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Abstract

The encoding of the space close to the body, named peri-personal space (PPS), is

thought to be relevant to explain the abnormal experiences of the self observed in

schizophrenia (SCZ). However, current conceptual accounts do not agree with recent

empirical evidence that directly observed the PPS in SCZ and high schizotypy (H-

SPQ). More precisely, it is unclear why SCZ patients and H-SPQ individuals present

a narrower PPS and why the boundaries of the PPS are sharply defined in patients.

In this context, we hypothesise that the unusual PPS representation observed in SCZ

is caused by an imbalance of excitation and inhibition (E/I) in recurrent synapses of

unisensory neurons and an impairment of bottom-up and top-down synapses between

unisensory and multisensory neurons.

These hypothesis were tested computationally by modelling the influence of SCZ

in a neural network originally designed to encode PPS representations of healthy in-

dividuals. This was done by including two parameters in the model to simulate the

effects of E/I imbalance (β) and synaptic density decrease (ρ) in the network mechan-

ics. We computed simulations to explore the effects of both impairments in the PPS

representation generated by the network and fitted the model to experimental data to

test our hypotheses.

Results showed that disinhibition of sensory neurons cause the small PPS observed

in SCZ (β = 4.49) and H-SPQ (β = 4.30), whereas a decrease of bottom-up and top-

down synaptic density causes the sharp definition of the PPS observed in SCZ (a de-

crease of 24.35 %). Moreover, based on the exploration of the model mechanics, we

predicted that disinhibition also causes poor tactile discrimination and personal space

enlargement in SCZ.

Based on these results, we proposed a novel conceptual model of PPS representa-

tion in the SCZ spectrum compatible with current empirical evidence of self-aberrations,

personal space, tactile discrimination and symptoms observed in patients. This model

relates the aforementioned behavioural observations and symptoms computationally

by describing the effects disinhibition in cortical areas involved in the spatial encoding

of sensory stimulation.

i



Acknowledgements

I would like to thank my supervisor, Dr. Peggy Series, whose expertise was invaluable

in motivating this project. Her sharp and accurate feedback throughout the dissertation

period was fundamental for the culmination of this work.

I would also like to thank Dr. Francesca Ferri for sharing the data of the empirical

study modelled in this project and encouraging the development of this research.

I want to acknowledge my friends, who were of great support during my studies. I

would like to specially thank Ms. Suganya Sundaravadivelu for her invaluable presence

throughout this year.

In addition, I would like to thank my parents for making possible my sole presence

in this program and always believing in me.

Finally, I want to thank Mataji Shaktiananda for her divine teachings and the inspi-

ration to investigate the Self.

ii



Table of Contents

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Computational modelling of SCZ . . . . . . . . . . . . . . . 1

1.1.2 Peri-personal space (PPS) . . . . . . . . . . . . . . . . . . . 3

1.1.3 Computational modelling of PPS representation . . . . . . . . 4

1.1.4 PPS representation in SCZ . . . . . . . . . . . . . . . . . . . 4

1.2 Problem statement . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Objectives and Hypothesis . . . . . . . . . . . . . . . . . . . . . . . 7

2 Methods 8
2.1 Experimental task . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Neural network model of PPS representation . . . . . . . . . . . . . . 9

2.2.1 Network architecture . . . . . . . . . . . . . . . . . . . . . . 11

2.2.2 Network synapses . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.3 Network activity . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.4 Network stimuli . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.5 Network basic functioning . . . . . . . . . . . . . . . . . . . 17

2.3 Experiment simulation in the network . . . . . . . . . . . . . . . . . 18

2.4 Modelling the influence of SCZ and H-SPQ in the network . . . . . . 21

2.4.1 Modulation of the E/I balance . . . . . . . . . . . . . . . . . 21

2.4.2 Effects of decreasing synaptic density . . . . . . . . . . . . . 23

2.5 Fitting procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3 Results 26
3.1 PPS representation under E/I modulation and decreased synaptic density 26

3.2 Identification of SCZ and H-SPQ network models . . . . . . . . . . . 27

3.3 Exploration of the SCZ and H-SPQ network models . . . . . . . . . . 29

iii



3.3.1 Mechanics of the SCZ and H-SPQ models in the simulated

experiment. . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3.2 Mechanics of the SCZ and H-SPQ models under auditory stim-

ulation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3.3 Two-point discrimination in the SCZ model . . . . . . . . . . 32

4 Discussion 33
4.1 A novel working model of PPS representation in SCZ spectrum disorders 34

4.2 Encoding of PPS and personal space delimitation in SCZ . . . . . . . 35

4.3 Encoding of PPS and tactile discrimination in SCZ . . . . . . . . . . 37

4.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

5 Conclusions 40

Bibliography 41

A Network model implementation 51
A.1 Values of HC model parameters . . . . . . . . . . . . . . . . . . . . 51

A.2 Unisensory neurons input . . . . . . . . . . . . . . . . . . . . . . . . 52

A.3 Multisensory neuron activity . . . . . . . . . . . . . . . . . . . . . . 53

A.4 Sigmoidal fit of model outputs . . . . . . . . . . . . . . . . . . . . . 53

B Modelling of SCZ and SPQ in the network 55
B.1 Pruning threshold exploration . . . . . . . . . . . . . . . . . . . . . . 55

C Results 56
C.1 PPS representation under E/I modulation . . . . . . . . . . . . . . . . 56

C.2 PPS representation under decreased synaptic density . . . . . . . . . 56

C.3 PPS representation under E/I modulation and decreased synaptic density 58

C.4 Mechanics of the model in the simulated experiment . . . . . . . . . 59

C.4.1 Mechanics of the H-SPQ model . . . . . . . . . . . . . . . . 59

iv



Chapter 1

Introduction

Schizophrenia (SCZ) is considered a major neuropsychiatric disorder due to the amount

of disabilities it produces. One core characteristic of this disorder is the abnormal

subjective experience of the self, clinically denominated as self-disturbances. This

involves alterations in the stream of consciousness, bodily self-experience and self-

demarcation, which lead to the subjective perception of an unclear distinction between

the self and the external world [1, 2].

Recent literature proposes that the neural mechanisms responsible for the encoding

of the peri-personal space (PPS) (i.e. the space near the body) play an important role

in the abnormal perceptions of the self [3]. Although this view has been explored

conceptually [3] and empirically [4], little is known about the underlying mechanisms

behind the PPS encoding in SCZ. In this context, this research is aimed to implement

a computational model able to give account of PPS encoding in the SCZ spectrum and

contribute to the understanding of self-disturbances.

1.1 Background

1.1.1 Computational modelling of SCZ

Early computational models of SCZ were focused on particular mechanisms that were

thought to give rise to specific symptoms of the disease. For example, anatomical

impairments in the form of disruption of white matter tracts during brain development

were proposed to be the cause of hallucinations and thought disorder symptoms [5,

6]. Similarly, impairments in corollary discharge (i.e. the mechanism responsible

for disregarding self-initiated actions) were thought to cause failures to distinguish the

1
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origin of self-generated actions and thoughts from those that were externally generated

[7, 8]. More recently, failures in dopamine signalling produced by NMDA receptors

impairment resulting in an imbalance of excitation and inhibition (E/I) are thought to

be the origin of positive symptoms such as hallucinations and delusions [9, 10, 11].

Currently, a relevant tendency on the field is the effort to create a broader theo-

retical framework compatible with previous models and capable of accounting for the

multiple symptoms that characterise the disease [12, 13, 14]. Researchers committed

with this endeavour propose that the broad symptomatology of SCZ could be explained

in terms of Bayesian inference and a predictive coding account of the brain. This ac-

count aims to integrate perception, action and cognition as a multilevel process of top-

down inferences and bottom-up error corrections that occur in the brain (see [15] for

a comprehensive review). More precisely, this view proposes the brain as a predictive

machinery that is constantly making inferences (“guessing”) about the external, propi-

oceptive and interoceptive inputs it receives. By doing so, it is constantly adjusting and

updating its predictions whenever discrepancies between a predicted sensory outcome

and a sensory event occur (i.e. prediction errors). At the neural level, such hierarchical

process would be possible due to predictive signals sent through NMDA receptors and

prediction errors signals sent via glutamatergic AMPA receptors [16, 17].

From a predictive coding perspective, SCZ is understood as an impairment in the

precision attributed to prior sensory beliefs or sensory data which produces inferences

mainly dominated by sensory data [14]. This is thought to be produced by hypofunc-

tioning of cortical NMDA receptors and GABA neurons along with elevated activity

of striatal dopamine D2 receptors, in agreement with the E/I imbalance hypothesis evi-

dence [11]. According to this framework, such signalling dysfunction leads to a strong

weighting of prediction errors, which in turn causes abnormal learning that needs to be

explained by delusional beliefs [18]. Moreover, this predictive coding account of SCZ

may also provide explanations in terms of failures in Bayesian inference for halluci-

nations [19, 20, 21, 22], as well as for thought insertions and experiences of external

control [23, 24]. Furthermore, evidence of anatomical and structural connectivity ab-

normalities found in patients [25, 26] could be understood as a consequence of the

above mentioned abnormal functional integration (i.e. failures in signalling across dif-

ferent levels of the hierarchy) that produces changes in morphometry or tractography

[13].
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1.1.2 Peri-personal space (PPS)

The brain encodes the space that surrounds the body to interact with the environment.

This space representations are split into regions according to their distance from the

body: PPS (the space reachable by hand) and extrapersonal space (the space that can-

not be reached by hand) [27] (see Figure 1.1). This view is supported by evidence of

fronto-parietal neurons responding stronger to visual and auditory stimulation that oc-

curs near the body in macaques [28, 29] and humans [30, 31, 32, 33, 34, 35] (see [36]

for an extensive review). From an evolutionary perspective, these neurons are thought

to encode the PPS to respond faster to stimuli near the body as a mechanism against

threats from the environment [37].

