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Abstract 

 

The rise of artificial intelligence and artificial neural networks revolutionized information 

technology and our daily lives. Such progress was inspired by the parallel organization and 

computation paradigm of the brain, allowing to build networks able to learn from experience 

and, very recently, actively process the natural language, to generate text and images, summarize 

content, translate text in different language and offer a human-like assistance. 

This progress, though, comes with a price. While the software is inspired from the brain parallel 

and efficient computing, the supporting hardware is still based on classical von Neumann 

architecture, which, unlike the human brain, was designed to run simple operation in a linear 

succession. This mismatch between software and hardware causes an excessive energy 

consumption when training and operating such architectures. 

In this framework, neuromorphic engineering aims to take inspiration from the brain, to design 

the hardware of the future. It harvests from all possible biological computational primitives, 

such as single synapses, ionic fluxed, plasticity and sparse coding to develop novel principles to 

design hardware. Material science, with the study of innovative materials, has been of utmost 

importance in continuously providing a wave of innovation, allowing researchers to demonstrate 

innovative brain-derived architectures. 

Among the plethora of available materials, organic semiconductors emerged for easy 

processability, solution processing and easy processability, along with low voltage operations. 

Nonetheless, such materials can offer a mixed conduction mechanism, relying on both electrons 

and ions to modulate their conductivity. This last feature was indeed crucial in interfacing such 

materials with biology, where electronic signaling leaves space to ions moving in an electrolytic 

environment.  Moreover, the soft nature of these materials minimized the mechanical mismatch 

between electronical devices and biological tissue, offering a seamless interface with the human 

body, and without eliciting any inflammatory response. 

The thesis work here presented envisions the merging of these two concepts: the possibility to 

optimally interface with biology, while achieving brain-inspired computation. Organic 

electrochemical transistors were designed to demonstrate bio-inspired in loco computation of 

biologically relevant signals, as pressure, light, or neurotransmitters. By engineering the 

alternance of conducing and non-conducting thin films, a non-volatile pressure sensor, inspired 

by the sense of touch was designed. OECTs were subsequently endowed with light-sensitivity, 

through an ad hoc synthetic strategy. Here, the obtained transistors were able to emulate light-
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processing of the human retina, while demonstrating memory compartmentalization, as 

formulated by classical neuroscience theories. Neurotransmitter-mediated synaptic plasticity 

was then demonstrated and exploited to build a closed-loop neuromorphic system, in which 

organic transistors could communicate and cooperate with standard CMOS technology to endow 

a well-established mechatronic system with brain-derived adaptive features, as autonomous 

reinforcement learning. Lastly, biomimicry was enforced in OECTs, by embedding bio-inspired 

membranes in the electrolytic environment of the transistors. Notably, while offering a seamless 

interface with biological tissue, the membranes were able to modulate both short- and long-term 

plasticity of the artificial synaptic device. 
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1.1. Brain and neurons 

The nervous system is the complex system, organized in a highly interconnected network, and 

responsible for coordinating functions and conveying information throughout the whole body. 

It is divided into central nervous system (CNS) and peripheral nervous system (PNS). The 

former is composed by the brain and the spinal cord, while the latter comprehends all the nerves 

departing from the CNS, extending to other parts of the body1. 

The human brain deserves a special mention, as it represents one of the most powerful and 

complex system available in nature. It deals with complex tasks, sensing, computing and 

propagating information all at the same time, on an energy budget of ∼20 W2. Such energy 

efficiency relies on billions of neurons, that communicate in an intricate and highly dynamic 

network. As a result, the whole computation does not depend on the activity of a single neuron, 

but rather on the whole network activation1, in which each area is specialized to accomplish a 

different task. Still, all the neural cells feature the same basic structure (Fig. 1.1-a): a cell body 

(soma), several branches (dendrites) and an elongated structure (axon).  

In addition, neurons are excitable cells, i.e., cells able to generate and propagates electrical 

impulses, based on rapid changes of the membrane potential3. At rest, in fact, the cellular 

membrane composed of lipid bilayers acts as a barrier for ion diffusion4. 

This results in a separation of charges across the intra- and extracellular domains, leading to a 

difference of electrical potential across the membrane (Fig. 1.1-b): the membrane resting 

potential 𝑉𝑚, that usually sits in the range [−70;−60] mV. Among all the ionic species present 

in the biological environment, 𝑁𝑎+ and 𝐶𝑎2+ are mostly found in the extracellular domain, 

while 𝐾+ is found in the intracellular compartment1,5 (Fig. 1.1-b). 

A reduction in charge separation, leading to a less negative membrane potential, is called 

depolarization (Fig. 1.1-c). On the other hand, a more negative membrane potential, due to an 

increased charge separation, is defined as hyperpolarization (Fig. 1.1-d. Such perturbation of 

𝑉𝑚, mainly due to cations and anions entering or exiting the cell, is responsible for the action 

potential (AP) generation and neural communication1,6,7. 
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Figure 1.1 | a) Structure of a neuron. b) Intra- and extracellular charge equilibrium, with charge accumulation 

at the membrane. c) Schematic of depolarization and hyperpolarization of a neuron. 

 

Neurons are not the only players in neural communication, as non-excitable cells i.e., Glial cells 

may also be involved. Such cells can be divided into micro- and macroglia. The former are 

mainly responsible for acting in case of injuries and pathologies, the latter can serve various 

functions. There are three main types of macroglia: oligodendrocytes, Schwann cells and 

astrocytes8. Oligodendrocytes and Schwann cells form myelin sheath that insulates parts of the 

axon by wrapping around it in spiral (Fig. 1.2). The unmyelinated gaps between the regularly 

spaced myelinated portions of the axon are called nodes of Ranvier, that are pivotal in the 

efficient propagation of APs along the axon9. 
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Figure 1.2 | a) Illustration of a Schwann cell wrapping around an axon; b) electron micrograph of a transverse 

section of an axon in a mouse nerve. Adapted from 1. 

 

 

1.1.1. Plasma membrane 

The cell membrane, also known as plasma membrane (PM), is the outpost of the cell, mediating 

all the communication between the intracellular domain and the extracellular matrix10 (ECM). 

In particular, the PM is responsible for sensing for the external environment, providing the cell 

with biochemical, mechanical, and topological cues11–13. At the same time, it adapts and 

responds to environmental changes, regulating cell homeostasis and functions14,15. 

The main components of the PM are phospholipids16, i.e., molecules characterized by a 

hydrophilic head and two hydrophobic tails (Fig. 1.3-a). Such molecules assemble in a 

phospholipid bilayer (Fig. 1.3-b), where heads face to the outside (water-rich domain), while 

the tails face inward, away from the watery environment17. Moreover, the lipid composition 

endows the PM with specific curvature, fluidity and thickness, crucial parameters for several 

processes18,19. The neural cell membrane, for instance, is rich with lipid rafts20,21, i.e., 

microdomains rich in cholesterol (CHOL) and sphingomyelin (SM) that are pivotal in synapses 

formation22,23. Importantly, changes in neuronal PM, as a response to external stimuli, is pivotal 

in synaptic plasticity24.  

In addition, CHOL was demonstrated to interact with Na+,K+-pump, that is the enzyme 

responsible for pumping sodium out of the cell and potassium inside it, against their 

concentration gradient. It inhibited the pumping action when present in large quantities, while, 

when present in low concentration, it acted like a stimulating agent4. 
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Importantly, one crucial feature of the PM is to offer selective permeability to some compounds, 

while blocking other. Passive diffusion of ions through the membrane, for instance, is deeply 

limited by the structure of the PM itself. Here, the hydrophobic inner portion of the bilayer does 

not allow for charged (and consequently hydrophilic) molecules as ions, to easily penetrate and 

cross the membrane. Small and uncharged molecules, on the contrary, can pass the membrane 

in an easier way25. When larger or polar molecules, or ions, need to be transported from one side 

to the other of the membrane, facilitated diffusion occurs. In this case, membrane proteins26 

provide a passageway through the membrane27. 

 

Membrane proteins can either be located inside or on the surface of the bilayer, absolving to 

various functions, as energy transport, transport of molecules, transmission of chemical signals 

or catalyse reactions26 (Fig. 1.3-c). Such membranes can either be integrated inside the bilayer 

(integral proteins) or associated with the membrane (peripherals proteins). When integrated 

within the membrane, the transmembrane portion of the proteins is usually characterized by 

hydrophobic amino acids, making it compatible with the interior of the bilayer. As a result, such 

proteins are locked in the membrane by the hydrophobic effect. Conversely, other types of 

proteins can diffuse along the membrane or along portion of it4. 
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Figure 1.3 | a) Phospholipid molecule. b) Assembly of a phospholipidic bilayer with protruding membrane 

proteins. c) Several functions of membrane proteins. Adapted from 26. 

 

Among the plethora of membrane proteins, ion channels28 are particularly relevant for this thesis 

work. Such integral proteins can form pores in the cell’s lipid bilayer, allowing for a selective 

passage of ions. A plethora of ion channels can be found in cells, offering selectivity to different 

ions, differing by gating mechanism or functional and structural diversity7.  

They can be divided into temperature-gated ion channels, opening or closing in response to 

change in temperature29, ligand-gated ion channel, which opens in response to the binding of a 

chemical messenger, like a neurotransmitter, as glutamate30, and voltage-gated ion channels, 

responding to the changes in the membrane potential31. Channels responsible for the transport 

of potassium, calcium, sodium and chloride belongs to this last category, making them 

particularly important in AP generation. 

Given the importance of understanding the mechanisms underlying neural communication, an 

equivalent electrical circuit of the PM can be adopted (Fig. 1.4). Such models can provide an 
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intuitive and yet quantitative description of electrical signal generation in nerve cells, as the one 

presented by Hodgkin and Huxley6 in 1952. In brief, the cell’s lipid bilayer endows the neuron 

with insulating and charge separation properties, i.e., it acts as a capacitance (𝐶𝑚). In addition, 

as this capacitance is not perfectly insulating, but it rather behaves like a leaky capacitor, such 

leakage of ions is modelled through a conductive element (𝑔𝑟). Sodium and potassium ion 

channels, on the other hand, allow for ionic currents to flow through, acting as ohmic conductors 

(𝑔𝑁𝑎 and 𝑔𝐾, respectively). Lastly, the resting membrane potential and concentration gradient 

of both cations and anions, that elicits an electrochemical force, can be modelled as batteries 

(𝐸𝑟, 𝐸𝑁𝑎 and 𝐸𝐾). Several modifications and evolutions of this model are now available in 

literature32–35. 

 

 

Figure 1.4 | Schematic of the plasma membrane, including calcium and potassium ion channels, along with 

the equivalent model formulated by Hodgkin and Huxley. 

 

Finally, the PM is directly involved in cell-to-cell signalling and communication, as receptors 

exposed on the surface of the membrane can trigger a cascade of intracellular responses36–38.  

 

 

1.1.2. Action potential generation and synapses 

The communication between neurons starts with the generation of an action potential at the 

soma39. Initially the cell is at the resting potential 𝑉𝑚, due to the large amount of 𝑁𝑎+ outside 
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and 𝐾+inside the neuron (Fig 1.5-a). Upon stimulation, either chemical, electrical or 

mechanical, the membrane potential starts to increase, slowly depolarizing it up to a certain level 

(firing threshold, usually –55 mV). Upon reaching such threshold, sodium ion channels open, 

allowing for a rush of 𝑁𝑎+ ions to enter the plasma membrane, furtherly and rapidly 

depolarizing the membrane3 (Fig 1.5-b). Consequently, the polarity of the membrane potential 

is reversed, reaching the peak of the action potential (i.e., electrical spike) in the range [30; 40] 

mV. Here, sodium ion channels inactivate, while potassium ones open. As the intracellular 

domain is now more positive of the extracellular one, 𝐾+ ions flow out of the neuron, restoring 

the resting potential state1,6 (Fig 1.5-c, i). In addition, as potassium ion channels are slow in 

closing, the neuron hyperpolarizes (Fig 1.5-c, ii). Slowly, the membrane potential is restored to 

the resting level, by the sodium-potassium pump that restores the original concentrations of 𝑁𝑎+ 

and 𝐾+ inside and outside the neuron. During this process, for a period of time, defined as 

refractory period, the sodium ion channels are inactivated, and the neuron is not able to generate 

a new AP40. 

 



 24 

 

Figure 1.5 | a) Neuron at resting potential, with a more positive extracellular environment and a more negative 

intracellular one. b) Depolarization occurring after stimulation, with a flux of NA+ ions entering the cell. c) 

K+ ions exiting the cell, initially recovering the resting potential and then hyperpolarizing the neuron (i and 

ii, respectively). 

