurs. In turn, RFs in area 1 shift back towards the fingertips as one 

continues to proceed caudally to area 2. The RFs of area 2 then shift back from the fingertips 

down the finger as one maintains course (284). The somatotopy in area 2 is cruder than that in 

areas 3b and 1 (170). 
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The four APC areas are also histologically distinct, differing in laminar morphology and overall 

cell density (197). Within each area, sub-regions representing different parts of the body are also 

histologically distinguishable: Subdivisions of area 3b related to different body parts form myelin-

dense ovals separated by myelin-light septa (178). The representations of individual digits, and 

even of individual fingerpads, are isolated from each other by cell-poor septa (295). These 

histologically observed boundaries appear to be immutable even after de-afferentation (179). 

While the general organization of APC is consistent across individuals, the precise locations of 

the boundaries between areas along the rostral-caudal axis are not (159, 331). Recent studies in 

humans corroborate findings in primates (23, 135, 136).  

The following sections describe the major patterns of connections between areas (summarized 

in Figure 1.5). Note, however, that other relatively sparse connections exist. 
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Figure 1.5. Major connections between somatosensory areas. Schematic representation of 
the major connections between somatosensory areas in the central nervous system, split into 
four major regions: the thalamus, the anterior parietal cortex (APC), the lateral parietal cortex 
(LPC) and the posterior parietal cortex (PPC). Abbreviations: ventral posterior nucleus (VP), 
anterior pulvinar nucleus (Pla), secondary somatoensory cortex (S2), parietal ventral area (PV), 
parietal reach region (PRR). Area 5 also receive input from the lateral posterior nucleus in 
thalamus (LP, not shown in the chart). Updated from (249). 
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AREA 3B  

Area 3b is homologous to primary somatosensory cortex described in other mammals (197). The 

vast majority of neurons in area 3b respond to cutaneous stimulation (165, 176, 333, 357) and 

are organized in cortical columns: neurons in a given column exhibit similar RF properties 

(including almost complete spatial overlap) and are thought to be involved in a common sensory 

computation (56, 118, 349, 350, 366). Most neurons in area 3b exhibit responses that imply input 

from multiple tactile submodalities (SA1, RA, PC) (see below) (275). RFs on the hand are small 

(10-60 mm2, (82)), typically limited to a single digit or even a single finger pad, and tend to be 

smallest for neurons in layer 4, intermediate for neurons in the subgranular layers, and largest for 

neurons in the supragranular ones, a size progression that is also observed in  area 1 (347). 

Lesions in area 3b result in a nearly complete abolition of tactile abilities, including texture and 

shape discrimination and haptic object recognition. Neurons in area 3b are strongly 

interconnected and reciprocally connected to neurons in areas 3a, 1, and 2, and in lateral parietal 

cortex (33, 194, 216). 

AREA 1 

Similarly to their counterparts in area 3b, nearly all neurons in area 1 respond to cutaneous 

stimulation (90% or more) (165, 172, 174, 176, 333, 357). A small proportion of neurons in area 

1 have Pacinian-like response properties (5%), which are even rarer in area 3b. Neurons in area 

1 tend to have larger RFs than their counterparts in area 3b, sometimes spanning multiple digits 

(7, 172). Lesions of area 1 selectively impair the tactile discrimination of texture while preserving 

shape discrimination (44, 297). Ablation of area 3b abolishes cutaneous responsivity in area 1, 
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consistent with the aforementioned hierarchical relationship between these two areas. Area 1 

has reciprocal connections with areas 3a, 3b, and 2, primary motor cortex (M1), lateral parietal 

cortex, and posterior parietal area 5 (33, 194, 216, 287, 346) and also receives thalamic input 

from anterior pulvinar area (Pla) (270). 

AREA 3A 

Located in or near the fundus of the central sulcus, neurons in area 3a exhibit primarily 

proprioceptive responses, i.e. respond to joint manipulations and muscle stretch (173, 174, 176, 

215, 357), and perhaps also heat-induced pain (363, 364). RFs in the hand representation of area 

3a sometimes include a single digit, sometimes multiple digits, and sometimes the entire hand 

(215). Whether RFs spanning multiple digits result from convergent input from multiple afferents 

or from single afferents innervating multi-joint muscles remains unknown. Area 3a has dense 

intrinsic connections and makes reciprocal connections with area 2, M1, and supplementary 

motor area (SMA) and also receives input from area 1 (70, 158, 159, 194, 346). Interestingly, area 

3a also contains 15% of the cortico-motoneuronal (CM) cells that monosynaptically drive 

motoneurons of the hand in the spinal cord (300).   

AREA 2 

Neurons in area 2 exhibit both cutaneous and proprioceptive responses (55% deep, 45% 

cutaneous in the hand representation) (165, 176, 333, 357), and the submodality composition 

follows a gradient across its extent: neurons near the boundary with area 1 tend to be more 

cutaneous, neurons near the caudal boundary tend to be more proprioceptive (176, 284). The 

hand representation is especially rich in cutaneous input but also includes neurons that exhibit 



 24 

both proprioceptive and cutaneous responses (165, 171, 172, 206), which may constitute an 

initial step towards stereognosis, i.e. three dimensional haptic representations of objects (see 

stereognosis section). Neurons in area 2 typically have large RFs, comprising multiple fingers, 

and may even occasionally have bilateral receptive fields, at least on the hind limb (357). Large 

RFs lead to a more blurred somatotopy than that observed in the three other anterior parietal 

fields (284). Lesions of area 2 impair the coordination of finger movements and the ability to 

discriminate the shape and size of grasped objects. Area 2 makes reciprocal connections with 

areas 3a, 3b, and 1 (287), with M1 (194, 287, 346), and with anterior pulvinar area in thalamus 

(270).  Area 2 projects to lateral parietal cortex (S2 and PV) and to posterior parietal cortex (area 

5) (287). 

CORTICO-THALAMIC FEEDBACK FROM APC 

In cats, cortico-thalamic feedback projections are more numerous than thalamo-cortical 

feedforward projections (228), but little is known about the cortico-thalamic projections from 

area 3b of primates. Convergent evidence in primates and other mammals suggests that area 

3b sends feedback projection to the somatosensory thalamus (72, 316) and that these feedback 

projections exert a powerful influence on the response properties of thalamic neurons. Indeed, 

suppression of neuronal activity in area 3b results in a striking enlargement of thalamic RFs (99).  

1.4.2 | RESPONSE PROPERTIES OF CUTANEOUS NEURONS IN APC 

SUBMODALITY CONVERGENCE 

As briefly summarized above, touch in the glabrous skin is mediated by four classes of nerve 

fibers which each respond to different aspects of skin deformation. These different sensory 
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channels were initially thought to serve different sensory functions (shape perception, motion 

perception, etc.) and remain relatively segregated along the somatosensory neuraxis (189, 349). 

However, recent studies suggest that neurons in APC – including in area 3b, the first cortical 

target for tactile input – exhibit response properties that imply convergent input from multiple 

afferent classes. For example, a large proportion of APC neurons (51% in area 3b and 40% in 

area 1) produce a sustained response during the static phase of a skin indentation – which implies 

input from SA1 fibers – but also an off response during the offset of the indentation – which 

implies input from RA and/or PC fibers (275) (Figure 1.6). Indeed, RA and PC fibers do not 

respond during the static phase of a skin indentation, and SA1 fibers do not produce a phasic 

response at its offset. The presence of both features in the majority of APC neurons strongly 

suggests that convergent input is the rule rather than the exception. Furthermore, the time 

varying firing rates of APC neurons to simple and complex vibrations are better predicted from 

the combined responses of multiple afferent classes than from those of a single class (323). These 

observations indicate that touch does not comprise distinct sensory channels, each serving a 

different function, but rather relies on the integration of sensory signals across tactile 

submodalities to extract behaviorally relevant information during manual interactions with 

objects (322). 
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SPATIAL STRUCTURE OF RECEPTIVE FIELDS 

The receptive fields of many neurons in area 3b comprise excitatory subfields flanked by 

inhibitory ones and can often be well approximated by linear spatial filters (Gabor functions, see 

Figure 1.7). That is, stimulation of excitatory patches of skin sum to create an excitatory drive to 

 

Figure 1.6. Sub-modality convergence in APC. A| Trajectory of a punctate stimulus indented 
2mm into the center of a neuron’s receptive field. B| Typical response of a slowly adapting 
type 1 (SA1) and rapidly adapting (RA) afferent to 60 repeated presentations of the stimulus. 
C| Response of typical neurons in area 3b. Some neurons respond throughout the stimulation 
interval and do not show phasic off responses, similar to SA1 fibers; others respond with 
phasic on-off responses, similar to RA1 fibers, but the majority respond with a mixture of 
sustained and phasic responses, implying input from both fiber types. Adapted from ref. (275). 
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the neuron; stimulation of the inhibitory patches sum to create an inhibitory drive, and the overall 

activity of the neuron is well approximated by the linear combination of these excitatory and 

inhibitory drives. The inhibitory surround is distinct from the surround suppression observed in 

the receptive fields of tactile fibers, which reflects skin mechanical effects (344). In addition to 

inhibitory components flanking the excitatory one, RFs tend to also comprise an inhibitory 

component co-localized with the excitatory field but delayed by 20-30 ms (81, 125). This RF 

structure results in an initial excitatory drive that is followed by an inhibitory one, rendering the 

neuron less excitable for a period of time. As mentioned above, excitatory and inhibitory inputs 

are combined in an approximately linear fashion (11, 81) and their interplay yields RFs whose 

spatial structure is relatively consistent across scanning speeds (80) (Figure 1.7). Importantly, 

neurons in area 3b tend to have elongated RFs (with a mean aspect ratio of 1.7), which confers 

orientation tuning to these neurons (see shape section below) (11, 82). The RF structure of 

neurons in area 3b thus draws a strong analogy to that of simple cells in primary visual cortex. 

In contrast to their counterparts in area 3b, neurons in areas 1 and 2 tend to have larger, more 

complex RFs, that are poorly approximated using linear spatial filters (11, 166, 171, 172, 175). 

That is, RFs often do not comprise distinct excitatory and inhibitory fields, and to the extent that 

they do, these fields are poor predictors of the neurons’ response properties. Rather, neurons in 

these higher processing areas within somatosensory cortex tend to exhibit more complex feature 

selectivity, such as a selectivity for curvature or a shape-invariant selectivity for direction of 
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motion, neither of which are reflected in the spatial structure of their RFs. 

 

RECEPTIVE FIELD INTERACTIONS 

Touch involves the integration of information stemming from hundreds or thousands of tactile 

fibers, each innervating a small patch of skin, and this integration occurs gradually as signals 

ascend the neuraxis through subcortex and cortex. Interestingly, while S1 neurons (area 3b) are 

characterized by relatively small RFs, seemingly reflecting only weak integration from periphery 

to the cortex, thalamo-cortical projections have been shown in anatomical studies to branch 

 

Figure 1.7. Spatial structure of receptive fields of a neuron in area 3b. The two squares in each 
group display the RF estimated from the raw data (left) and the positions of the modeled 
Gaussian representations (right). Left| The experimental RF was obtained by continuously 
scanning the finger with a random pattern of raised dots, and then computing an RF map 
using reverse correlation (see (82)). Dark regions are excitatory, white regions are inhibitory. 
Right| The locations of the excitatory (solid ellipse) and fixed inhibitory components are 
unaffected by scanning direction and the lagged inhibitory component (dotted ellipse) trails 
the center by a fixed distance in each direction. Reproduced from (81). 
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extensively over wide spatial areas (133), as have cortico-cortical connections (33). While 

widespread branching and lateral connectivity is obscured when RFs are mapped using 

sequential application of well-controlled indentations, these connections manifest themselves as 

modulatory influences on APC responses when stimuli are simultaneously applied to a neuron’s 

RF and outside of it. Indeed, a stimulus applied outside a neuron’s classical RF results in a 

decrease in sensitivity for a period of about 100 ms (303, 304). In fact, this suppression is 

sometimes observed when the conditioning stimulus is applied to the contralateral hand (302), 

an observation also made using optimal intrinsic signal (OIS) imaging (362). Paired stimulation of 

multiple digits also produces a reduced spatial pattern of activation compared to what would be 

expected based on the stimulation of each digit individually, suggesting lateral inhibition (119). 

Such spatial interactions can also account for the tactile funneling illusion, referring to the 

phenomenon in which the simultaneous presentation of brief tactile stimuli at two skin locations 

evokes a sensation localized between the two sites where no stimulus is present. Indeed, 

simultaneous stimulation of two adjacent digits produces a single patch of activation in cortex 

located between the activation sites of the individual digits (57). Some of these second order 

properties can be described mathematically using models in which the primary receptive field is 

captured by a linear filter (as described above, see Figure 1.7) and the inter-digit interactions are 

captured by non-linear components (360). Another manifestation of long-distance spatial 

interactions is the increased synchronous firing over the entire hand representation when a 

fingertip is touched (301). Taken together, these results suggest that, even at the earliest stage 
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of cortical processing (area 3b), tactile signals from large swaths of skin are integrated in complex 

ways. 

TEMPORAL RESPONSE PROPERTIES 

As summarized above, the different classes of tactile fibers differ in their frequency sensitivity 

profiles. SA1 fibers are most sensitive to low-frequency vibrations, below about 10 Hz, while PC 

fibers peak in sensitivity at around 250Hz, and RA fibers exhibit intermediate frequency 

sensitivity. APC neurons also differ in their frequency sensitivity profiles (252, 330) but these tend 

to be much more idiosyncratic, in part because individual neurons receive input from multiple 

classes of afferents. Indeed, the frequency sensitivity profile of the afferent input will shape the 

frequency profile of its target and so APC neurons will differ in their spectral sensitivity because 

they differ in the relative strength of the input from each of the tactile modalities. Moreover, the 

frequency profile of APC neurons is shaped by how this input is processed. Indeed, APC 

responses to vibrations – particularly those of neurons in area 3b – can be well approximated as 

a linear function of the afferent input passed through a temporal filter and these filters vary from 

neuron to neuron (323). Interestingly, filters tend to differ systematically depending on the input 

modality: RA input tends to be excitatory whereas PC input tends to be balanced or inhibitory. 

In other words, RA signals tend to be integrated over time whereas PC signals tend to be 

differentiated. As a result, the strength of APC responses to skin vibrations is determined largely 

by the RA (and probably SA1) input, whereas the precise timing of the responses is shaped 

primarily by the PC input (323). These finding are in line with those from OIS imaging studies 

which showed that 25-Hz vibrations (which excite primarily SA1 and RA fibers) produce strong 
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localized excitation, whereas 200-Hz vibrations (which excite primarily PC fibers) produce a short 

excitatory transient followed by strong, spatially extended inhibition (365, 367). Thus, while input 

from the different tactile channels converges onto individual APC neurons, their impact is highly 

channel-dependent. Because vibratory sensitivity depends on the submodality composition of 

the input (which varies from neuron to neuron) and on the way that submodality specific input is 

integrated (which also varies from neuron to neuron), APC neurons exhibit a wide array of 

frequency response properties. 

RESPONSE PROPERTIES OF PROPRIOCEPTIVE NEURONS IN APC 

As mentioned earlier, proprioceptive signals from the periphery – signals originating from 

muscle, joint, ligament, and skin afferents that provide information about time varying muscle 

length and joint position – target primarily areas 3a and 2 in APC. Much less is known about the 

RFs and response properties of these so-called “deep” neurons compared to their cutaneous 

counterparts. As mentioned previously, a striking observation at the periphery is that afferent 

responses to passive and active movements elicit very different responses, because muscle 

spindle discharge is powerfully affected by fusimotor activity and because many muscle and joint 

receptors are sensitive to the level of tension or contraction in the muscle. Such differences 

between active and passive movement are also a hallmark of proprioceptive responses in cortex. 

Some neurons respond only to passive movements or only to active moments, while others 

respond to both (231, 342). During passive movements, responses have been classified as 

phasic, thus encoding movement, tonic, thus encoding posture, or a combination of both (127, 

342).  Phasic neurons typically respond to either flexion or extension, but not both (394). 
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Individual neurons exhibit different combinations of tonic and phasic responses, forming a 

continuum from purely phasic to purely tonic (290). As shown during an active reaching task, 

proprioceptive neurons from the arm typically exhibit a unimodal and broad tuning for reach 

direction (290). The preferred direction is generally similar during the phasic and tonic 

components of the response, and consistent for active and passive movements (231, 290). 

Moreover, imposing a load on the arm affects responses, but less so in APC than in M1. A subset 

of proprioceptive neurons exhibit RFs that include multiple joints which are not necessarily 

adjacent to each other (66). The responses of some neurons with multi-joint RFs are a simple 

summation of their single-joint activations. Others neurons show complex interaction between 

joints, with their response peaking at a preferred combination of joint postures. Some neurons 

discharge before the onset of voluntary movement, an observation that has been attributed to 

efference copy (231, 261). Note that cutaneous units also discharge during arm movements, 

although more weakly than during direct touch (16), and some of these exhibit the same kind of 

direction tuning observed in deep neurons (59, 289). These neurons may thus also contribute to 

kinesthetic sensations. Interestingly, a sub-region of area 3a, in the representation of the head, 

provide proprioceptive signals to encode eye position in the head (376): These neurons are 

tuned for the direction of gaze and their responses increase with increasing orbital eccentricity. 

Little is known about how hand movements and postures are encoded in somatosensory cortex. 

1.4.3 | LATERAL PARIETAL CORTEX (LPC) 

The second somatosensory area (S2) and the parietal ventral area (PV) sit within the upper bank 

of the lateral sulcus, just lateral to the tongue representation of APC (Figure 1.4B-C). The border 
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between APC and LPC is medial to the lateral sulcus and splits the head representations of the 

two regions (32). S2 and PV contain mirrored body maps that meet at the digits, lips, and mouth 

(32, 87, 214) and have been characterized in both macaques and humans (87, 88, 97, 98, 214). 

In primates, S2 and PV have only been clearly identified and separated relatively recently (213, 

214, 216) so earlier reports often confuse or combine the two areas (309, 384). 

Over the years, different groups have published seemingly conflicting reports of the properties 

of neurons in LPC. These discrepancies are likely due to several factors, including the precise 

locations of recording sites, the behavioral relevance and complexity of the stimuli, and the 

attentional state of the animal. When somatosensory properties were reported in the upper bank 

of the lateral sulcus in the 1940s, only one area was described (387). Later, when two mirror-

reflected body maps were observed in this region and histological differences were 

characterized, the terminology expanded to two regions, S2 and PV, the latter located anterior 

to the former (214). Neurons in the central region that spans the boundary between PV and S2 

exhibit primarily cutaneous responses, whereas neurons in the outer regions tend to exhibit 

proprioceptive responses (105, 214). In macaques, the hand representation within the central 

region spans 10 mm along the anterior posterior axis (105) and is relatively well defined and 

consistent across animals (32). The face region is rostral, medial, and superficial, while the tail 

and sacrum are caudal, lateral, and deep in the sulcus.  