Figure 1.1: Diagram of the space around the body. The image shows the classification

of the spaces around the body according to their distance from the body. Image taken

from [27]

The receptive field (RF) properties of the PPS neurons (i.e. size, response pref-

erences and spatial frames of reference) have been studied behaviourally in a well

established experimental paradigm [38, 39]. This experiment involved delivering ap-

proaching and receding auditory or visual stimuli and measuring the reaction times

(RT) of participants to tactile stimulation (see Section 2.1 for more details). Research

within this paradigm reveal that the PPS can be extended after synchronous tactile and

auditory stimulation in the extrapersonal space [40]. Plus, the size of the PPS is dif-

ferent across the body and is encoded holding the trunk as a common reference frame

[39].
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Evidence from bodily self-consciousness experiments 1 (e.g. Enfacement Illusion,

Body-Swap Illusion and Full Body Illusion) have led to the hypothesis that PPS repre-

sentation is relevant to bodily self-consciousness processes in the brain [41, 42]. More

precisely, it has been proposed that PPS representation is crucial in the causal inference

process of bodily self-consciousness because it couples body-related information and

surrounding exteroceptive signals [43]. Overall, the PPS could be better understood as

the “space of the self” [44].

1.1.3 Computational modelling of PPS representation

A mechanistic description of the PPS dynamics was modelled employing a neural net-

work designed to mimic fronto-parietal multisensory networks that encode the PPS

representation [45]. In short, the model considers two upstream unisensory areas con-

nected with a downstream multisensory area that holds multisensory representations

of the PPS (see Section 2.2 for more details). Originally the model was conceived

to reproduce the visuo-tactile representation of the PPS around both hands, but later

adaptations of the model have been developed to encode audio-tactile representations

of the PPS around the hand [40] and the trunk [46].

This model is able to simulate RT responses of healthy participants in the afore-

mentioned audio-tactile experimental paradigm [38]. More precisely, it reproduces

that faster responses are obtained when auditory stimuli are administered in the space

close to the hand due to a selective response of the multisensory neuron for stimuli in

the PPS [40]. In addition, the model is able to reproduce changes in the PPS bound-

aries either by synchronous bimodal sensory stimulation [40] or the velocity of the

incoming stimuli [46] as observed in empirical studies. These findings suggest that

such model is a suitable framework to study PPS representations and support the view

that it can be employed for evaluating treatments and diseases [45].

1.1.4 PPS representation in SCZ

An unusual PPS representation is thought to be behind self-disturbances in SCZ. Par-

ticularly, it has been proposed that schizophrenic patients hold a weaker or more vari-

able PPS representation [3]. This view is based on the observation that schizophrenic

patients are more prone to experience bodily self-aberrations such as the Rubber Hand

1These experiments were built to manipulate feelings of body ownership in participants as a result
of controlled multimodal stimulation.
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Illusion (RHI) 2 [47] and the Pinocchio Illusion (PI) 3[48].

As a consequence, a working model was proposed suggesting that space repre-

sentations in SCZ are characterised by a shallow gradient dividing the PPS and the

extrapersonal space. More precisely, a shallower demarcation of the PPS is thought

be an indicator of reduced self demarcation (i.e. confusion of boundaries between self

and others and permeability of self-world boundaries) [3]. This view has been par-

tially supported by evidence relating a shallower PPS boundary and reports of unusual

experiences 4 after audiovisual sensory deprivation [50].

Recently, this working model was empirically tested in the aforementioned audio-

tactile paradigm [38]. The experiment revealed that schizophrenic patients (N = 18)

and high-schizotypy (H-SPQ) individuals (N = 18) present a narrower PPS compared

to healthy controls (HC) (N = 18) (Cohen’s d = .86) and low-schizotypy (L-SPQ) indi-

viduals (N = 18) (Cohen’s d = .86) respectively [4]. However, contrary to conceptual

predictions, it was found that schizophrenic patients present sharper PPS boundaries

(i.e. steeper gradients dividing the PPS and the extrapersonal space) compared to con-

trols (Cohen’s d = .81). In addition, it was found that PPS extension was negatively

correlated with negative symptoms 5 and positive/negative symptoms ratio in SCZ.

Although the study holds some limitations (e.g. small sample size, the PPS representa-

tion was not measured in all directions), it was the first to directly evaluate conceptual

conjectures regarding the PPS representation in SCZ spectrum disorders and provides

an initial framework to model such representation computationally.

Furthermore, a relevant body of literature related to this phenomena is the study of

personal space (i.e. the distance at which one person feels comfortable in the presence

of another individual) in schizophrenic patients. Particularly, such research has consis-

tently revealed that personal space is enlarged in patients and that such enlargement is

correlated with negative symptoms of SCZ [52, 53, 54, 55, 56, 57, 58]. At the neurobi-

ological level, the personal space is thought to be encoded by a specific fronto-parietal

network comprised by the ventral premotor cortex (PMv) and the dorsal intraparietal

sulcus (DIPS) [59], which has been found to be impaired in schizophrenic patients.

2The RHI is an experimental paradigm designed to generate in participants the feeling that a rubber
hand is their own, as a result of synchronous or asynchronous stimulation of the fake hand and their real
hand (which is not visible to participants).

3The PI is an experimental paradigm designed to generate in participants the sensation that their nose
is growing in response to tactile-proprioceptive stimulation .

4Unusual experiences is a subscale of the Oxford-Liverpool Inventory of Feelings and Experiences
[49] that measures positive symptoms of psychosis.

5Negative symptoms refer to deficits in the initiation and maintenance of activities, emotional expe-
rience and communication [51]
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Specifically, it was found that in patients the DIPS region was hyper-responsive to so-

cial stimuli and that such hyper-activity was related to both the size of the personal

space and the presence of negative symptoms [58].

1.2 Problem statement

Although there is qualitative, experimental and neurocognitive evidence of self-disturbances

as an early marker of SCZ [2, 3], little is known about the underlying neural compu-

tations that originate this trait. From a predictive coding account, it has been pro-

posed that an impairment in sensory attenuation due to failures in Bayesian inferences

computed in the brain may be behind self-disturbances such as thought insertions and

external control [23, 24]. However, this account has not been able to integrate the ex-

perimental and theoretical advances in the study of human PPS representation [42], its

suggested relationship with bodily self-consciousness [41, 44] and its potential impli-

cations in self-disturbances [3].

Furthermore, the specific neural basis and mechanics of the observed PPS repre-

sentation in schizophrenic patients and individuals with schizotypal traits is unknown.

There has not been an in depth examination of the disagreement between the working

model of PPS representation in SCZ [3] and the aforementioned experimental evi-

dence [4]. Particularly, a comprehensive explanation of why schizophrenic patients

and individuals with schizotypal traits present a narrower PPS is lacking. Similarly,

there is not a theoretical understanding of why PPS boundaries are sharply defined in

schizophrenic patients when the current working model [3], indirectly supported by

recent empirical evidence [50], predicted a shallower definition of such boundaries.

Moreover, it is unclear why the size of the PPS and the personal space seem to be

inversely related in schizophrenic patients. This observation is particularly odd given

that both spaces are encoded by fronto-parietal networks [59, 36] and are thought to

be part of a defensive architecture dedicated to regulate the space close to the body

against potential threats [60]. Similarly, alterations in both spaces have been found

to be correlated with negative symptoms of SCZ [58, 4], which suggests that both

alterations are related to a same category of impairments observed in the disease.

In sum, it is elusive what is the shared neural impairment in SCZ that gives rise

to alterations in the PPS, personal space, negative symptoms and deficits in social

cognition (see [51] for a review of the neural basis of social cognition deficits and

negative symptoms). Similarly, it is unclear what common impaired mechanism is
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behind a small and sharply defined PPS representation and the propensity of patients to

manifest bodily self-aberrations and positive symptoms (e.g. hallucinations, delusions,

etc.) associated with self-disturbances.

1.3 Objectives and Hypothesis

This research is aimed to implement a computational model that can account for PPS

representation in SCZ and schizotypy [4] and is compatible with state of the start com-

putational modelling of psychosis [13, 14]. For this purpose, a recurrent neural net-

work model of PPS [45, 40] will be adapted to reproduce PPS changes observed in

SCZ (i.e. size reduction and boundaries sharpening) in a simulated audio-tactile be-

havioural task. The simulated results will be compared against experimental data of

schizophrenic patients and individuals with high schizotypal traits [4]. The adapted

models will then be explored to generate predictions regarding personal space resizing

and bodily self-aberrations.

We hypothesise that a narrower PPS representation in SCZ spectrum disorders is a

result of an E/I imbalance in recurrent synapses among unisensory neurons, in agree-

ment with neurobiological evidence [11] and the predictive coding account of psy-

chosis [13, 14]. Moreover, we expect that PPS boundaries sharpening in SCZ may

be explained in terms of an impairment of bottom-up and top-down synapses between

unisensory and multisensory neurons, in line with anatomical observations [25, 26].

Finally, we conjecture that both E/I modulation and synaptic impairments are related

to alterations in the personal space and bodily self-aberrations observed in patients.



Chapter 2

Methods

2.1 Experimental task

The network model is ought to be examined in a simulated task that mimics the exper-

iment undertaken with schizophrenic patients and H-SPQ individuals in the aforemen-

tioned study [4]. This experiment consisted of presenting approaching and receding

sounds to participants at different distance points combined with a tactile stimulation.

At every trial, participants were required to respond to the tactile stimulation by press-

ing a button with their left index finger.

The illusion of different distances was generated by manipulating the intensity of

the sound and the delay relative to the sound onset at which the tactile stimulation was

administered. The changing intensity of the sound generated the subjective feeling of

a sound approaching or receding. Hence, the delay from the sound onset allowed to

provide tactile stimulation when the sound is located at a specific distance from the

participant. For example, for looming sounds the larger the delay, the closer is the

sound perceived by the participant.

For this purpose, two speakers were located in front of the participants at two dif-

ferent positions: one at 100cm and the other next to their right hand, as shown in

Figure 2.1. The auditory stimuli were samples of pink noise of 3000 ms duration with

flat (constant 62.5 dB) or increasing (exponentially rising from 55 to 70 dB) intensity

levels. The tactile stimulus was a constant voltage (between 60 and 90 mA, according

to the sensitivity threshold of each participant) of 100 µs provided by a pair of elec-

trodes located in the right index finger. Only five different delays (300 ms, 800 ms,

1500 ms, 2200 ms and 2700 ms) were considered for the experiment, as in the original

experimental protocol [38].