 

Some important considerations can be drawn by observing AP dynamics. First, an AP is 

generated only when a firing threshold is crossed. Second, it is an all-or-none event, meaning 
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that the shape of the AP is not dependent on the applied stimulus, as it will have the same shape 

in case of a stimulus that largely crosses the firing threshold or barely reaches it. Lastly, every 

current spike is followed by a refractory period, in which the ability of firing a new AP is 

suppressed1. 

Importantly, Hodgkin and Huxley model can describe and predict such behaviour by 

independently modelling sodium and potassium dynamics6, as previously explained (Fig 1.6). 

 

 

Figure 1.6 | Calcium and potassium dynamics during AP generation, according to Hodgkin and Huxley 

model. Adapted from 1. 

 

Once an AP is generated, it travels along the axon. While propagating, the AP is supposed to 

decay with distance.  Here, the presence of the nodes of Ranvier is crucial in the fast and efficient 

propagation of this signal, preventing the signal to die out. In fact, even if the area of membrane 

at each node is small, this membrane is rich in ion channels. Therefore, upon reaching a node, 

an intense depolarizing influx of 𝑁𝑎+ is passively generated, regenerating the action potential9. 

In addition, the AP travels slowly when crossing a node, as this area is characterized by a high 

membrane capacitance, while it rapidly spreads along the myelinated areas of the axon because 

of the low capacitance of the sheath. As a result, the AP is said to move by saltatory conduction, 

as it ‘jumps’ from a node of Ranvier to the following. 

At its end, the axon is branched in several structures that connect to the dendrites of other 

neurons at specific zones, namely synapses1. Here, the neuron propagating the signal takes the 
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name of presynaptic cell, while all the neural cells receiving such signal take name of 

postsynaptic neurons. The actual communication takes place when the AP reaches the terminals, 

eliciting the release of vesicles containing neuroactive molecules in the narrow space separating 

the pre- and postsynaptic cells, defined as synaptic cleft41,42 (Fig. 1.7). Lastly, the released 

neurotransmitters will bond to specific receptors of the receiving cell, eliciting an inward 

current, that might potentially depolarize it1. 

 

Figure 1.7 | Schematic of a synapse. 

 

The neurotransmitters chemically bind to specific receptors exposed to the synapse on the pre-

synaptic neuron, opening/closing ion channel, and eliciting an ionic influx/efflux. Such ionic 

current, i.e., the transduction of a chemical stimulus into an electrical one, is defined as post 

synaptic potential1 (PSP, (Fig. 1.7). Importantly, receptors are classified in two groups, based 

on the ability to directly or indirectly open/close ion channels. When a receptor directly drives 

the opening/closing of an ion channel, it is referred to as ionotropic receptor43,44 (Fig. 1.8-a). 

Conversely, when the receptor elicits a series of metabolic reactions leading to the 

opening/closing of ion channels, it is defined as metabotropic receptor43,44 (Fig. 1.8-b). 
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Figure 1.8 | a) Example of direct gating mechanism in an ionotropic receptor. b) Example of indirect gating 

in a metabotropic receptor. Adapted from 1. 

 

1.1.3. Synaptic plasticity 

As information propagates, correlated signals are enforced while the ones that result in a non-

favourable output are depleted, continuously reshaping the countless synaptic connections. This 

ability of the brain to dynamically reshape to adapt to incoming stimulation is defined as 

synaptic plasticity and it is pivotal in several functions of the nervous system1,45,46. 

Such modifications can last from few milliseconds to hours. We refer to the former case as short 

term plasticity, while the latter is defined as long term plasticity. As both mechanisms can either 

strengthen or weaken a synapse, it is possible to define both short- and long-term potentiation 

(STP and LTP) and depression (STD and LTD)45. 

 

1.1.3.1. Short-term plasticity 

Short term plasticity is a dynamic modulation of synaptic strength, resulting either in STP or 

STD. While several mechanisms underlying long term plasticity were deeply investigated, the 

functioning principle of short-term plasticity remains unclear47. 

What is clear is that both STD and STP relies on a modification at presynaptic level. In 

particular, the most prominent hypothesis is the so-called residual 𝐶𝑎2+ theory, stating that the 

dynamic potentiation/depression is caused by the presence of 𝐶𝑎2+ ions, remaining in the nerve 

terminals after stimulation48. 
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Based on the timescale, it is possible to distinguish between three types of short-term plasticity. 

Facilitation occurs in the range of 10-100 ms. It occurs when two or more APs arrive in quick 

succession and following evoked PSPs grew in amplitude, up to ten times higher than the 

original PSP49. Facilitation often builds and then decays as an exponential function of the time 

(Fig. 1.9). 

 

 

Figure 1.9 | Exponential decay of STP, in the form of paired pulse facilitation/depression. Adapted from 48. 

 

Synaptic augmentation is an increase of the synaptic strength, lasting few seconds, that follows 

a train of high-frequency stimulation. Lastly, post-tetanic potentiation (PTP) can be observed 

after a tetanus, i.e., a period of high-frequency stimulation, and can last from 30 s to several 

minutes. It is important to note that in some neurons, while there are cases in which it is easy to 

distinguish between synaptic augmentation and PTP, sometimes it is not possible to separate 

between the two phenomena, as they partially overlap48. 
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1.1.3.2. Long-term plasticity 

Long term synaptic plasticity defines a long-lasting change in the strength of synaptic 

connections. It is at the basis of learning and memory in the brain. Despite several types of long-

term plasticity were theorized, modelled and experimentally demonstrated, it is possible to 

group them in broad categories as follows, to highlight some fundamental differences: Hebbian 

learning, neuromodulated plasticity, supervised plasticity and behavioural timescale plasticity. 

 

1.1.3.2.1. Correlative Hebbian synaptic plasticity 

The first category of synaptic plasticity is the so-called Hebbian learning. In late 1940s’ Donald 

Hebb postulated that if cell A “repeatedly or persistently takes part” in firing cell B, their 

connection should strengthen50. Later, in early 1970s, synaptic plasticity was first reported in 

hippocampus: the near-synchronous activation of pre- and postsynaptic neurons resulted in a 

strengthening of the synaptic input only in the stimulated connections51. The mechanism is 

ascribable to N-methyl-d-aspartate glutamate receptors (NMDARs). The coincidence of 

glutamate binding and a depolarized membrane potential allowed for a temporal overlap of the 

presynaptic input and the AP, increased the postsynaptic intracellular 𝐶𝑎2+ levels52. 

As the coincidence of synaptic input and AP generation is seen as a correlation between pre- 

and postsynaptic signalling, most types of investigated synaptic plasticity fall into these self-

correlative mechanisms, defined as Hebbian learning (Fig. 1.10).  

 

 

Figure 1.10 | Schematic of Hebbian learning, in which the presynaptic activity regulates the synaptic weight 

modulation. Adapted from 46. 
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Among the plethora of LTD/LTP mechanisms, spike timing dependent plasticity (STPD) 

represents the most prominent example of Hebbian learning53,54. STPD broadens the concept of 

correlation, introducing time. In brief, if a presynaptic input occurs just before a postsynaptic 

spike, that connection is strengthened. Conversely, if the presynaptic signal follows the 

postsynaptic one, the synapse is weakened. Four types of STPD are reported55,56 as symmetric 

Hebbian/anti-Hebbian and asymmetric Hebbian/anti-Hebbian learning rules (Fig. 1.11). 

 

 

Figure 1.11 | Four types of STPD. In asymmetric Hebbian STPD potentiation occurs when the postsynaptic 

stimulus follows the presynaptic one, while depression occurs in the opposite case. Asymmetric anti-Hebbian 

is characterized by the opposite situation, i.e., a presynaptic stimulus following a presynaptic one is depressed. 

In symmetric learning, on the other hand, potentiation/depression occurs when the time delay between pre- 

and postsynaptic stimuli tends to zero (Hebbian and anti-Hebbian, respectively). Adapted from 55. 

 

Despite the simple correlative Hebbian synaptic plasticity correctly approximates synaptic 

strengthening/weakening mechanisms, it still presents some limitations. First, there is a 

timescale problem, as it is not clear how synaptic mechanisms operating on physiological 

timescales (tens of milliseconds) could influence behavioural57 (in the range of seconds). A 

second problem is the locality of the synapses’ modifications, i.e., a given neuron can’t know if 

it is useful to strengthen/weaken a certain synapse58. Lastly, without a clear regulation 

mechanism, synapses should change continuously, resulting in an overwriting of old 

memories59.  
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1.1.3.2.2. Neuromodulated synaptic plasticity 

Neurotransmitter and neuroactive molecules have been shown to modulate synaptic plasticity 

in a reward-motivated behaviour60,61, in a concentration and receptor type dependent manner, 

leading to the idea that neurotransmitters could mediate Hebbian learning62,63. 

This neuromodulated model of synaptic plasticity may also overcome two limiting factors of 

the self-correlative Hebbian learning rule. Firstly, it introduces the idea of a behavioural-global 

message, overcoming the problem of the locality of the STPD. In addition, the presence of a 

neuromodulator may act as a regulating factor, avoiding undesired synaptic modifications. 

Neuromodulated plasticity can be explained through the concept of eligibility traces57 (ETs). 

ETs are defined as internal signals, related to a single synapse, that do not produce any electrical 

output, but they rather mark a synapse as eligible for modifications (Fig. 1.12). In addition, these 

signals operate on a timescale of few seconds.  

 

 

Figure 1.12 | Schematic of neuromodulated plasticity, in which neuroactive molecules generated ETs, 

marking the synapse as eligible for modification. Adapted from 46. 

 

This approach is also referred to as three-factor STPD. In brief, Hebbian-like correlated signals 

(synchronous pre- and postsynaptic signals) do not induce synaptic weight modification, but 

they generate ETs, that are subsequently gated by the presence of neuromodulators64,65. 

The presence of neuromodulators clearly impacts synaptic plasticity, also correlating single 

synapses to behavioural outcomes. Still, the role of neuromodulators in plasticity remains 

unclear, suggesting that such molecules may be of a permissive nature, rather than an instructive 

one. 
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1.1.3.2.3. Supervised synaptic plasticity 

The concept of supervised plasticity, or more in general, supervised learning refers to a process 

in which synaptic weights are iteratively changed to minimize an error, or a cost function, 

introducing the concept of a goal, both in biological and artificial neural networks46. 

Supervised synaptic plasticity includes three main actors (Fig. 1.13): first, there is a pattern to 

be achieved, i.e., an objective often coming from another area of the brain. Then there is an 

instructive pathway, that is typically a non-local at the synapse that evokes dendritic spikes at 

presynaptic level. Lastly, there is a voltage signal within neural dendrites, involved in synaptic 

plasticity. This last signal is defined as instructive signal, as it triggers plasticity in the dendritic 

spikes evoked by the instructive pathway46. 

 

 

Figure 1.13 | Schematic of supervised learning, in which an instructive pathway evokes dendritic spines at 

presynaptic level, while a learning pathway triggers synaptic plasticity. Adapted from 46. 

 

Supervised learning was observed and demonstrated in the cerebellar cortex, with a single-layer 

of adaptive neurons (Fig. 1.14), Purkinje cells (PCs). PCs receive a feedback input that evokes 

𝐶𝑎2+ dendritic spikes (instructive pathway). Then, granule cells project feedforward synaptic 

signals, whose weights are adjusted by classical Hebbian STPD, modulating the AP output66,67. 
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Figure 1.14 | Example of supervised learning in PCs, which receive a feedback from the comparison of a 

desired motor pattern and the actual produced one. Adapted from 46. 

 

Supervised learning was also demonstrated in multilayer networks, implementing a strategy to 

update synaptic weights of hidden-layers. Here the instructive pathway guides the weight 

updates in the intermediate layer by projecting on the dendrites of the very same layer. Then, an 

internal comparison with feedforward input signals is performed to generate a local error68. 

Thereby, whenever the feedforward signal deviates from the target, synaptic plasticity occurs in 

this intermediate layer, locally69. Such strategy ensures that the overall output error is minimized 

by reducing the local-generated error. 

Such mechanisms are found in the cortical areas of the brain, where pyramidal neurons form 

complex networks, receiving feedforward signals from the lower levels of the networks, and 

feedback synapses from other areas of the brain70,71. The feedforward signals are projected in 

the vicinity of the soma, in the so-called proximal compartment, eliciting APs72. The feedback 

signals, on the other hand, innervates the distal region, i.e., far away from the output site of the 

neuron (Fig. 1.15). Such signals will elicit 𝐶𝑎2+ plateau potentials73, that are known to promote 

synaptic plasticity74–76. 
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Figure 1.15 | Pyramidal neurons achieving multilayer supervised learning. Adapted from 46. 