Receptive fields in LPC tend to be larger and more diffuse than those in earlier stages of 

processing. RFs encompass multiple finger pads, span multiple digits, and respond bilaterally to 

stimuli applied to either hand (32, 106, 170, 288, 321, 337) or to multiple regions of the body 
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(356) or even the entire body. Indeed, while both areas primarily receive input from the 

contralateral side of the body, bilateral RFs have also been reported. For neurons with bilateral 

RFs, stimulation of the ipsilateral side typically exerts a modulatory effect on the response evoked 

by contralateral stimulation (87, 88). About half of LPC neurons respond to cutaneous stimulation 

and half to deep stimulation (356). Both S2 and PV receive projections from all four APC areas 

(34, 216, 296) as evidenced by the fact that lesioning individual areas reduces the responsiveness 

of their downstream targets (35, 132, 285): selective removal of proprioceptive input (areas 3a 

and 2) or cutaneous input (areas 3b et 1) selectively reduces proprioceptive and cutaneous 

responses in LPC, respectively (286) (Figure 1.5). LPC receives input from area 5 (287) and area 

7b (86). LPC also receives direct inputs from the thalamus (85, 116): PV from ventroposterior 

inferior nucleus (VPI) and Pla; S2 from VPI, ventroposterior superior nucleus (VPS), and Pla. Thus, 

LPC integrates proprioceptive, and thermoreceptive/nociceptive signals directly from thalamus 

(85). LPC in turn projects densely to ipsilateral APC, particularly areas 3b and 1, and area 7b 

(117), with connections between S2 and PV, as well as contralaterally to LPC, area 7b, and area 

3b (86).  LPC is also reciprocally connected with multiple insular areas (117), and sends cortico-

thalamic feedback projections to the VPL and the anterior pulvinar (31, 375). PV projects to areas 

3b and 7b, premotor cortex, and other posterior parietal areas (86). Lesions of LPC severely 

impair the ability of monkeys to perform texture and shape discrimination tasks (255, 352).  

RESPONSE PROPERTIES OF NEURONS IN LPC 

LPC neurons tend to exhibit more complex response properties; for example, some orientation-

tuned neurons in LPC have the same preferred orientation over large swaths of skin on the hand, 
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an extent of positional invariance not seen in APC (106). When RFs are mapped using passive 

presentation of behaviorally irrelevant stimuli, modality is difficult to identify and tends to vary 

over time (337), a property that can be attributed to the strong susceptibility of LPC responses 

to changes in attentional state (39, 52, 157, 244, 330). Not only do the responses of LPC neurons 

depend on the attentional state of the animal, they also depend on the behavioral task and its 

demands. Indeed, while APC neurons faithfully encode the stimulus, irrespective of the task, LPC 

neurons exhibit a tendency to encode both the stimulus and the behavioral outcome in a task-

dependent way (Figure 1.8), a hallmark of higher cortical processing (151, 181, 218, 312, 330). 

This task-dependent modulation and the correlation of neural activity with perceptual reports 

suggest a role of LPC in sensory decision making (312, 314).  
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Visually (3, 203) and acoustically (103, 308) evoked responses in LPC have long been reported in 

human imaging studies, but had not been observed in single unit recordings from non-human 

primates until recently (154, 243), a discrepancy that may be attributable to particular stimuli 

used in early neurophysiological studies. Indeed, sounds and images that have no tactile 

 

Figure 1.8. In contrast to their counterparts in primary somatosensory cortex, neurons in 
secondary somatosensory cortex exhibit task-dependent modulation in their responses to 
identical vibratory stimuli. A| Spiking responses recorded from one neuron in APC and one in 
LPC (adapted from (152) and from (312) respectively). Each row shows the response to a pair 
of stimuli: 10 or 26 Hz in the first stimulus period (f1) and 18Hz in the second (f2). In APC, the 
response to f2 is independent of f1, while in LPC, the response to f2 is greater when f2 > f1. 
B| LPC firing rates as a function of the frequency of vibration in the tactile stimulus. During the 
first stimulation period (f1), rates decrease monotonically as stimulus frequency increases. 
During the comparison period (f2), neurons respond preferentially when f2 > f1 (shown here) 
or vice versa (black points show trials on which f2 > f1; green traces denote trials on which f2 
< f1).   
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correlate, like pure tones or speech, do not drive neurons in LPC (154, 311), but the sound of 

hands rubbing together does. These multisensory responses may underlie a phenomenon 

documented in humans: modifying the sound that hands makes while rubbing against one 

another influences how moist or dry the skin feels (146, 352). Additionally, about a third of 

neurons exhibiting somatosensory responses also respond to visual stimuli and sometimes to 

auditory stimuli (154), and these neurons, interspersed throughout LPC among a majority of 

unimodal somatosensory neurons, may play an important role in multisensory integration. 

1.4.4 | POSTERIOR PARIETAL CORTEX (PPC) 

The posterior parietal cortex (PPC) is caudal to APC and straddles the intraparietal sulcus (IPS) 

(164). PPC comprises two major architectonical areas originally described by Brodmann: area 5, 

located on the rostral side of the IPS, and area 7, located between the IPS and the lateral sulcus 

(Figure 1.4A). Both areas have been divided into multiple distinct cortical fields based on a 

variety of criteria including cytoarchitecture, patterns of connectivity with other areas, and neural 

response properties. The names and boundaries of these sub-regions are a matter of ongoing 

debate (144, 226, 272, 333), probably because different studies have used different criteria. Area 

5 can be split into two major parts — a lateral region, presently referred to as 5L (previously 5a, 

5v/d or PE) (333), and a medial region dubbed the parietal reaching region (PRR)(5). Area 7 is 

traditionally split into two major regions—a rostral, mostly somatosensory region 7b, and a 

caudal, mostly visual region 7a. However, some histological and physiological evidence suggests 

that area 7 actually comprises three separate fields, PF, PFG, and PG (272, 320).  Other cortical 

fields have also been identified within the IPS (namely AIP, LIP and VIP, see Figure 1.4A), but are 



 38 

mostly visual or visuo-motor areas, and will not be discussed here. The pattern of cortical 

connections suggests two major streams in PPC, both originating in area 2 and progressing 

rostral-to-caudal, one along the superior lobule (area 5) and the other along the inferior lobule 

(area 7) (272). Connections and the response properties of PPC neurons also suggest that area 

5 precedes area 7 in the processing hierarchy (see below). PPC comprises strong 

interhemispheric connections as well as many connections with pre-motor areas (49, 50, 170, 

357). The correspondence between macaque and human PPC, both in terms of location in cortex 

and functional properties, is not straightforward and remains poorly characterized (143). 

Most PPC areas contain neurons that respond to cutaneous stimulation and joint movements, 

but PPC, unlike APC and LPC, is not a somatosensory region per se. First, neurons in PPC 

respond to other sensory modalities, mainly visual, but also auditory (60) and vestibular (341). 

Second, a large subset of neurons responds most strongly when the animal is awake and 

behaving, and many sites are unresponsive during anesthesia (251, 333). Third, cortical fields in 

PPC are known to be involved in motor functions such as planning reaching and grasping 

movements, as indicated by dense, reciprocal connections to pre-frontal and motor areas (42, 

280) and by the fact that neurons seem to encode not just limb position but also target locations 

and motor intent (202). Fourth, lesioning or ablating areas within the PPC does not strongly 

impact passive tactile discrimination but does affect animals’ ability to reach and grasp objects 

or to recognize an object’s shape through haptic exploration (stereognosis) (114). For all of these 

reasons, the PPC is thought to play a critical role in both multisensory integration and 
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sensorimotor planning and guidance, especially for the upper limbs (340). In the following 

sections, we describe the properties of PPC areas that exhibit somatosensory responses. 

AREA 5L 

The lateral aspect of area 5, called 5L (333), borders the hand and arm representations of area 2 

and is partially buried in the IPS. The somatosensory RFs of neurons in area 5L span only the 

shoulders, forelimbs, and hands  with a somatotopic organization that roughly follows that in 

area 2 (under anesthesia , 333). RFs tend to be larger than those in APC, often containing multiple 

joints and digits, can be bilateral (358), and typically exhibit proprioceptive responses (~90%). 

Only a small fraction of area 5L neurons maintain activity during anesthesia and most respond 

best while animals make voluntary movements (251, 326). Area 5L receives the majority of its 

inputs from APC (137), especially area 2 (274, 287). Area 5L also receives direct input from the 

thalamus: Pla, lateral posterior (LP) nucleus (393), and VP (287). Area 5L projects ipsilaterally and 

bilaterally to other parts of area 5, area 7, LPC, motor cortices, and superior temporal gyrus (164). 

Neurons in area 5L have been shown to encode texture and object shape (2, 171) but lesions in 

this area have only modest effects on animals’ ability to discriminate passively presented textures 

(255, 271), consistent with its putative role in the planning of grasping and other manual 

behaviors that require information about shape and texture (124, 128, 129, 299). During a grasp, 

neurons in area 5L respond strongly during the approach, their response peaks during the grasp, 

and then drops during the lift, with a majority inhibited during hold (124). Neurons in area 5L 

show evidence for synergies between reaching and grasping that may facilitate smooth, 

coordinated actions of the arm and hand (55). Ablation or lesions of area 5L interferes with the 
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ability to orient the hand to grasp (271). Interestingly, area 5L neurons respond during reaching 

even if the animal is de-afferented, showing again the tight interplay between area 5L and motor 

areas (332).  

PARIETAL REACH REGION 

The parietal reach region (PRR) is found in the medial aspect of area 5 (Figure 1.4A), located in 

part in the convexity of the superior parietal lobule (region also named PEc) and partially buried 

in the IPS (a region also named MIP). PRR probably contains multiple fields, the precise 

boundaries and locations of which remain vague. PRR receives major input from area 5L, as well 

as inputs from other parietal visual areas (areas 7a and V6A, just caudal to it). PRR projects to 

areas 7a and 7b and is strongly reciprocally connected with the dorsal premotor cortex (227, 

237, 272). Neurons in PRR respond to passive somatosensory stimulation, in particular 

movements of the joints (26) with RFs located on the arm. PRR neurons also respond to visual 

stimuli (343) and most are multisensory (visual and somatosensory). In active reaching tasks, PRR 

cells are strongly activated before and during reaching movements and their responses are 

typically tuned for movement direction (200, 201). In light of these observations, PRR is thought 

to encode cognitive signals related to the direction of intended arm movement (5, 340) and 

movement-related sensory feedback. Ablation of PRR only has only modest effects on tactile 

discrimination (255) and inactivation of PRR causes impairments in reaching (162).  

AREA 7B 

Area 7b is located in the lateral aspect of area 7 (Figure 1.4A), in part on the convexity of the 

inferior parietal lobule, caudal to area 2, and in part buried in the lateral sulcus (a region also 
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denoted 7op), adjacent to LPC (214). Area 7b is strongly and reciprocally connected with area 5 

and LPC (259, 260). The rostral part of area 7b (PF) is primarily connected with somatosensory 

areas while the caudal part (PFG) also receives inputs from multiple visual areas (MST, temporal 

visual areas and lateral intraparietal area) (4, 320). Area 7b also receives input from thalamic 

pulvinar areas (116, 273, 381) and projects to frontal and pre-motor areas as well as caudal PPC 

(144). While some neurons only respond during voluntary movements, the majority of neurons 

in area 7b also respond to imposed movements of the joints and to tactile stimuli, some respond 

to visual stimuli, and some to both (4, 89, 223, 251, 311). Furthermore, some neurons respond 

to both tactile and thermal or nociceptive stimuli, and a few to only nociceptive stimuli (89, 310).  

RFs in area 7b are generally large but vary greatly in size (from single digit to whole hand or even 

whole arm). The RFs follow a crude somatotopic organization, with the head represented in the 

anterior portion of area 7b, aligned with the head representation of area 2, and the hand, arm, 

and trunk representations further posterior (163, 223, 224). Little is known about the functional 

properties of neurons in area 7b, though some qualitative similarities have been reported in the 

response properties of areas 7b and 5L (124). 

1.4.4 | TOP-DOWN MODULATION OF APC 

As mentioned above, APC projections to thalamus exert a strong influence on the response 

properties of thalamic neurons. Such top-down modulation is also observed from PPC to APC. 

In fact, PPC sends cortico-cortical projections to APC (33) and cortico-thalamic projections to Pla 

of the thalamus (43, 381, 393), which in turn projects back to APC (areas 1 and 2)(68, 217) and 

these feedback loops between PPC and APC exert a strong influence on the response properties 
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of APC neurons. Indeed, reversible inactivation of areas 5L or 7b results in an expansion of RFs 

in areas 1 and 2 (64) and can increase or decrease the cutaneous sensitivity of individual APC 

neurons (140). This powerful top down effect from PPC to APC stands in contrast to that from 

LPC to APC: LPC lesions seem to have negligible effects on APC responses (285, 395). 

1.5 | SENSORY CODING IN SOMATOSENSORY CORTEX 

1.5.1 | VIBRATION 

FREQUENCY 

Vibratory stimuli – mechanical sinusoids in particular – have been used extensively to probe 

tactile sensibility, inspired by the use of auditory pure tones to probe hearing. As summarized 

above, the different classes of tactile nerve fibers have different sensitivity profiles, with SA1 

fibers tending to be more sensitive at the low frequencies (~5Hz), PC fibers peaking in sensitivity 

at around 250 Hz, and RA fibers preferring intermediate frequencies (355). A striking aspect of 

afferent responses to skin vibrations is that they exhibit phase locked responses to periodic 

vibratory stimuli – that is, they produce one spike or burst of spikes within a restricted portion of 

each stimulus cycle – as do their counterparts in the auditory nerve (112, 113, 355) (Figure 1.9A). 

This temporal patterning in afferent responses carries information about the frequency 

composition of vibratory stimuli applied to the skin (21, 233). 

 

APC neurons also exhibit phase locking to low-frequency sinusoids (Figure 1.9B), but the fidelity 

of the phase locking decreases rapidly as vibratory frequency increases: the vast majority of APC 

neurons entrain at 1 Hz, but only a small proportion of them is capable of following a 300 Hz 
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stimulus (152, 252). Surprisingly, a small fraction of neurons (4%) can phase lock to vibrations 

with frequencies up to 800 Hz (149). For low-frequency stimuli, the spike rates of individual APC 

neurons increase or decrease monotonically with frequency and the inter-spike or inter-burst 

intervals decrease systematically, so frequency information is conveyed in the strength of the 

response (firing rate) as well as in its temporal patterning (phase locking) (152, 330) (Figure 1.9B). 

At high frequencies, on the other hand, firing rates become frequency independent while the 

patterning is preserved in a subpopulation of neurons, which carries information about stimulus 

frequency. The ability of human and monkeys to perceive stimulus frequency above 100 Hz is 

thus mediated by the temporally patterned responses of this subpopulation of phase-locking 

neurons (149), a range of frequencies that may be implicated in the perception of texture (12, 

380). 

The responses of LPC neurons to mechanical sinusoids also exhibit phase locking, though weaker 

than that observed in APC. Indeed, vibration-sensitive LPC neurons phase lock to sinusoids with 

frequencies below 10 Hz, though some can follow frequencies up to 50-75 Hz, and fewer still up 

to 300 Hz (36). On the other hand, frequency is robustly encoded in the firing rates of LPC 

neurons, with rates either monotonically increasing or decreasing with increases in frequency 

(312), at least in the flutter range (< 50 Hz). The weak phase locking and strong rate coding of 

frequency in LPC has been interpreted as implying that frequency is encoded entirely in neuronal 

firing rates (330), which implies a progressive conversion from a temporal to rate code as one 

ascends the somatosensory neuraxis. This progression of neural codes has also been observed 

along the auditory neuraxis and may reflect a general principle of sensory processing (324).  
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AMPLITUDE 

At the somatosensory periphery, the strength of the response of most tactile fibers to a vibration 

is dependent not only on its amplitude but also on its frequency, so the amplitude information 

 

Figure 1.9. Temporal patterning in peripheral and cortical responses to sinusoidal vibrations 
applied to the skin A| Typical response of peripheral afferents (two SAI in green, two RA in 
blue and two PC in orange) to sinusoidal vibrations (amplitude = 250 microns) of different 
frequencies applied in the center of their RF. The responses of tactile fibers are strongly 
phase-locked to the stimulus and highly repeatable. Data from (253) B| Responses  of two 
typical APC neurons to sinusoidal vibrations. APC neurons show various degrees of phase-
locking and greater trial-to-trial variability. Within this low-frequency range, the frequency of 
the stimulus can be extracted from both the temporal patterning of the response and the 
mean firing rate. Reproduced from (152, 315). 
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carried in the firing rates of any one population of tactile fibers is ambiguous. Rather, the intensity 

of skin vibrations is encoded in the firing rate evoked in all tactile nerve fibers, weighted by fiber 

type (253). In APC, neuronal responses to skin vibrations are also frequency-dependent up to 

about 50 Hz. Over this frequency range, firing rates are modulated by stimulus amplitude, but 

also by stimulus frequency, as discussed above (152, 330) so it is unclear how these two stimulus 

dimensions can be independently decoded by downstream structures. In contrast, the firing rates 

of APC neurons evoked by high-frequency skin vibrations (above 50 Hz) increase with vibratory 

amplitude – with rate intensity functions well approximated using a rectified logarithmic function 

– but do not depend on stimulus frequency (149). Therefore, spike count (at the single unit or 

population level) faithfully encodes vibratory amplitude independent of frequency at frequencies 

above about 50 Hz. 

1.5.2 | TANGENTIAL/SHEAR FORCES 

When we manipulate objects, forces are not just exerted normal to the surface of the skin but 

also parallel to it. The normal force – which corresponds to grip force in object grasping – is the 

force applied perpendicularly to the object surface. The tangential force – corresponding to load 

force –, is the reaction force acting parallel to the object’s surface and often exerted by gravity 

(184). The responses of tactile afferents to tangential forces are in part dependent on the 

direction in which the tangential forces are exerted: Afferents respond maximally to forces 

exerted in a specific direction and less so to forces exerted in other directions (19, 382), and their 

responses are also modulated by the magnitude of the tangential force (382). The majority of 

APC neurons (85%) produce responses that are dependent on the magnitude and direction of 
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shear forces applied on or near their RFs (110). In the context of active movements, some neurons 

encode normal forces, others tangential forces, and some both (327–329). Interestingly, some 

neurons seem to carry information about friction, the ratio between tangential and normal force 

needed to achieve movement (111). 

1.5.3 | SHAPE 

When we grasp an object, we can sense its three dimensional structure based on somatosensory 

signals from the hand (391). Stereognosis relies on the integration of cutaneous information 

about local shape at each point of contact between skin and object and proprioceptive 

information about global shape from the relative position of these different contact points. In 

this section, we examine how information about local shape – stemming from local deformations 

of the skin – is processed in somatosensory cortex. In the stereognosis section below, we discuss 

what little is known about stereognosis. 