8
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Figure 2.1: PPS audio-tactile experimental paradigm. The figure shows the experi-

mental setup composed by two speakers in front of the participant and an electrode

in his hand. The arrows indicate the idea of sounds moving towards or away from the

participant with tactile stimulation administered at different delays from the sound onset.

Image taken from [38]

The RT of participants to tactile stimulation was registered in 18 trials to examine

differences in responses due to the location of the sound at the moment of the tactile

stimulation. This paradigm is built on the observation that faster responses occur when

stimuli is administered in the space near the body due to the activity of the PPS neurons

[37, 38].

The average RT obtained from the looming sounds were fitted to a sigmoid func-

tion. This function is intended to depict the PPS representation and its parameters

represent the features of such representation. Hence, the central point (CP) of the

curve is interpreted as the extend of the PPS, whereas the slope is understood as the

steepness of the PPS boundary. In the empirical study [4], it was found that SCZ pa-

tients presented higher CPs (i.e. a smaller PPS) and steeper slopes than HC, whereas

H-SPQ individuals displayed only higher CPs in comparison with L-SPQ individuals

(see Figure 2.2).

2.2 Neural network model of PPS representation

A theoretical neural network model built to mimic the mechanisms of audio-tactile PPS

representation around the right hand will be employed [40]. This model is an adap-
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Figure 2.2: Results of the empirical study with SCZ patients and H-SPQ individuals.

Panels A,B and C reveal that in SCZ the PPS boundary (i.e. CP) is located at a smaller

distance and registers a steeper slope compared to controls (HC). In contrast, panels

D,E and F show that the PPS boundary of H-SPQ individuals is located at a smaller

distance compared to L-SPQ individuals. Image taken from [4].

tation of an earlier network designed for visuo-tactile interaction in the space around

both hands [61, 45] to deal with audio-tactile interaction in only one hand. Although

a newer version of the network has been developed recently [46], the aforementioned

model was selected because it was designed to be tested under the same experimental

paradigm [38] employed in the empirical study with SCZ patients and H-SPQ individ-

uals [4].

Extensive details regarding its implementation can be found in the supplementary

material of the original publication [40]. An overview of its implementation and func-

tioning is presented in this section. The numerical values of the parameters to be

presented can be found in Appendix A.1.
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2.2.1 Network architecture

The model is composed of two recurrently connected unisensory areas (auditory and

tactile) interacting with one multisensory area (see Figure 2.3). Each neuron in both

unisensory areas has its own receptive field (RF) defined in hand-centred in coordi-

nates (along the horizontal and vertical axis) and responds to stimulation received by

an external input with specific spatial coordinates in relation to the hand. In the fol-

lowing, xs
i and ys

j will denote the centre of the RF of a given neuron at position ij of the

unisensory area s, where s can be either t (tactile) or a (auditory).

Figure 2.3: Model of PPS audio-tactile representation. The network is composed of

two unisensory areas connected with a multisensory area. Each unisensory area is

arranged according to a specific topological organisation to encode the external space.

Image taken from [40].

The tactile area is composed of 800 neurons (disposed in a Mt = 40 x Nt = 20

grid) that encode a skin portion of 20 cm x 10 cm corresponding to the left hand of

an individual. This area may roughly represent high-order somatosensory areas in the

parietal lobe [62, 63]. The tactile RF centres coordinates are defined by Equation 2.1.

xt
i = i ·0.5cm(i = 1,2, ..,Mt) yt

j = j ·0.5cm( j = 1,2, ..,Nt) (2.1)

Similarly, the auditory area is composed of 60 neurons (disposed in a Ma = 20 x

Na = 3 grid) that cover an auditory space of 200 cm x 30 cm on and around the hand.

Here it must be noted that the auditory area is composed of fewer neurons that encode
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larger spaces to mimic the lower spatial resolution of the auditory system. Hence, this

auditory area roughly resembles high-order neural structures of the auditory pathway

that encode the spatial location of the sound source [29]. The auditory RF centres

coordinates are defined by Equation 2.2.

xa
i = i ·10−5cm(i = 1,2, ..,Ma) ya

j = j ·10−15cm( j = 1,2, ..,Na) (2.2)

Finally, the multisensory area is composed of a single neuron that is connected to all

neurons in both auditory and tactile areas. This composition reveals that the RF of the

multisensory neuron has a wider spatial extension compared to individual unisensory

neurons and that several unisensory neurons converge to a single multisensory neuron

[61]. This design is congruent with the observation that only few multisensory neurons

are capable of encoding the entire space of the hand [64, 65, 66, 67].

2.2.2 Network synapses

Each neuron of the unisensory areas is recurrently connected to all neurons in the area

to which it belongs. These synaptic connections are symmetrical and are arranged

in a “Mexican hat” pattern, which promotes excitation of neurons that are closer and

fosters inhibition in neurons that are further. In this setup, an external stimulus activates

a limited number of unisensory neurons and avoids the propagation of excitation in

the unisensory area. The specific weights assigned to the synapses are obtained as

the difference between two Gaussian functions (one excitatory and one inhibitory),

according to equation 2.3.

Ls
i j,hk =

Ls
ex · exp

(
− (Ds

x)
2+(Ds

y)
2

2·(σs
ex)

2

)
−Ls

in · exp
(
− (Ds

x)
2+(Ds

y)
2

2·(σs
in)

2

)
, i j 6= hk

0, i j = hk
(2.3)

s = t,a

Ls
i j,hk denotes the weight of the synapse from the pre-synaptic neuron at position hk

to post-synaptic neuron at position ij. Ds
x and Ds

y indicate the distances between the pre-

synaptic neuron and the post-synaptic neurons along the horizontal and vertical axis of

the unisensory area. The excitatory Gaussian function is defined by parameters Ls
ex and

σs
ex, whereas the inhibitory is defined by Ls

in and σs
in. A null term (i.e. zero) is included

in equation 2.3 to avoid auto-excitation. The weights of the recurrent synapses of both

auditory and tactile areas are presented in Figure 2.4.
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Figure 2.4: Network recurrent connections. The colours displayed in the images repre-

sent the strength of the synapses. The neurons are indexed according to their position

in the grid. The numbering starts from the neuron located in the fist row and column

and progresses column-wise.

The synaptic strength between the multisensory neuron and the unisensory neurons

are different according to each modality. The weights of the synapses that connect the

tactile neurons and the multisensory neuron are all the same independent of the position

of the neuron in the tactile area, according to Equations 2.4 and 2.5. W t
i j and Bt

i j denote

the weight of the feedforward and feeedback tactile synapses respectively. In turn, W t
0

and Bt
0 represent the fixed value assigned to those synapses.

W t
i j =W t

0 (2.4)

Bt
i j = Bt

0 (2.5)

In contrast, the weights of the synapses that connect the auditory neurons and the

multisensory neuron depend on the portion of auditory space that each neuron encodes

with respect to the modelled skin portion of the hand. Thus, the synapses hold a con-

stant weight for the space on and near the hand, covering 60 cm of the auditory space

(20 cm for the hand and 40 cm for the space close to the hand). The synaptic weights

outside this boundary (Lim) are described by a bi-exponential function decreasing with

the distance between the neurons’ RF and the hand, as shown by Equations 2.7 and 2.6.

W a
i j and Ba

i j denote the weight of the feedforward and feeedback auditory synapses re-

spectively.

W a
i j = α ·W a

0 · exp
(
−

Di j

k1

)
+(1−α) ·W a

0 · exp
(
−

Di j

k2

)
(2.6)
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Ba
i j = α ·Ba

0 · exp
(
−

Di j

k1

)
+(1−α) ·Ba

0 · exp
(
−

Di j

k2

)
(2.7)

In both equations, the distance Di j is equal to zero for the auditory neurons that en-

code the first 60 cm of the auditory space, whilst for the neurons outside this boundary

Di j is the minimum Euclidean distance between its RF centre and this boundary. W a
0

and Ba
0 denote the value of the feedback and feedforward synapses respectively when

Di j is equal to zero. k1, k2 and α are parameters governing the exponential decay of

synaptic weights of auditory neurons encoding regions outside the near space of the

hand. The values assigned to these later parameters were selected to produce a fast

decay immediately outside this space and a low decay afterwards, as in the original

publication [40]. The feedforward and feedback auditory synaptic weights are shown

in Figure 2.5.

Figure 2.5: Bottom-up and top-down connections between the auditory area and the

multisensory area. Figure A and Figure B show feedforward (Wa) and feedback (Ba)

auditory synapses respectively. The colours represent the strength of the synaptic

connections into neurons encoding the auditory area. The images illustrate stronger

synapses towards neurons encoding the space close to the hand and exponentially

weaker ones outside this region.

Overall, the design of the network aims to capture the observation that a multi-

modal stimulus (auditory and tactile) reinforces the perception of unimodal stimuli in

unisensory areas. This occurs because the stimulus in one modality (e.g. auditory)

reciprocally affects activation in the other unisensory area (e.g. tactile) due to the feed-

back synapses. Thus, the multisensory neuron resembles the responses of multisensory

neurons located in posterior parietal areas of the primate brain which respond to tactile

stimuli in the body and to auditory stimuli presented close, but not far from the body

[29, 68]. Moreover, this area would mimic a portion of human multisensory regions in
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the superior parietal, temporo-parietal and PMv that encode the representation of body

part specific PPS [36, 34].

2.2.3 Network activity

The model is composed of non-spiking (rate) neurons, whose output is a continuous

variable representing the neuron’s firing rate. Each neuron of the model responds to its

overall input through first-order temporal dynamics and a sigmoidal transfer function.

The unisensory neurons temporal dynamics are defined in equation 2.8:

τ
dqs

i j (t)

dt
=−qs

i j (t)+us
i j (t) , s = t,a (2.8)

In equation 2.8, qs
i j (t) stands for the state variable of a neuron at a given time step.

This is affected by us
i j (t), which denotes the overall input of a neuron at a given time

step. Briefly, this input is the sum of the external stimulation received convolved with

its RF, the recurrent input received from other neurons of its same area and the feed-

back input of the multisensory area (see Appendix A.2 for details). In this temporal

relationship, τ is the time constant of the differential equation and its value is set ac-

cording to the original publication [40], in agreement with realistic membrane time

constants reported in the literature [69].