 

 

1.1.3.2.4. Behavioural timescale synaptic plasticity 

Behavioural timescale synaptic plasticity can be seen as a combination of the above-mentioned 

learning rules77,78.  
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1.2. Sensory coding 

All the neural principles illustrated in the previous paragraphs are exploited by the CNS to allow 

for the execution of multiple functions. For instance, in humans and, more in general in animals, 

the sensory processing is originated in specific receptor cells spread all over the body79,80. These 

cells can sense a specific stimulus and transduce into an electrical signal, that, in accordance 

with the nomenclature used for synapses, is defined as receptor potential81,82. 

Importantly, there is a difference between APs and receptor potentials. While the former are all-

on-none events whose shape and amplitude do not depend on the type of stimulation 

(Paragraph 1.1.1 for details), the latter are characterized by a graded response, i.e., with 

duration, shape and amplitude directly dependant on the type of stimulation83. Here, touching 

objects at different temperatures, like 50 and 100 ˚C, will cause the same receptors to react 

differently. For this reason, one can model APs as digital signals, while receptor potentials are 

analog signals. Typically, the analog-to-digital transduction of sensory information is carried 

out by means of the afferent neurons, i.e., neural cells connected to receptors, that will transduce 

the analog intensity of receptor potentials into a digital train of pulses (APs), whose frequency 

mirrors the amplitude of the original stimulus79,84. Lastly, the peripheral nervous system (PNS) 

transmits these APs to the central nervous system (CNS), composed by the brain and the spinal 

cord (Fig. 1.16). 
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Figure 1.16 | a) Schematic of the communication between nerves, PNS and CNS. Courtesy of Encyclopaedia 

Britannica 85. 

 

Human sensory receptors are grouped as photoreceptors, mechanoreceptors, chemoreceptors 

and thermoreceptors1,86. The former are responsible for vision, and they can be found in the 

retina. The sense of touch is mediated by different types of mechanoreceptors. 

Chemoreceptors are responsible for olfaction and gustation. Lastly, thermoreceptors can sense 

cooling and warming. 

 

1.2.1. Touch 

The sense of touch is crucial in everyday life. It comprises several sensations, like pressure, 

vibration, temperature and pain. It relies on mechanoreceptors spread throughout the body. 

Notably, the mechanoreceptors of the glabrous skin87 represented a source of inspiration for this 

thesis work. They can be divided into: Meissner corpuscles, Merkel cells, Pacinian corpuscles 

and Ruffini endings (Fig. 1.17-a). They differ in size and depth within the skin, and they can be 

grouped into rapidly adapting (RA), responding to motion on the skin, and slowly adapting (SA), 

that keep on firing in response to a steady pressure. 



 37 

Merkel cells and Ruffini endings are type 1 and type 2 SA cells, respectively (SA1, SA2). The 

former are particularly sensitive to edges and corners, while the latter are specialized to response 

to stretch, i.e., they are particularly sensitive to the shape of the object. 

Meissner corpuscles are rapidly adapting type 1 (RA1) cell, and they are responsible to detect 

the initial contact with a surface. Lastly Pacinian corpuscles are rapidly adapting type 2 (RA2), 

capturing high-frequency vibrations. To summarize, these four receptors differ in the receptive 

field (Fig. 1.17-b). Consequently, the same stimulus elicits very diverse spike trains1 (Fig. 1.17-

c). 

 

 

Figure 1.17 | a) Mechanoreceptors of the human glabrous skin. b) Receptive field of each mechanoreceptor. 

c) Elicited neural spike train of different mechanoreceptors, as a response to the same stimulus. Adapted from 
1. 

 

 

These receptors are contained in specific neurons, called dorsal root ganglion (DRG) neurons88. 

Such neurons are characterized by an axon with two branches, one projecting to the periphery 

and one projecting to the CNS. 



 38 

 

1.2.2. Vision 

The sense of vision represents the largest source of information for humans, that can perceive 

the environment through the usage of light.  

The transduction of light into electrical signals takes place in the retina89, that acts as the brain’s 

window on the world. The retina contains several types of cells: photoreceptors (rods and cones), 

bipolar cells (BCs), horizontal cells (HCs), amacrine cells (ACs) and ganglion cells (GCs). 

Such cells are organized in layers89,90 (Fig. 1.18). The outer nuclear layer (ONL) hosts the cell 

bodies of the photoreceptors. The inner nuclear layer (INL) contains the soma of BCs, HCs and 

ACs, while the ganglion cell layer (GCL) hosts GCs. In addition, two more layers composed of 

fibers and synapses separate the first three layers, namely outer plexiform layer (OPL) and inner 

plexiform layer (IPL). 

 

 

Figure 1.18 | a) Section of human retina, showing the division in layers. b) Schematic of the retina layers and 

structure. Adapted from 1. 



 39 

 

The visual information is not simply delivered from the retina to the brain, but the optical signal 

is transformed at each layer of synapses, making calculations before leaving the eye and 

reaching the brain. The information streams in two directions at the same time. There is a main 

or vertical pathway, propagating the information from photoreceptors to BCs and from BCs to 

GCs. A secondary, or lateral pathway, goes from photoreceptors to HCs and back again to 

photoreceptors, providing local feedback. While the former pathway delivers the signal from 

the eye to the brain, the latter provides an adjustment of the gain of the photoreceptors, to 

optimize vertical signal transmission90,91. 

Of particular importance in this work is the vertical pathway. The phototransduction starts with 

rods and cones. They differ in morphology and sensitivity to light. Rods have a long cylindrical 

shape, while cones are shorter. The former are responsible for vision under dim light, i.e., night 

vision, while latter are less sensitive to intensity of light, but they are responsible for daylight 

vision, as they can distinguish different wavelengths90. 

In dark conditions, both types of receptors are depolarized (𝑉𝑚 ≅ -45 mV). As a result, a 

continuous release of neurotransmitter (glutamate) occurs. Such phenomenon is the 

consequence of the opening of cyclic guanosine monophosphate (cGMP) gated cation channels 

that are held open in absence of stimulation, allowing for an inward depolarizing current. In 

presence of light, on the other hand, cGMP-gated cation channels close, hyperpolarizing the cell 

and decreasing the release of glutamate91. 

Unlike photoreceptors that solely hyperpolarize in presence of light, BCs can undergo either 

depolarization or hyperpolarization. BCs that hyperpolarize with light are call OFF BCs, while 

the ones that depolarize with light are called ON BCs. The difference between these cells, both 

exploiting the decrease of glutamate, lies in the nature of the receptors they expose at the 

synaptic domain. The former (OFF BCs) are equipped with ionotropic receptors (in particular, 

iGluRs) that are keep membrane pores open in presence of glutamate, allowing for an inward 

current of ions. These pores are closed when glutamate concentration decreases. Conversely, 

ON BCs feature metabotropic receptors that do not form pores in the membrane. They are G-

protein-coupled receptors that bind to glutamate and close non-specific cation channels in dark 

conditions, hyperpolarizing the cell at rest. When light stimulation decreases the glutamate rate, 

cation channels can open, depolarizing the cell91. 
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Lastly, the processed signal is transmitted to GCs that are the first retinal neurons featuring all-

or-none signalling, i.e., they produce APs that propagate through their axon to reach the 

brain90,91. 

To summarize, a photoreceptor can either be connected to an OFF BC (OFF vertical pathway) 

or to an ON BC (ON vertical pathway). In the former case, light stimulation leads to the 

termination of APs generation. In the latter, upon light exposure, APs are generated (Fig. 1.19). 

 

 

Figure 1.19 | Schematical illustration of the OFF vertical pathway of the human retina. Adapted from 1. 
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1.3. Closed-loop communication in the brain 

Another important feature of the brain is the active exploitation of numerous feedback loops to 

effectively transmit information and perform computations. Indeed, closed-loop processing is 

vital at every level of neural activity, ensuring accurate behavioural responses1. 

For instance, when executing a simple movement, a feedforward dynamic model is used to 

command the muscles of the body to move a limb. In addition, the information coming from the 

sensory systems provides feedback signals that are exploited to adjust the “gain” of the 

movement1. Such protocol is then iterated until the final desired state is reached (Fig. 1.20). 

 

 

Figure 1.20 | Example of closed-loop processing occurring between several organs and several areas of the 

brain, in order to accomplish a task, such as moving a finger. Adapted from 1. 

 

Feedback loops of the brain usually involve different areas that cooperate to accomplish a certain 

task. For instance, the motor generation in the human body requires the closed-loop dopamine 

(DA) mediated communication of three different areas of the brain: motor cortex, basal ganglia 

and striatum 92. The basal ganglia motor processing starts with an input signal of the planned 

movement from the cortex to the striatum. A DA enhanced and movement-promoting direct 

pathway, and a DA suppressed, and movement-inhibiting indirect pathway take place within the 

basal ganglia. The output of the basal ganglia is then projected to the thalamus and then back to 

the motor cortex. To summarize, in this circuit knows as nigrostriatal pathway, DA signals from 
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the midbrain modulate the integration of descending control signals from the motor cortex in 

the striatum to generate motor output, in a closed-loop fashion93,94 (Fig. 1.21). 

 

 

Figure 1.21 | Basal ganglia closed-loop circuity, involved in motor generation. Here, DA acts as a reward, 

enforcing positive outcomes. 
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1.4. Neuromorphic engineering 

The word “neuromorphic” was introduced in the 1990s by Carver Mead, to define mixed 

analog/digital very large-scale integration computing systems, taking inspiration from the way 

in which the brain is organized95. Then neuromorphic engineering has emerged as a new 

research field, combining knowledge of different disciplines to create electronic systems able to 

recapitulate neural computational primitives96,97. 

The field rapidly developed, including either the implementation of neural circuits, or spike-

based systems that leverage on computational neuroscience models. Consequently, some 

approaches are focused on the strict recapitulation of neural dynamics, others focused on the 

implementation of brain-inspired principles to perform calculations, as matrix multiplications. 

 

1.4.1. Energy consumption and von Neumann architecture 

State-of-the-art artificial neural networks (ANNs) and artificial intelligence (AI) systems are 

revolutionizing information technology and our daily lives. These intelligent systems are now 

able to perform decision-making tasks98, image99,100 and speech recognition101 and, very 

recently, natural language processing with the rise of the famous OpenAI’s GTP model that is 

now able to handle context and sequence-dependent information102. 

The training of such architectures is a data-driven process, relying on the availability of huge 

amount of data to generate output. Conversely, handling this amount of information requires an 

always increasing number of floating-point operations per second (FLOPS). While the demand 

of FLOPS in brain-inspired architecture doubles every two months103, available computational 

architectures based on graphic processing unit (GPU) and tensor processing unit (TPU) “only” 

double their FLOPS every two years104,105 (Fig. 1.22). 
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Figure 1.22 | Flops evolution as a function of the time, and of the computing architecture. Adapted from 96. 

 

Here, the training of such architectures is performed on the cloud. For instance, training GPT-3 

required 9200 GPUs for two weeks102, consuming as much carbon as 1300 cars in the same 

amount of time106. Indeed, it's estimated that 5%-15% of global energy consumption is utilized 

in various data-related activities107, such as data processing and transmission. 

Indeed, data movement is the primarily source of energy dissipation. While executing a 

multiplication between two 16-bit-floating-point numbers consumes less than 1 pJ, transmitting 

the result of such operation in a chip consumes about 50 pJ108. 

In addition, data transmission introduces another relevant problem, formally known as von 

Neumann bottleneck. The traditional computer architecture (von Neumann architecture) is 

characterized by a central processing unit (CPU) that is physically separate from a memory unit. 

CPU and memory unit share the same bus, and, as the CPU is much faster than the transfer data 

rate, the processor often wait for data to be delivered, resulting in data congestion. 

Considering this, neuromorphic devices are emerging as ideal candidates to solve the above-

mentioned problem. Regarding the von Neumann bottleneck, the human brain and brain-

inspired devices foresees co-localization of memory and processing unit. In addition, from an 

energetic point of view, the energy dissipation of traditional chips scales with the power of N 
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(number of transistors), while 3D-sparse architectures could result in a linear scaling with 

number of neurons, as it happens in the mammalian brain96 (Fig. 1.23). 

 

 

Figure 1.23 | Dependency of the energy consumption on the number of neurons, in different architectures, 

i.e., 2D, dense 3D and sparse 3D. Adapted from 96. 

 

In this section the working principle of several inorganic (i.e., based on silicon, metal, oxides 

etc) neuromorphic devices, material and circuits will be shown. 

 

1.4.2. Neuromorphic devices and materials 

The combination and the recent advancements in material science and technology processes led 

to the development of a plethora of neuromorphic devices, exploiting several physical properties 

to emulate relevant features of the human brain. 

 

1.4.2.1. Memristors 

The principle of a memristor was introduced by Chua109 in 1971. It is a passive and non-linear 

electrical device with two terminals (anode and cathode), interspaced by a resistive layer. Such 

structure allows the device to change its electrical resistance upon electrical stimulation, 
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computing and storing information at the same time, mimicking the brain in-memory 

computation110,111. 