In both vision and touch, the shape of objects is reflected in a spatial pattern of activation across 

the receptor sheet, in the retina and in the skin, respectively (142, 190) (Figure 1.10A). In primary 

visual cortex, a preponderance of neurons respond preferentially to the presence of an edge at 

a specific orientation in their RF, with a smooth drop off in response strength when the 

orientation of the bar deviates from this preferred orientation. In other words, the visual scene is 

parsed into a set of oriented contours, which forms the basis for downstream processing, a 

representation that is thought to be optimal given the statistics of the visual world  and 

sparseness constraints (268). Similarly, a large fraction of APC neurons (40 to 60%) exhibit 

orientation tuning for edges indented into the skin (Figure 1.10B), with a slightly larger fraction 
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in area 1 than area 3b (11). As the tuning width of V1 neurons is invariant with respect to contrast, 

the tuning width of APC neurons is invariant with respect to depth of indentation, the tactile 

equivalent of visual contrast. The two sensory systems thus seem to implement similar 

mechanisms to extract orientation information, a phenomenon that can be at least in part 

attributed to the RF structure of APC and V1 neurons: RFs consist of excitatory regions flanked 

by inhibitory ones (or vice versa) and can be approximated using Gabor filters. Orientation tuning 

is somewhat broader in APC than in V1 and, perceptually, angular acuity is coarser in touch than 

vision for stimuli of comparable size presented passively (4- vs. 20-degree angular threshold in 

vision and touch, respectively) (14). Interestingly, tactile orientation acuity is much higher when 

measured in the context of an active orienting task (292). 
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One of the well-known principles that governs the processing of visual shape is that of 

hierarchical processing: Neurons at successive layers of processing have progressively larger RFs 

and progressively more complex feature selectivity that is progressively more invariant with 

 

Figure 1.10. Spatial processing in the somatosensory system. A| Reconstructed response of 
tactile nerve fibers to embossed letters scanned across the skin. As in the retina, the spatial 
configuration of the stimulus is reflected in the spatial pattern of activation it evokes in SA1 
and RA populations. Reproduced from ref. (283) B| Responses of a neuron in area 3b to 
oriented edges indented into the skin (8 orientations, three indentation depths). This neuron 
is strongly tuned for edge orientation, as are neurons in primary visual cortex. Reproduced 
from ref. (11) C| Responses of an LPC neuron to curvatures indented into the skin. This neuron 
prefers intermediate curvatures with the convex end pointing proximally. This type of feature 
selectivity is not observed in early stages of cortical processing (e.g., in area 3b). Reproduced 
from (392) D| Responses of an LPC neuron to bars indented into the skin. This neuron exhibits 
the similar preferred orientation over large swaths of skin (position-invariant orientation 
tuning). Reproduced from (107). 
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respect to other stimulus features. The same principle operates in the processing of tactile shape 

along the somatosensory neuraxis. Indeed, neurons in area 2 exhibit tuning for curved shapes – 

comprising multiple orientations – a complex selectivity that is not observed in areas 3b and 1 

and is even more pronounced in LPC (390, 392)(Figure 1.10C). Furthermore, neurons in LPC 

exhibit orientation tuning over wide swaths of skin, with a consistent orientation preference 

across their RFs, reflecting increased position-invariance with respect to their APC counterparts 

(107) (Figure 1.10D). Lesions of LPC lead to an impairment in shape discrimination, as do lesions 

in area 2 (255), confirming that these two areas are part of a tactile shape processing pathway. 

1.5.4 | MOTION 

Tool use and, more generally, object interactions often involve motion between skin and object. 

Furthermore, to sense the shape of an object or its texture requires movement between skin and 

object (221). Not surprisingly, then, cutaneous cues convey information about the velocity of 

relative movement between skin and surface. Indeed, human subjects can discriminate the 

direction (100, 102, 278) or the speed (15, 101, 383) of movement across the skin.  

As is the case with shape perception, the neural mechanisms underlying motion perception are 

remarkably analogous in vision and touch (269, 276). Indeed, a subpopulation of APC neurons is 

tuned for motion direction (65, 126, 277, 377), as are many V1 neurons (Figure 1.11A). In area 

3b, direction-selective neurons are maximally sensitive to oriented bars moving across their RFs 

but these neurons cannot signal the direction of a stimulus comprising multiple orientations. 

Indeed, given their small RFs, they are subject to the aperture problem (Figure 1.11B). That is, 

any one straight edge of a moving object conveys information only about the motion component 
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perpendicular to that edge’s orientation. Due to its small RF, a single neuron in area 3b will 

respond to only one of an object’s many edges, and will therefore convey erroneous information 

about the object’s global direction of motion (Figure 1.11C). Most direction selective neurons in 

primary visual cortex are subject to the same limitation.  
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Figure 1.11. Motion coding in APC. A| Direction tuning of a neuron in area 3b to bars scanned 
across its receptive field. Adapted from (277). B| The geometry of the aperture problem. The 
orange arrows show the actual motion of the bar; the blue arrow shows the motion of the bar 
as observed through the circular aperture (dashed circle). When an edge is observed through 
a circular aperture, the only available information about its direction of motion is along the 
axis perpendicular to its orientation. In other words, no time-varying information is conveyed 
along the parallel axis. In the example, a bar oriented at 45° and moving upwards at speed s 
seems to be moving up and to the right with speed s = sin(45°). Neurons in early stages of 
processing (APC or V1) experience the portion of a stimulus that impinges upon their small 
RFs, so through the equivalent of an aperture. C| Response of a neuron in area 1 that responds 
to the motion of the component gratings but not to the global motion of the plaid. This 
neuron will respond if either of the component gratings is moving in its preferred direction. 
D| Response of a neuron in area 1 that responds to the global motion of the plaid. This 
neuron’s response reflects the integration of local motion cues, each subject to the aperture 
problem, except those emanating from intersections, which convey unambiguous information 
about motion direction. Reproduced from (278). 
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In contrast, some neurons in area 1 integrate information across locally ambiguous motion cues 

and therefore carry a global motion signal (277) (Figure 1.11D). This ability to recover global 

motion is analogous to that of direction selective neurons in medial temporal cortex, a brain 

region specialized for visual motion processing. In fact, the algorithm that is implemented in 

somatosensory cortex to compute the global direction of tactile motion seems to be identical to 

its visual counterpart: Motion signals from edges, subject to the aperture problem, and motion 

signals from terminators (intersections, corners), which convey more reliable information about 

motion, are integrated using a vector average computation to estimate the global direction of 

motion. Finally, the responses of APC neurons can account for the ability of human observers to 

judge the direction of movement across a variety of psychophysical paradigms (276, 277), as has 

been found with MT neurons (28, 29). 

APC neurons are sensitive not only to motion direction but also to motion speed. Indeed, the 

responses of a large fraction of neurons increase as the speed at which a textured surface is 

scanned across the skin increases (78). Most of these speed-sensitive neurons also modulate their 

response to surface texture so the speed signal is confounded by a texture one, particularly in 

area 3b. This ambiguity between speed and texture is also reflected in psychophysical judgments 

of speed, which are also influenced by texture (77). Interestingly, judgments of texture are largely 

independent of speed (24, 220, 242). 

1.5.5 | TEXTURE 

Our sense of touch endows us with an exquisite sensitivity to surface microstructure which allows 

us to distinguish satin, from silk, from sandpaper. In fact, we can discriminate textures with 



 53 

element sizes differing in the tens of nanometers or with spatial periods differing in the hundreds 

of nanometers (338). Tangible textures thus span a huge range of spatial scales from tens of 

nanometers to about a centimeter—almost six orders of magnitude. This wide dynamic range is 

possible because texture perception relies on two distinct mechanisms, each best suited to 

encode texture over a subrange. The coarse features of a texture produce millimeter-scale 

deformations in the skin, which evoke a spatial pattern of activation in SA1 (and perhaps RA) 

fibers. This spatial code can account for the roughness of surfaces that comprise only such 

features, for example gratings and Braille-like embossed dot patterns (62, 63, 141). However, 

SA1 fibers are almost completely insensitive to finer textural elements. The perception of these 

fine features requires movement between skin and surface (155), which in turn elicits texture- and 

speed-dependent vibrations in the skin (12, 13, 75, 235). These texture-elicited vibrations evoke 

temporal spiking patterns in mechanoreceptive afferents, particularly RA and PC fibers, which 

carry information about fine texture at millisecond time scales (233, 380). This combination of 

spatial coding for coarse textural features and temporal coding for fine ones accounts for the 

wide dynamic range of tangible textures. 

The cortical mechanisms that mediate tactile texture perception have not been conclusively 

elucidated. To date, experiments investigating texture coding in cortex used gratings (37, 74, 

336, 378) and Braille-like embossed dot patterns (25, 53) as stimuli, which robustly engage SA1 

fibers and discount the contribution of signals from other nerve fibers (380). With this caveat, the 

responses of APC neurons to gratings and dot patterns have been shown to be modulated by 

the spatial period of the stimuli. However, a subset of these neurons seems to track the perceived 
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roughness of such textures (25, 53), consistent with the hypothesis that they are causally 

implicated in texture perception. Furthermore, lesions of area 1 result in pronounced deficits in 

texture discrimination (297, 334, 335), so this area may be part of a pathway specialized for 

texture processing. 

The RF structure of cortical neurons may provide clues as to how texture information is encoded 

in cortex. As mentioned above, many neurons in APC have RFs comprising excitatory subfields 

flanked by inhibitory ones (82). The precise structure and scale of these RFs varies from neuron 

to neuron, so APC neurons can be thought of as spatial filters, each differentially sensitive to a 

textured surface depending on its spatial properties. This category of neurons is well suited to 

encode coarse spatial features. Some APC neurons integrate signals from RA and PC fibers and 

do so in different ways (323). These neurons can be thought of as temporal filters, which each 

respond to skin vibrations, and by extension textures comprising fine features, in different ways. 

Neurons with idiosyncratic spatial or temporal RF properties thus respond idiosyncratically to a 

textured surface depending on the spatial scale of its coarse features and on the properties of 

the vibrations that are elicited in the skin by its fine features, respectively. 

LPC responses to gratings are modulated by groove width as well as contact force, and/or 

scanning speed (291). An individual neuron is likely to respond to two or even three of these 

parameters, sometimes in an additive manner, and sometimes in more complex ways. LPC is 

implicated in texture perception as evidenced by the modulation of LPC responses by both 

groove width and contact force, two parameters known to determine the perceived roughness 

of gratings (219, 222, 359), and by the impairment in roughness discrimination caused by lesions 
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of LPC (255). Furthermore, some LPC neurons encode the presence, but not magnitude, of a 

change in the spatial pattern of a texture, in a same/different task, another example of task-

specific modulation (181). 

1.5.6 | STEREOGNOSIS 

A fascinating aspect of somatosensation is that it comprises a deformable sensory sheet: changes 

in hand posture reconfigure the positions of cutaneous mechanoreceptors with respect to one 

another. To interpret signals from cutaneous mechanoreceptors thus requires taking into account 

their positions relative to one another (156, 306). This integration of touch and proprioception is 

particularly critical for stereognosis, the ability to sense the three dimensional structure of objects 

grasped in the hand: Cutaneous input from each fingertip contacting the object provides a 

snapshot of its shape at each contact point (local edge orientation or surface curvature, e.g.), 

and the relative position of the fingertips conveys information of the size and global shape of the 

object, as well as about the relative position of the local features relative to one another.  

Virtually nothing is known about how this takes place in the somatosensory system. However, 

area 2 is the first location along the somatosensory neuraxis where neurons exhibit both 

cutaneous and proprioceptive responses (165, 171, 172, 206). That is, their firing rates are 

modulated both by light touch and joint configuration (Figure 1.12) so the process of 

constructing a three dimensional representation of objects likely begins there. Some evidence 

suggests that cutaneous and proprioceptive inputs interact in complex ways in area 2, and the 

temporal progression of these interactions may reflect the dynamics of a circuit involved in 

stereognosis (206). However, stereognosis requires active movements (221) but the challenges 
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associated with tracking both hand postures and contact events have, to date, precluded the 

study of active stereognosis.  

1.6 | ATTENTION AND DECISION MAKING IN THE SOMATOSENSORY SYSTEM 

Our bodies are constantly and simultaneously touched in many ways – through contact with our 

clothes, the ground, grasped objects, etc. – most of which are of little relevance at any given 

time. As is the case in other sensory modalities, certain sources of sensory input can be magnified 

relative to others through the deployment of attention. The consequences of attention on 

neuronal responses are typically probed by presenting a stimulus that is relevant to the 

performance of a task (and so attention is deployed towards it) or that is not (and so attention is 

 

Figure 1.12. Neuron in area 2 that exhibits both tactile and proprioceptive responses (courtesy 
of Sung Soo Kim, see (206)). This neuron’s activity is modulated when the hand is placed in 
different configurations using a motorized apparatus (left panel). However, responses are 
further modulated by cutaneous stimulation, consisting of edges indented into the skin (right 
panel). The neuron’s response is a complex function of hand conformation and cutaneous 
input. 
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diverted away from it, to another sensory stimulus for example). Comparison of responses to the 

same stimulus in the attended vs. unattended conditions, then, reveals the effects of attention. 

In visual cortex, for example, responses to the attended stimulus have been shown to be 

enhanced relative to those to the same stimulus, unattended (232, 247, 369).  

Attention is thought to enhance the contrast of behaviorally relevant inputs by increasing the 

gain for cells that play a role in detecting a stimulus at a particular location on the skin (52). 

Responses of neurons in the early stages of somatosensory processing to a stimulus are relatively 

impervious to modulations by behavioral relevance. Indeed, responses to a stimulus in VP (VPL 

and VPM, thalamus) are equivalent whether the animal is attending to it or not (41, 368, 373). As 

few as 16% and as many 50% of APC neurons have been reported to show attentional 

modulation (38, 157, 244). Caudal APC exhibits a greater degree of attentional modulation than 

does rostral APC, again consistent with their respective positions along the somatosensory 

hierarchy (167, 168, 244) as attentional effects tend to be stronger in higher sensory areas (239). 

The type and magnitude of these effects varies across studies, with some reporting that nearly 

all attentionally modulated neurons show enhanced activity (157, 244) and others observing 

mostly suppressed activity (38). The proportion of attention-sensitive cells is greater in LPC than 

in APC, ranging from 60-80% (39, 157, 244) and the magnitude of the attentional effects are 

greater in LPC. Enhancement of activity seen in LPC seems to target neurons that encode 

behaviorally relevant stimulus features, e.g. texture, while attentional gain increases in APC 

neurons are less stimulus dependent (244), perhaps reflecting the weaker feature selectivity at 

earlier stages of cortical processing.  



 58 

Increases in neural synchrony constitute another neural correlate of attention in the sensory 

cortices (319, 345). That is, the degree to which nearby neurons fire in synchrony increases with 

selective attention. Such observations have been made in APC (257), in LPC (319, 345), in 

posterior parietal cortex (79), and in other sensory modalities (e.g. visual cortex , 120).  

1.7 | AFFECTIVE TOUCH 

Touch plays a critical role in emotion and affective communication: we touch the people we care 

about and derive comfort from the touch of a loved one (153). The importance of touch is 

highlighted in studies showing that the texture of a mother surrogate has a major impact on its 

effectiveness as a surrogate, and deprivation of affective touch during development leads to 

severe emotional problems (147, 148, 379). Affective touch is mediated by fundamentally 

different neural mechanisms than is discriminative touch (241). First, affective touch may rely, at 

least in part, on different receptors. Indeed, C-tactile afferents, which innervate the hairy skin, 

respond most strongly to stimuli brushed across the skin that are experienced as pleasant (229), 

suggesting that these nerve fibers convey information about the affective quality of a stimulus 

rather than its physical properties. Second, signals from these fibers have been shown to bypass 

APC (45, 266, 267) and instead target the insula, which is associated with affective coding (22, 

248). While C-tactile afferent fibers do not innervate the glabrous skin, it is commonly observed 

that touch with the glabrous skin can also be perceived as pleasant (208, 209). Pleasant touch 

involving the glabrous skin may thus be processed separately from its hairy skin counterpart, the 

former by somatosensory cortex, the latter by the limbic system (134, 240). Affective touch with 

the glabrous skin typically involves self-generated movement while affective touch with the hairy 
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skin results from external stimulation, which may explain why the two categories of touch are 

processed separately. 

1.8 | ARTIFICIAL SOMATOSENSATION THROUGH INTRACORTICAL MICROSTIMUTION IN APC 

When Wilder Penfield and colleagues applied electrical stimuli to the surface of APC searching 

for epileptic foci, patients reported tactile sensations, the location of which depended 

systematically on where the stimulus was delivered (279). Later, Romo and colleagues showed 

that monkeys could learn to distinguish the frequency of low-amplitude electrical pulse trains 

delivered to APC (313). In other words, changes in one stimulation parameter – frequency – 

systematically changed the evoked sensory experience. While this work had important scientific 

implications about how stimulus information is encoded in the nervous system, it also laid the 

foundation for somatosensory neuroprostheses. Indeed, one approach to restoring some 

independence to tetraplegic patients – who are paralyzed and insensate from the neck down – 

is to equip them with prosthetic arms that they can control by thought alone. The development 

of anthropomorphic robotic limbs and of algorithms to decode intended movements from brain 

signals led to a much more sophisticated movement repertoire (61). This newfound function 

established the need to restore somatosensation, without which movements are slow, clumsy, 

and effortful (139, 325).  

In experiments with monkeys (353), intracortical microstimulation (ICMS) was shown to elicit 

percepts that are highly localized – to a single fingerpad or palmar whorl – much more so than 

are percepts evoked by electrical stimulation of the surface of APC, as in Penfield’s experiments 

(191, 353). The somatotopic map within APC can thus be exploited to intuitively convey 
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information about the points of contact between prosthetic hand and object. Furthermore, 

changes in ICMS amplitude produce systematic changes in the magnitude of the evoked 

sensation, a phenomenon that can be used to intuitively convey information about contact 

pressure (18, 205, 353, 354). The success of primate studies has led to the deployment of this 

approach in human patients, who report tactile sensations that are nearly natural (108, 207).  

The development of artificial proprioception is more challenging because much less is known 

about the cortical basis for natural proprioception. However, monkeys are able to detect and 

discriminate different patterns of electrical stimulation applied to area 3a (230), and some 

evidence even suggests that stimulation of neurons that are selective for a particular direction of 

limb movement biases the monkeys’ perceived limb movement towards that direction of 

movement (361). This latter finding suggests that it may be possible to create sensations of 

directed limb movement by stimulating populations of APC neurons with consistent preferred 

directions to track the movements of the prosthesis. If tapping into natural proprioceptive 

representations proves too challenging, it may be possible to develop novel but systematic 

mappings between limb state and ICMS-evoked patterns of neuronal activation that the patients 

would have to learn (69). Whether learning-based approaches will scale to accommodate the 

complexity of a limb remains to be seen (76).  

The inclusion of artificial touch and proprioception in brain-controlled prostheses will be an 

important step in improving the dexterity conferred to their users. 
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CHAPTER 2 | TEXTURE IS ENCODED IN PRECISE TEMPORAL SPIKING PATTERNS IN SOMATOSENSORY 

CORTEX2 

We are exquisitely sensitive to the microstructure and material properties of surfaces. In the 

peripheral nerves, two separate mechanisms convey texture information: coarse textural features 

are encoded in spatial patterns of activation that reflect their spatial layout and fine features are 

encoded in highly repeatable, texture specific temporal spiking patterns evoked as the skin 

moves across the surface. In the present study, we examined whether this temporal code is 

preserved in the responses of neurons in somatosensory cortex. To this end, we scanned a 

diverse set of everyday textures across the fingertip of awake macaques while recording the 

responses evoked in individual cortical neurons. We found that temporal spiking patterns are 

highly repeatable across multiple presentations of the same texture, with millisecond precision. 