The unisensory neurons activity zs
i j is computed out of the state variable qs

i j (t), as

shown in equation 2.9:

zs
i j (t) = Ψ

(
qs

i j (t)
)
·H
(
Ψ
(
qs

i j (t)
))

, s = t,a (2.9)

Equation 2.9 displays a sigmoidal function Ψ being applied to the state variable

qs
i j(t). The result of this is multiplied by a Heaviside function H to avoid negative val-

ues in the activity of neurons. Finally, the sigmoidal function Ψ is defined by equation

2.10:

Ψ
(
qs

i j (t)
)
=

f s
min + f s

max · e(
qs

i j−qs
c)·rs

1+ e(qs
i j−qs

c)·rs
, s = t,a (2.10)

Here, 2.10, f s
min and f s

max are the lower and upper boundaries of the sigmoid func-

tion. qs
c is the central point of the sigmoid and rs denotes the slope of the curve at the

central point.
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The multisensory neuron activity is defined by an analogous set of equations (see

Appendix A.3 for details) but with a substantial difference in the input received by the

neuron. This input um (t) is composed of the sum of the feedforward inputs from both

auditory and tactile areas, as presented in equation 2.11.

um (t) =
Nt

∑
i=1

Mt

∑
j=1

W t
i j · zt

i j (t)+
Na

∑
i=1

Ma

∑
j=1

W a
i j · za

i j (t) (2.11)

Here, 2.11, zs
i j (t) (s = t,a) denotes the activity of neuron ij in its respective unisen-

sory area s. This is obtained by equations 2.9, 2.10 and 2.11. In addition, W s
i j (s = t,a)

represents the feedforward synapses from the unisensory neuron ij in the area s to the

multisensory neuron. These synapses were introduced in the previous subsection and

displayed in Figure 2.5A.

A couple of remarks must be considered before concluding this subsection. First,

all the aforementioned differential equations were solved numerically employing the

Euler integration method with a discrete time step of 0.4 ms, as in the original imple-

mentation [40]. Second, as highlighted by the authors of the original model [61, 45],

each neuron of this network must not be interpreted as a single cell only but as the

average behaviour of a group of cells that approximately share the same RF and code

for a similar stimulus location. A similar interpretation must be held for the synapses

among the neurons of the network: they do not represent a single synaptic connection

but a summary of the overall synaptic strength of a group of neurons.

2.2.4 Network stimuli

Network stimuli was built for both unisensory areas to resemble the stimulation re-

ceived by participants in the experiment described in Section 2.1. Both auditory and

tactile stimuli had their centres located at a specific coordinate of their respective

unisensory area. These inputs were implemented by a bidimensional Gaussian func-

tion Is, as defined in equation 2.12. In contrast to the original implementation [40],

we opted to exclude the random noise introduced in the stimulus intensity to avoid

unexplained network variability 1.

Is (x,y) = Is
0 · exp

(
−
(
xs

0− x
)2

+
(
ys

0− y
)2

2 · (σs
I)

2

)
, s = t,a (2.12)

1This change causes the model to be fully deterministic and be influenced only by the previously
described network mechanics.
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Here, Is
0 denotes the intensity of the stimulus. xs

0 and ys
0 are the coordinates of the

central point of the stimulus applied in the unisensory area s. σs
I represents the spatial

of the stimulus and was given a small value to simulate localised stimuli.

The tactile stimuli was always applied at coordinate xt = 10 cm and yt = 5 cm. In

contrast, the auditory stimuli was always applied at coordinate ya = 5 cm but the xa

coordinate changed across trials to simulate the presentation of the sound stimuli at

different distances from the hand. Figure 2.6 shows an example of the tactile stimuli

employed at every trial and an auditory stimuli presented at 80 cm from the hand (ya =

100 cm).

Figure 2.6: Network stimuli. Figure A and Figure B show tactile (It) and auditory (Ia)

stimuli respectively. The colours indicate the intensity of the stimulus along the encoded

tactile or auditory area.

2.2.5 Network basic functioning

The network functioning was tested by unisensory (sound only) and multisensory

(audio-tactile) stimulation trials, as in the original implementation [40]. For both con-

ditions the sound stimulation was applied at 15 equally spaced distances from the hand.

The stimulation lasted 400 ms and was presented a single time at each position.

The network was evaluated first under unisensory sound stimulation. The steady

state (i.e. the state of the multisensory neuron at the last time step) of the multisensory

neuron was registered at every distance point from the hand. Results presented in Fig-

ure 2.7A show that the multisensory neuron steady state activity decreases outside the

space close to the hand (40 cm) and rapidly reaches inactivation states. This behaviour

is consistent with the results of the unisensory stimulation of the network presented in

the original publication [40].
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Figure 2.7: Evaluation of network activity. Figure A show the steady-state activity

of the multisensory neuron. The plot shows a dramatic change in the activity of the

multisensory neuron when the auditory stimulus is presented outside the near space

from the hand. Figure B shows the network RT to multisensory stimulation across

distance points. RT are depicted as dots, whereas a sigmoid curve fit is presented as

a line. The plot shows faster responses of the network when the stimuli is administered

close to the hand.

Next, the network was evaluated under multisensory stimulation, roughly resem-

bling the behavioural paradigm of PPS measurement [38]. The reaction time (RT) of

the network was registered at every distance point as the time at which the tactile area

reached the 90% of its final activation state. Figure 2.7B shows the results of this

simulation.

The RT obtained show that the tactile area activates faster when the auditory stim-

ulus is presented close to the hand, mimicking what has been observed in behavioural

studies [38]. Results of the fitting procedure (see Appendix A.4 for details) reveal that

the curve’s average central point is located at 61cm from the hand (coordinate ya = 81

cm in the auditory area) and present a slope of 0.11, which is in agreement to what was

reported in the original publication [40].

2.3 Experiment simulation in the network

This experiment was simulated computationally by holding relevant assumptions. First,

it was assumed that the perceived velocity of the sound was 30 cm/s. Although the ex-

act value of the velocity of sound was not reported in the aforementioned study [4],
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further studies employing the audio-tactile paradigm have reported velocities ranging

from 22 cm/s to 35 cm/s [39]. For the simulations performed in this study, a speed of

30 cm/s was selected because it accurately elicited PPS representations similar to the

ones observed in healthy controls.

Second, both auditory and tactile stimulation employed to stimulate the network

were not realistic in terms of their physical properties (e.g. duration and magnitude).

The network stimuli employed for the experiment simulation were the ones described

in section 2.1.5. The stimulation was configured to last 200 ms for both auditory

and tactile stimuli, because the model was not designed to operate with realistic time

magnitudes of tactile stimulation [40].

Third, the experiment simulation assumed that the participants were stimulated at

more than five distance points to obtain a better accuracy of the PPS representation

generated by the model. Specifically, the simulation evaluated RT at delays from 300

ms to 2700 ms at intervals of 100 ms, which covered 25 distance points between 39

cm and 111 cm from the hand.

Fourth, it was assumed that the network model does not capture the entire neural

process that causes the motor responses (i.e. button pressing) examined in the task.

The scale of network RT does not match exactly with RT found in human partici-

pants, as can be observed in the multisensory condition testing presented in Figure 2.7.

This discrepancy is assumed to be related to instances of sensory processing that the

model does not register, such as low-order neural structures of both the auditory and

somatosensory pathways. Hence, the RT produced by the model is a rough measure of

tactile sensitivity that does not consider the sensorimotor processing required to press

a button. To match RT data observed in experiments, a linear regression is computed

after every run of the model (see Section 2.5 for more details).

Fifth, the original parameter values that define the feedforward and feedback audi-

tory synaptic weights (see Equations 2.7 and 2.6) outside the space near the hand were

manipulated. Specifically, the model was fitted to the average RT registered in the HC

group [4] to obtain values of k1, k2 and the boundary (Lim) that defines the near space

from the hand (see Section2.5 for details on the fitting procedure). The purpose of this

manipulation was to fine-tune the model to reproduce PPS representations of healthy

individuals that closely resemble the ones observed in the empirical study. Hence, in

the following this network setup will be denominated HC model and will be taken as

the baseline to examine the influence of SCZ and H-SPQ in the network (see Section

2.4).
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A single simulation of the experiment under these considerations is presented in

Figure 2.8A. The average RT values at each distance point were fitted to a sigmoid

function (see Appendix A.4) to calculate the central point and the slope of the PPS

representation. The simulation showed that the PPS representation generated by the

HC model has its CP located at 63 cm from the hand and presents a slope of 0.9 (see

Figure 2.8A). A further exploration of the model mechanics is described in Figures 2.8

B, C and D. In short, the mechanics depiction illustrates how the RT of the network

are influenced by the activity of the multisensory neuron, which in turns depends on

the distance of the sound stimulation.

Figure 2.8: Mechanics of the HC network model. Figure A shows a close match be-

tween the PPS representation generated by the network and the average RT of the HC

group. Figure B presents the time dependent activity of the multisensory neuron across

the distances evaluated in the empirical study. The plot indicates a faster activation of

the multisensory neuron when the sound stimulation is presented closer to the hand.

Figure C and Figure D show the steady-state activity of the auditory and tactile neu-

rons respectively. The images illustrate that the network activity closely corresponds to

the administered stimuli (refer to Figure 2.6 for a comparison).
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2.4 Modelling the influence of SCZ and H-SPQ in the

network

Until this point, the original implementation of the model was replicated and adapted

to account for the empirical data observed in healthy participants. This setup will be

considered as a starting point to introduce impairments in the model with the purpose

of accounting for PPS representations observed in SCZ and H-SPQ [4]. More pre-

cisely, we aim to detect what impairments cause the size reduction of the PPS and the

sharpening of its boundary.

For this purpose, we ought to evaluate two consistently observed impairments in

the SCZ spectrum: E/I imbalance [11] and synaptic density decrease [26]. Particularly,

we aim to explore the effects of modulating the E/I balance of recurrent connections

in both unisensory areas. Similarly, we intend to examine the effects of decreasing the

density of feedforward and feedback synapses in both unisensory areas.