Commonly, upon applying a voltage stimulus, memristors undergo a reversible switching 

between two separate conducting states: high resistance state (HRS) and low resistance state 

(LRS) (Fig. 1.24-a). The underlying mechanism is the formation/rupture of conducing pathways 

between the two-terminals of the device. The resistive change is usually retained over time, 

without the application of any voltage, drastically reducing energy consumption. In addition, it 

is possible to divide memristors in two broad categories, unipolar and bipolar112. In the former 

case, the switching between HRS and LRS is not dependant on the direction of the 

voltage/current sweep. In the latter, two different electrical signal polarities are required to 

switch from HRS to LRS, and vice versa. Another broad categorization is based on the two main 

physical processes involved in the switching: valence change mechanism (VCM) and 

electrochemical metallization (ECM). 

In VCM the resistive layer is usually a metal oxide film (HfO2, Ta2O5, TiO2, etc.). Applying an 

electrical potential at the cathode results in an electrical field, that pushes oxygen atoms out 

from the lattice of the metals oxides to the anode. The oxygen vacancies lead to the formation 

of a sub-oxide phase as a conductive filament, connecting anode and cathode113,114 (Fig. 1.24-

b). 

In ECM the conductive path connecting anode and cathode is the result of the migration of metal 

ions. The usual structure of this type of device is metal/electrolyte/metal. A first active electrode 

is usually made of Ag, Ni or Cu, while the counter electrode is made of Pt, Pd or TiN. 

Electrochemical reactions are triggered by an applied voltage, that drives ionic transport within 

the device, causing the creation of a metallic filament115 (Fig. 1.24-c).  

 

 

Figure 1.24 | a) Switching mechanisms of memristive device. Adapted from 111. b) Formation of a conductive 

filament in VCM memristors, upon set transition, and disruption of the conductive pathway, which follows a 

reset stimulus. Adapted from 114. c) Schematic of the creation and disruption of metallic filaments in ECM, 

during different phases of switching. Adapted from 115. 
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1.4.2.2. Ferroelectric devices 

Ferroelectricity describes the ability of a material (usually a crystalline material) to be 

permanently electrically polarized, because of the formation of stable electric dipoles116. 

Exploiting this principle, ferroelectric random-access memories (FeRAM) were 

demonstrated117, where the information is stored as the polarization state of the ferroelectric 

material. 

The building block of neuromorphic ferroelectric devices is the ferroelectric tunnel junction 

(FTJ). It usually comprises two electrodes and an ultrathin ferroelectric barrier (3-4 nm) 

separating them. The change in the polarization direction leads to charge modulation, increasing 

or decreasing the potential barrier between the two electrodes, in a continuous manner118,119. 

Several brain-inspired features were demonstrated in such devices, as LTP/LTD induced by 

changing amplitude/width/number of applied voltage pulses, along with STPD curves120 (Fig. 

1.25-a). 

Ferroelectric neurons were also demonstrated with leaky ferroelectric field-effect transistor121 

(FeFET), i.e., three terminal devices in which a ferroelectric material is employed as gate 

dielectric (Fig. 1.25-b). 

 

 

Figure 1.25 | a) Ferromagnetic neuromorphic two-terminal device. i) Schematic of the device. ii) Switching 

between HRS and LRS. iii) Emulation of PPF and PPD. Adapted from 120. b) Neuromorphic ferroelectric 

three-terminal device. i) Schematic of the device. ii) Switching-on of the device upon pulse application iii) 

Emulation of the neural input integration and firing. Adapted from 121. 
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1.4.2.3. Phase-change memory 

Phase-change memory (PCM) are non-volatile memory devices that rely on materials (typically 

compounds of Ge and Sb) able to switch between amorphous and crystalline phases upon the 

application of voltage pulses, leading to different resistive states122 (Fig. 1.26-a). Despite these 

devices can switch between a high and a low resistive state like memristors, they differ from the 

latter in possibility of continuously tuning their resistance. This feature is enabled by 

intermediate phase configurations122 (Fig. 1.26-b). Indeed, when applying a low and wide 

voltage pulse a gradual growth of nanocrystals occurs. Conversely, the application of a very 

high but short voltage melts the phase change materials, that quickly cools down, restoring the 

amorphous region. 

PCM-based devices are mainly employed in in-memory computing and logical operations111,123. 

 

 

Figure 1.26 | a) Working principle of a PCM device. i) Gradual switching between amorphous-to-crystalline 

and vice versa. Adapted from 122. 

 

 

1.4.3. Neuromorphic circuits 

Neuromorphic devices can be integrated either into conventional complementary metal-oxide-

semiconductor (CMOS) circuitry or in hybrid platforms made of several synaptic devices to 

develop fully neuromorphic circuits. Several different architectures and applications were 

developed, all grouped by a non-von Neumann structure.  

 

1.4.3.1. Crossbar arrays and matrix-vector multiplication 

Given the importance of neural networks in the modern society, the endeavour of several 

researchers is focused on technological solutions to improve energy-efficiency while 



 49 

accelerating neural networks, by exploiting in-memory computing111,124. For instance, 

neuromorphic hardware arrays were shown to accelerate matrix-vector multiplication125 

(MVM). 

To this end, several hardware structures were implemented exploiting the concept of a crossbar 

array. It consists of a network of perpendicular wires. At each junction a resistive device 

connects the two wires (Fig. 1.27). Each input voltage (each row) is multiplied via Ohm’s low 

at each column intersection. The resulting currents along the columns are then summed up via 

Kirchhoff’s law. This physical matrix multiplication consumes far less power that its digital 

counterpart126. 

 

 

Figure 1.27 | Exemplary schematic of a crossbay array, in which devices at intersections between feedlines 

are the analogue synaptic weights. Currents are generated and summed up, as described by Ohm’s and 

Kirchhoff’s laws. Adapted from 111. 

 

In addition, in-memory computing can easily be implemented using these structures by 

substituting the resistive elements at each intersection with neuromorphic devices (e.g., 

memristors, FTJ, etc.). In this way, crossbar arrays can be programmed by finely tuning the 

conductance of the neuromorphic devices, allowing for active programming of the array. 

However, the implementation of such architecture using only a single memristive element at 

each intersection (1R) poses some severe limitations in the actual use of these devices, as 

leakage current will hinder the correct reading of the network output. For this reason, more 

complicated structures were implemented, using like one-transistor-one memristor (1T1R), one 

diode-one memristor (1D1R) or one selector-one memristor127,128 (1S1R) (Fig. 1.28). Such 
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addition, while requiring for a more complex circuitry, improves energy efficiency during the 

programming of the array, while also enhancing synaptic features of the whole architecture129. 

 

 

 

Figure 1.28 | Schematic of sneak path forming in crossbar arrays featuring a simple resistive element at 

intersection. Several architectures are proposed to dampen this phenomenon. Adapted from 124.  

 

1.4.3.2. Spiking neurons 

Biological neurons communicate through spikes, they mix analog and digital signaling, while 

relying on a sparse and distributed representation of the data, colocalizing memory and 

computation. On the other hand, digital computing architectures are based on logic operations, 

precise representation of the data and synchronous operations. The difference in the information 

representation leads to a mismatch in energy efficiency130. 

To fill this gap, silicon implementations of biological neurons were developed over the 

years131,132. Starting from the cornucopia of models available in neuroscience, silicon neurons 

can strictly reproduce all sorts of biological dynamics, allowing to group them into some broad 

categories132: 

• Biologically-plausible: Models that closely mirrors biological neural systems. 

• Biologically-inspired: models that replicate biological behaviours, but not necessarily in 

a biologically-plausible way. 
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• Integrate-and-fire (IF): A simpler category of biologically-inspired spiking neuron 

models that are designed to integrate incoming electrical signals and generate an output, 

or 'fire,' when a certain threshold is reached. They are very simple, while basic compared 

to more complex neuron models, but still useful for studying neural networks and 

creating efficient computational architectures, because of their low computational 

demands. 

• McCulloch-Pitts: Neuron models that are derivatives of the original McCulloch-Pitts 

neuron where the output of the neural cell is a simple logical operation133. 

 

These models present a clear trade-off between biological plausibility and complexity, i.e., 

computational feasibility (Fig. 1.29-a). An exemplary IF silicon neuron is shown in Fig. 1.29-

b. 

 

Figure 1.29 | a) Trade-off between computational complexity and biological plausibility. Adapted from 131. 

b) Exemplary circuit implementing an IF spiking neuron. Adapted from 132. 

 

1.4.4. Neuromorphic algorithms 

Inspiration from the brain also involves software development, that can benefit too from neural 

computation primitives. Biologic spiking data is sparse and embedded with noise. Still, the brain 

can handle all that, gathering information from the environment and making the computation 

robust134. For this reason, algorithms tend to emulate how the information is encoded, as the 

high energy efficiency of the brain resides in the maximization of information per unit spike135.  
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1.4.4.1. Spiking neural networks 

Spiking neural networks (SNNs) are referred to as the third generation of artificial neural 

networks136 (ANNs). They consist of spiking neurons, interconnected by synapses, modelled as 

adjustable scalar weights. They encode information taking inspiration from the brain, i.e., they 

encode analog signals into spike trains. Different strategies can be adopted to encode 

information, based on the neural mechanisms they emulate, like rate-based137, population 

coding138 or temporal coding139. The advantage of this encoding resides in the fact that few spike 

trains sparse in time may convey high information, reducing power consumption140, making 

SNNs suitable to handle large volumes of data with using train of spikes141.  

To consider the computational complexity of actual neurons, SNNs usually uses a simpler 

version of the models available in literature, implementing a pure threshold dynamic. Here, the 

activity of a presynaptic neuron directly modulates the membrane potential of a postsynaptic 

neuron, that will eventually fire when these potential crosses a threshold. Indeed, Izhikevich 

model142 and leaky integrate-and-fire143 (LIF) neurons are extremely popular, as they can 

capture several biological dynamics, while being not demanding computationally. 

Learning-wise, SNNs allow for a bio-inspired learning, that can depend on relative timings 

between spikes, like in STPD. In addition, the information for the weight update is locally 

available, mirroring the learning that occurs in several areas of the brain144–146. 

On the other hand, the nature of the spiking signalling poses a problem in the learning process.  

In SNNs spikes are represented as sum of Dirac delta functions, that have no derivatives. 

Therefore, derivative-based approaches, widely used in ANNs, can’t be implemented. 

Several strategies were developed over the years to be able to train SNNs. Unsupervised 

learning, based on STPD rule was achieved on both a single neuron147 and multiple neuron 

architectures148, to recognize spatial-temporal spike patterns. 

Supervised learning in introduced by SpikeProp149, the first algorithms to extend 

backpropagation technique in SNNs. Over the years, this approach was extended and improved, 

leading to the implementation of backpropagation with spatial-temporal gradient descent in 

multi-layer SNNs150. More recently, deep SNNs were developed using a modified version of the 

backpropagation algorithm, that treats the neuron’s membrane potential as the differentiable 

signal, that, in analogy with standard deep neural networks (DNNs), will trigger a non-linear 

activation function151 (i.e., the spiking output). Lastly, event-driven random backpropagation 
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(eRBP) was proposed to reduce computational cost of learning in deep SNNs, also introducing 

synaptic plasticity152. 

 

1.4.5. Reservoir computing 

Reservoir computing (RC) is a computational framework that can either be used in software or 

hardware153. It is born as an evolution of recurrent neural networks (RNNs), that can deal with 

dynamical systems and, therefore, temporal data processing154. 

The working principle of RC is that a RNN in the reservoir transforms an input into a 

spatiotemporal pattern in a high-dimensional space. The so-obtained spatiotemporal pattern is 

then read outside the reservoir for further computation (Fig. 1.30). The role of the reservoir is 

basically to nonlinearly transform an input into a high-dimensional space, that can be easily 

processed by a simple learning algorithm.  

 

 

Figure 1.30 | Schematic representation of reservoir computing framework, in which the input is non-linearly 

transformed into a high dimensional space, to be classified through a simple algorithm, such as a linear 

classifier. Adapted from 153. 

 

The main difference between RC and RNNs is that input weights (WIN) and weights of the 

reservoir (W) do not need any training, while only the weights of the output layer (WOUT) are 

trained with a simple algorithm, like linear regression. 
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For this reason, either software or physical reservoir are of easy implementation. Given the 

simplicity of the training method in RC, several applications were demonstrated over years, such 

as pattern classification155,156, adaptive control157 and time series forecasting158. 

Further evolutions of the single reservoir structure were also demonstrated with multiple 

reservoirs159,160, and evolving reservoirs161. 