As a result, texture identity can be reliably decoded from the temporal patterns themselves, even 

after information carried in the spike rates is eliminated. However, a neural code that combines 

rate and timing is more informative than either code in isolation. The temporal precision of the 

texture response is heterogenous across cortical neurons and depends on the submodality 

composition of their input and on their location along the somatosensory neuraxis. Furthermore, 

temporal spiking patterns in cortex dilate and contract with decreases and increases in scanning 

speed and this systematic relationship between speed and patterning may contribute to the 

observed perceptual invariance to speed. Finally, we find that the quality of a texture percept 

 
2 This chapter is under review at Nature Communications and published on biorXiv at 
https://doi.org/10.1101/2021.04.11.439354 
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can be better predicted when these temporal patterns are taken into consideration. We conclude 

that high-precision spike timing complements rate-based signals to encode texture in 

somatosensory cortex.  

2. 1 | INTRODUCTION 

Spike timing at the level of single milliseconds has been shown to carry stimulus information in 

the somatosensory nerves (Saal et al., 2016). For example, the frequency composition of skin 

vibrations is encoded in the phase locked responses of individual nerve fibers (birznieks, I. and 

Vickery, R.M., 2017; Mackevicius et al., 2012; Talbot et al., 1968) and is observed for frequencies 

up to 1000 Hz in a subpopulation of nerve fibers, namely Pacinian corpuscle-associated (PC) 

fibers. Temporal coding of vibratory frequency is also observed in somatosensory cortex and is 

particularly prominent in neurons that receive a preponderance of their input from PC fibers 

(Harvey et al., 2013; Saal et al., 2015). The preservation of spike timing in cortex at this level of 

precision is surprising given that these signals have already passed through several synapses, 

including the cuneate nucleus, and the thalamus (Dykes et al., 1982; Krubitzer and Kaas, 1992; 

Padberg et al., 2009; Rinvik and Walberg, 1975). Note, however, that similar precision is 

observed in rodent barrel cortex (Celikel et al., 2004; Jadhav et al., 2009; Panzeri et al., 2001; 

Zuo et al., 2015) and along the auditory neuraxis with equivalent synaptic passes (Kayser et al., 

2010; Phillips et al., 2002; Saal et al., 2016; Wehr and Zador, 2003). 

By extension, the perception of texture – particularly of fine texture – is supported by a temporal 

code. Indeed, scanning a textured surface across the fingertip leads to the elicitation of vibrations 

in the skin that reflect the spatial structure of the surface (BensmaIa and Hollins, 2003; Manfredi 
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et al., 2014) and depend on the speed at which it is scanned (Greenspon et al., 2020). The 

frequency-composition of these texture-elicited vibrations is encoded in temporally patterned 

responses in vibration-sensitive nerve fibers, including PC fibers (Weber et al., 2013). As a result, 

afferent responses are much more informative about texture identity when spike timing is taken 

into consideration than when it is not (Weber et al., 2013). The responses of neurons in 

somatosensory cortex, particularly those that receive strong PC input, have also been shown to 

exhibit temporal patterning (Lieber and Bensmaia, 2019). However, the reliability of this 

patterning, its informativeness about texture, or its relation to perception have never been 

investigated. To fill these gaps, we first gauge the precision and reliability of the temporal 

patterning in cortical responses to texture. Second, we assess the degree to which and the 

temporal resolution at which texture information is encoded in temporal spiking patterns in 

cortex. Third, we examine how texture-specific temporal spiking patterns change with changes 

in scanning speed. Finally, we examine the degree to which temporal spiking patterns are 

predictive of the resulting texture percepts.  

2.2 | RESULTS 

We recorded the responses of 141 neurons in somatosensory cortex (SC) of 2 monkeys – 35 in 

Brodmann’s area 3b, 81 in area 1, and 25 in area 2 – as we scanned each of 59 diverse, everyday 

textures across the fingertips with precisely controlled speed and contact force (Lieber and 

Bensmaia, 2019, 2020) (Supplemental Table 1). 
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2.2.1 | RELIABILITY OF TEMPORAL PATTERNS IN SOMATOSENSORY CORTEX 

A temporal spiking pattern signals the presence of a stimulus to the extent that the pattern is 

reliably evoked when the stimulus is presented. In the peripheral nerves, the temporal patterning 

of texture-evoked responses is nearly identical across multiple repeats, yielding a robust 

 
Figure 2.1: Responses in somatosensory cortex are temporally precise. A| Responses of nine 
example neurons to five repeated presentations of nine (of 59) textures. Each color is a different 
texture, each row is the response of an individual neuron across five repeated presentations of 
that texture. B| Temporal variability across repeats of each texture in one example neuron. Each 
point represents the mean temporal variability (spike distance, evaluated at q=500, divided by 
rate) for one texture. C| Variability in the simulated response minus the variability in the measured 
responses for each amount of jitter for the example neuron shown in panel B. For most textures, 
measured responses are more reliable than simulated responses with jitter set to 5 ms. D| 
Cumulative distribution of the temporal resolutions of all neurons.  
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temporal code of texture identity (Weber et al., 2013). Having observed temporal patterning in 

the cortical responses to textures (Figure 2.1A), we quantified the reliability of this patterning 

across repeated presentations of the same texture and assessed its temporal fidelity. To these 

ends, we computed the dissimilarity between the responses of individual cortical neurons to 

repeated presentations of the same texture using a spike distance metric, which computes the 

cost of transforming one spike train into another (de Lafuente and Romo, 2006; Victor and 

Purpura, 1997). Varying the cost of shifting spikes in time allows us to manipulate the temporal 

resolution of this metric: At one extreme, small jitter in the spike timing drives large dissimilarity 

values; at the other extreme, spike trains differ only to the extent that they contain different 

numbers of spikes. If responses are temporally precise across repeated presentations of the same 

stimulus, the pairwise dissimilarity of the responses should be low, even when evaluated at a 

high temporal resolution. Even for large shifting costs, however, spike distance is driven in part 

by spike count. To isolate the contribution of spike timing to dissimilarity, then, we computed 

the spike distance metric for rate-matched simulated responses whose temporal precision could 

be systematically manipulated. In one case, responses were simulated using a Poisson model, 

thereby eliminating any information in spike timing. In the other case, a measured response was 

repeatedly jittered by a specific amount (Supplemental Figure S.2.1A). 

We first assessed the temporal precision by comparing real data to spike trains with imposed 

jitter. We compared each individual cell to its rate-matched jitter models, and we assessed the 

temporal variability for each presented texture (Figure 2.1B). For each neuron and texture, we 

then identified the amount of imposed jitter at which the temporal variability across simulated 
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responses exceeded that of the measured responses (Figure 1C, Supplemental Figure S.2.1B). 

For each neuron, the median of the distribution of temporal resolutions across textures was then 

taken to be the temporal resolution. We repeated this same analysis using the Poisson neurons 

to assess the resolution this approach would yield in the absence of temporal patterning. We 

found that most cortical neurons are more temporally precise than rate-matched Poisson 

neurons. Furthermore, the temporal precision resolution varied widely across neurons, though 

most neurons (75%) yielded temporal resolutions less than 5 ms (Figure 1D). 

2.2.2 | RATE VS TIMING CODES  

For a temporal pattern to signal the presence of a stimulus, it must not only be reliable, but it 

must also be stimulus specific. With this in mind, we assessed the degree to which we could 

classify textures based on temporal spiking patterns. To isolate the contribution of timing to 

texture identification, we implemented a classifier based on pairwise correlations of single-trial 

time-varying firing rates. In brief, a texture was correctly classified to the extent that the time-

varying response it evokes – the smoothed time-varying firing rate – is consistent across repeated 

presentations and different from responses evoked by other textures. For this analysis, we used 

cross-correlation as a metric of similarity between spike trains to exclude information carried by 

firing rate. By smoothing the spike trains with filters of varying width, we could vary the temporal 

resolution at which spiking similarity was compared across trials. In agreement with our temporal 

precision findings using jittered spike trains, we found that classification performance peaked at 

a high temporal resolution (<5 ms) in individual cortical cells (Figure 2.2A). As expected, 

simulated responses of Poisson neurons, which by design do not contain any temporal 
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patterning, yielded chance classification performance (Figure 2.2A, dashed lines). To further 

validate this approach, we verified that our classifiers’ performance peaked at the resolution 

matching the amount of jitter introduced in the simulated responses (Supplemental Figure S. 

2.3). 

 

Next, we compared rate coding, timing coding, and their combination. Because neurons vary in 

the precision of their temporal patterning, we evaluated the combination of rate and timing at 

 

Figure 2.2: Temporal spiking patterns in somatosensory cortex carry texture information. A| 
Classification performance is best at high temporal resolutions (1-5 ms). The temporal 
resolution denotes the standard deviation of the Gaussian filter used to smooth the neuronal 
response. Performance derived from an example neuron is shown in black, mean performance 
across all cortical neurons is shown in blue, mean performance from rate-matched Poisson 
simulated neurons is shown in grey. Simulated Poisson responses, which do not carry texture 
information in their timing, yield chance classification performance (1/59 textures ~ 2%). 
Shaded area denotes standard error of the mean. B| Single cell classification performance for 
all 141 neurons for rate (red), timing (blue), and their optimal combination (purple). Black 
points denote the example neuron shown in panel A. C| Classification performance with 
neuronal populations of different sizes; shaded area denotes standard deviation across 1000 
iterations at each sample size. Timing-based classification yields better performance than 
does its rate-based counterpart for small neuronal populations, but timing-based performance 
levels off at a much lower level than does rate-based performance. Rate is nearly perfect with 
even a small population of 50-100 cells, but a combination of rate and timing is better at any 
size population of cells and reaches 90% performance with only 13 cells (as compared to rate, 
which requires 29 cells). 
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each neuron’s optimal resolution and weighted rate and timing to optimize classification 

performance. We found that, at the single-cell level, classification performance based on rates 

alone was poorer than classification based on timing alone, but in every cell, performance with 

both rate and timing exceeded that with either code (Figure 2.2B).  

Finally, we assessed how these coding schemes scaled at the population level by assessing 

classification performance based on temporal and rate codes across neuronal samples of 

increasing size. To this end, we averaged the (inverted then standardized) correlation and rate 

difference for each pair of textures across the neuronal sample and then computed a weighted 

sum of the two distance matrices to obtain a distance metric that integrates timing and rate. We 

found that classifiers with both rate and timing reached asymptotic performance with fewer 

neurons than did classifiers with rate or timing in isolation and that timing-based classifiers 

leveled off at a lower performance level (Figure 2.2C). That is, to achieve 90% classification 

accuracy required 29 neurons with rate alone, 13 neurons with both rate and timing, and timing 

alone never yielded that level of accuracy. We also evaluated the performance of a population 

classifier in which timing and rate were equally rated and we found performance to be nearly 

indistinguishable from the weighted combination (Supplemental Figure S.2.4).   

2.2.3 | TEMPORAL CODING DEPENDS ON SUBMODALITY INPUT 

The glabrous skin of the hand is innervated by three main classes of nerve fibers, each of which 

terminates in a different type of mechanoreceptor, responds to a different aspect of skin 

deformation (Goodman and Bensmaia, 2020), and makes a distinct contribution to texture 

coding (Lieber et al., 2017; Weber et al., 2013). PC fibers transduce texture-elicited vibrations 
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into highly precise temporal spiking patterns; slowly-adapting afferents type-1 (SA1) fibers tend 

to respond to slower, larger skin deflections and, accordingly, reflect coarse textural features in 

their spatial pattern of activation; RA fibers exhibit response and texture-coding properties that 

are intermediate between those of PC and SA1 fibers (Weber et al., 2013).  

 

 

Figure 2.3: Heterogeneity of cortical timing is related to the submodality composition of a 
neuron’s input. A| Mean classification performance for individual PC-like neurons (n=12), SA1-
like neurons (n=25), and for all cortical neurons (n=141). PC-like responses allow for better 
classification than do SA1-like responses, and both are better than the simulated Poisson 
responses (dashed lines). Shaded regions denote standard error of the mean across neurons. 
B| Cumulative distribution of the peak temporal resolution for individual neurons. C-D| 
Population classification using rate, timing, and both for SA1-like neurons (C) or PC-like 
neurons (D). Shaded regions denote the standard deviation across 500 iterations. 
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Individual cortical neurons receive convergent input from multiple tactile submodalities (SA1, 

RA, PC) (Pei et al., 2009; Saal et al., 2015; Saal, H.P. and Bensmaia, S.J., 2020) and exhibit highly 

idiosyncratic responses to texture that can be explained in part by the nature of their afferent 

input (Lieber and Bensmaia, 2019, 2020). For example, cortical cells that receive dominant input 

from PC fibers are more likely to exhibit temporally patterned responses to textures than are 

cells that receive dominant input from SA1 fibers (Lieber and Bensmaia, 2019).  

With this in mind, we investigated the relationship between the submodality composition of a 

neuron’s afferent input and its tendency to convey texture information via precise spike timing. 

To this end, we first grouped cortical cells as PC-like or SA1-like based only on their pattern of 

texture-evoked firing rates. In brief, we regressed the response of each cortical neuron on the 

mean response of each class of nerve fiber and identified populations of neurons whose PC or 

SA1 regression coefficient was high (>0.8). Note that RA fibers exhibit response properties that 

are intermediate between those of PC and SA1 fibers so RA coefficients do not differentiate 

textural response properties in cortex. Importantly, the strategy adopted to group cortical 

neurons by dominant submodality did not take temporal patterning into consideration.  

First, we found that spiking patterns of PC-like cortical cells were far more informative than were 

those of SA1-like cortical cells, as expected given the relative propensities of PC and SA1 nerve 

fibers to exhibit temporal patterning (Mackevicius et al., 2012; Weber et al., 2013) (Figure 2.3A). 

Second, the informativeness of the responses of PC-like neurons always peaked at high temporal 

resolutions while that of SA1-like responses often did not (Figure 2.3B). Note that the high 

temporal resolutions of many SA1-like neurons could either reflect the contribution of (non-
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dominant) PC input or the maintained temporal reliability of some SA1 afferents across multiple 

repeats (Supplemental Figure S.2.7).  

Next, we compared the temporal coding in cortex to its counterpart in the nerves using a shared 

set of 24 textures (Supplemental Figure S.2.7). We found striking similarities between PC-like 

cortical cells and PC afferents: they yield similar classification performance with similar optimal 

temporal resolutions. Similarly, temporal coding is weak in both SA1 fibers and SA1-like cortical 

neurons, though spike timing in the former is more informative than in the latter. The contrast 

between the two populations of nerve fibers and their downstream targets is also observed at 

the population level. In small populations of both PC fibers and PC-like cortical cells, timing 

classification exceeds rate classification for any size population of cells (Figure 2.3D, 

Supplemental Figure S.2.6B,D). In contrast, populations of SA1 fibers and SA1-like cortical cells 

yield better classification performance with rate than with timing (Figure 2.3C, Supplemental 

Figure S.2.6A,C). These results bolster the hypothesis that the temporal coding properties of 

cortical neurons are inherited from their inputs. 
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2.2.4 | TEMPORAL PRECISION DECREASES AT SUCCESSIVE STAGES OF CORTICAL PROCESSING 

 

Nerve fibers exhibit responses to vibrations that are far more precisely phase-locked than do 

neurons in somatosensory cortex. This loss in spike timing precision is also observed at 

successive stages of processing in cortex (Harvey et al., 2013). Indeed, a subpopulation of 

neurons in Brodmann’s area 3b – the first stage of cortical processing – exhibits entrained 

responses to sinusoidal stimulation at frequencies up to 800 Hz; neurons in area 1, a downstream 

target of area 3b, are less susceptible to high-precision temporal patterning, and neurons in area 

2 even less so. Accordingly, we examined whether this progressive loss of temporal precision 

was also observed in cortical responses to texture. As expected, the preponderance of neurons 

that carry information about texture in spike timing decreased at successive stages of processing 

 

Figure 2.4. Differences in informativeness of temporal patterns across cortical fields. A| Mean 
timing-based classification for individual neurons in areas 3b (n = 35, blue), 1 (n = 81, red), and 
2 (n = 25, yellow). Shaded area represents standard error of the mean across neurons. Dashed 
lines on the right denote the mean classification performance based on firing rates for each 
area. B| Cumulative distribution of the best decoding resolutions separated for nerve fibers and 
cortical neurons.  
 
 
  



 103 

as evidenced by better spike-timing based texture classification in area 3b, followed by area 1 

then area 2 (Figure 2.4A, Supplemental Figure S.2.8). The weaker temporal patterning in higher 

cortical areas was not accompanied by a dramatic decrease in temporal resolution, however 

(Figure 2.4B), suggesting that, to the extent that temporal patterns propagate, their timescale is 

preserved. Notably, differences in the prevalence of temporally precise neurons across cortical 

fields is not driven by differences in submodality input. That is, area 3b contained the most 

temporally precise neurons despite the fact that none were classified as receiving dominant input 

from PC fibers (Supplemental Figure S.2.8).  

2.2.5 | ROBUSTNESS OF TEMPORAL CODES ACROSS CHANGES IN SCANNING SPEED 

In the nerve, temporal spiking patterns reflect vibrations elicited in the skin as the surface is 

scanned (Weber et al., 2013), which themselves depend on both the texture (Manfredi et al., 

2014) and the scanning speed (Greenspon et al., 2020). Indeed, texture-elicited skin vibrations 

systematically dilate and contract with decreases and increases in scanning speed, as do the 

evoked temporal spiking patterns in the nerve. In contrast, the perception of texture remains 

remarkably invariant to changes in scanning speed despite these speed-dependent changes in 

afferent responses (Boundy-Singer et al., 2017; Lederman, 1974; Meftah el-M et al., 2000). The 

systematic effects of speed on temporal patterning can be reversed by multiplying the inter-

spike intervals by the speed, thereby expressing spike trains in space rather than time. To test 

the impact of changing scanning speed on texture-elicited temporal spiking patterns, we 

recorded the responses of a subset of cortical neurons as 10 textures were scanned across the 

fingertip at a range of behaviorally relevant speeds (60 to 120 mm/s) (Callier et al., 2015). We 



 104 

then examined the degree to which the temporal patterning in the cortical response was speed 

dependent and assessed whether texture information could be extracted from these temporal 

patterns across speeds. 

 

 

Figure 2.5: Temporal spiking patterns depend on scanning speed. A| Responses of three 
example neurons to two different textures (City Lights, a fabric with fine textural features and 
coarse ridges, as well as a dot pattern). Colors denote scanning speed, with darker colors 
corresponding to faster speeds. On the left, spikes are plotted across time. On the right, 
spikes times are “warped” such that each spike is plotted per mm of the texture rather than 
ms in time (by multiplying inter-spike intervals with scanning speed). B| Timing-based 
classification of texture when trained on responses to textures presented at one speed (60, 
80, 100, or 120 mm/s) and tested either within speed cyan) or across speeds (dark blue). On 
the right, spike times are warped as in (A), and classifiers are trained and tested on these 
warped spike trains. Chance performance is 10% (dashed line). C| Mean classification based 
on timing (blue) or rate (red), within and across speeds. Two cross-speed classifiers were 
assessed; light bars represent unwarped (spikes / ms), dark bars represent warped (spikes / 
mm) spike trains. Error bars denote the standard deviation across neurons and speed 
combinations. D| Mean cross-speed population classification based on rate (unwarped), timing 
(warped), and an averaged combination of both. Shaded regions denote standard deviation 
across 1000 iterations of randomly sampled populations of neurons. 
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First, we replicated the finding, documented for tactile nerve fibers, that texture-elicited 

temporal spiking patterns scale systematically with scanning speed (Figure 2.5A). Indeed, spikes 

evoked by a given texture at different speeds could be aligned by expressing the neuronal 

response in space rather than time. To quantitatively assess the impact of scanning speed on the 

temporal code for texture, we trained timing-based classifiers on responses at one speed 

(training speed) and tested them at other speeds. Without warping the spike trains by speed, 

classification was approximately at chance level (Figure 2.5B, left; Figure 2.5C). When spike trains 

were warped by speed, the peak performance of cross-speed classifiers was almost equivalent 

to that of within-speed classifiers (Figure 2.5B, right, Figure 2.5C). In contrast, warping spike 

trains into spatial units decreased the performance of rate classifiers by overcompensating for 

the speed-dependent modulation of speed (Figure 2.5C).  