Overall, we aim to answer the following questions: Is the E/I modulation related

to the size of the PPS? What is the influence of top-down and bottom-up decreased

synaptic density in the encoding of the PPS? Are both impairments required to repro-

duce PPS representations observed in SCZ patients and H-SPQ individuals?

2.4.1 Modulation of the E/I balance

The modulation of the E/I balance is implemented in the model by inducing disinhi-

bition or excitability reduction in the unisensory areas. This approach is inspired by

what has been successfully implemented in working memory models of SCZ using bi-

ologically realistic networks (i.e. based on integrate-and-fire neurons) [9, 10]. In those

models, an imbalance of E/I was achieved by impairing NMDA synapses in inhibitory

interneurons or excitatory neurons, which respectively reduces inhibition or excitabil-

ity in the network. However, this cannot be implemented in the PPS network model

because it is not built on integrate-and-fire neurons and does not include inhibitory

interneurons in its structure.

We propose an alternative implementation of the E/I imbalance suitable for this

network model based on previous research [6, 70]. This approach induces inhibition

by uniformly shifting the response curve of the neurons activation function to the right

and induces excitation by shifting such curve to the left. We implemented this by

introducing a bias term (β) in the sigmoid activation function of both auditory and
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tactile neurons, as shown in equation 2.13:

ϕ
(
qs

i j (t)
)
=

f s
min + f s

max · e(
qs

i j−qs
c)·rs+β

1+ e(qs
i j−qs

c)·rs+β
s = t,a (2.13)

The notation used in this function is the same as that in equations 2.9 and 2.10.

In such sigmoidal relationship, the term β denotes the bias introduced to modulate

the E/I balance in the unisensory areas. β can reduce inhibition by adopting positive

values (β +) or reduce excitability by adopting negative values (β -). Although less

biologically detailed, this implementation is able to reproduce reductions in inhibition

or excitability in the unisensory areas, as observed in the steady-state activity2 of tactile

neurons displayed in Figure 2.9.

Figure 2.9: E/I balance influence in steady-state tactile activity. Figure B presents the

activity of tactile neurons under E/I balance (β= 0). Figure A and Figure C show tactile

activity under excitability reduction (β = −1.5) and disinhibition (β = 4.5) respectively.

The images represent the area of the hand that is encoded and the colours indicate

the firing rate of the neurons encoding portions of the tactile area. These figures illus-

trate how the neural activity can be compressed (left) or spread beyond the point of

stimulation (right) by the E/I balance modulation.

In the excitability reduction condition (Figure 2.9A) it can be observed that only

the neurons that encode the specific coordinate of the centre of the tactile stimulus

were active and registered lower rates than in the balanced condition (Figure 2.9B).

In contrast, in the inhibition reduction condition (Figure 2.9C) it can be observed that

the activation of tactile neurons spreads beyond the centre of the tactile stimulus and

registered higher rates than in the balanced condition.

The effects of the modulation of E/I balance in the PPS representation generated

by the network model will be explored through a parameter sweep. For this purpose,

β values ranging from 0 to 4.5 will be explored to examine the effects of disinhibition

2The steady state activity of a tactile neuron is defined as the activity registered in the last time step
of the simulated experiment.
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in the unisensory areas. Similarly, β values ranging from 0 to -1.25 will be explored

to examine the effects of excitability reduction in the unisensory areas. Values outside

these ranges were excluded from the sweep because the PPS representation generated

by these values ceases to resemble a sigmoid curve, which is characteristic of the

average PPS representations found in the literature for HC, SCZ, L-SPQ and H-SPQ

[4].

2.4.2 Effects of decreasing synaptic density

The decrease of synaptic density in bottom-up and top-down connections is imple-

mented in the model by weakening feedforward and feedback synapses between the

unisensory areas and the multisensory area. A pruning procedure inspired by the con-

cept of neural Darwinism [71] (which proposes that neurons compete for access to

other neurons) is employed. This is consistent with the observation that less robust

connections tend to be pruned away [72]. This concept can be implemented in neural

network models by assuming that weaker and stronger connections in the model (in

terms of synaptic weights) represent fewer and larger number of synapses respectively,

as performed in [5, 6, 70].

In line with such implementations, the pruning procedure employed in this study

consisted in re-setting the connection weights of both tactile and auditory top-down

and bottom-up synapses that were below a certain threshold ρ to zero. The impact

of the pruning in the feedforward and feedback synapses was calculated by dividing

the sum of the weights of the pruned connections over the total sum of the weights of

the connections before pruning3. An illustration of the pruning effects in the synaptic

weights of top-down connections to the auditory area is presented in Figure 2.10.

This illustration shows the weights of feedback auditory synapses after implement-

ing four different pruning levels. It can be observed that at low levels of pruning

(Figures 2.10 A and B), the exponential decay of the synaptic weights values outside

the near space of the hand (yellow) is roughly preserved (see Figure 2.5B for compari-

son). In contrast, at high levels of pruning the synaptic weights distribution outside the

near space of the hand is either heavily distorted (Figure 2.10C) or set to zero (Figures

2.10D).

The effects of decreasing synaptic density in bottom-up and top-down connections

will also be explored through a parameter sweep. Since a given pruning level could be

3Since feedforward and feedback auditory synaptic weights are in a different scale, rho was defined
proportionally to achieve the same percentage of pruned synapses in both type of connections.
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Figure 2.10: Feedback auditory synapses (Ba) after pruning. Figures A, B, C and D

show the distribution of synaptic weights at pruning levels of 11.39%, 13.92%, 17.83%

and 24.35% respectively. The images represent the area of the auditory space that is

encoded by auditory neurons. The colours correspond to the strength of the synap-

tic connection to the neurons encoding the auditory space. The images reveal that

synapses outside the near space (yellow) are progressively impaired as the pruning

level increases.

achieved by different nearby thresholds (see Appendix B.1 for details), discrete values

of ρ that lead to different pruning levels were considered. Hence, the effects of the

pruning levels presented above (applied to both feedforward and feedback synapses

simultaneously) were explored.

2.5 Fitting procedure

The RT generated by the network were fitted to the experimental data of the study

introduced in Section 2.1 [4]. First, the aim of the fitting was to find the values of k1,

k2 and (Lim) to match the RT generated by the network and the average RT data of

the HC group. Second, the fitting aimed to find the values of β and ρ that produced

the best match of the RT generated by the model and the average RT data of the SCZ,

L-SPQ and H-SPQ groups.

A fitting procedure inspired in an already established method for parametrisation of

connectionist models [73] was employed 4. The procedure used in this study consisted

of matching the time units of the model and the experiment and minimising a cost

function with an optimisation algorithm. At every iteration of the minimisation routine,

the RT were matched by a standard linear regression, as presented in Equation 2.14.

4The main difference between the original method and our procedure is that we omitted the steps
aimed to deal with variability in network models because our network generates deterministic responses.
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RT data = a ·RT model +b (2.14)

Here, RT data and RT model represent the RT obtained in the empirical study and

the simulated experiment respectively. Parameters a and b represent the slope and the

intercept of the linear relationship.

Next, the cost function defined by Equation 2.15 was calculated.

Cost =
N

∑
i=1

(
RT data

i −RT model
i

RT data
i

)2

(2.15)

Here, RT data
i and RT model

i denote the RT measured at the ith distance point. N

represents the number of distances measured (i.e. 5 in the empirical study). This cost

function was minimised by a stochastic algorithm called Differential Evolution [74].

Such algorithm was chosen because gradient based techniques failed to minimise the

function due to the previously mentioned behaviour of parameter ρ (see Appendix B.1

for details). The bounds given to the algorithm to find k1, k2 and Lim were (0, 100),

(500, 1000) and (20, 80) respectively. In addition, the boundaries employed to find

β were the same as the ones considered for the parameter sweeps. The boundaries

defined for rho allowed pruning levels between 0% and 24.35%.
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Results

3.1 PPS representation under E/I modulation and de-

creased synaptic density

A detailed description of the computed parameter sweeps for E/I balance modulation

(β) and pruning (ρ) is presented in Appendix C.1 and C.2. The simulations revealed

that disinhibition (β +) reduces the size of the PPS representation generated by the

model, whereas excitability reduction (β -) increases its size. In contrast, the decrease

of synaptic density in feedforward and feedback connections influences both the size

and the slope of the PPS. Specifically, the increase of the pruning level reduces the size

of the PPS and sharpens its boundary (i.e. causes the slope of the PPS representation

to be steeper). An exploration of the interaction of both parameters is presented in this

section.

The combined effect of inhibition reduction and decreased synaptic density on PPS

representation is shown in Figure 3.1. Results in the top panel overall indicate that

slopes are more steeped as the pruning level increases and that disinhibition reduces

the effects of pruning on the steepness of the PPS representation. The bottom panel

indicates that the size of the PPS decreases as the pruning gets more intensive and that

disinhibition increases the effect of pruning on the size of the PPS. An exploration of

the combined effect of excitability reduction and decreased synaptic density is included

in Appendix C.3.

In sum, the simulations presented in this section suggest that both E/I modulation

and decreased synaptic density are relevant to reproduce PPS representations observed

in the SCZ spectrum. The PPS representation observed in H-SPQ (characterised for

26
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Figure 3.1: Effect of inhibition reduction and decreased synaptic density in PPS.

Coloured lines depict the features (i.e. slope and size) of the PPS representation gener-

ated by the model at different levels of inhibition reduction. Different lines represent the

features generated by the model at different pruning levels, as indicated in the legend.

Disinhibition modulates the effects of pruning by reducing the steepness and the size

of the PPS representation.

being small) is possibly related to disinhibition (β +) in unisensory areas. In contrast,

the PPS representation observed in SCZ (characterised for being small and sharply

defined) is expected to be caused by the interaction of both E/I balance modulation

and pruning. The exact values of the parameters that give rise to these representations

are presented in the following section.