Regarding the physical implementation of RC, any dynamical system can, in principle, be used 

as reservoir: one interesting example of the first physical RC is a fluidic reservoir, i.e., some 

bucket with water, used in pattern recognition162.  Here an electrical input was transduced into 

vibration that formed waves on the surface of the water. Such waves were recorded by a camera 

and used to perform XOR and spoken digit recognition. Still, few requirements are needed to 

efficiently solve computational tasks153. First, high-dimensionality is required to be able to map 

inputs into an high-dimensional space. Then, nonlinearity is essential to map non-linearly 

separable input, into linearly separable ones. Short-term memory, in addition, is required to 

grant that the reservoir state is only dependant on recent-past states.  

Lastly, reservoirs can be grouped into several categories. First, one can discern among different 

physical principles153, i.e., mechanical reservoir, photonic reservoir, electrical reservoir etc. 

Another useful classification can be based on the type of non-linear dynamic system employed 

as reservoir, like coupled oscillators163,164, cellular automata165 and delayed dynamical 

systems166. This last type of reservoir is appealing as it is possible to build single-node reservoir 

with delayed feedback167–169. Lastly, biological tissue can be used as reservoir170,171. 
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1.5. Organic electronics 

Organic electronics refers to the development of organic materials, i.e., carbon-based molecules 

or polymers, exhibiting electronic properties. In particular, the field focuses on organic 

semiconductors, that are π-conjugated materials, in which carbon atoms reside in the backbone 

of the materials, while molecular orbitals are delocalized over conjugated segments172. As such 

segments may vary in size, they have a different energy for the highest occupied molecular 

orbital (HOMO) and lowest unoccupied molecular orbital (LUMO). These variation in energy 

creates localized electronic states, i.e., electronic disorder. Notably, HOMO and LUMO in 

organic semiconductors represent the equivalent of valence of conduction bands of solid-state 

semiconductors, respectively. Here, the possibility of a charge carrier to flow strictly depends 

on the possibility of the carrier to flow from valence to conduction band173. Thus, in case of 

overlapping level, the conductivity of the material will be high. On the other hand, 

semiconductors are characterized by a small gap between such levels, resulting in a flow of 

charge carriers only when energy is supplied.  

Notably, the band gap of organic materials (energy difference between HOMO and LUMO) is 

rather large, making them naturally insulators172. Therefore, different mechanisms as doping or 

carrier injection are required to increase the intrinsic carrier density of these materials, allowing 

for semiconducting properties, i.e., reducing the band gap. 

The beginning of the field dates to 1950, when electronic conduction in violanthrone and 

isoviolanthrone (two organic materials, was demonstrated174. Fifty years later, the Nobel Prize 

in chemistry was awarded to Shirakawa, Heeger, and MacDiarmid, recognizing the importance 

of conducting polymers. From that moment on, several devices were developed with particular 

focus on thin-film transistors, organic photovoltaics (OPVs) and organic light-emitting diodes 

(OLEDs). 

Particularly relevant for this work are organic thin-film transistors, which can be divided into 

organic electrochemical transistors (OECTs) and organic field-effect transistors.  

 

1.5.1. Organic field effect transistors 

Organic field-effect transistors (OFETs) can be divided into OFETs and EGOFETs share the 

same architecture, with two electrodes (source and drain) that are connected through an organic 

semiconductor, defining the channel of the transistor, while a third electrode, the gate, is 

physically and electrically separated from the channel, by means of a dielectric. In case of a 
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solid dielectric, we refer to OFET, while when the insulation is achieved by means of an 

electrolyte solution, we refer to EGOFET.  

In an OFET, in analogy to a MOSFET, a capacitor is formed between gate, dielectric and 

semiconducting channel. Therefore, upon the application of a voltage bias at the gate terminal 

with respect to the source (VGS), a field-effect is formed at channel/dielectric interface, 

modulating the density of charge carriers175, and changing the current flowing through the 

channel IDS (Fig. 1.31-a). 

In EGOFETs the application of a gate voltage bias causes ions to drift towards gate/electrolyte 

and channel/electrolyte interfaces, forming two electrical double layers (EDLs). Given that the 

channel material is ion-impermeable, ionic-electronic interactions occur at the surface of the 

channel, causing accumulation or depletion of charges176 (Fig. 1.31-b). 

Importantly, while the working principles of OFETs and EGOFETs are similar, they differ in 

the voltage range they can be operated. While the former requires tens of volts to operate, the 

latter exploits EDLs as a capacitor with thickness of few nanometers177. Consequently, such 

devices can achieve large IDS modulation, with low working voltages (< 1 V).  

Both OFETs and EGOFETs have been largely used in biosensing for detection of biologically 

relevant analytes176,178–182, like proteins, ions and metabolites. 

 

 

Figure 1.31 | a) Schematic of an OFET, in which the potential applied at the gate terminal elicits an 

accumulation of charges at the dielectric/channel interface, generating a field effect that modulates the channel 

conductance. b) Schematic of an EGOFET, in which the application of a potential at the gate terminal causes 

the movement of ions in the electrolyte, that will accumulate at the electrolyte/channel interface, generating 

a field-effect that allows for charges to flow through the transistor channel. 
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1.5.2. Organic electrochemical transistors 

Since the first demonstration183 that dates to mid-1980s, OECTs gained a lot of attention due to 

low-voltage operation, low-cost processibility, broad tuneability and biocompatibility184. They 

share the same architecture with EGOFETs, but they use organic mixed ionic-electronic 

conductors (OMIECs) as channel material, usually conducting polymers (CPs). As such 

materials are ion-permeable, when applying a gate voltage bias VGS, ions are pushed from the 

electrolyte to the bulk of the channel material, changing its doping state, and thus its 

conductivity185 (Fig. 1.32-a). 

In addition, the application of a source-drain voltage bias VDS, induces a current IDS that is 

proportional to mobile holes/electrons in the channel, de facto probing its doping (and hence 

conducting) state. 

As in conventional MOSFET, based on the mobile charge carriers in the channel OECTs can be 

divided into p-type and n-type (holes and electrons, respectively). In addition, another important 

distinction must be made in OECTs, as they can work either in accumulation or depletion 

mode186. In the former case, in absence of VGS, the CP is in the OFF state, i.e., there is a small 

number of mobile charge carriers in the channel, and IDS is close to zero, independently from 

the applied VDS. The application of a gate voltage bias, on the other hand, causes electrochemical 

doping, increasing the number of carriers, taking the CP to the ON state (Fig. 1.32-b). 

Conversely, depletion mode OECTs work in a complementary fashion. They are normally in 

the ON state, while the application of VGS depletes the number of charge carriers in the channel, 

taking the device in the OFF state (Fig. 1.32-c). 
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Figure 1.32 | a) Schematic of an OECT, in which the application of a potential at the gate terminal causes the 

injection of ions from the electrolyte to the channel, causing the chemical doping/de-doping of the polymer, 

changing its conductance. b) Exemplary transfer curve of a depletion mode OECT, in which the device is at 

ON state when the gate is biased with 0 V. By increasing the gate voltage bias the channel current decreases 

and the device transits to the OFF state. Adapted from 186. c) Exemplary transfer curve of an accumulation 

mode OECT, which is turned on upon gate bias application. Adapted from 186. 

 

OECTs featuring poly(3,4-ethylenedioxythiophene):poly(styrene sulfonate) (PEDOT:PSS) as 

channel material are the basis of the presented thesis work. They are depletion mode, p-type 

OECTs: in absence of a gate voltage, and hole current flows in the polymeric channel (ON state). 

The application of a positive VGS, cations are injected from the electrolyte to the bulk of the CP, 

compensating for anions187. This ion injection depletes the number of holes in the channel 

decreases, leading to a decrease in IDS, taking the device to the OFF state. 

 

1.5.2.1. Device physics 

OECTs profoundly differ from conventional MOSFET, as they do not rely on a 2D inversion 

layer to form at the interface with the channel, caused by an applied gate voltage. In OECTs, the 

very same gate voltage bias causes the accumulation of ionic charges in the 3D bulk of the 

material186,187. This difference is particularly as the oxide capacitance in MOSFET (surface 

capacitance), is now replaced by the polymeric channel volumetric capacitance. Hence, unlike 

MOSFETs, the thickness of the channel d is an active parameter, influencing the transistor 

performance. 

Starting from this consideration, Daniel Bernards and George Malliaras formulated the Bernard-

Malliaras (BM) model185, that describes the electronic charge in the OECT channel (based on 

PEDOT:PSS, i.e., p-type and depletion mode), with the same set of equations used to model 

long-channel MOSFETs, yielding: 
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𝐿
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 (1.1) 

 

Where ID is the drain current, µ is the hole mobility, C* is the volumetric capacitance of the 

channel’s polymer, VT is the threshold voltage and VGS and VDS are the applied gate-source and 

drain-source voltages. Notably, the usual capacitance of the oxide in MOSFET (Cox) is replaced 
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by the product dC* (thickness of the polymer, multiplied by the volumetric capacitance). W, L 

and d are width, length and thickness of the polymeric channel, respectively. 

From equation (1.1), it is easy to get the expression of the transconductance gm, by computing 

the derivative of the drain current, with respect to the gate voltage. Transconductance is a figure 

of merit in OECTs, as it describes how much a voltage signal at the gate can be amplified186,187.  
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𝜇𝐶∗
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𝐿
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 (1.2) 

 

In addition, BM model also includes the ionic transport inside the electrolyte, which correlates 

to the OECT transient response and switching speed. The complete model combines an 

equivalent electronic circuit (Fig. 1.33-a) and an equivalent ionic circuit (Fig. 1.33-b).  

The former is modelled as a variable resistance, describing the steady-state behaviour of the 

device, by implementing equations (1.1) and (1.2), whereas the latter models the drift-diffusion 

of ions at gate, electrolyte and channel domains, introducing temporal dependence in the model. 

The equivalent ionic circuit consists of two capacitances CG and CCH, modelling gate/electrolyte 

and channel/electrolyte interfaces, respectively. In addition, a resistor RE models the resistivity 

of the electrolyte, along with other parasitic contributions. 

While coupling these two systems, BM model relies on two assumptions. First, no 

electrochemical reactions occur at the gate electrode. Second, the model is limited to thin-film 

transistors, i.e., all the charge densities are uniform across the channel thickness. 
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Figure 1.33 | a) Electronic circuit of the OECT model, in which the channel is modelled as a variable 

resistance. b) Ionic circuit of the OECT model, along with potential profile inside the electrolyte (red curve). 

 

Lastly, potential distribution across the OECT is shown in Fig. 1.33-b. In analogy to a well-

designed MOSFET, where the poly-silicon gate is heavily doped to limit depletion inside of it, 

in a properly designed OECT, the gate capacitance CG should much larger than the channel 

capacitance CCH, so that the applied gate voltage would drop at the channel-electrolyte interface. 

To achieve this behaviour, there are two possible solutions. First, it is possible to use a non-

polarizable gate electrode, such as Ag/AgCl electrodes, commonly used in electrochemistry. 

Second, it is possible to cover the gate electrode with the same polymer used to define the 

channel, but with a much larger footprint, increasing CG.  

BM model predicts that the OECT response is linked to an ionic RC time constant, defined as 

follows: 

 

𝜏𝑖 = 𝑅𝐸𝐶𝐶𝐻 (1.3) 

 

Where the channel capacitance is computed as 𝐶𝐶𝐻 = 𝐶∗𝑊𝑑𝐿, while the resistance of the 

electrolyte may show different proportionalities, based on the OECT architecture. In case of a 

metal electrode coated with PEDOT:PSS, if the gate terminal is covered by a much broader 

volume of electrolyte, the resistance scales as 𝑅𝐸 = 𝑟∗ 1

√𝑊𝐿
, where r* has the unit of a 

resistivity188. Eventually, by combining such laws, one can conclude that the ionic time constant 

scales with the channel dimensions 𝜏𝑖 ∝ 𝑑√𝑊𝐿. 
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The contribution of the gate electrodes needs to be taken into account. The time response is 

limited by the equivalent capacitance, i.e., CG and CCH connected in series: 𝐶𝑒𝑞 =
1

1 𝐶𝐺⁄ +1 𝐶𝐶𝐻⁄
. 

When the condition for a good gating is matched (𝐶𝐺 ≫ 𝐶𝐶𝐻), the following approximation 

yields: 𝐶𝑒𝑞 ≈ 𝐶𝐶𝐻. 

BM model also includes the transient response of the OECT, when source and drain voltage are 

fixed, while the gate voltage bias varies with time. In this section, quantities that change with 

time will be denoted with lower-case names. 

In analogy to the steady-state case, one can compute the channel current, i.e., the electronic 

transport current, as follows: 
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 (1.4) 

 

Where VGS was replaced by vG,sol (Fig. 1.33-b), that is the gate-source voltage after the 

propagation through the channel, i.e., the actual voltage difference that is applied at the channel. 