At the population level, combining rate and (warped) timing codes yields higher classification 

performance than does either code in isolation (Figure 2.5D) and this improvement cannot be 

accounted for by the increase in the number of predictors (Supplemental Figure S.2.9). 

Furthermore, population classification performance levels off at a higher level using both codes 

than it does with rate or timing alone, indicating that the timing code provides information not 

easily accessible in the rates, even in larger populations of neurons (Figure 2.5D).  

2.2.6 | TEMPORAL PATTERNING SHAPES TEXTURE PERCEPTION 

To establish a neural code requires not only to demonstrate that the neuronal signals carry 

information about stimuli but also that these neuronal signals covary with the perception of these 

stimuli. Having demonstrated that temporal patterning in cortical responses carries texture 
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information, we thus set out to gauge whether differences in these temporal patterns also relate 

to differences in the perception of texture. In other words, do textures feel different to the extent 

that they evoke different temporal patterns? To test this, we asked human subjects to rate the 

dissimilarity of pairs of 13 textures (Lieber and Bensmaia, 2019) (Supplemental Table 1). The 

advantage of this approach is that the ratings take into account every way in which each pair of 

textures might differ.  

First, we assessed the degree to which the perceived dissimilarity of a pair of textures could be 

predicted from differences in the firing rates evoked in the cortical population by the two 

textures. We found that rate differences were poor predictors of dissimilarity ratings 

(Supplemental Figure S.2.11B), as might be expected as population firing rate encodes 

roughness (Lieber and Bensmaia, 2019), one of many perceptual attributes of texture (Hollins et 

al., 2000). We might then expect that the contribution of roughness to dissimilarity would be 

subsumed by the population firing rate. Consistent with this hypothesis, we found that 

differences in population firing rate accounted for around 20% of the variance in the dissimilarity 

rating, as did differences in roughness ratings (Supplemental Figure S.2.11B,C).   

Second, we examined whether differences in temporal patterning might covary with perceptual 

dissimilarity. According to this hypothesis, two textures should feel dissimilar to the extent that 

the correlation between their PSTHs is low. Contrary to this prediction, we found this gauge of 

temporal dissimilarity to be a poor predictor of dissimilarity ratings (Supplemental Figure 

S.2.11D). However, this analysis averaged timing differences across the entire population, 

disregarding the fact that neurons vary widely in their susceptibility to carry texture information 
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in their timing. We reasoned that informative temporal patterning might be more susceptible to 

drive perception. To test this hypothesis, we limited the correlation-based analysis to the 

responses of PC-like neurons, which carry the most texture information in their temporal 

patterning. We found that timing differences in this neuronal population yielded far better 

predictions of perceived dissimilarity, far exceeding predictions based on the firing rates of this 

same neuronal population (Figure 2.6A, Supplemental Figure S.2.11E). However, because timing 

differences are most predictive of perception does not entail that they solely determine it. With 

this in mind, we investigated whether the combination of rate and timing might drive perception. 

To this end, we performed a multiple regression of rate and timing differences onto dissimilarity 

ratings, separating the regressors by cortical subpopulations (PC-like and SA1-like). We found 

that the combination of rate and timing distributed over PC-like and SA1 like neurons yielded 

the best prediction of dissimilarity (Figure 2.6B,C). In other words, perceived texture is shaped 

by both the rate and the timing of neurons across the entire cortical population. However, the 

timing of PC-like responses and the rate of SA1-like responses yielded predictions that were 

nearly equivalent to those of the full model, suggesting that these two texture signals – which 

happen to be the most informative about texture identity – also play a dominant role in giving 

rise to texture percepts. 
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2.3 | DISCUSSION 

2.3.1 | TEMPORAL CODING ALONG THE SOMATOSENSORY NEURAXIS 

A central question in neuroscience is whether the precise timing of spikes carries behaviorally 

relevant information. The somatosensory system is well suited to address this question because 

high-frequency deformations of the skin evoke responses in the nerve and in the brain that are 

repeatably patterned with millisecond precision (Saal et al., 2016). We can thus examine how 

informative this temporal patterning is at each stage of processing and the timescale at which 

stimulus information is carried. We have previously shown that temporal patterning in afferent 

responses conveys information about the frequency composition of skin vibrations (Mackevicius 

et al., 2012) and, by extension, about textures, particularly fine textures (Weber et al., 2013). The 

 

Figure 2.6: Temporal patterns predict texture perception. A| The correlation between the 
temporal spiking patterns evoked by texture pairs in PC-like neurons is negatively correlated with 
perceived dissimilarity of those same texture pairs. B| Mean squared error (MSE) of the prediction 
of perceived dissimilarity derived from a linear combination of rate and timing differences of 
increasing-size populations of SA1 and PC-like neurons. Grey line indicates a two-factor model 
that includes PC-like timing and SA1-like rate (grey), and this model performs almost as well as 
a model that includes all four factors (black trace, SA1- and PC-like, both rate and timing). C| 
Accuracy of the optimal model (average n=12 population response of SA1 rate and PC timing) 
in predicting perceived dissimilarity. Each circle represents one texture pair.  
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temporal precision varies across afferent classes: PC responses are most acute, on the order of 

2-5 ms, RA responses exhibit intermediate precision, around 5 ms, and SA1 responses carry little 

information in their timing. In the nerve, information about vibratory frequency and fine texture 

is not carried in the firing rates and the perception of vibration and texture cannot be accounted 

for based solely on rates (Mackevicius et al., 2012; Weber et al., 2013).  

The role of timing in cortex has been more controversial because cortical neurons exhibit much 

greater heterogeneity in their firing rate properties than do nerve fibers (Lieber and Bensmaia, 

2019). As a result, rate codes are far harder to disambiguate from temporal ones in cortex than 

in the nerve. Indeed, the responses of individual cortical neurons can be described as temporal 

filters – each implementing an idiosyncratic temporal differentiation operation on the afferent 

input –, which effectively signal the presence of specific temporal patterns in the input (Saal et 

al., 2015). As a result, some of the information carried in the timing is converted into a rate-based 

code by these neurons. The question is whether the remaining temporal patterning is still 

informative and behaviorally relevant. A case in point of this ambiguity is in the coding of 

vibratory frequency in somatosensory cortex. Cortical neurons have long been known to exhibit 

robust phase locking to vibrations (Harvey et al., 2013; Mountcastle et al., 1969; Salinas et al., 

2000) and this phase locking was hypothesized to encode vibratory frequency, particularly at the 

low frequencies (< 50 Hz)(Mountcastle et al., 1969). However, firing rate was shown to also 

systematically covary with frequency over this range, which argued for a rate code (Salinas et al., 

2000). On the other hand, the relationship between frequency and rate breaks down at the high 
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frequencies because individual neurons can no longer fire on each stimulus cycle (Harvey et al., 

2013). At those frequencies, then, frequency information seems to be carried solely in the timing.  

Vibratory frequency per se is not an ecologically relevant stimulus quantity. One might therefore 

argue that the temporal code for frequency in somatosensory cortex is an artifact of the highly 

contrived laboratory stimulus (vibrations delivered by a motor) and associated sensory task 

(frequency discrimination). The ethological relevance of this result might then be called into 

question. In the present study, we show that millisecond level temporal patterning in the cortical 

response carries information about more naturalistic stimuli, namely textures, as has been shown 

in the barrel cortex of rodents (Arabzadeh et al., 2006; Zuo et al., 2015).  

2.3.2 | TEMPORAL RESOLUTION DEPENDS ON AFFERENT INPUT 

As a rule, individual neurons in somatosensory cortex receive convergent input from multiple 

tactile submodalities (Pei et al., 2009; Saal et al., 2015; Saal, H.P. and Bensmaia, S.J., 2020). 

Ascribing the response properties of individual cortical neurons to specific classes of input is thus 

not always straightforward. However, differences between SA1 and PC fibers are very 

pronounced, with SA1 fibers responding primarily to slow skin deflections and PC fibers 

responding to rapid ones (Goodman and Bensmaia, 2020). Accordingly, neurons that receive 

dominant input from SA1 fibers can be distinguished from those that receive dominant input 

from PC fibers. Examination of neurons at the two extremes of this dominant axis of variance in 

cortical responses (Lieber and Bensmaia, 2019) can shed light onto the relationship between the 

submodality composition of a neuron’s input and that neuron’s temporal coding properties. 

Here, we show that PC-like cortical neurons exhibit more reliable temporal patterning and carry 
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more information about texture in their spike timing than do their SA1-like counterparts. As 

mentioned above, however, these neural populations are at extremes of a continuum: Neurons 

that receive balanced PC and SA1 input will exhibit intermediate response properties. However, 

to the extent that they receive PC input, they are liable to carry texture information in the 

temporal patterning of their response. Consistent with this hypothesis, the optimal decoding 

resolution is on the order of a few milliseconds, even in many cells that receive dominant SA1 

input, despite the low temporal resolution of this dominant input. 

2.3.3 | TEMPORAL PATTERNS SCALE SYSTEMATICALLY WITH SPEED 

A central question in neuroscience is how we achieve robust object representations despite 

changing sensory input. Texture perception constitutes an example of this phenomenon. Indeed, 

afferent responses scale systematically – both in their patterning and in their strength – with 

changes in scanning speed (Weber et al., 2013). Despite the speed dependence of the texture 

signal emanating from the periphery, our perception of texture is almost completely 

independent of scanning speed, even if the texture is scanned passively across the skin (Boundy-

Singer et al., 2017; Lederman, 1974; Meftah el-M et al., 2000). Scanning speed-related signals 

in the nerve must thus somehow be discounted in the computation of texture. This process is 

not trivial, as evidenced by the fact that the converse is not true: Tactile speed perception is 

highly dependent on texture, with rougher textures being systematically perceived as moving 

faster across the skin (Delhaye et al., 2019). 

We have previously shown that rate-based signals in cortex are more robust to changes in 

scanning speed than are their counterparts in the nerve (Lieber and Bensmaia, 2020). This 
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increased robustness to speed could in part be attributed to computations applied to the 

afferent input and reflected in the output of cortical neurons. Specifically, populations of 

simulated cortical neurons that reflected temporal and spatial differentiations of their afferent 

input exhibited responses that were less speed-dependent than was the afferent input itself. 

Here, we show that this increase in robustness of a rate-based code is complemented by the 

propagation of the temporal code, which itself scales systematically with speed. One possibility 

is that this temporal patterning is further converted into a rate-based signal through successive 

differentiation operations. According to this hypothesis, downstream neurons – in secondary 

somatosensory cortex, e.g. – would carry more texture information in their rates and this rate-

based representation would be more invariant to changes in speed.  

2.3.4 | TEMPORAL PATTERNING OF THE CORTICAL RESPONSE SHAPES TEXTURE PERCEPTION  

First, the role of temporal spiking patterns in cortex in shaping perception has been elusive. 

Probably the most compelling evidence is that information about the frequency of high-

frequency vibrations is carried in the temporal patterning and not the rates; yet their frequency 

is still discriminable (Harvey et al., 2013). The link between perception and neural response is 

thus circumstantial. Here, we provide a more explicit link between temporal patterning and 

perception: perceptual ratings are better predicted by temporal patterning than by rates.  

Second, rate and temporal codes are often put in opposition, where one purportedly drives 

behavior and the other does not. Our results imply a synergistic integration of the two types of 

codes: perceived texture is best predicted from the combination of spike rate and timing. This 

integrative neural code reflects the two codes that carry texture signals in the peripheral nerves: 
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Spatial and temporal. In cortex, texture information carried in spatial patterns of activation of 

SA1 and RA fibers has been converted into a rate code by the spatial filtering properties of 

subpopulations of cortical neurons (Bensmaia et al., 2008; DiCarlo et al., 1998; Lieber and 

Bensmaia, 2019), which individually act as detectors of spatial features in the input. Texture 

information carried in temporal patterns of activation RA and PC fibers is converted into a rate 

code by temporal filters (Saal et al., 2015), which act as detectors of temporal features in the 

input. As one ascends the somatosensory neuraxis, successive temporal differentiations convert 

temporal patterns into rate, but this process is not complete in SC as evidenced by the residual 

informativeness of temporal patterning and its ability to predict perception above and beyond 

rate. As a result, spatial and temporal codes coexist in SC to encode texture, as seems to be the 

case in barrel cortex (Zuo et al., 2015). 

2.4 | CONCLUSIONS 

Temporal spiking patterns in somatosensory cortex are precise and informative about texture 

identity. Cells vary in the degree to which texture information is carried in their temporal 

patterning and this heterogeneity is in part driven by the afferent input: Neurons that receive 

dominant input from PC fibers, which carry textural information in their spike timing, themselves 

carry information in their spike timing. Information carried in the temporal spiking patterns in 

cortex complements that carried in firing rates. The combination of rate and timing is more 

predictive of texture perception than are rate or timing in isolation. 
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2. 6 | METHODS 

The cortical responses have been described in two previous studies (Lieber and Bensmaia, 2019, 

2020) and the peripheral nerve responses have been described in another two studies (Lieber et 

al., 2017; Weber et al., 2013). 

2.6.1 | ANIMALS 

All experimental procedures involving animals were approved by the University of Chicago 

Institutional Animal Care and Use Committee. Cortical data were obtained from two rhesus 

macaques (males, 6-8 years old and 8-11kg), instrumented with a custom head-post to allow for 

head immobilization (for eye-tracking and stable neurophysiological recordings) and a 22-mm 

wide recording chamber centered on the hand representation in anterior parietal cortex. During 

training and data collection, animals performed a visual contrast discrimination task so that they 

would remain awake and calm. In brief, animals fixated on a go-target to initiate the trial, and 

two circles appeared on the computer monitor. The animal made a saccade to the brighter target 

to obtain a juice reward. Peripheral responses were collected from 6 anesthetized rhesus 

macaques as previously described (Weber et al., 2013).  

2.6.2 | NEUROPHYSIOLOGY 

Cortical responses: Procedures have been previously described in detail (Lieber and Bensmaia, 

2019, 2020). In brief, extracellular recordings were obtained using tungsten electrodes (Epoxylite 

insulated probes, FHC Inc.) driven into somatosensory cortex – Brodmann’s areas 3b, 1, and 2 – 

using a computer-controlled microdrive (NAN Instruments, Nazaret Illit, Israel). We collected the 

responses from neurons whose receptive fields were centered on the distal fingerpads of digits 
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2-5. A full recording session (59 textures, presented 5 times at 80mm/s) lasted at least 30 minutes 

and we only report the responses of neurons whose action potential waveforms remained stable 

over the entire session. For a subset of 49 highly stable neurons, we also collected responses to 

10 textures at three additional speeds (60mm/s, 100mm/s, and 120mm/s, (Lieber and Bensmaia, 

2020)).  

Peripheral responses: Procedures have been previously described in detail (Talbot et al., 1968; 

Weber et al., 2013). In brief, we obtained extracellular recordings of 17 SA1, 15 RA, and 7 PC 

fibers in the median and ulnar nerves of six macaques under isoflurane anesthesia.  

2.6.3 | TACTILE STIMULI 

We presented a diverse set of textures at a controlled speed (80 ± 0.1 mm/s) and force (25 ± 10 

g) using a custom-built and designed texture-drum stimulator (Weber et al., 2013) for both the 

peripheral and cortical experiments though the texture set was different albeit overlapping. The 

cortical texture set included 59 textures, including furs, fabrics, papers, and 3-D printed gratings 

and dot patterns. These textures were selected to include features that span spatial scales. The 

peripheral texture set included 55 textures, 24 of which overlap with the cortical set 

(Supplemental Table 1). Each texture was presented for 2 seconds, though in these analyses, we 

only evaluated 500 ms of the steady-state response (excluding the onset and offset transients).   

2.6.4 | HUMAN PSYCHOPHYSICS 

Ten human subjects rated the dissimilarity between pairs of textures. The stimulus set included 

13 textures (Supplemental Table 1), yielding 78 unique pairs, and each texture pair was 

presented 5 times to each subject.  If a pair was perceived as identical, the subjects ascribed it 
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a rating of zero. If one pair of textures was perceived as being twice as different as another, the 

former was to be ascribed a number that was twice as was the latter. Subjects were free to use 

the range and were encouraged to use fractions and decimals. Ratings obtained from each 

subject were normalized by the mean rating across textures in each session and then averaged 

across sessions.  

2.6.5 | DATA ANALYSIS 

Neurophysiological recordings yielded spike times spanning a period beginning 1s before and 

for 3s after skin make contact with a given texture. For all analyses, we used a 500-ms epoch that 

began 100 ms after the texture contact to exclude transient responses.  

Firing rate classification: We calculated each neuron’s firing rate to each texture presentation 

(141 cells x 59 textures x 5 repeats) by counting the number of spikes during the aforementioned 

500-ms window. To assess how informative about texture these firing rates were, we performed 

a nearest-neighbor classification. For single cell classification, we calculated the Euclidian 

distance between one test trial (one repeat of a given texture) and the mean response across all 

remaining repeats of every texture in the dataset. The classification was correct if the training 

texture with the lowest distance was the texture presented in the test trial.  

PSTH and cross-correlation classification: We calculated peri-stimulus time histograms (PSTHs) 

by convolving spike trains with Gaussian kernels of varying widths (ranging from 1 to 500 ms) to 

assess decoding performance at various temporal precisions. Importantly, all PSTHs were 

demeaned to remove rate-based information from the signal. All that remained was the waxing 

and waning of the response in time – a purely time-varying signal that was not confounded by 
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rate. By convolving neural spike trains with Gaussian kernels of increasing width, we obscured 

increasing amounts of the fine timing information. To the extent that this fine timing information 

is just noise, wider Gaussian kernels should de-noise the signal and improve classification 

performance. Alternatively, if fine timing is informative, obscuring it should degrade 

classification. To test this, we performed an analogous classification to the firing rate classification 

described above. We computed the cross-correlation (using Matlab xcov function, as xcov is a 

zero-mean cross correlation) of one test response (500 ms PSTH, computed at a given resolution 

for one repeat of a given texture) and all other repeats of every texture. To accommodate the 

fact that responses may be shifted slightly in phase from one repeat to the next, we selected the 

max cross-correlation across time. We then averaged the max cross-correlation values across all 

repeats for a given texture, and the classifier selected the training texture that yielded the highest 

cross-correlation. The classification was correct if the training texture with the highest correlation 

was the texture presented in the test trial. 