3.2 Identification of SCZ and H-SPQ network models

The results of fitting the model to the average RT data of the SCZ, H-SPQ and HC

groups are presented in Table 3.1 and Figure 3.2. Results shown in Table 3.1 suggest

that the network requires strong disinhibition in the unisensory areas to generate PPS

representations that match the average RT data of both SCZ and H-SPQ groups, whilst

the HC group requires only a weak disinhibition. Furthermore, the network requires a

strong pruning to reproduce the PPS observed in SCZ, whereas weak or no pruning is

required to match the representation observed in H-SPQ and HC (see Figure 2.10 for

an illustration of the different pruning levels).
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Network Linear Regression
β Pruning (%) a b

HC 0.63 4.79 5.17 -73.54

SCZ 4.49 24.35 14.13 -252.58

H-SPQ 4.30 0 14.73 -455.32

Table 3.1: Parameters obtained by the fitting procedure.

The parameters obtained for the linear regression model indicate that the slope (a)

of the linear relationship required to be steeper to fit SCZ and H-SPQ in comparison to

HC. This indicates effect that increased excitability has in the differences of RT across

the evaluated distances 1. The intercept (b) increased in absolute terms to fit the data of

both SCZ and H-SPQ groups. This increment compensated the previously mentioned

increase in a to display RT in the scale observed in the experiment 2.

Figure 3.2: PPS representations generated by the SCZ and SPQ network models iden-

tified by the fitting procedure. The coloured lines depict the sigmoid fit obtained out of

the data generated by the SCZ model (red) and the H-SPQ model (green). The coloured

dots represent the average RT obtained in the empirical study for the aforementioned

populations.

Overall, the results presented in this section reveal that the network model is able to

1In other words, the inter-distance variability of the RT generated by the model at default conditions
is not preserved. It must be noted, however, that such original variability does not correspond to the
variability observed in experimental data either, as the slope obtained for HC controls (a = 5.17) suggest.

2Such compensation was less intensive for SCZ patients because their RT in the experiment were
slower than in HC and H-SPQ individuals. This occurs possibly due to the effects of medication.
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generate PPS representations that resemble the average PPS observed in SCZ patients

and H-SPQ individuals (see Figure 3.2). Although the network model is not able to

reproduce RT in the scales observed in experimental conditions (i.e. requires a linear

regression model for this purpose), it is able to capture the shapes of the PPS of both

populations and resemble the reports of the empirical study [4]. Specifically, the PPS

generated by the SCZ model is represented by a sigmoid function with central point at

53 cm (1556 ms) from the hand and a slope of .17, whereas the PPS generated by the

H-SPQ model is represented by a sigmoid with central point at 62 cm from the hand

(1262 ms) and a slope of .09 3.

In the following sections, the identified models are explored to generate predictions

regarding the symptoms observed in the SCZ spectrum.

3.3 Exploration of the SCZ and H-SPQ network models

3.3.1 Mechanics of the SCZ and H-SPQ models in the simulated

experiment.

An exploration of the mechanics of the models in the simulated experimental paradigm

is presented in Figures 3.3 and C.5.

Results of the SCZ model shown in Figure 3.3A reveal that the multisensory neuron

activates faster and its dynamics remain constant across the evaluated sound distances

(see Figure 2.8B for a comparison with the HC model). Figures 3.3 B and C indicate

that the network activity spreads beyond the coordinates at which the stimulus was

delivered. Such spread of activation occurs due to recurrent (colours yellow and green)

and feedback synaptic inputs. This latter input influence may be observed in the weak

activity registered in the first 60 cm of the auditory area (blue).

Results for the H-SPQ model reveal similar mechanics to those observed in the SCZ

model (see Appendix C.4.1 for an illustration). The key difference is that the spread of

activation in unisensory areas is dominated by the input of recurrent connections and

is limited to regions that are near to the point where the stimulus was administered.

In sum, the results presented in this subsection reveal that the SCZ and H-SPQ

models present similar dynamics mainly characterised by the influence that disinhibi-

tion in unisensory areas produces in the network. Contrary to the mechanics observed

3The location of the central point expressed in ms is an approximation based on the assumption of
the velocity of sound.
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Figure 3.3: SCZ network mechanics under audio-tactile stimulation. Figure A shows

the activity of the multisensory neuron under auditory and tactile stimulation. The differ-

ent colours represent the distances at which the sound stimulation was administered.

Figures B and C show the steady state activity of the tactile and auditory areas re-

spectively. The colours represent the firing rate of the neurons that encode a given

coordinate of the unisensory areas. The images reveal that there is no difference in mul-

tisensory activity across the evaluated distances and that unisensory activity spreads

beyond the coordinates at which the stimulus was delivered.

in the HC model, audio-tactile stimulation in the SCZ and H-SPQ networks produces

a faster activation of the multisensory neuron and a widespread activity in unisensory

areas beyond the coordinates at which the stimuli are administered. The main differ-

ence between the models is that the SCZ network displays weak spontaneous activity

in the auditory area close to the hand.

3.3.2 Mechanics of the SCZ and H-SPQ models under auditory

stimulation.

The mechanics of the models under auditory stimulation were examined according to

the the procedure described in Section 2.2.5. Results of this exploration are presented

in Figures 3.4 and 3.5.

Results in Figure 3.4A indicate that the multisensory neuron of the SCZ network

reaches its maximum level of activation irrespective of the distance at which the sound

is delivered. Figures 3.4C and D display spontaneous activity in both auditory and tac-

tile areas. Figure 3.4C shows weak activity registered in the first 60 cm of the auditory
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area even though the stimulus was administered at 160cm. Figure 3.4D indicates weak

activity in the tactile area in spite of the absence of tactile stimulation.

Figure 3.4: SCZ network mechanics under auditory stimulation. Figure A shows the

steady state activity of the multisensory neuron under auditory stimulation administered

at different distances from the hand. Figures B and C show the steady state activity of

the tactile and auditory areas respectively. The colours represent the firing rate of the

neurons that encode a given coordinate of the unisensory areas. The images reveal

that there is no difference in multisensory steady-state activity across the evaluated

distances and that spontaneous activity is registered in both areas.

Results of the H-SPQ model shown in Figure 3.5 reveal mechanics different to

those observed in the SCZ model. Figure 3.4A indicates that the multisensory neuron

of the H-SPQ network reaches its maximum level of activation when the sound is

administered up to 90 cm from the hand, which is 20 cm further than the PPS boundary

observed in the HC model. In addition, Figures 3.4C and D show the presence of a very

weak spontaneous activity only in the tactile area.

The results presented throughout this subsection reveal that the SCZ and H-SPQ

models are impaired in their ability to properly encode the PPS space as the space

close to the hand. Although their PPS representations are smaller (53 cm and 62 cm

respectively), their multisensory neurons respond to sensory stimulation administered

beyond the boundary of 72cm observed in the HC model. Such anomalous multisen-

sory activity produces weak spontaneous activity in the unisensory areas as a result of

the feedback input of the multisensory neuron, particularly in the SCZ network.
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Figure 3.5: H-SPQ network mechanics under auditory stimulation. The description

of Figures A, B and C is the same as those in Figure 3.4. The images reveal that

multisensory neuron activates when the sound is presented up to 90 cm from the hand

and that spontaneous activity is registered in the tactile area.

3.3.3 Two-point discrimination in the SCZ model

The effects of disinhibition in unisensory areas were further explored under two-point

tactile stimulation. We simulated the administration of two tactile stimuli separated by

2 cm in the modelled hand. The registered tactile activity in the HC and SCZ models

is presented in Figure 3.6. Results of the simulation reveal that tactile activity in the

SCZ model is distorted and does not clearly distinguish between the two stimuli. In

contrast, tactile activity generated by the two stimuli do not overlap in the HC model.

Figure 3.6: Tactile activity during two-point tactile stimulation. Figures A and B rep-

resent the steady-state tactile activity registered during two-point stimulation in the HC

and SCZ models respectively. The images represent the encoded area of the modelled

hand and the colours indicate the firing rate of the neurons that encode a given coordi-

nate of this area. They illustrate how tactile activity generated by the stimuli overlaps in

the SCZ model.
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Discussion

This study aimed to model the neural mechanism that gives rise to the PPS representa-

tions observed in SCZ patients and H-SPQ individuals. For this purpose, an already ex-

isting network model of PPS [40] was modified in two aspects relevant for its mechan-

ics: modulation of the E/I balance and pruning of feedforward and feedback synapses.

These modifications represented the consequences of the hypofunction of NMDA re-

ceptors and GABA neurons together with elevated activity of the D2 receptor, which

are thought to be the origin of predictive coding impairments in contemporary compu-

tational accounts of SCZ [13, 14].

Exploration of parameter values (Section 3.1) and fitting to experimental data (Sec-

tion 3.2) suggest two distinct parameterisations that give rise to the PPS representations

observed in SCZ patients and H-SPQ individuals.

In the model, the PPS of H-SPQ individuals is characterised by an increased ex-

citability of unisensory neurons responsible for the encoding of the spatial location of

both auditory and tactile stimuli. Based on this computational evidence, it can be pro-

posed that such increase in excitability causes the narrower PPS empirically observed

in H-SPQ individuals (in comparison to L-SPQ individuals) [4].

In contrast, the PPS of SCZ patients in the model is characterised by a stronger

increase of excitability of the aforementioned unisensory neurons along with a de-

crease of bottom-up and top-down synaptic density between unisensory and multi-

sensory neurons. This computational evidence suggest that such stronger increase in

excitability causes the smaller PPS observed in SCZ patients, whereas the decrease in

synaptic density causes the sharply defined slope of the PPS representation registered

in the same population [4].

33
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4.1 A novel working model of PPS representation in

SCZ spectrum disorders

Our findings oppose the current working model of PPS representation in SCZ. Partic-

ularly, they contradict the assertion that impairments in self demarcation are related to

a shallower definition of the PPS boundary originated by weaker synaptic connections

between multisensory neurons and unimodal neurons [3]. In contrast, we suggest that

the reduction in the size of the PPS observed in SCZ and H-SPQ individuals is related

to disinhibition of unisensory neurons that encode the spatial location of external stim-

uli. We also propose that the sharper definition of the PPS boundary (i.e. a steeper

slope of the PPS representation) observed in SCZ is related to a decrease in feedfor-

ward and feedback synaptic density among unisensory and multisensory neurons.