In addition, the ionic transport current through the ionic RC circuit, related to the 

doping/dedoping of the polymer induced by the gate voltage bias yields: 

 

𝑖𝐺(𝑡) = 𝐶𝐶𝐻

𝑑

𝑑𝑡
𝑣𝐺,𝑠𝑜𝑙(𝑡) (1.5) 

 

Lastly, as formulated in the BM model, the drain current is computed as a sum of the channel 

current and a displacement current. In case of a square voltage pulse, it showed an exponential 

dependence with time, given by: 

𝑖𝐷(𝑡) = 𝐼𝑆𝑆(𝑉𝐺𝑆) + ∆𝐼𝑆𝑆 [1 − 𝑓
𝜏𝑒

𝜏𝑖
] exp (−

𝑡

𝜏𝑖
) (1.6) 

 

Where ISS(VGS) is the steady-state drain current when the gate voltage is VGS. ISS is the 

difference between the initial and the final steady-state currents, while 𝜏𝐼 =
𝐿2

𝜇𝑉𝐷𝑆
 represents the 

electronic transit time along the channel. Lastly, f is a weighting factor. 
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Equation (1.6) predicts two different working regimes of the OECT (Fig. 1.34). In a first regime, 

electronic transport is faster than ionic charging, the drain current relaxes monolithically (Fig. 

1.34-b). In the second regime, the ionic charging is faster than the electronic transport, and the 

drain current spikes to then relax to the final value of current (Fig. 1.34-c). 

 

 

Figure 1.34 | a) Square voltage pulse applied at the gate terminal. b) First OECT conduction regime, in which 

the electronic transport is faster than ionic transport. c) Second OECT regime, in which the ionic transport is 

faster than the electronic one. Adapted from 185. 

 

Several modifications to BM model are available in literature, focusing on several modifications 

of the weighting factor f, to overcoming several limitations of the presented model189–191. 

 

 

1.5.2.2. 2D modelling 

As discussed above, BM model describes the OECT steady-state and transient response as a 

thin-film transistor, assuming that all the charge carrier densities are uniform along the channel 

thickness. Basically, they assume an average of ion and hole concentration along the transistor 

channel, instead of a full distribution, reducing the complexity of the problem to one dimension. 
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One important consideration is that BM model does not consider possible lateral migration of 

ions, that occurs in planar-gated OECTs. In addition, as the transistor channel is usually several 

orders of magnitude longer then thicker, such contribution is not negligible192. 

These considerations lead to the development of more complex models, like a 2D drift-diffusion 

model of OECTs, enabling the study of the transient response without any ad hoc assumptions 

about ion and hole distribution along the channel193. 

The model is based on Poisson’s and two continuity equations (holes and cations), that are 

solved using the Gummel scheme in 2D. The OECT is modelled as a layer of electrolyte, a layer 

of organic semiconductor and three electrodes (Fig. 1.35). Hole concentration is set to zero in 

the electrolyte domain, while in the semiconducting layer they are mobile, as cations are. Lastly, 

anion concentration is kept constant, and their movement is not included. The gate electrode is 

placed on the top of the device, and it is simplified as ohmic contact for cations, meaning that 

any possible redox reaction occurring at the gate/electrolyte interface is fast enough to retain 

cation equilibrium. Source and drain contacts are modelled as reflecting for cations, and as 

ohmic contacts for holes. Lastly, interaction between ions and holes in the semiconducting layer 

are treated as electrostatic. A p-type, depletion mode OECT is simulated (e.g., PEDOT:PSS). 

 

Figure 1.35 | Geometry of the 2D drift-diffusion model, along with boundary conditions. Adapted from 193. 

 

During the OFF switching (Fig. 1.36), ion concentration is almost constant in the electrolyte 

region, while it varies in the polymer layer. After few microseconds (50 µs), the cation 

concentration is constant along the y-axis, while it forms a gradient along the x-axis. The 
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conclusion one can draw from this simulation is that cations are pushed inside the channel 

(vertical current), but then they are pulled towards the drain electrode, generating a horizontal 

current. 

 

 

Figure 1.36 | Concentration of cations during an OFF switching of a PEDOT:PSS OECT, monitored in time 

(i to vi). Movement of cations along the x-axis direction is much slower that the y-axis direction.  Adapted 

from 193. 

 

 

This phenomenon is not observed during an ON switching (Fig. 1.37), where cations are 

uniformly pulled towards the gate terminal. 
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Figure 1.37 | Concentration of cations during an ON switching of a PEDOT:PSS OECT, monitored in time 

(i to vi). Here cations uniformly move towards the gate terminal.  Adapted from 193. 

 

A quantification of horizontal and vertical currents is shown in Fig. 1.38. While during the ON 

switching horizontal current is almost absent, the OFF switching is dominated by the horizontal 

contribution of the current. These simulations lead to the conclusion that, cations quickly enter 

the polymeric channel of the OECT (50 µs), leading to a quick drop in drain current. However, 

while such vertical component is quickly dampened, the contribution of a lateral ionic current 

increases. Such lateral currents drop to zero slowly, and the OECT reaches the steady-state. 
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Figure 1.38 | Horizontal and vertical components of the current, during both ON and OFF switching events.  

Adapted from 193. 

 

1.5.2.3. Applications 

OECTs bloomed over the last decade, leading to the development of several applications, 

ranging from logical circuits to biointerfacing. As OECTs can either work in 

depletion/accumulation, while featuring p- and n-type materials, complementary circuits, logic 

arrays and digital electronics can be developed.  

For example, organic inverters have been demonstrated, as they represent the elementary 

building block of any digital circuits. The simplest organic inverter architecture was based on 

the resistor-ladder logic194–196 (RLL, Fig. 1.39-a), where a resistor ladder is coupled to a p-type 

depletion mode OECT, switching the circuit between low and high logic level. Exploiting these 

architectures, NAND and NOR logic gates can be developed 194, along with ring oscillators195. 

In addition, basic memory units, like flip-flops or shift registers based on OECTs were 

demonstrated197. 

Integrating NOT and NAND gates on the same substrate, several structures were demonstrated, 

as a 2-to-4 decoder, a 4-to-1 multiplexer and a 7-bit shift register196. Lastly, a binary-coded 

decimal 4-to-7 encoder was employed to drive an organic electrochromic display with only four 

data bits196 (Fig. 1.39-b). 
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The implementation of complementary logic-like inverters, based on both p- and n-type OECTs 

integrated on the same structure was recently shown. For instance, 

poly(benzimidazobenzophenanthroline) (BBL) was used to fabricate a complementary NOT 

gate exhibiting high gain at low voltage supply198,199 (0.7 V, Fig. 1.39-c). 

 

 

Figure 1.39 | a) RLL inverted build using PEDOT:PSS-based OECTs. i) Circuit schematic and physical 

prototype. ii) Voltage transfer characteristic of the inverter. iii) Switching characteristic of the inverter.  

Adapted from 196. b) Fully organic 4-to-7-bit decoder, driving and organic electrochromic display. Adapted 

from 196. c) Complementary logic inverted based on BBL n-type OECT and p(g42T-T) p-type OECT. i) device 

schematic and polymer chemical structure. ii) transfer curves of p- and n-type OECTs. iii) Organic inverted 

voltage transfer characteristic. Adapted from 199. 

 

In addition, OECTs were broadly exploited in bioelectronics, where the mixed conduction 

property of OMIECs allows such devices to directly interact with biological tissue and fluids. 

For instance, OECTs, emerged in biosensing, i.e., recognition of biologically relevant signals 

and substances. Indeed, in OECTs the channel current is influenced by the voltage balance at 

the gate/electrolyte and channel/electrolyte interfaces. Thus, when biomolecules induce changes 

at either of these interfaces, the OECT can effectively detect and respond to these alterations. 

Therefore, several strategies of functionalization were developed, in which functional groups 
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able to react/bond to bioactive molecules are immobilized either on the gate or on the channel 

of the OECT. For instance, detection of E. coli was demonstrated by modifying a PEDOT:PSS 

channel with 3-glycidoxypropyl-trimethoxysilane200. Electrostatic interactions can be exploited 

to anchor biorecognition elements, like acetylcholinesterase that was electrostatically anchored 

on the channel made of a PEDOT:TOS/polyallylamine hydrochloride (PAH) composite for 

acetylcholine sensing201. In addition, due to the high transconductance, a slight change in the 

gate properties, due to a biorecognition event, leads to a significant change in the channel 

current. Exploiting this principle, several biorecognition elements were immobilized on the gate 

electrode of OECTs, as proteins202, DNA203, enzymes204 and ion-selective polymers205. 

Furthermore, an OECT featuring a Pt gate electrode was used to detect neurotransmitters in real-

time, proving high selectivity in a complex environment206,207 (e.g., dopamine detection in 

ascorbate). 

Another advantage of CPs, with respect to conventional electronics, is the possibility to pattern 

such material on flexible substrates, allowing for a class of devices that are particularly suited 

for wearable application, in which in situ amplification and low working voltages are a strict 

requirement208,209. Indeed, OECTs have been used for wearable devices able to monitor several 

physiological signals. For instance, electrocardiography (ECG) measurements210,211 were 

demonstrated (Fig. 1.40). Thus, long-term monitoring was achieved by using an hydrogel 

electrolyte, enabling recording over several hours212.  

Electroencephalography (EEG) was shown too, by using internal-ion-gated OECTs213, while an 

ultrathin and ultraflexible devices were comfortably attached to the human skin to record 

electromyography210 (EMG, Fig. 1.40).  
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Figure 1.40 | OECT used to record EMG and ECG traces, shown on the right hand side. Scale bar is 1 s, 200 

µA. Adapted from 210. 

 

Flexibility and stretchability, together with the possibility to work in an aqueous environment, 

also makes OECTs particularly suited in electrophysiological recordings both in vivo and in 

vitro10. Almost 10 years ago, the first implementation of brain activity monitoring with an OECT 

was demonstrated214, exploiting the high transconductance of the device to record 

electrocorticography (ECoG) signals with a much higher signal-to-noise ratio (SNR) with 

respect to surface electrodes. More recently, devices were shown to record local field potential 

from freely moving rats over two weeks, without eliciting any inflammatory response210.  

Furthermore, arrays of organic transistors enabled an in vivo mapping of electrophysiological 

signals such as EMG215 and ECoG216 (Fig. 1.41). The soft nature of OECTs also enabled 

stimulation of excitable tissue, while reducing the risk of inflammatory response and scarring 

during chronical implantation217. For instance, flexible neural probes for localized stimulations 

were implanted, showing no formation of scars in 1 month of implantation218 (Fig. 1.41-b). 
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Figure 1.41 | a) Implanted flexible OECTs and spatial mapping of the ECoG. Adapted from 216. b) Implantable 

OECT on a flexible substrate, along with histology, showing no scarring effect after 1 month of implantation. 

Adapted from 218. 

 

Notably, pressure sensing is particularly relevant to this thesis work. It was demonstrated in 

several OECT-based platform, relying on different mechanisms219–221. A widely spread 

approach, that is adapted in the presented work, is to use a solid electrolyte that could be 

compressed upon the application of a pressure, gating (or not) the transistor222. In such devices 

the solid electrolyte presents a pyramidal shape pattern, to modulate the equivalent circuit (CRC) 

that connects gate and channel (Paragraph 1.3.2.1). Without the application of any pressure 

(Fig. 1.42-a), the pattern induces a minimal contact area, limiting the charging because of the 

gate capacitance (CG <<CCH). Conversely, upon the application of pressure (Fig. 1.42-b), the 

contact area between electrolyte and channel increases. As a result, the gate capacitance 

increases too, allowing for ion movement and transistor gating, now CG>CCH. 
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Electrical measurements are shown in Fig. 1.42-c and d. In the former, the transfer curve of the 

OECT changed upon pressure application, up to 15 kPa. The latter shows examples of low-

pressure sensing, as the channel current of the OECT changed when a flower or a grain of rice 

are used to apply pressure (1.1 and 2 Pa, respectively). 

 

 

Figure 1.42 | Pressure sensing in OECTs. a) When no pressure is applied, the small contact area between 

electrolyte and channel limits the OECT gating. b) Upon the application of pressure, the contact area 

increases, allowing for ion migration. c) Transfer curve as a function of the applied pressure. d) Examples of 

low-pressure sensing (1.1 Pa and 2 Pa). Adapted from 222. 
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1.6. Organic neuromorphic devices and systems 

Neuromorphic engineering, as discussed above, represents a promising approach to integrate 

energy-efficient brain-inspired devices into systems that we use every day. Silicon and, more in 

general, inorganic materials are still far away from biological computational power, that relies 

on stochastic mechanisms and different carriers of information, like ions and 

neurotransmitters223.  

For this reason, OMIECs and organic electronic devices emerged as ideal candidates in 

neuromorphic applications, as they can leverage on ions, liquid environment and 

electrochemical reactions to process signals, closely resemble biological primitives. In addition, 

the soft nature of these materials makes them particularly suited for interfacing with biology10, 

paving the way towards integrated system in which artificial and biological neurons could 

cooperate224. 