Metric-Space Analysis: We used metric-space analysis to quantify the dissimilarity between 

responses of a given neuron to repeated presentations of a stimulus. Here, we employed a 

commonly used method that assigns a minimum cost to transforming one spike train into 

another. The cost adding or removing a spike is 1, and the cost of moving a spike in time is q|dt|, 

where q is a parameter. When q = 0, there is no penalty to moving spikes in time, such that the 

minimum cost is simply the difference in spike count. For high values of q, spikes that displaced 

in time incur a cost. Using this distance metric, we compute a measure of dissimilarity that is 

influenced by both the firing rate and temporal patterning of two spike trains.  
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Combined rate and timing classification: To combine rate difference and timing correlation to 

decode texture identity, we z-scored the distance matrices for each neuron and coding scheme, 

and multiplied all PSTH cross-correlation values by -1 (to invert similarity into a dissimilarity 

metric). We then computed the optimal weighted averages of these z-scored distance matrices 

(rate & timing) for each neuron. To find the optimal weighting, we performed the classification 

using weights that ranged from 0% rate (100% timing) to 100% rate (0% timing) and identified 

the weighting that yielded the best performance. To the extent that timing does not improve 

rate classification, this weighted average would include 100% rate and 0% timing. To the extent 

that a combination of both coding schemes improves classification performance, the weights 

would be intermediate. We report the classification performance of the optimal combination, 

which, in all cases, was an intermediate combination of rate and timing.  

Population analyses: For the population analyses, we averaged the z-scored distance matrices of 

n randomly sampled neurons (without replacement). We then performed the classification using 

this mean distance matrix. For PSTH classification, we used each neuron’s optimal decoding 

resolution. For rate classification, this population analysis did not require the selection of a 

temporal resolution, as we assessed rate across the entire 500-ms window. For combined rate 

and timing classification, we weighted each neuron’s timing- and rate- based distance matrices 

(as described in the previous section) and averaged these combined distance matrices across 

the neuronal population to perform nearest neighbor classification.  

Homogenous Poisson neurons: To validate the timing-based classification approach, we 

simulated Poisson spike trains generated from the measured firing rates. Simulated responses 
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contained the same rate information as their measured counterparts but lacked temporal fidelity. 

To generate these model spike trains, we generated a vector of spike times from a stationary 

Poisson process where the probability of a spike in each bin (dt = 0.1 ms) was P = r*dt, where r 

is the measured spike rate.  

Jittered spike trains: At the other extreme of a purely Poisson model is a deterministic response 

that does not vary across repeats. To simulate responses at pre-determined levels of jitter, we 

took the response to one presentation of each texture and jittered each spike time by a specific 

amount. Specifically, we introduced jitter probabilistically using a gaussian with mean 0 and a 

standard deviation defined by the jitter level (between 1 and 200 ms). We then added and 

removed spikes as necessary to ensure that repetitions in the simulated responses were rate 

matched with their measured counterparts, given the trial to trial variations in the latter. 

Comparing real data to jittered spike trains: To quantify how measured cortical responses 

compared to their simulated jittered counterparts, we used metric-space analysis (described 

above) to calculate the distance between multiple repetitions of the same stimulus at a very high 

temporal resolution (2ms, q = 500). For each neuron, we first calculated the mean pairwise 

distance between repeats (across all textures) and the mean pairwise distance between rate-

matched jittered responses. We then identified the jitter level that yielded a smaller distance and 

a larger distance to the neuron’s cross-repetition distance and averaged these two jitter values 

to obtain an estimate of that neuron’s precision. For example, if a neuron’s mean cross-repetition 

distance was 15, and its jittered model had a distance of 13 with 1-ms jitter and a distance of 21 

at 2-ms jitter, the neuron’s resolution as 1.5 ms.  
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Submodality composition of cortical cells: As reported previously (Lieber and Bensmaia, 2019), 

we estimated the submodality composition of a neuron’s peripheral inputs by regressing that 

neuron’s z-scored responses onto the z-scored responses of SA1, RA, and PC afferents to a 

shared set of 24 textures. We then selected the extremes of this continuum from SA-like to PC-

like by selecting cortical cells with a normalized regression weight of > 0.8 to either SA1 or PC 

fibers. This criterion yielded 12 PC-like cortical cells (n = 10 in area 1, n = 2 in area 2) and 25 SA-

like cortical cells (n = 9 in area 3b, n = 14 in area 1, n = 2 in area 2).  

Cross-speed classification: To convert neural responses to spikes / mm from spikes / ms, we 

multiplied spike times by the scanning speed (60, 80, 100, or 120 mm/s). This resulted in warped 

spike trains that could be compared across speeds. Within-speed classification was performed 

using a leave-one out procedure. Cross-speed classification was performed in the same way, 

except that classifiers were trained on four warped repetitions at one speed (ie 80 mm/s), and 

tested on one left-out warped repetition at a different speed (ie 120 mm/s). All other methods 

were as described above. 

Predicting dissimilarity ratings: We predicted perceived dissimilarity using cross-validated 

multiple regression. We trained the regression using all but one texture pair and tested it on the 

left-out texture pair. We then calculated the mean squared error of this prediction across each 

of the 78 texture pairs. 
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2.8 | APPENDIX: CHAPTER TWO SUPPLEMENTAL FIGURES 

 

Supplemental Figure S.2.1: Characterizing the temporal resolution for each individual cortical 

cell. A| Response of one example neuron to 5 repeated presentations of one example texture. 

Colored rasters represent rate-matched simulated responses with different amounts of jitter. 

Grey raster is a rate-matched Poisson model. Spike distance values (q=500) represent mean 

pairwise spike distance across the 5 repetitions shown. B| Simulated variability – measured 

variability is calculated by (1) dividing the neuron’s spike distance by the mean firing rate across 

repetitions and (2) subtracting this value from the analogous value calculated from the simulated 

response. The point at which this line crosses the x-intercept represents the point at which the 

measured responses become more temporally reliable than their simulated counterparts. C| 

Histogram of resolutions across all 59 textures for this example neuron.  
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Supplemental Figure S.2.2: Temporal resolutions derived from the repeatability and classification 

analyses. A| Cumulative distribution of optimal resolutions for the repeatability and timing-based 

classification analyses. B| Comparison of the resolution determined from repeatability analysis 

and timing-based classification. Each point represents one neuron; dashed line denotes unity. C| 

Absolute difference in resolution between repeatability analysis and timing-based classification 

as a function of each neuron’s classification performance.  D| In neurons with a classification 

performance better than 30% (those to the right of the grey line in C), the resolution estimated 

from the timing-based classification is within 5 ms of the resolutions estimated from the 

repeatability analysis. 
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Supplemental Figure S.2.3: Timing-based classification using simulated jittered responses. A| 

Less jitter in simulated spike trains results in better timing-based classification performance. B| 

The best classification resolution coincides with the amount of imposed jitter in these simulated 

responses.    
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Supplemental Figure S.2.4: Single-cell and population classification using rate, timing, and a 

simple averaged combination of both. A| Single cell classification performance using rate 

dissimilarity, timing correlation, and an average of both (rather than an optimal combination). 

Same conventions as in Figure 2.2B. B| Population classification using rate dissimilarity, timing 

correlation, and an average of both (rather than an optimal combination), averaged across the 

full neuronal population. Same conventions as in Figure 2.2C. C| The weighting of rate and timing 

that yields the highest classification performance for each individual cell. Each point denotes a 

single cell’s optimal % rate. Error bars represent standard deviation across 141 cells. The average 

optimal weighting is 52.4%, which is a likely explanation for why both A and B (in which all cells’ 

weightings are set to 50%) are nearly indistinguishable from Figure 2.2B and C (in which each 

cell has its optimal weighting). 
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Supplemental Figure S.2.5: Confusion matrices of max cross-correlation in real and Poisson data. 

A| Confusion matrices for an example cell, the same example cell used throughout this paper. 

Each pixel represents the average of pairwise max cross-correlation values between responses 
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to a training texture (abscissa) and test texture (ordinate). Correlation values scale with firing rate 

in Poisson neurons and, to a much lesser extent, in measured responses to texture. For the 

measured resposnes, correlation values for responses to the same training and test texture are 

higher than mismatched pairs, whereas in the Poisson model, no such structure exists. B| Same 

convention as A with average values across all cells. C| Same convention as A and B with average 

values across a subpopulation of PC-like cells. 

 

 

 

Supplemental Figure S.2.6: Classification of textures based on peripheral vs cortical population 

responses. A| Classification of 24 textures (chance = 1/24, 4.2%) based on the rate and timing of 
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the response of populations of SA1 fibers. Shaded area denotes the standard deviation across 

100 randomly sampled populations of 1-17 neurons. B| Same, with 1-7 PC fibers. C| SA1-like 

cortical cell population classification of the same 24 textures, with 1-25 SA1-like cortical cells. D| 

Same, with 1-12 PC-like cortical neurons.  



 132 

 

 

Supplemental Figure S.2.7: Timing-based classification based on peripheral and cortical 

responses for a matched texture set. A| Similar to Figure 2.3, timing-based classification 

performance across temporal resolutions for PC-like, SA1-like, and all cortical cells for a subset 

of 24 textures that were used in both the cortical and peripheral experiments. B| Timing-based 

classification performance for the same 24 textures based on PC, SA1, and RA afferent 
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responses. C| The best classification resolutions are similar for cortical and peripheral neurons, 

but some cortical neurons are temporally imprecise whereas no afferents are. D| The temporal 

resolutions of PC fibers and PC-like cortical neurons overlap, whereas some SA1-like cortical 

neurons are more imprecise than any SA1 fibers. E| Single-cell classification based on firing rates 

evoked in cortical and peripheral neurons. Each point represents one neuron’s classification 

performance. Error bars denote standard deviation across 141 cortical and 39 peripheral 

neurons. F| Same as in E, but for timing-based classification.  

 

 

Supplemental Figure S.2.8: Differences in temporal resolution across cortical fields. A| Single-

cell timing-based classification performance across different cortical fields. Each circle represents 

one neuron’s performance; orange and green circles are color-coded based on the neuron’s 

dominant submodality input. Error bars denote the standard deviation across cells. B| Ratio of 

timing performance / rate performance. Same conventions as in panel A. Dashed line represents 
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equal performance for rate- and timing-based classifiers. Points above the line denote neurons 

for which timing outperforms rate. 

 

 

 

Supplemental Figure S.2.9: Classification based on both rate and timing outperforms 

classification based on rate. Mean cross-speed population classification based on rate 

(unwarped), timing (warped), the combination of both. As a control, we averaged rate over a 

population twice the size (large population rate classification) to test the extent to which the 

improved performance with rate and timing was simply driven by more predictors. Performance 

from the large population never exceeds that of rate & timing. Shaded regions denote standard 

deviation across 1000 iterations of randomly sampled populations of 49 neurons. 
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Supplemental Figure S.2.10: Population classifiers trained on responses to textures presented at 

one speed and tested on responses to textures at all speeds. Timing-based classification with 

warped spike trains (top row) and rate-based classifiers with unwarped spike trains (bottom row), 

trained and tested at all combinations of speeds. 
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Supplemental Figure S.2.11: Roughness, but not dissimilarity, is predicted by firing rate. A| The 

absolute difference in mean firing rate across the full population of 141 cortical cells vs. the 

absolute difference in roughness ratings for the same texture pairs. Differences in firing rate 

predict differences in perceived roughness. B| Differences in firing rate only account for 20% of 
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the variance in the dissimilarity ratings. C| Similarly, differences in roughness account for 20% of 

the variance in dissimilarity ratings. Thus, many textures are similarly rough but feel very different 

nonetheless. D| Mean timing correlation across the full population of 141 cortical neurons is a 

poor predictor of dissimilarity. E| Although firing rate differences across all neurons do not 

correlate with perceived dissimilarity (as in C), firing rate differences in a population of 12 PC-like 

cortical cells do. F| Mean firing rate differences in a population of 25 SA1 fibers are poor 

predictors of dissimilarity ratings. 

 

Supplemental Figure S.2.12: Two-factor multiple regression onto perceived dissimilarity of 

texture pairs. A| Cross-validated mean squared error of predicted dissimilarity vs. population size. 

B| Population (n = 12) predicted vs. measured dissimilarity for all 78 texture pairs using the 

regression models shown in (A). Dashed lines denote unity.   
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Supplemental Figure S.2.13: Temporal patterns of PC fibers and PC-like cortical neurons more 

closely reflect perceptual ratings than do their SA counterparts. Regression of timing correlation 

on perceived dissimilarity. Each point represents one texture pair. Dashed lines represent the 

best linear fit. A| Peripheral afferents. B|PC-like and SA1-like cortical cells. 
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Supplemental Table 1: Texture set for each experiment. Column 1 includes all 59 textures used 

in the cortical experiments. Column 2 shows the 24 textures that overlapped with those used in 

the peripheral experiments. Column 3 shows the 13 textures used in the psychophysical 

All textures Shared with peripheral data Dissimilarity texture set Speed set
Chiffon  X  X  X
Nylon  X  X  X

Stretch Denim  X   X
Hucktowel  X  X  X
City Lights    X

Deck Chair (Sunbrella)    X
Dots / 1 Grating    X

Fuzzy Upholstery (Blue)    X
Dots / Blank    X

Faux Croc Skin    X
Onyx Pavillion (Upholstery)   

Grid Upholstery   
Red Grating Upholstery   

Green Upholstery   
Unknown Pleasures   

Wrapping Paper (Bumpy)   
Crinkled Silk  X  X

Parchment Paper   
20 Gauge Vinyl  X  

Microsuede  X  X
Sueded Cuddle (Suede Side)  X  X

Foam (Drapery Tape)  X  
5/500 Grating   

5/1 Grating   
Wool Blend  X  X

Denim  X  X
Satin  X  X

Wool Gabardine  X  
Metallic Silk  X  X

Velvet  X  
Computer Paper   

Careerwear Flannel  X  
Butcher Paper   

Organza  X  
Ruby Dots (Front)   
Yellow Upholstery   X
Beach Mat (Tan)   

Corduroy - Thick Ridges  X  X
Leathery Dots   

Long Hair Rabbit   
Short Hair Rabbit   

Snowflake Fleece (Fuzzy Side)  X  
20 Percent Wool Felt  X  

Possum Fur   
Sting Ray Skin   
Blank - Acrylic   
5 mm Grating  X  
1 mm Grating  X  

500 micron Grating   
RF 1   

Black Fabric Grating   X
Embossed Dots - 4mm  X  
Embossed Dots - 5mm  X  

Dots / 500 Grating   
RF 2   

Tan Upholstery   
Lizard Skin   

Bumpy Polyester   
Ruby Dots (Backing)   
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experiments. Column 4 shows the 10 textures that were presented at 4 speeds (60, 80, 100, 120 

mm/s). 
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CHAPTER 3 | TEXTURE CODING IN HIGHER ORDER SOMATOSENSORY CORTICES 

Our sense of touch confers to us a sensitivity to texture that spans six orders in magnitude in 

spatial scale, from tens of nanometers to tens of millimeters. In early stages of processing, from 

the nerve through somatosensory cortex (SC) – including Brodmann’s areas 3b, 1, and 2 – 

individual neurons respond promiscuously to most textures and, as a population, carry a large 

shared signal that drives the perceived roughness, the dominant perceptual dimension of 

texture. Nothing is known about how natural textures are encoded in higher order cortices, 

including secondary somatosensory cortex (S2) and parietal ventral cortex (PV). To fill this gap, 

we monitored single-unit activity in S2/PV as non-human primates performed a texture 

discrimination task, in which they indicated whether pairs of naturalistic textures were the same 

or different. We then characterized the neuronal responses at the single-cell and population 

levels and compared these to their counterparts in SC. First, we found that a small fraction of 

S2/PV neurons carry texture signals, in contrast to their counterparts in SC, which usually do. 

Second, texture-modulated neurons in S2/PV exhibited sparse responses to texture, only 

responding to a small subset of textures, in contrast to SC neurons, which often respond to most 

textures. As a result, the representation in S2/PV is higher dimensional than is that in SC. Finally, 

S2/PV neurons carry cognitive signals about task variables such as trial type (same, different) and 

the animals’ eventual decision, unlike their SC counterparts. The present study constitutes the 

first attempt to characterize the sensory representations in S2/PV using a complex, naturalistic 

stimulus set. 
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3.1 | INTRODUCTION 

Our sense of touch imparts us with a sensitivity to texture that spans six orders in magnitude in 

spatial scale, from tens of nanometers to tens of millimeters. The most salient sensory dimensions 

of texture are roughness, hardness, stickiness, and warmth – associated with the coarseness, 

compliance, friction, and thermal conductivity of a surface, respectively (Hollins et al., 2000) – 

but surfaces give rise to myriad sensory qualities that are not captured by these four sensory 

continua – velvetiness, furriness, silkiness, etc. At the somatosensory periphery, texture 

information is relayed via different types of neural signals carried by different classes of nerve 

fibers (Weber et al., 2013): Coarse texture features – measured in millimeters – are reflected in 

the spatial pattern of activation in one population of nerve fibers, whereas smaller features are 

encoded in temporal spiking patterns evoked as the skin moves across the surface in two other 

afferent populations (Weber et al., 2013). These spatial and temporal signals in the nerve are 

integrated to give rise to a high-dimensional neural representation of texture in somatosensory 

cortex (SC) – including Brodmann’s areas 3b, 1 and 2 (Lieber & Bensmaia, 2019). These insights 

into the neural basis of texture perception have relied critically on probing neural representations 

of texture stimuli that span the range of everyday tactile experience. Indeed, classic studies using 

parametrized stimuli – such as gratings and embossed dot patterns – failed to engage all the 

neural mechanisms that mediate the complex space of texture. 

Higher order somatosensory cortex – including secondary somatosensory cortex (S2) and parietal 

ventral cortex (PV) – have never been probed using naturalistic stimuli so little is known about 

texture representations in these areas. On the other hand, previous studies have shown that 
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neurons in S2/PV not only carry sensory information – as do their counterparts in earlier stages 

of neuronal processing – but also task-related information, for example about stimulus category 

(i.e. increase vs decrease in vibratory frequency) or about the animal’s decision (i.e. change vs 

no change) (Chapman & Meftah, 2005; Jiang et al., 1997; Romo et al., 2002; Rossi-Pool et al., 

2021).  

The goal of the present study is to investigate the representation of texture in S2/PV using 

naturalistic stimuli and to assess the degree to which neurons in these areas carry task-related 

information. To this end, we trained two monkeys to perform a texture discrimination task while 

we measured the responses evoked in S2/PV. We then compared the texture representation in 

S2/PV to that in SC. First, we found that individual S2/PV neurons respond more sparsely to 

texture than do SC neurons. Second, the population response to texture is higher dimensional 

in S2/PV and less driven by a shared response to low-level textural features. Third, S2/PV 

responses carry a wide variety of signals not related to the sensory stimuli themselves but rather 

to the task the animals are performing.  

3.2 | RESULTS 

Two rhesus macaques were trained to perform a texture discrimination task. On each trial, two 

textured surfaces were scanned across the animal’s fingertip at a precisely controlled speed and 

contact force (80 mm/s, 25 g) using a rotating drum stimulator. The animals’ task was to indicate 

whether the two stimuli were the same or different (e.g. Nylon-Nylon or Nylon-Silk, Figure 3.1A). 