This new model holds in spite of empirical evidence linking the shallowness of

the PPS boundary and reports of unusual experiences after sensory deprivation [50].

In SCZ, a steep PPS boundary is compatible with a weaker self-demarcation because

disinhibition of unisensory areas reduces the overall influence of feedforward and feed-

back synapses in the network mechanics, as shown in Sections 3.3.1 and 3.3.2. In other

words, the resulting activity of the multisensory and tactile neurons is less dependent

of the synaptic input received by bottom-up and top-down connections in the network.

Hence, we propose that the sharpness the PPS boundary may be taken as an index of

self permeability [3, 50] only when the E/I balance is granted.

Furthermore, this new model suggests the possibility to distinguish between schizo-

typy and SCZ regarding the encoding of the PPS. Although both are characterised by

an E/I imbalance, we suggest that they differ in the degree of impairment of top-down

and bottom-up synapses between unisensory networks and multisensory networks lo-

cated in fronto-parietal areas 1. In the model, we note such difference in the pruning

levels observed in the SCZ and H-SPQ models (see Section 3.2. Hence, we propose

that they differ in how decreased the synaptic density is among the aforementioned

networks: the decrease in H-SPQ individuals is weak, whereas in SCZ patients it is

strong.

A graphical representation of the novel working model of PPS representation in

SCZ is presented in Figure 4.1. This figure shows the influence that the evaluated

parameters (i.e. β and ρ) have in the PPS representation of SCZ patients (solid lines

1Such synaptic impairment is thought to be a consequence of failures in signalling across different
levels of the cortical hierarchy produced by the E/I imbalance [13].



Chapter 4. Discussion 35

marked with an asterisk). Moreover, it presents predictions ( dashed lines) regard-

ing the influence of disinhibition in the personal space and tactile discrimination ob-

served in patients. Finally, it shows how the aforementioned observations are related

to symptoms and impaired functions associated with the SCZ spectrum according to

previous research (solid lines). In the following sections, the proposed links between

PPS, personal space and tactile discrimination are discussed in light of our findings

and previous reports.

Figure 4.1: New working model of PPS representation in SCZ. Solid lines marked with

an asterisk represent causal relationships observed in this study; solid lines represent

links reported in the literature; dashed lines represent predictions based on the model

mechanics. This figure illustrates how disinhibition and pruning influence behavioural

observations of tactile discrimination, personal space, PPS and their associated symp-

toms.

4.2 Encoding of PPS and personal space delimitation

in SCZ

Previous research has consistently shown that the personal space in SCZ patients is

enlarged and correlated with negative symptoms [52, 53, 54, 55, 56, 57, 58]. However,

the link between the enlargement of the personal space and the shrinking of the PPS

observed in patients [4] is not well understood. We propose a new hypothesis to relate

both observations based on the effects that disinhibition has in unisensory areas.
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The exploration of the SCZ and H-SPQ network models under unisensory condi-

tions (Section 3.3.2) revealed that the multisensory neuron failed to accurately encode

the PPS as the space close to the modelled hand. This suggests that although the be-

haviourally measured PPS gets smaller, the PPS neurons of both H-SPQ individuals

and SCZ patients encode a larger space compared to healthy controls. Moreover, these

simulations (see Figures 3.4 and 3.5) showed that the combined effect of the over ex-

citability of unisensory areas and the impaired encoding of the PPS neuron was able to

produce spontaneous activity in tactile neurons and auditory neurons.

Based on these observations, we suggest that a stimulus (e.g. a person) presented

far from the body of a SCZ patient elicits weak activity of neurons encoding the space

on and close to her body. We also propose that such spontaneous activity contributes

to the exacerbated feeling of intrusion of the personal space reported by patients [75].

Hence, the space perceived as ”near” is extended and the distance at which SCZ pa-

tients feel comfortable with the presence of another individual (i.e. personal space)

increases. Overall, this is congruent with the idea that the encoding of the PPS evolved

as a mechanism to respond against treats from the environment [37] and evidence link-

ing the encoding of the PPS and social interaction [76].

At the neurobiological level, interpersonal difficulties in SCZ have been related to

cortical hypersensitivity. More precisely, it has been suggested that hyper-responsivity

of fronto-parietal networks responsible for the sensory-motor coupling required for the

initiation of behaviour is the origin of personal space enlargement, social dysfunction

and negative symptoms [58]. Furthermore, recent studies show that over excitation of

the right superior temporal cortex is correlated with the schizotypal trait named Social

Disorganisation 2[78, 77].

Based on this evidence, we suggest that cortical disinhibition possibly produced

by an impairment of GABA transmission or NMDAR hypofunction [11] causes PPS

shrinking, social disorganisation, negative symptoms and personal space enlargement

in SCZ (see Figure 4.1). Nevertheless, it must be considered that the size of the per-

sonal space is also mediated by cultural and individual factors, as well as brain activity

specific of social stimuli processing (e.g. functional connectivity among premotor re-

gions and both the midbrain periaqueductal gray and the intraparietal sulcus) [59, 60].

In addition, the specific relation among negative symptoms, social disorganisation and

cortical hypersensitivity must be further clarified [51].
2This phenotype is present in both the autism and SCZ spectra. It clusters reports of social anxiety,

constricted affect, social skills, communication, absence of close friends, odd speech and odd behaviour
[77].
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4.3 Encoding of PPS and tactile discrimination in SCZ

The features of the SCZ network model presented in this study (i.e. increased ex-

citability in unisensory areas and decreased feedforward and feedback synaptic den-

sity) are compatible with reports of impaired tactile discrimination in the SCZ spec-

trum [79, 80, 81, 48]. More precisely, it has been reported that SCZ patients and their

relatives require a larger distance to distinguish between two-point or one-point tactile

stimulation in an experimental paradigm named two-point discrimination 3 [79].

In the model, such reduced tactile discrimination can be explained by disinhibition

in unisensory neurons (see Section 3.3.3). Particularly, Figure3.6B illustrates how neu-

ronal activity spreads beyond the coordinates at which tactile stimuli are administered

due to the effect of failures in recurrent inhibition. Thus, tactile stimulation elicits the

response of a group of neurons encoding a larger area than in normal conditions (i.e.

E/I balance), and the distance required by the individual to distinguish between two

different stimuli increases.

Furthermore, our results support the view that reduced tactile sensitivity is related

to self-disturbances [1, 2] and failures in bodily self-consciousness [3]. Specifically, a

reduced performance in the two-point discrimination task correlates with higher scores

of the cognitive-perceptual factor (positive symptoms subscale) of the SPQ scale [80,

81] and the propensity to experience the Pinocchio Illusion (PI) [48]. In turn, the PI

is correlated with positive symptoms, loneliness and the prevalence of reports of out-

of-body experiences [48]. In this context, we predict that failures in cortical inhibition

of networks that encode portions of the skin underlie the proneness of SCZ patients to

experience self-aberrations as the ones examined in the PI [48] and the Rubber Hand

Illusion (RHI) [47] paradigms.

More precisely, we suggest that disinhibition of tactile neurons influences the Bayesian

sensory inference process of body ownership in the RHI [82] by increasing the like-

lihood that spatial and temporal signals4 have a single cause in the environment. We

predict that such impairment weakens tactile discrimination and, as a consequence,

increases the threshold at which visual and tactile stimulation are perceived as asyn-

chronous. In turn, this rises the probability to experience the illusion of owning the

rubber hand, in line with the Bayesian model mechanics [82].

3In this paradigm, two-point stimuli are administered by an aesthesiometer in the palm of the hand at
different distances to detect the threshold at which an individual stops perceiving two separated stimuli.

4Bayesian modelling of the RHI [82] proposed that spatial signals are composed by visual and pro-
prioceptive information of the hand location, whereas temporal signals are comprised by the synchroni-
sation of visual and tactile stimulation
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At the neurobiological level, our view is in line with reports of tactile discrim-

ination being influenced by the inhibitory activity of GABA neurons. Specifically,

magnetic resonance spectroscopy has consistently revealed that lower GABA concen-

tration predicts higher discrimination thresholds (i.e. decreased accuracy in discrim-

ination) in a tactile frequency discrimination task in healthy population [83], autism

disorder [84, 85] and Tourette syndrome [86]. Plus, such lower concentration has also

been found to be correlated with reports of tactile hypersensitivity [85]. Based on this

evidence, we suggest that an impairment of GABA transmission is also behind the de-

creased two-point tactile discrimination found in the SCZ spectrum [79, 80, 81, 48]

and the above described symptomatology.

4.4 Limitations

The presented modelling of the neural mechanism behind the observed PPS in SCZ

and H-SPQ holds relevant limitations. One of them is that the network model [40] does

not capture scaled RT differences when the sound is administered at different distance

points5. Hence, the model accurately reproduces the shape of the PPS representation

(i.e. central point and slope), but it is not able to reproduce realistic RT variability

across distance points.

We overcame this by adding a linear regression model [73] to match the RT gener-

ated by the network to the scale observed in experimental data. By doing so we did not

model sensorimotor mechanisms relevant to generate the behavioural response (i.e.

button press) measured in the experimental task [4]. A further version of the model

should include those mechanisms because the encoding of PPS is closely related to

action generation [37, 36] and its impairment is related to deficits in the initiation and

maintenance of activities (i.e. negative symptoms) in SCZ [4].

Another limitation is that the implementation of E/I balance modulation in the

model is not biologically detailed. We implemented this modulation by including a

bias term in the activation function of the unisensory neurons (see Section 2.4 for

more details). In contrast to state of the art working memory models of SCZ [9, 10],

our modelling does not directly manipulate NMDA synapses in inhibitory interneurons

or excitatory neurons because the PPS network model was not built with such degree

of biological detail [40].

5For example, the SCZ model registers differences of less than 1 ms, whereas differences of approx-
imately 20 ms are observed in the experimental data.
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Moreover, the network model employed for this study lacks realistic variability

that can account for individual differences observed in the encoding of the PPS in

healthy individuals [38, 40, 4]. This limitation would influence the results of the fitting

procedure at the individual level, resulting in individual variability unrelated to the

disease being attributed to β or ρ. Hence, a detailed analysis at the individual level and

the exploration of potential correlations with symptoms and personality traits could be

achieved only after improving this feature of the network model.