For a clear and smooth presentation of the architecture and applications of organic neuromorphic 

devices, in this discussion they are categorized into two- and three-terminal devices. 

 

1.6.1. Neuromorphic two-terminal devices 

With organic neuromorphic two-terminal devices we mainly identify organic memristors. In 

analogy to their inorganic counterpart, organic memristors generally consist of two terminal 

devices, with two metal layers interspaced by an insulating material, showing stable and 

tuneable conductance states. Several resistive switching mechanisms have been demonstrated, 

such as conductive filament generation, redox reaction and charge trapping. 

In case of conductive filament generation, upon the application of an electric field, oxidation of 

active metal ions (usually Ag or Cu) into cations occurs, which migrate towards the cathode. 

Here, they’re reduced back into metals, forming a conducting filament (Fig. 1.43-a). Continuous 

application of electric field leads to the progressive formation of conductive paths, eventually 

tuning the conductance of the device225. 

These paths may be instable, i.e., they degrade and rupture after the removal of the electrical 

field, or they can be dissolved through a reverse voltage226. Notably, an Ag/PEDOT:PSS/Ta 

memristor was demonstrated227. Here, the conductive capacity of the commercially available 

and biocompatible PEDOT:PSS layer could provide a conducting path for the Ag movement. 
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The charge trapping mechanism refers to the process of modulating the trapping and release of 

charge carriers in the memristive layer228. In such devices, charge carriers can be trapped in 

defects or impurities of the insulating layer, resulting in a conductance change of the 

memristor229. In addition, the action of a continuous electric field increases the number of charge 

carriers captured by these foreign components, and eventually lead to a permeation network that 

serves as an effective carrier hopping path229 (Fig. 1.43-b). Conversely, the opposite polarity 

may reverse the trapping, restoring the original level of conductance. 

Lastly, redox based memristors consist of two electrodes interspaced by electrolyte and an 

organic material230. Here, a voltage-induced redox reaction in the electrolyte is balanced by a 

counter-redox reaction of the organic material, changing its conductive state231,232 (Fig. 1.43-c).  

These devices were able to mirror important synaptic features, as STP, LTP, STDP and spike-

rate-dependent plasticity227,231,233–237 (SRDP). 

 

 

Figure 1.43 | Physical mechanisms of two-terminal organic neuromorphic device. a) Conductive filament 

generation. Adapted from 230. b) Charge trapping mechanism. Adapted from 229. c) Redox-based memristors. 

Adapted from 230. 

 

1.6.2. Neuromorphic three-terminal devices 

Leveraging on the in-built suitability of organic materials to interface with biology, several 

neuromorphic architectures were developed as neuromorphic biosensors, processing sensory 

stimuli as the brain does238–241, i.e., featuring PPF, STDP, STP and STP. 

Of particular interest are organic FeFET. They share the same architecture of OFETs, while 

featuring a ferroelectric material as dielectric. Here, upon the application of an electric field, 

electric dipoles in the ferroelectric material align, gating the semiconducting channel239. 

Notably, such alignment is maintained even in absence of the external electric field, exhibiting 

excellent LTP242. 
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Furthermore, while field-effect transistors do not allow for ionic penetration in the 

semiconducting channel, OECTs, closely resemble synapses, as ions are physically mediating 

the conductance of the channel. A comparison is shown in Fig. 1.44. Here, a square voltage 

pulse applied at the gate terminal mirrors the biological presynaptic stimulus. Such voltage bias 

causes ions to migrate from the electrolyte to the polymeric channel, mimicking the 

electrochemical signal transduction of biological synapses, in which APs cause the release of 

the neurotransmitter in the synaptic cleft. Therefore, the transistor channel is de-doped, changing 

its conductance level, and resulting in a modulation of the channel current, that represents a PSP. 

If, on the one hand, this mechanism allows to easily recapitulate STP and PPF243, the 

communication is volatile, as the removal of the voltage bias at the gate causes ions to migrate 

back to the electrolyte, restoring the initial charge equilibrium. Finally, OECTs requires further 

modifications to improve LTP. 

 

 

Figure 1.44 | Comparison between OECT and biological synapse. Adapted from 224. 

 

Indeed, non-volatility was demonstrated in organic electrochemical resistive access memories 

(OEC-RAMs). An OEC-RAM is a particular type of OECT, where the gate electrode is 

functionalized with a CP (Fig. 1.45-a). This modification makes the device redox-reactable. 

Here, when a positive (or negative) signal is applied at the gate terminal, electrons are removed 
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(or injected) from the CP covering it, consequently releasing (or absorbing) cations in the 

electrolyte, de facto maintaining charge neutrality. At this point, a surplus of cations breaks the 

electroneutrality of the electrolyte, that will push them to (or pull them from) the transistor 

channel, changing its doping state, and thus the charge carrier concentration and 

conductivity244,245. To summarize, a redox reaction occurring at the gate terminal is balanced by 

a counter-redox reaction of the channel, that will restore electroneutrality, changing its 

conductance, in turn. The first demonstration of this concept was achieved by van de Burgt, et 

al., that presented the first realization of an electrochemical neuromorphic organic device 

(ENODe). Here, the gate electrode was functionalized by a layer of PEDOT:PSS, while the 

semiconducting channel of the transistor was made of PEDOT:PSS partially reduced with 

poly(ethylenimine)244 (PEI). This device was able to emulate LTP, displaying more than 500 

independent non-volatile conductance states, while operating at low voltage (1 V) (Fig. 1.45-

b). 

Furthermore, exploiting the same architecture the first biohybrid synapse was demonstrated246, 

showing how the ENODe can directly communicate with neural cells. Here dopaminergic cells 

were plated directly on the gate electrode of the transistor, spontaneously releasing DA (Fig. 

1.45-c). The application of a gate bias, matching the neurotransmitter’s oxidation potential247, 

favours an oxidation reaction and a consequent release of protons and electrons in the electrolyte 

[REF]. Cations generated in such reaction will elicit a charge-transfer process to both gate and 

channel of the organic transistor, reducing the PEDOT:PSS and finally decreasing the device’s 

conductance (Fig. 1.45-d).  
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Figure 1.45 | a) Schematic of the ENODe platform demonstrating conductance modulation through 

PEDOT:PSS oxidation and reduction. b) Stable independent conductance states. Adapted from 244. c) 

Schematic of the biohybrid synapse with dopaminergic cells releasing DA and oxidation schematic. d) Non-

volatile conductance modulation achieved through DA oxidation. Adapted from 246. 

 

In addition, multiple neurotransmitters modulation was demonstrated, along with optical 

monitoring strategies that rely on electrochromic properties of CPs248. In particular, a mixture 

of DA and serotonin (5-HT) were introduced in the electrolyte of a PEDOT:PSS-based OECT. 

By tuning a pattern of square voltage pulses applied at the gate terminal, selectivity in the 

oxidation of the neurotransmitter was demonstrated (Fig. 1.46). 
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Figure 1.46 | a) Neurotransmitter co-modulation schematic, in which co-expression of both DA and 5-HT is 

expressed only in case of high stimulation (square voltage pulse train with amplitude 0.4 V). In case of low 

stimulation (square voltage pulse train with amplitude 0.3 V) only DA response is elicited. b) OECT response 

at high and low stimulation expressed as conductance, i.e., ratio between channel current IDS and drain-source 

voltage VDS. Adapted from 248. 

 

1.6.3. Applications of organic neuromorphic devices 

Organic devices not only emerged for single synapse/neuron recapitulation, but they were also 

integrated into more complex systems, as electronic or mechanical systems. For instance, 

leveraging on the easy-processability of organic devices, 3D crossbar arrays featuring organic 

resistive elements at each intersection, were demonstrated249 (Fig. 1.47-a). Such architectures 

showed STDP mechanisms and simultaneous potentiation and depression of different nodes250. 

Notably, while crossbar arrays can either be implemented by using either organic or inorganic 

materials, the electrolyte-gated device structure allowed for the fabrication of distributed 

neuromorphic platforms, that could not be trivially reproduced by any inorganic counterparts. 

Either a multi-channel/single-gate architecture251 or a single-channel/multi-gate architecture252 

were demonstrated (Fig. 1.47-b and c, respectively). The former was the first example of 

recapitulation of the homeoplasticity of the neural environment and global synchronization, 

while the latter proved hardware discrimination of stimuli orientations and ion-based 

multiplexing of spatial distributed input signals. 
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Figure 1.47 | a) Neuromorphic 3D crossbay array made of organic materials. Adapted from 249. b) Distributed 

neuromorphic OECT structure, featuring single gate/multi channel architecture. Adapted from 251. c) 

Distributed neuromorphic OECT structure, featuring multi gate/single channel architecture. Adapted from 252. 

 

Moreover, hardware reservoir computing was demonstrated in organic platforms. The non-

linear transformation of the input signal was achieved in an electropolymerized network of 

PEDOT:PF6253 (Fig. 1.48-a), in which both excitatory and inhibitory connections can be created 

(bridges and dead ends, respectively). Such architecture was able to perform classification, time 

series prediction and arrhythmic heartbeat classification with an accuracy of 88% (Fig. 1.48-b). 
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Figure 1.48 | a) Physical reservoir made of PEDOT:PF6 electropolymerized fibers, featuring inhibitory and 

excitatory nodes. b) Classification of heartbeat series through the reservoir. Adapted from 253. 

 

Furthermore, by exploiting the possibility of OECTs of working in aqueous environment, 

organic spiking neurons, closing mirroring neuronal dynamics, were demonstrated. The first 

fully organic spiking neuron was shown to emulate the axon-hillock model, while being able of 

modulating spiking frequency based on ionic concentration of the electrolyte used to gate 

several p- and n-type OECTs254 (Fig. 1.49-a). Later, the same group could develop a spiking 

neuron that could reproduce sodium and potassium ion-channels dynamics, while spiking at bio-

plausible frequency (i.e., almost 100 Hz) and demonstrating ion-based spiking modulation in in 

vivo nerve stimulation255 (Fig. 1.49-b). Lastly, by exploiting non-linear features of organic 

devices, organic oscillators where build with minimal circuital complexity, demonstrating 

spiking neurons able to operate in biologically relevant ionic environments, and exhibiting DA-

mediated synaptic excitability256. 
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Figure 1.49 | a) Organic spiking neuron implementing Axon-Hillock model. Adapted from 254. b) Organic 

spiking neuron implementing sodium and calcium dynamics, along with spiking at different frequencies, up 

to 80 Hz. Adapted from 255. 

 

Lastly, as the goal of organic neuromorphic platforms is to embed brain-inspired intelligence 

into electronic systems, an example of autonomous reinforcement learning was demonstrated in 

a mobile robot257 (Fig. 1.50-a). Here, the mobile robot followed a track, performing turns at 

every intersection, with the aim of exiting a maze. Whenever it took the wrong direction, a 

punishment signal was sent to an organic circuit, made up of a volatile and a non-volatile OECT 

coupled together (Fig. 1.50-b), conditioning it, i.e., changing the conductance of the non-volatile 

OECT. The voltage drop on the volatile OECT was then used to determine the direction of the 
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next turn. Eventually, after some failed trials, the organic devices were correctly conditioned so 

that the robot can execute all the correct turns, exiting the maze (Fig. 1.50-c). 

 

 

Figure 1.50 | a) Schematic of the mobile robot that learns to navigate through the maze. b) Volatile and non-

volatile OECT coupled to achieve an adaptive neuromorphic circuit, that change its conductance as a 

consequence of a punishment, i.e., failed trial. The conductance of the device decreases upon the application 
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of a pulse at the gate terminal. c) Robot navigating through the maze, learning how to find the exit after 16 

trials. Adapted from 257. 
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1.7. Challenges 

 

Neuromorphic devices and, in particular, organic neuromorphic devices have been shown to 

recapitulate several features of neural communication, to improve energy efficiency in a novel 

generation of hardware. 

A fundamental challenge, yet to be addressed, is the possibility to easily integrate such devices 

with complementary metal-oxides semiconductors (CMOS) technology, to leverage on the 

maturity of such platforms to endow existing electronics with innovative and bio-inspired 

features. 

In addition, closed-loop operations in a neuromorphic system were not demonstrated yet, fatally 

failing in the recapitulation of the computational approach of the in brain, in stand-alone 

applications.  

Lastly, while a seamless integration with biological tissue was demonstrated, a smart and 

adaptive neuromorphic interface was not developed. Here, such device might be able to interact 

with a biological tissue, while adapting to comply with the continuously evolving biological 

environment. 
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1.8. Our study 

 

The aim of this PhD thesis is to leverage on the versatility of OECTs to build fully-organic 

neuromorphic systems that can interface and interact with biological systems to accomplish 

several tasks, such as biosensing, stimulation, emulation and learning. 