A total of 44 diverse textures (including fabrics, furs, papers, and an additional catch trial in which 

no texture contacted the fingertip) were presented in 90 unique combinations (45 ‘same’ and 45 
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‘different’ pairs). Both animals were slow to learn this task, requiring at least two full years of daily 

training sessions to establish stable behavior for neural recordings. Although this performance 

was stable across days, performance levelled off between 54-70% correct (chance = 50%, 

Supplemental Figure S.3.1), indicating that this task remained challenging even after extensive 

training. While animals performed this task, we recorded the responses of 95 neurons (three 

hemispheres in two monkeys) in S2/PV whose receptive fields included the distal digits, where 

the stimuli were delivered. 
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3.2.1 | THE TEXTURE REPRESENTATION IN S2/PV IS SPARSE 

First, we assessed the extent to which S2/PV neurons respond to texture (Figure 3.1D). Out of 

95 cells, 74 cells (78%) responded to at least one texture (Figure 3.2A; permutation test with 

correction for multiple comparisons, p < .05) and, conversely, each of the 44 textures (excluding 

the catch trial) in the set evoked a response in at least 5% of cells (Figure 3.2A-B). However, 80% 

 

Figure 3.1: Experimental overview. (A) Behavioral paradigm: Upon trial initiation (fixation on a 
central target), two textures were presented sequentially with no inter-stimulus interval. After 
the drum lifts off the fingertip, the animal was presented with two targets, one of which 
indicated a ‘same’ response and the other a ‘different’ response. (B) Apparatus: The animal sat 
with both arms restrained behind a thick curtain to prevent any visual cues. The hand 
contralateral to the hemisphere of interest was positioned such that only one finger made 
contact with the stimulator. Initiation and maintenance of a trial required that animals fixate on 
a central target. At the end of each trial, two colored targets appeared and the animal saccaded 
to indicate its choice. (C) Recording chambers were centered over the hand representation in 
lateral parietal cortex (over the upper bank of the lateral sulcus). (D) Responses of 10 example 
S2/PV neurons (rows) to 5 repeated presentations of 8 example textures (columns). Different 
colors denote different textures.  
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of cells responded to fewer than 30% of the textures (Figure 3.2A) and 80% of the textures 

evoked a response from fewer than 25% of neurons (Figure 3.2B). In contrast, SC responses to a 

subset of common textures (40 textures, n = 141 SC cells) exhibited striking differences: SC 

neurons were far more promiscuous than were their S2/PV counterparts – responding to most 

textures – and, conversely, most textures evoked a response from most SC cells (Supplemental 

Figure S.3.2). For this set, most cells in S2/PV responded to fewer than 10% of the textured and 

most textures evoke a response in <20% of cells (Supplemental Figure S.3.2).  

To further quantify the texture responses in S2/PV and compare them to their SC counterparts, 

we computed a measure of selectivity and another of sparseness (Figure 3.2C-D) (Arcizet et al., 

2008; Rolls & Tovee, 1995). The selectivity index gauges the degree to which a neuron is 

modulated by the stimuli by computing the difference between the neurons response to its 

preferred and least preferred stimulus. The sparseness index gauges the degree to which a 

neuron responds to a small subset of stimuli. A neuron with a high selectivity and low sparseness 

might respond strongly to half the textures and weakly to the other half; a neuron with high 

selectivity and high sparseness will respond strongly to only a few textures, and weakly to the 

remainder. We found that S2/PV neurons are more selective and sparser than are SC neurons 

(two-sample t-test, sparseness: t(234) = 4.56, p=8.1e-6; selectivity: t(234) = 5.00,p=1.13e-6; 
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Figure 3.2C-D), even when the indices were only applied to S2/PC neurons whose responses 

were significantly modulated by texture as revealed by an 1-way ANOVA (correcting for multiple 

comparisons). 

3.2.2 | THE TEXTURE REPRESENTATION IN S2/PV IS HIGH-DIMENSIONAL 

Principal components analysis (PCA) of the population responses to texture in SC revealed a 

high-dimensional representation, in which texture information is distributed over a large number 

of principle components, though much of the variance (64%) is carried by the first principal 

component (Lieber & Bensmaia, 2019). Furthermore, the first principal component is highly 

 

Figure 3.2: S2/PV cells respond sparsely to diverse textures. (A) Cumulative distribution of 
neurons that respond to increasing proportions of textures in the full stimulus set of 44 
textures. >20% of cells do not respond to any textures, and 80% of cells respond to  fewer than 
30% of textures. (B) Cumulative distribution of textures that evoke a response from increasing 
proportions of S2/PV cells. Every texture evokes a response in at least 5 cells. (C) Sparseness 
and selectivity indices for SC, S2/PV, and S2/PV soignificantly texture-modulated neurons. 
High sparseness values indicate uniform responses across stimuli. High selectivity indices 
indicate large differences between a neuron’s responses to preferred and non-preferred 
stimuli. Each point denotes one cell. (D) Cumulative distribution of sparseness and selectivity 
indices for SC, S2/PV, and S2/PV texture-modulated cells. S2/PV cells espond to textures more 
sparsely and more selectively than do SC cells.  
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predictive of the perceived roughness, the dominant perceptual dimension of texture, reported 

for the same set of textures by human observers. In contrast, the first principal component of the 

S2/PV response accounts for far less of the variance (28%), even when the analysis is restricted 

to texture-modulated cells (38%) (Figure 3.3A). Furthermore, the major axis of variance in the 

S2/PV responses was a poor predictor of perceived roughness, in contrast its counterpart in the 

nerve or in SC (Lieber et al., 2017; Lieber & Bensmaia, 2019; Weber et al., 2013) (Figure 3.3B). 

We verified that no other axis of variance in the S2/PV responses could account for roughness 

(Supplemental Figure S.3.4). One interpretation of this finding is that low-level perceptual 

features of a stimulus – roughness is the intensive dimension of texture – are not encoded at 

early stages of cortical processing but not late ones, where texture representations are sparser 

and isolate high-level perceptual features.  

 

 

Figure 3.3: Dimensionality of the texture response in SC and S2/PV. (A) Variance explained 
by the first 10 principal components determined by principal components analysis of texture 
responses in SC (141 neurons) and S2/PV (95 cells, 27 texture-modulated cells). (B) 
Regression of perceived roughness of texture onto first principal component (PC) scores 
obtanined from PCA. Each point denotes one texture. In SC, there is a strong correlation (R2 
= 0.87) between the first PC scores and perceived roughness, whereas in S2/PV, no such 
relationship exits, R2 = 0.52 full population, R2 = 0.41 texture-modulated cells).  

 
 
 



 149 

3.2.3 | S2/PV RESPONSES ARE INFORMATIVE 

Next, we tested the extent to which S2/PV responses are informative about texture by classifying 

texture based on single-cell and population-level firing rates during a 400-ms window of steady-

state response during the first stimulus period. Classification performance is high to the extent 

that neuronal responses differ across textures and remaining consistent across repeated 

presentations of the same texture. For single-cell classification, we implemented a nearest-

neighbor classifier. In brief, we trained the classifier on the vector of mean responses to each of 

45 textures across 4 repeats. We then measured the Euclidian distance between these mean 

training responses and the response to each texture from a fifth, left-out response.  A texture 

was correctly classified if its response in the test repeat was more similar to its mean response in 

the training set than to the mean response to any other texture in the training set. We repeated 

this process such that each texture and each repetition was left-out and used as the test 

response. We found that we could classify texture above chance for most, but not all, cells in 

S2/PV (Figure 3.4A). On average, single-cell classification performance was low (4.0% or fewer 

than 1.6 out of 40 stimuli), as implied by the sparseness metric described above. In contrast, 

classification based on SC responses was much higher (9.3%, or 3.8 out of 40 stimuli), with the 

best-performing cells in S2/PV performing no better than average cells in SC (Figure 3.4A). Next, 

we used discriminant analysis (LDA) to classify texture based on the response of populations of 

S2/PV neurons of increasing size. As expected, classification performance improved as more 

neurons were samples but remained far lower than that of SC (Figure 3.4B). Performance 
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improved when only neurons identified as texture-modulated were sampled at the single cell 

and population level (Figure 3.4A,B) but remained lower than its SC counterpart. 

3.2.4 | S2/PV RESPONSES ARE VARIABLE 

The lower classification performance achieved with S2/PV responses than with SC responses may 

be attributed to the sparseness of the texture representation in S2/PV compared to SC: each 

S2/PV neuron only responds to a small number of textures so the small sample of S2/PV neurons 

may not sufficiently tile the texture space to achieve good classification performance. Another 

factor that may contribute to the poor classification for S2/PV is the variability in its response. 

Indeed, S2/PV responses have been shown to be much more dependent on the animal’s 

engagement in a behavioral task than is SC (Chapman & Meftah, 2005; Rossi-Pool et al., 2021). 

One might thus expect greater response variability caused by waxing and waning in the animal’s 

attention. To test this possibility, we assessed the degree of variability across repeats by 

calculating the Fano factor of the responses to individual textures over repeated presentations. 

We found that Fano factors were much higher for S2/PV responses than for their SC counterparts 

(2.3 times greater, Figure 3.4C-D) and significantly so (two-sample t-test, t(232) = 9.71, p = 6.5e-

19), even when the analysis was restricted to texture-modulated neurons in S2/PV (Figure 3.4D). 

Thus, both sparseness and variability conspire to reduce the ability to classify texture based on 

S2/PV responses. 
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Figure 3.4: Texture classification and response variability. (A) Texture classification 
performance using nearest-neighbor rate classifiers trained on single cell responses to 40 
different textures (chance = 2.5%). Each point denotes a single cell in S2/PV (green) or SC 
(blue). Error bars denote the standard error of the mean. (B) Population classification using 
cross-validated linear discriminant analysis with increasing populations of 2-65 neurons. S2/PV 
(texture), n = 27; S2/PV (all), n = 95; SC, n = 141. (C) Mean Fano factor (variance across 
repeated presentations of a texture / mean response to texture) across cells in SC vs S2/PV for 
each texture. Dashed line denotes unity. (D) Fano factors of texture responses in S2/PV are 
more than double those in SC. Each point denotes one texture. Error bars denote the standard 
error of the mean.  (E) Fano factors vary across cells, but within the S2/PV population, variance 
does not differ between texture-modulated cells and non texture-modulated cells. Each point 
denotes each cell’s mean Fano factor across all 40 textures. 
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3.2.5 | S2/PV RESPONSES CARRY TASK VARIABLES 

S2/PV responses have been shown to carry information not only about tactile stimuli but also 

about task-relevant variables (Chapman & Meftah, 2005; Jiang et al., 1997; Romo et al., 2002). 

With this in mind, in the above analyses we analyzed neuronal responses in the first stimulus 

interval to isolate the sensory responses (and minimize the cognitive ones). In the following 

analyses, we examined the responses evoked during the second stimulus period and compared 

them to their counterparts in the first interval, matched for texture, to identify task-relevant 

cognitive signals. 

Task-modulation was observed in the time-varying texture response of individual cells. One 

category of cells produced responses that related more closely to the animal’s decision than they 

did to the stimulus or trial type (Figure 3.5A): The neurons’ firing rates were higher throughout 

the second stimulus interval when the animal reported “different,” even on ‘same’ trials. Another 

category of neurons responded selectively to changes in texture (Figure 3.5B), exhibiting a 

transient increase in firing rate at the onset of the second stimulus on ‘different’ trials, regardless 

of the animal’s decision. These “change-detection” cells sometimes carried signals that also 

covaried with the animal’s decision. 
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Across the population, we found that 7.4% of cells (7/95) were significantly modulated by 

theanimal’s decision and 45% of cells were modulated by the trial type shortly after a change 

occurred (early in the second stimulus period, Figure 3.6A). It is worth noting that trial-type cells 

were found in both animals, whereas all of the decision cells were found in Monkey M, who 

 

Figure 3.5: Examples of task-modulation in neural responses. Mean Peristimulus time 
histograms of the responses of six example S2/PV neurons, broken down by trial type. Time-
varying firing rates are averaged across all repeats and stimuli within each trial type. Shaded 
regions denote the standard error of the mean across repeats and stimuli. Stimulus intervals 
are indicated as shaded regions. (A) Three example cells that are modulated by the animal’s 
decision. For both same and different trial types, firing rates are higher during the second 
stimulus period of trials during which the animal chooses “different” (dashed lines). (B) Three 
example cells that respond transiently to a change in texture. This rise in firing rate occurs 
early in the second stimulus interval on “different” trials (red lines). In the middle panel, the 
cell’s response rises on “different” trials, but the peak of this response is higher on trials for 
which the animal chooses “different”.   
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performed reliably better on the task than did Monkey S. Overall, neurons exhibited 

heterogenous category-dependent modulation, with some cells responding mores strongly to 

different textures, and other more strongly to same ones. 

 

3.2.6 | DECISION- AND TASK-RELATED SIGNALS IN S2/PV 

Having observed that S2/PV responses seem to be modulated by trial type and the animal’s 

decision, we attempted to decode task variables – texture, trial type, and decision – we could 

decode from neural responses across time. To this end, we applied LDA to the population 

response within a 400-ms time window slid across an epoch that spanned 800 ms before the first 

 

Figure 3.6: Neurons in S2/PV are modulated both by texture and the animal’s choice. (A) Percent 
of neurons modulated by texture, trial type, or decision across time throughout same (blue) and 
different (red) trials. For any given timepoint (calculated every 10 ms), the fraction of modulated 
neurons is determined based on mean firing rate across the previous 400 ms. Texture modulated 
neurons respond differently to the 45 textures in our stimulus set. Decision modulated neurons 
respond differently between trials on which the animal reports same vs different. Trial-type 
modulated neurons (green dashed line) respond differently on same vs different trials. (B) Violin 
plots showing percent change in texture response from the first stimulus interval to the second 
on same (blue) and different (red) trials. Each point denotes an individual cell’s average change 
across all textures. 
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texture until after the animal reported his decision in 10-ms intervals. We found that we were 

able to reliably classify texture across both stimulus intervals (Figure 3.7A). We were also able to 

classify trial type (same vs different), in particular during the second stimulus period (Figure 3.7B). 

Trial type-classification unexpectedly rose above chance levels during the first stimulus period, 

possibly because the specific swath of each texture differed depending on whether it occurred 

in the first or second interval. Finally, we were able to classify the animal’s decisions with high 

accuracy (77%) from responses across all stimulus pairs and trial types. Decision-related signals 

emerged after trial-type-related signals In S2/PV, as might be expected if the latter drive the 

former (Figure 3.7B).  

 
Figure 3.7: Classification of texture, trial type, and animal’s decision. (A) LDA population 
classification of 45 textures (chance = 2.2%). At each timepoint, the LDA classifier is trained 
on the mean firing rate responses of all 95 cells in S2/PV over the previous 400 ms. (B) LDA 
population classification of trial-type (same vs different trial, green line, chance = 50%) and 
decision (animal choice of same or different, purple line, chance = 50%). For the trial-type 
classifier, all 95 cells were included as features in the model. For the decision classifier, only 
decision-modulated cells were included (n=7 cells).  
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Having identified populations of neurons that carried information about various task variables, 

we then assessed the degree to which these signals about different variables were carried by 

different neuronal populations. To this end, we assessed the ability of different subpopulation of 

neurons, split based on their preference for one task variable, to carry information about other 

task variables. We found that texture-modulated neurons still carried decision-related signals, 

though weaker than those carried by neurons identified as being decision-related (Supplemental 

Figure S.3.6). Similarly, neurons identified as decision-related carried information about texture, 

though far weaker than their texture-modulated counterparts. between different textures.  

3.3 | DISCUSSION 

3.3.1 | SPARSE AND HETEROGENEOUS REPRESENTATIONS OF TEXTURE 

By presenting a wide range of stimuli, we observe, for the first time, sparse activation of S2/PV 

cells in response to texture. In SC, cells are easily driven by texture, with most cells responding 

to most textures. In contrast, S2/PV cells are highly selective, with most cells responding to fewer 

than 20% of textures. This latter observation is consistent with anecdotal finding that a subset of 

S2 neurons responded only to metal bars on the stimulator but not to the textured stimuli, in this 

case square-wave gratings (Sinclair & Burton, 1993). The present study is the first to examine 

S2/PV responses to a wide range of naturalistic stimuli and thus to be able to observe sparse 

coding in higher order somatosensory cortex. This progression is consistent with observations in 

other sensory pathways, where dense coding of low-level features in early stages of processing 

gives way to sparse activation and increased selectivity in higher order cortical fields (Chalk et 

al., 2018; Okazawa et al., 2017).  
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3.3.2 | HIGH VARIABILITY IN RESPONSES 

Individual cells in S2/PV are less informative about the full texture set than are cells in SC, as 

evidenced by lower texture classification performance from S2/PV responses than SC responses. 

This difference is driven by at least two factors. The first is that S2/PV representations of texture 

are sparser than are their SC counterparts: To the extent that individual neurons only respond to 

a small fraction of textures, a small sample of such neurons will fail to tile the space and lead to 

a failure to classify textures that are poorly encoded by any one neuron. Second, the variability 

of S2/PV responses to repeated presentations of a given texture is double that of its counterpart 

in SC, which will result in reduced classification performance. This increased variability can be 

attributed, at least in part, to the fact that S2/PV neurons are also modulated by attention. 

Indeed, responses to tactile stimuli are significantly attenuated in S2/PV when the stimuli are 

behaviorally irrelevant, much more so than in SC (Burton et al., 1997; Chapman & Meftah, 2005; 

Meftah et al., 2002; Rossi-Pool et al., 2021).  

Given that the animals struggled to perform the same-different task, we do not have a reliable 

read-out of the animal’s engagement in the task.  

3.3.3 | POPULATION REPRESENTATION OF TEXTURE 

Cells in SC carry a large shared signal – which accounts for two thirds of the variance in the 

population response and is highly predictive of perceived texture. However, the responses of 

individual SC cells comprise an idiosyncratic component such that their population response is 

also high-dimensional (Lieber & Bensmaia, 2019). That is, attempts to project the population 

response onto a reduced space reduces its informativeness about texture. S2/PV cells also 
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respond idiosyncratically to texture but also much more sparsely. As a result, the representation 

of S2/PV does not comprise a large shared signal, and the overall dimensionality of the signal is 

even higher than that in SC. Furthermore, in both peripheral nerve and SC, the shared signal is 

highly predictive of perceived roughness, (Lieber & Bensmaia, 2019; Weber et al., 2013) whereas 

no such relationship exists in S2/PV. This transition from sensitivity to low-level stimulus features 

to higher-order ones is observed across sensory modalities (Groen et al., 2017; Rauschecker, 

1998; Yamins & DiCarlo, 2016) .  

3.3.4 | TASK MODULATION 

Across behavioral conditions, a subpopulation of S2/PV neurons has been shown to be 

modulated by task-relevant variables. In a texture change-detection task, the responses of most 

neurons indicated the presence, but not magnitude, of a change in texture (Jiang et al., 1997). 

In an active texture exploration task, many neurons were responsive to a small metal bar that 

demarcated the beginning, middle, and end of the texture (Sinclair & Burton, 1993). In a vibratory 

frequency discrimination task, a subset of neurons encoded the difference in frequency of two, 

sequentially-presented vibratory stimuli, a precursor to the eventual decision (Romo et al., 2002). 