A further limitation is that hierarchical inference processes involved in perception

were not modelled. This is particularly relevant because contemporary accounts of

SCZ [12, 13, 14] consider that the main impairment of the disease is related to failures

in such inference processes. Hence, the proposed effects of cortical disinhibition in

PPS encoding, personal space delimitation and tactile discrimination should be further

explored in terms of Bayesian inferences across different levels of the cortical hierar-

chy.

Finally, the experimental evidence directly assessing the PPS representation in SCZ

is scarce. Our findings are based on the modelling of a single small study that em-

ploys one of the simplest experimental paradigms to behaviourally measure the PPS

[4]. Thus, we encourage further studies with larger samples and more sophisticated be-

havioural [39] and neurocognitive measurements [87, 88, 89] of the PPS representation

in the SCZ spectrum.
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Conclusions

We introduced a novel working model of PPS representation in SCZ compatible with

current empirical evidence of self-aberrations, personal space, tactile discrimination

and symptoms observed in patients. Computationally, we observed the influence of

cortical disinhibition of sensory neurons in the PPS of SCZ patients and H-SPQ in-

dividuals. We also predicted that such disinhibition also influences the impairment in

tactile discrimination and the enlargement of the personal space observed in patients.

Based on these predictions, we proposed links between such behavioural observations

and SCZ spectrum symptoms.

To our knowledge, this study is the first to approach PPS encoding in mental dis-

orders computationally. Thus, this work contributes to computational psychiatry by

opening the possibility to examine other diseases in which PPS is thought to be im-

paired, such as autism [90, 3], psychopathy [91], anxiety [92] and borderline personal-

ity disorders [93]. For this purpose, we encourage the development of models able to

integrate the multisensory integration processes explored in this study within a predic-

tive coding framework.
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Appendix A

Network model implementation

A.1 Values of HC model parameters

Unisensory receptive fields

φt
0 = 1 σt

φ
= 1 φa

0 = 1 σa
φ

= 10

External stimuli

It
0 = 2.5 σt

I = 0.3 cm Ia
0 = 3.6 σa

I = 0.3 cm

Lateral synapses in unisensory areas

Lt
ex = 0.15 Lt

in = 0.05 σt
ex = 1 cm σt

in = 1 cm

La
ex = 0.15 La

in = 0.05 σa
ex = 20 cm σa

in = 80 cm

Feedforward and feedback synapses

W t
0 = 6.5 W a

0 = 6.5 Bt
0 = 2.5 Ba

0 = 2.5

k1 = 15.42 cm k2 = 813.75 cm α = 0.9 Lim = 66.09 cm

Input-output relationship of unisensory neurons

f t
mim = -0.12 f t

max = 1 qt
c = 19.43 rt= 0.34

f a
mim = -0.12 f a

max = 1 qa
c = 19.43 ra = 0.34

τ = 20 ms

Input-output relationship of the multisensory neuron

f m
mim = 0 f m

max = 1 qm
c = 12 rm = 0.6

τ = 20 ms

Table A.1: Values of the parameters in the HC model. This parameterisation remained

fixed throughout the simulations computed to identify the SCZ and H-SPQ models.
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A.2 Unisensory neurons input

The unisensory neurons input us
i j (t) is computed by Equation A.1.

us
i j (t) = ϕ

s
i j + Is

i j (t)+bs
i j (t) , s = t,a (A.1)

The term ϕs
i j denotes the input due to external stimulus, Is

i j (t) indicates the input

received from other neurons in the same area and bs
i j (t) represents the feedback input

from the multisensory neuron.

The input ϕs
i j is defined by Equation A.2.

ϕ
s
i j = ∑

l
∑
n

Φ
s
i j(xl,yn) · Is (xl,yn)∆xl∆yn, s = t,a (A.2)

The expression Is (xl,yn) denotes the external stimulus applied at coordinates x and

y, as defined in Equation 2.12. The term Φs
i j(xl,yn) represents the RF of the unisensory

neuron ij in the unisensory area s. Equation A.2 is solved by considering ∆xl = ∆yn =

0.2cm.

The RF Φs
i j(xl,yn) is defined by the Gaussian function presented in Equation A.3.

Φ
s
i j(x,y) = Φ

s
0 · exp

−(xs
i − x)2 +

(
ys

j− y
)2

2 ·
(
σs

Φ

)2

 , s = t,a (A.3)

The terms xi and yj denote the coordinates of the RF centre, whereas x and y

represent spatial coordinates within the unisensory areas. The parameters Φs
0 and σs

Φ

govern the amplitude and standard deviation of the Gaussian function that define the

RF of the unisensory neurons.

Following with Equation A.1 description, the lateral inputs Is
i j (t) were calculated

by Equation A.4.

Is
i j =

Ns

∑
h=1

Ms

∑
k=1

Ls
i j,hk · z

s
hk (t) , s = t,a (A.4)

The term Ls
i j,hk indicates the synaptic weights calculated by Equation 2.3 and dis-

played in Figure 2.4. Similarly, zs
hk (t) denotes the neuron activation at time t, as de-

scribed by equation 2.9.
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Finally, the feedback input bs
i j (t) was computed by Equation A.5.

bs
i j (t) = Bs

i j · zm (t) , s = t,a (A.5)

The term Bs
i j represents the strenght of feedback synapses, as described by equation

2.7. The expression zm (t) denotes the activation state of the multisensory neuron at

time t (more details in Appendix A.3).

A.3 Multisensory neuron activity

The activity of the multisensory neuron is computed by the following equations:

τ
dqm (t)

dt
=−qm (t)+um (t) (A.6)

zm (t) = Ψ(qm (t)) ·H (Ψ(qm (t))) (A.7)

Ψ(qm (t)) =
f m
min + f m

max · e(q
m−qc)·rm

1+ e(qm−qc)·rm (A.8)

The term um (t) represents the multisensory neuron input described by Equation

2.11. The description of the remaining terms are analogous to Equations 2.8,2.9 and

2.10.

A.4 Sigmoidal fit of model outputs

The RT values generated by the network in the experiment simulation were fitted to a

sigmoid function described by Equation A.9.

fRT (D) =
ηmin +ηmax · e

(D−Dc)
h

1+ e
(D−Dc)

h

(A.9)

The term D denotes the distance from the hand in cm at which the auditory stimulus

was applied. The parameters ηmin and ηmax represent the lower and upper saturation

of the sigmoidal relationship. Dc is the central point of the function and h denotes the

slope of the function at its central point.

All the four parameters of the function were estimated by a least-squares fitting

procedure. The estimated value of the sigmoid central point Dc was assumed as the
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boundary of the PPS representation generated by the model and the value of the slope

h the sharpness of its definition.



Appendix B

Modelling of SCZ and SPQ in the

network

B.1 Pruning threshold exploration

Figure B.1: Pruning threshold influence in synaptic density decrease. The plot illus-

trates how the synaptic decrease increases as the pruning threshold increases. The

results reveal the presence of flat regions in the plotted function.
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Results

C.1 PPS representation under E/I modulation

The influence of disinhibition in the PPS representation computed by the network

model is presented in Figure C.1. The top panel indicates that the slope of the PPS

remains almost constant as the unisensory areas get more desinhibited. In contrast, the

bottom panel reveals that disinhibition of unisensory areas decreases the size of the

PPS.

Analogously, the influence of reduced excitability in the PPS representation com-

puted by the network model is presented in Figure C.2. Results presented in the top

panel indicate that excitability reduction in unisensory areas sharpens the slope of the

PPS. Conversely, the bottom panel shows that excitability reduction modulates the size

of the PPS but less than in inhibition reduction.

Overall, the simulations presented in this section reveal that the modulation of the

E/I balance in the unisensory areas is relevant to influence the size of the PPS represen-

tation. More precisely, it was observed that both inhibition and excitability reduction

are capable of reducing the size of the PPS, whereas only excitability reduction sharp-

ens the slope of the PPS.

C.2 PPS representation under decreased synaptic den-

sity

The influence of evolutionary pruning of top-down and bottom-up synapses in the PPS

representation computed by the network is presented in Figure C.3. The top panel
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Figure C.1: Effect of inhibition reduction in PPS representation. Blue lines depict the

features (slope and central point) of the PPS representation generated by the model at

different levels of disinhibition.

shows that the slope loosens at low levels of synaptic pruning and sharpens as the level

of synaptic pruning increases. In addition, the bottom panel indicates that the PPS

computed by the network expands at low levels of synaptic pruning and narrows as the

pruning level increases.

The simulations presented throughout this section reveal that the decrease of synap-

tic density in feedforward and feedback connections is relevant to reproduce the PPS

representation of SCZ patients and H-SPQ individuals. More precisely, it was ob-

served that the pruning level was able to modulate both the size and the slope of the

PPS representation generated by the network.
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Figure C.2: Effect of excitability reduction in PPS representation. Blue lines illustrate

the features of the PPS representation generated by the model at different levels of

excitation reduction.

C.3 PPS representation under E/I modulation and de-

creased synaptic density

The combined effect of excitability reduction and decreased synaptic density on PPS

representation is displayed in Figure C.4. Results shown in the top panel overall in-

dicate that slopes are more steeped as the pruning level increases and that excitability

reduction increases the effects of pruning on the steepness of the PPS representation.

Similarly, the bottom panel indicates that the size of the PPS decreases as the pruning

gets more intensive and that excitability reduction increases the effect of pruning on

the size of the PPS
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Figure C.3: Effect of decreased synaptic density in PPS representation. Blue lines

illustrate the features of the PPS representation generated by the model at different

levels of pruning.

C.4 Mechanics of the model in the simulated experi-

ment

C.4.1 Mechanics of the H-SPQ model
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Figure C.4: Effect of excitability reduction and decreased synaptic density in PPS rep-

resentation. Excitability reduction modulates the effects of pruning by increasing the

steepness and reducing the size of the PPS representation.

Figure C.5: H-SPQ network mechanics under audio-tactile stimulation. Description of

Figures A, B and C are the same as those in Figure 3.3. The images illustrate that

the multisensory neuron activity does not change across distances and that unisensory

neurons activity spreads beyond the coordinates at which the stimuli were delivered.