In a vibratory same-different task, a subset of neurons encoded the trial-type (same, different), 

as we found here (Rossi-Pool et al., 2021). 

In the present study, we found that information about the key task variables – trial type and the 

monkey’s decision – were encoded in S2/PV. However, decision- and task-related signals were 

multiplexed with texture-related ones, such that information about all these task variables could 

be decoded from the population response. These different signals were not segregated across 
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different populations of neurons, as evidenced by the fact that texture could be classified above 

chance based on the responses of neurons identified as being decision-modulated and decision 

could be classified from the responses of neurons identified as texture-modulated.  

3.4 | CONCLUSIONS 

 S2/PV carries a sparse representation of texture in which signals about low-level stimulus 

features such as roughness have been strongly attenuated. Sensory signals are multiplexed with 

signals about task variables, including trial type and the animals’ decision. While the cognitive 

signals found in S2/PV are consistent with those found in previous studies, the selectivity and 

sparseness of the neuronal response has not been previously characterized as doing so requires 

monitoring neuronal response to a complex stimulus set, as was done here for the first time. 

3.5 | METHODS 

3.5.1 | ANIMALS 

All experimental procedures involving animals were approved by the University of Chicago 

Institutional Animal Care and Use Committee. Behavioral and neurophysiological data were 

obtained from two rhesus macaques (males, 10-14 years old, 8-10 kg). Both animals were 

instrumented with a custom head-post to allow for head immobilization for eye-tracking and 

stable neurophysiological recordings. After two years of head-fixed training on a behavioral task 

(described below), animals were instrumented with a 22-mm diameter recording chamber (Crist 

Instrument Co., Hagerstown, MD) positioned over the upper bank of the lateral sulcus (Figure 

3.1C). In both animals, chambers were centered 8-10 mm anterior to ear bar zero, as far lateral 

as possible, and positioned straight up and down using a steep chamber angle (30-45°) to keep 



 160 

the edge of the chamber flush with the skull. Coordinates were determined using a stereotaxic 

instrument (David Kopf Instruments, Tujunga, CA). In one hemisphere of one monkey, a flat 0° 

chamber was placed flush with the skull, such that it was positioned at a ~40° angle centered 

over the lateral sulcus. The chamber was placed at this modified angle to accommodate the 

placement of a 96-channel Utah array (Blackrock Microsystems, Salt Lake City, UT) over the hand 

representation in Area 1.  

3.5.2 | NEUROPHYSIOLOGY 

Each day, extracellular responses were obtained using one or two 16-channel linear arrays (V-

probes, Plexon Inc, Dallas, TX). Electrodes were moved using a computer-controlled microdrive 

(NAN Instruments, Nazaret Illit, Isreal) and responses were recorded through a Cereplex Direct 

and Central software (Blackrock Microsystems, Salt Lake City, UT). Spike sorting was performed 

manually using Offline Sorter (Plexon Inc, Dallas, TX) in order to identify well-isolated single units 

that were stable across the recording session. 

3.5.3 | BEHAVIORAL TASK 

Animals were trained to perform a 2-alternative forced-choice task in which they reported 

whether two sequentially presented textures were the same of different. Two texture stimuli were 

presented sequentially, each for 1s, with no interstimulus interval separating them. This design 

was chosen because a delay period between the stimuli increased the task demands beyond our 

animals’ capabilities.  45 unique textures were presented in 90 pairs for 5 repeats across four 

experimental blocks. During the first block, 40/90 texture pairs were presented three times each 

in pseudo-random order. During the second block, the remaining 50/90 texture pairs were 
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presented three times each in pseudo-random order. The third and fourth blocks followed the 

same design but contained only two repeats of each stimulus pair.  

3.5.4 | SC NEURAL RESPONSES 

All SC data were collected from awake macaques that were performing a visual contrast-

discrimination task. All stimuli were presented as described below. However, unlike in the 

present study, only one stimulus was presented in each trial, with at least 3 seconds between 

trials. Further details on these methods can be found in previous reports on these data (Lieber & 

Bensmaia, 2019, 2020; Long et al., 2021) . 

3.5.5 | TEXTURE STIMULI 

Texture were scanned across the fingertip at 80 mm/s and 25 g of force. Textures were presented 

using a custom stimulator that included a rotation motor (SmartMotor SM23165D; Animatics) 

connected to a 1:100 gearbox (Animatics), which provided precise control of rotational position 

(±200 μm) and velocity (±1.1 mm/s). A vertical stage (IMS100V; Newport) controlled the depth 

of indentation into the skin with a precision of 2 μm. This rotating drum was also connected to a 

horizontal stage (IMS400CCHA; Newport), allowing for horizontal displacements over a range of 

40 cm (±4 μm). With this rig, we maintained precise horizontal, vertical, and rotational positioning 

of textures. We presented 44 unique textures, including fabrics, furs, papers, and 3 3D-printed 

stimuli. We also included a 45th stimulus as a catch trial in which the drum moved like in any other 

trial, but no texture contacted the fingertip. 40 of these 44 textures were also used in our previous 

examination of texture coding in anterior parietal cortex, and only responses to these 40 textures 

were used for all comparisons of SC and S2/PV.  
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3.5.6 | TRIAL STRUCTURE 

Same and different trials both followed the same general structure: 1s presentation of an 8 cm 

strip of texture followed immediately by a second 1 s presentation of a second 8 cm strip of 

texture (either the same texture or a different one). Same trials began at the start of a given 

texture strip, such that the full 16cm were scanned across the finger over a 2s period. A thin strip 

of tape (3 mm wide) placed at the beginning and halfway through each texture (8 cm) 

demarcated the start of each stimulus period. On different trials, the stimulus pair began at this 

halfway point on the first texture and moved halfway through the subsequent texture on the 

drum. The drum never lifted off the fingertip during the trials, and there was no gap between 

textures. This allowed for easier task demands, as there was no working-memory component to 

the task. However, it also constrained our stimulus set such that any given texture was, by 

necessity, always followed by one specific texture rather than a variety of possible comparisons. 

Following the 2 s trial, the animal saccaded toward a right or left target to indicate whether the 

two textures were the same or different, respectively.   

3.5.7 | HUMAN PSYCHOPHYSICAL DATA 

We leveraged a dataset on the perceived roughness of the 40 textures in our shared SC-S2/PV 

stimulus set. We have already published reports using these data (Lieber & Bensmaia, 2019, 

2020). Briefly, we asked six human subjects (5 males, 1 female, ages 18-24) to freely rate the 

perceived roughness of textures presented in the same manner as described here (80 mm/s, 25 

g). All textures were presented six times to each subject and ratings were normalized across 

experimental blocks and across subjects.  
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3.5.8 | DATA ANALYSIS 

Firing rates: Baseline firing rates were calculated as the mean firing rate rate (spikes / s) over a 

400 ms window prior to the texture contacting the skin. Texture-evoked firing rates were 

calculated over a 400 ms window following the texture-evoked transient during each stimulus 

interval. 

Peri-stimulus time histograms (PSTH): PSTHs were computed by binning spikes in 20 ms bins and 

calculating a moving average firing rate across 20 sequential bins (400 ms total window slid in 

20ms increments).   

Permutation test: For a given cell, we first created a distribution of baseline firing rates from the 

baseline response on each trial (45 textures x 5 repeats). Then, for a given texture, we calculated 

whether the mean texture response was greater than the mean firing rate in a random draw of 5 

baseline responses. We repeated this for 300 iterations and calculated how frequently the texture 

response was greater than the sampled baseline response. We set a significance threshold at 

p<.05, and we corrected for multiple comparisons by dividing this value by 4,275 (95 cells x 45 

stimuli). We also performed this analysis using a shared set of 40 textures with SC and S2/PV 

responses, and the multiple comparisons correction was then set at 3800 comparisons in S2/PV 

(95 cells x 40 stimuli) and 5640 comparisons in SC (141 cells x 40 stimuli). 

Selection of ‘texture’ cells: We identified those cells that were modulated by texture by 

performing a 1-way analysis of variance (ANOVA) of texture-evoked firing rates to 45 textures 

across repeats. Significance thresholds (p < 0.05) were Bonferroni corrected for multiple 

comparisons (95 cells x 45 stimuli).  
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Selection of ‘decision’ cells: Similar to above, we identified decision-modulated cells by 

performing a 1-way ANOVA on firing rates during the final 400 ms of the second stimulus periods 

on trials during which the monkey indicated “same” vs those in which he indicated “different”. 

Significance thresholds (p < 0.05) were Bonferroni corrected for multiple comparisons (95 cells x 

2 decisions). 

Sliding window ANOVA: We performed the same analysis described above (1-way ANOVA with 

significance thresholds corrected for multiple comparisons) for firing rates calculated across 400 

ms windows. We performed this analysis every 25 ms to identify the time-varying proportion of 

neurons that respond to texture, trial type, and the animal’s decision.   

Sparseness Index: The sparseness index (ISP) is a measure of uniformity of responses to a variety 

of stimuli. First, we calculate the mean firing rate of a given cell to each texture (across 5 repeats). 

We then calculate the cell’s ISP as the squared average of responses divided by the average of 

squared responses: 

ISP = [Σ!"#,% $
&!
%
%]' / [Σ!"#,%(

&!"

%
)], 

where n = 40 or 45 textures and 𝜇!= the mean response to texture t. 

Selectivity Index: The selectivity index (ISE) is a measure of the range between a neuron’s response 

to its most and least preferred stimuli. We first calculate the mean firing rate of a given cell to 

each texture (across 5 repeats). We then take the difference between the cell’s maximum and 

minimum texture-evoked response and divide the difference by a sum of the cell’s maximum and 

minimum responses: 

ISE = 𝜇!	)*+ − 𝜇!	),% 𝜇!	)*+ + 𝜇!	),%⁄ , 
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where 𝜇!	)*+ = a cell’s maximum mean texture-evoked response and 𝜇!	),% = a cell’s minimum 

mean texture-evoked response. 

Principal components analysis: We performed a principal components analysis of population 

texture response with each neuron as a feature and each texture as an observation (40 textures, 

95 S2/PV cells) using the Matlab pca() function. We also performed a principal components 

analysis on a subset of 27 S2/PV ‘texture’ cells’ responses as well as for 141 SC cells’ responses. 

Briefly, we first calculated each cell’s mean response across repetitions to each texture presented 

during the final 400 ms of the first stimulus period. We then computed the principal component 

eigenvalues and each texture’s principal component scores. To compare these principal 

component projections to roughness ratings, we performed a simple linear regression of mean 

roughness ratings onto principal component scores and determined the correlation coefficient 

(r) and squared this value to find the coefficient of determination (R2). 

Rate classification: We set out to classify textures from each single cell’s response to all 45 stimuli. 

In brief, we performed a cross-validated nearest-neighbor classifier on Euclidian distances 

between texture-evoked firing rates. We first calculated the cell’s mean response to each texture 

across 4/5 repeats. We then computed the Euclidian distance between a test repeat to one 

texture and every response in the training vector. We repeated this for every texture and every 

repeat, and we calculated classification performance as the percentage of time the smallest 

distance in the vector was that of the same texture that was presented during the test repeat. 

Population LDA classification: In order to assess population responses to texture, we 

implemented linear discriminant analysis to classify texture using Matlab’s fitcdiscr() function. We 
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performed LDA classification for increasing population sizes by randomly sampling without 

replacement from our full or texture-modulated cells. We trained our LDA model on individual 

responses in 4/5 repeats and we tested the model’s accuracy on a fifth, left-out repeat. For each 

population size, we performed 10 iterations in order to find a mean classification performance 

across different samples of cells. 

LDA improvement: To test how often a given cell would increase classification performance in a 

small population of cells, we randomly sampled 4 cells without replacement from our population, 

excluding the cell of interest. We calculated classification performance using these 4 cells, and 

we repeated the process with the same cells and the cell of interest. We repeated this process 

100 times, sampling randomly from the population, to identify the fraction of samples in which 

the added cell improved classification.  

Sliding window classification: In addition to training/testing LDA classifiers on stead-state texture 

responses during the final 400 ms of the first stimulus period, we tested the extent to which the 

neural response throughout the trial period was informative about texture, trial type, and the 

animal’s decision. To do this, we trained and tested LDA classifiers (as described above) on the 

firing rate over a 400 ms window in 10 ms increments from 800 ms before the stimulus touched 

the fingertip until 1 s after the second stimulus ended. To classify texture, class labels were 

unique to each stimulus, and we split the analysis between same trials and different trials to 

exclude the effect of differences between the physical swath of texture. For classification of trial 

type, class labels were applied based on whether the trial was a “same” trial or a “different” trial 

and included observations from all textures across all repeats. For classification of the animal’s 
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decision, class labels were applied based on the animal’s ultimate decision at the end of the trial. 

In this case, the model was trained on 80% of the trials and tested on 20%, rather than splitting 

the data by repeats. In order to keep chance performance at 50%, an equal number of “same” 

and “different” choice observations were used to train the model and to test the model.  

Basic statistics: For a variety of analyses, two-sample, unpaired, 1-tailed t-tests were used to 

assess differences between SC and S2/PV responses. Significance thresholds of p<0.05 were 

always Bonferroni corrected for multiple comparisons. 
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3.6 | APPENDIX: CHAPTER THREE SUPPLEMENTAL FIGURES 

 

Supplemental Figure S.3.1: Average behavioral performance of each animal. Average 

performance on this task differed between animals (Monkey M: 68%, Monkey S: 54%). 

Performance also differed for stimulus pairs, but both monkeys were rarely incorrect on “same” 

trials (blue). Each point denotes one texture pair. Texture pairs were the same for both monkeys. 

Task performance was averaged all sessions during which neural responses were recorded. 
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Supplemental Figure S.3.2: Texture responsiveness across individual cortical cells in S2/PV and 

SC. (A) Heatmap showing textures (n = 40) for each cell that evoke a significant above-baseline 

response (permutation test). Yellow squares denote above-baseline responses. Textures are 

sorted by the proportion of cells responding in S2/PV (increasing from left to right). (B) 
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Cumulative distributions of textures the evoke a response in increasing proportions of cells. (C) 

Cumulative distributions of SC an S2/PV cells responding to increasing proportions of texture. 

 

 

Supplemental Figure S.3.3: Cumulative scree plot of prinicipal components of the population 

S2/PV texture response. Variance explained by each principal component determined by a PCA 

of the full S2/PV texture response of 95 features (neurons) to 44 observations (textures). 
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Supplemental Figure S.3.4: S2/PV responses are not correlated with perceived roughness of 

texture. We regressed perceived roughness onto principal component scores for each texture 
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(each point). Titles of each subplot list the correlation coefficient of the best linear fit of roughness 

and a given principal component’s texture scores. Principal components (PC) were determined 

from the responses of (A) all 95 S2/PV cells and (B) 27 texture-modulated S2/PV cells. 

 

 

Supplemental Figure S.3.5: Contributions of single cells in population classification. (A) We 

performed LDA classification of texture in small populations of 4 randomly sampled cells from 

either S2/PV or SC. We then calculated the fraction of 100 independent sampled populations for 

which classification improved when the cell of interest (denoted as individual circles) was added 

to create a population of 5 cells. Likelihoods above 0.5 increase are more likely to improve 

classification performance than hurt it. (B) Cumulative distributions of SC, S2/PV, and S2/PV 

texture cells to improve classification performance. 

 

 



 173 

 

Supplemental Figure S.3.6: Classification of texture, trial type, and decision among texture-

modulated and decision-modulated subpopulations of cells. (A,C) LDA population classification 

of 45 textures (chance = 2.2%). At each timepoint, the LDA classifier is trained on the mean firing 

rate responses of all either 27 texture-modulated cells (A) or 7 decision-modulated cells (C) in 

S2/PV over the previous 400 ms. (B,D) LDA population classification of trial type (same vs 

different trial, green line, chance = 50%) and decision (animal choice of same or different, purple 

line, chance = 50%). For each LDA model, either 27 texture-modulated cells (B) or 7 decision-

modulated cells (D) were included as features in the model. 
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CHAPTER 4 | FUTURE DIRECTIONS 

Although this first examination of texture responses in LPC has been fruitful, we have only just 

begun to scratch the surface, and many questions remain.  

First, one of the hallmark features of higher-order cortical areas is the development of robust, 

tolerant representations of stimuli. In the somatosensory system, our perceptual experience of 

texture does not vary with the speed at which we slide our hand across it, nor does it depend on 

the force we apply or which fingertip we use. However, responses in the peripheral nerve vary 

systematically across each of these parameters. In SC, invariance to speed begins to emerge, 

demonstrated by lower changes in firing rate across speeds. In S2/PV, we may expect to see 

even greater speed invariance emerge, as well as invariance to the location on the hand that a 

stimulus is presented. Receptive fields in SC are too small to give rise to this type of invariance, 

but in S2/PV, receptive fields often include multiple fingertips. One remaining question is how 

similar neural response responses are when textures are presented to different fingertips, both 

within the receptive field of an individual S2/PV cell?     

Second, LPC responses contain informative signals about texture, trial-type, and the animal’s 

decision. To what degree are they multiplexed in individual cells? To the extent that there is 

mixed selectivity in individual LPC cells, how do these representations develop as an animal 

learns a particular task? Are “decision” cells always “decision” cells, or are some LPC cells co-

opted for particular tasks as an animal learns? This question requires methods that are beyond 

those we currently have at our disposal, as chronic recordings in the upper bank of the lateral 

sulcus have never been performed. So, instead, in our current (and growing) dataset, we will 
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apply a demixed principal components analysis to evaluate the time-varying components of the 

response that relate to the each of these factors (texture, category, decision). This may allow for 

further examination of the particular subspaces of the population response that encode texture 

features, allowing for better characterization of what aspects of texture, if not roughness, drive 

these responses. We can also assess these subspaces over time, as we record from each animal 

over the course of many months. 

Third, we see preliminary evidence of enhanced responses to suedes, furs, and metal textures in 

S2/PV, relative to what we’d predict from SC responses. These particular textures are likely of 

special relevance to laboratory macaque. Higher-order visual areas show preferential responses 

to naturalistic stimuli – is this same phenomenon true in the somatosensory pathway?  

Fourth, we have collected a small dataset of responses in anterior parietal cortex in one monkey 

performing the same-different task. SC responses are less modulated by task-structure and task-

relevance of stimuli than are those in S2/PV, but in order to fairly compare texture responses in 

SC and S2/PV, we will assess SC responses during the same-different task used here. 

And fifth, there is evidence of differences in response properties across anatomical locations of 

cells within S2/PV. There are no reliable mapping techniques to differentiate these areas from 

responses alone. Instead, we will perform histology on both hemispheres of one monkey to 

identify the location (S2 or PV) of electrode penetrations (marked with electrolytic lesions) based 

on cytoarchitectonic criteria and evaluate the degree to which texture representations differ 

across areas. 
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CHAPTER 5 | CONCLUSIONS 

This body of work focused on two major gaps in our understanding of sensory coding in 

somatosensory cortex. First, we find that precise temporal patterning in a subpopulation of cells 

in SC is informative about texture, and a combination of rate and timing is best for prediction 

perceptual features of texture. And second, we find that cells in S2/PV convey information about 

texture, but this representation is sparser, higher-dimensional, and less driven by a shared 

response to low-level features. Altogether, these findings provide for a more holistic view of 

texture coding and how it evolves across various stages of cortical processing in the 

somatosensory neuraxis.  