First, by engineering some modifications of a PEDOT:PSS-based OECT, the possibility the 

possibility to endow such neuromorphic platform with LTP and, at the same time biosensing 

capabilities, to replicate the way in which the brain processes vision and touch. 

A chemical functionalization of the OECT gate allowed to induce light-gating properties to the 

device. Interestingly, upon the light exposure the gate underwent a faradic charge transfer 

process, ultimately changing the transistor conductance in a non-volatile way, emulating LTP. 

In addition, a fully organic circuit was designed and built to emulate the OFF vertical pathway 

of the human retina.  

The sense of touch was implemented by using a solid-state electrolyte. Upon pressure, a strong 

contact between gate and channel was ensured, gating the device, while upon release, the gate 

bias was removed. In addition, by including a dedicated patterned insulating layer, ionic 

migration could be stopped, inducing charge trapping, resulting in LTP. 

Then, neurotransmitter-mediated LTP is exploited to demonstrate learning in robotics. In 

particular, the redox reaction-induced conductance modulation of PEDOT:PSS-based OECTs 

was characterized electrically and optically, demonstrating LTP. Reversibility was achieved by 

oxidizing the CP used as semiconducting channel. In addition, as the brain uses closed-loop 

circuitry to enforce positive behaviours and deplete non-advantageous ones, we introduced a 

closed-loop structure. Here, by controlling flowrates of different electrolyte solutions, LTP of a 

neuromorphic OECT was finely controlled. In addition, leveraging on this concept, the 

neuromorphic device was used to perform autonomous reinforcement learning, in which it 

learned how to correctly drive a robotic hand to grasp objects of different sizes. 

Despite recapitulating several aspects of neurons, neuromorphic OECTs are still far from 

structurally recapitulating their biological counterpart. Therefore, to fill this gap and structurally 

mimic biological synapses, we engineered a biomimetic artificial synapse coupling OECT with 

optimal models of neural PM. The impact of the PM on the electrical properties of the OECT 

was evaluated in different conditions, such as membrane positioning, confinement and 
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composition. Notably, the presence of the PM, working as a barrier for ions, induced a reversible 

charge-trapping mechanism, allowing to tune STP in OECTs. 
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Chapter 2: Materials and Methods 
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2.1. Pressure-sensitive OECTs 
2.1.1. Numerical simulation of pressure application 

Simulations of the solid electrolyte deforming and touching the channel of the transistor were 

carried out through COMSOL Multiphysics software. Structural mechanics was the physics 

employed in the simulation with solid mechanics interface. The OECT channel and the spacer 

were modelled as rigid bodies using glass as material (imported from COMSOL library). 

The solid electrolyte was approximated as an elastic linear body using silicon as material 

(properties of the material imported from COMSOL library). Constrains were applied to the 

rigid bodies and to the side of the solid electrolyte which was free to move along the z-axis. 

Lastly, the applied pressure was implemented with a triangular function progressively applying 

and removing the load from the surface of the solid electrolyte. 

 

2.1.2. OECTs fabrication 

The fabrication of the OECT was carried out in cooperation with Lussem group, at Institute for 

Microsensors, -actuators and -systems (IMSAS), UniBremen. A schematic of the fabrication is 

shown in Fig. 2.1. 

A double polished silicon wafer with a 500 µM thick silicon oxide layer was cleaned and used 

as substrate for the fabrication. Initially, a 300 nm thick gold layer was sputtered on the substrate 

(100 W, DC magnetron). A 1.8 µM thick photoresist was then spin coated onto the substrate 

(AZ 1518, MicroChemicals GmbH, 89079 Ulm, Germany). UV light exposure was performed, 

and the photoresist was developed, defining the contact pad geometry. Subsequently, the gold 

layer was etched (Au Etch 200, NB Technologies GmbH, 28359 Bremen, Germany) and the 

photoresist is removed (AZ 100 Remover, MicroChemicals GmbH, 89079 Ulm, Germany). The 

adhesion promoter 3-Aminopropyltriethoxysilane (APTES, 0.1 vol.%, Sigma-Aldrich Chemie 

GmbH, 82024, Taufkirchen, Germany) was applied and polyimide (PI, U-Varnish-S, UBE 

Europe GmbH, Germany) was spin coated onto the substrate at 3000 RPM, yielding for a layer 

of 5 µM. Subsequently, PI was cured on a vacuum hotplate, stepping the temperature of 5 

ºC/min, up to 450 ºC. A second PI layer was then deposited, using the same procedure of the 

first one. Notably, after crosslinking, the second layer will not adhere to the former one, allowing 

for a manual peel-off. Another lithography step was then performed to define the active areas 

of the OECT, i.e., gate and channel. A thicker photoresist was employed in this step (20 µM, 

AZ 9260, MicroChemicals GmbH, 89079 Ulm, Germany). Both PI layers were etched using a 

O2/CF4-reaction ion etching, and the remaining photoresist was stripped. 
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Subsequently, a PEDOT:PSS dispersion was prepared by mixing a commercially available 

PEDOT:PSS aqueous solution (Hereaus, Clevios PH1000) with 5 vol% ethylene glycol (Sigma-

Aldrich) and 1 vol% 3-glycidyloxypropyl)trimethoxysilane (Sigma-Aldrich). The prepared 

solution was spun coated onto the devices, 1000 RPM, 100 RPM/s, 60 s. Thermal annealing was 

performed on hotplate at 120 ºC, 1h. Lastly, the upper PI layer was manually peeled-off. Gate 

and channel had same sizes: 500 x 500 µM2. 

 

 

Figure 2.1 | Schematics of the fabrication of PEDOT:PSS OECTs. 

 

2.1.3. Electrolyte preparation 

A sodium chloride (NaCl) 100 µM liquid electrolyte was used to characterize the fabricated 

OECTs. Such solution was prepared by dissolving NaCl (Sigma-Aldrich GmbH) in deionized 

(DI) water. 

A solid electrolyte was prepared to perform pressure sensing. Initially, poly(vinylidene fluoride-

co-hexafluoropropylene) (PVDF-co-HFP, Mw = 400 000 g mol−1, Sigma-Aldrich GmbH) was 

dissolved in acetone at a final concentration of 110 mg/ml. The obtained solution was stirred for 

12 on a magnetic stirrer (250 RPM). Subsequently, the ionic liquid 1-ethyl-3-

methylimidazolium bis(trifluoromethylsulfonyl)amide ([EMIM][TFSI]) was added into the 
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solution in a weight ration 1:2. The obtained solution was vigorously stirred initially through 

vibrations and then on a magnetic stirrer for 1 h (250 RPM). The obtained electrolyte was spun 

coated onto a clean silicon wafer (1500 RPM, 60 s), and transferred into a vacuum over (70 ºC, 

24h). After curing, the electrolyte was manually peeled and positioned on the transistor channel. 

 

2.1.4. Flexible gate electrode fabrication 

A flexible gate electrode was prepared by using a PI film as substrate (Kapton, DuPont). Initially 

the film was cleaned by means of acetone, isopropanol and DI water. Subsequently, 

chromium/gold layers were deposited (Cr/Au, 10/100 nm) by means of thermal evaporation. 

Lastly, a solution of PEDOT:PSS was prepared and deposited onto the substrate (Paragraph 

2.1.3). 

 

2.1.5. OECTs steady state characterization 

Steady state characterization of the fabricated OECTs was carried out in Salleo Lab at Stanford 

University. Measurements were carried out by coupling two source measure units (SMUs, 

Keithley 2400, Tektronix), through a custom LABVIEW routine. Transfer curves were obtained 

by sweeping the gate potential VGS (from 0 to 0.6 V, with voltage steps of 50 mV), while 

measuring the channel current IDS, at a fixed drain-source voltage VDS (-0.1, -0.2, -0.3 and –0.4 

V). Output curves were recorded by sweeping the drain-source voltage VDS (from –0.1 to –0.6 

V, with a voltage step of –50 mV), while fixing the gate potential VGS (-0.15, -0.30, -0.45 and –

0.60 V), and measuring the channel current IDS. 

 

2.1.6. OECTs pressure measurements 

Pressure measurements were carried out by coupling two SMUs Keithley 2400, Tektronix), 

through a custom LABVIEW routine. Here, VDS was set to –0.2 V, while the gate electrode was 

biased either with 0.5 V or 0 V (write and erase mode, respectively).  

Pressure was applied by placing scale calibration weights on the gate of the transistor. By 

knowing the mass of the weights (5 g, 10 g, 50 g and 100g) and measuring the diameter (5 mm, 

5.5 mm, 9.5 mm and 12 mm), the applied pressure was assessed, yielding 624.5 Pa, 1032.3 Pa, 

1730.0 Pa and 2168.5 Pa, respectively. 
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2.2. Optoelectronic neuromorphic OECTs 
2.2.1. Synthetic procedure 

The fabrication of the azo-tz-PEDOT:PSS was carried out by first synthetizing 2-Azidomethyl-

2,3-dihydrothieno[3,4-b]−1,4-dioxine (EDOT-N3), which was subsequently electrodeposited 

onto a conductive substrate, defining an N3-PEDOT:PSS film. Lastly, an ad hoc synthetized 

molecule, 4-Propargyloxyazobenzene (azo-alkyne), was used to functionalize the obtained film, 

through click-chemistry. The whole synthetic procedure was carried out in cooperation with 

Federica Corrado, Tissue Electronics lab at the Italian Institute of Technology, Naples. 

 

2.2.1.1. EDOT-N3 synthesis 

2-chloromethyl-2,3-dihydrothieno[3,4-b]−1,4-dioxine, EDOT-Cl (Merck Life Science S.r.l., 

Italy) (50 mg, 0.262 mmol, 1 eq) was dissolved in 3 mL of N,N-dimethylformamide (DMF) 

(Merck Life Science S.r.l., Italy) and stirred at room temperature under inert atmosphere until 

complete dissolution. After the addition of sodium azide (NaN3) (TCI chemicals, Belgium) 

(34 mg, 0.524 mmol, 2 eq), the reaction mixture was refluxed for 3 h. The reaction mixture was 

extracted with ethyl acetate (EtOAc) (Merck Life Science S.r.l., Italy) and the resulting 

combined organic layers were washed with water to remove DMF (Merck Life Science S.r.l., 

Italy). The obtained crude product was dried over sodium sulfate (Na2SO4) (Merck Life Science 

S.r.l., Italy) and concentrated under vacuum giving the EDOT-N3 as a colourless oil (48 mg, 

0.243 mmol, 93%). 

 

2.2.1.2. Azo-alkyne synthesis 

4-(Phenylazo)phenol (TCI chemicals, Belgium) (50 mg, 0.252 mmol, 1 eq) was dissolved in 

previously degassed acetone (3 mL) (Merck Life Science S.r.l., Italy). Potassium carbonate 

(K2CO3) (Thermo Fisher Scientific Inc., Germany) (174 mg, 1.26 mmol, 5 eq) was added to the 

organic solution and the reaction mixture was stirred at room temperature under inert 

atmosphere for 90 min. Then, propargyl bromide (TCI chemicals, Belgium) (150 mg, 

1.26 mmol, 5 eq) was added, and the reaction mixture was refluxed overnight, under inert 

atmosphere. Removal of the acetone under vacuum provided the solid crude product. It was then 

re-dissolved and extracted with EtOAc (Merck Life Science S.r.l., Italy) and the combined 

organic solution was washed with water and dried over Na2SO4 (Merck Life Science S.r.l., 

Italy). Removal of the solvent under vacuum was employed to yield the alkyne as an orange 

powder (56.5 mg, 0.239 mmol, 95%). 
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2.2.2. OECTs fabrication 

A schematic of the fabrication is shown in Fig. 2.2. An indium tin oxide (ITO, surface resistivity 

20 Ω cm−2, 25 mm × 25 mm, Kintec, Hong Kong) patterned glass substrate was washed with DI 

water, acetone and isopropanol in an ultrasound bath (10 min per solvent). Two squares of ITO 

will be used as source and drain terminals, while the remaining ITO rectangle will host the azo-

tz-PEDOT:PSS gate electrode. Indeed, a N3-PEDOT:PSS film was electrodeposited onto the 

ITO substrate (Paragraph 2.2.2.1). The two ITO squares are protected by use of kapton tape 

(DuPont). 

Then, the previously synthesised azo-alkyne (141 mg, 0.6 mmol, 1 eq) was dissolved in 

tetrahydrofuran (THF) (Merck Life Science S.r.l., Italy) (30 mL), before the addition of 30 mL 

of an aqueous solution of CuSO4•5H2O (Merck Life Science S.r.l., Italy; 150 mg, 0.64 mmol, 

1.07 eq) and sodium ascorbate (Merck Life Science S.r.l., Italy; 118.9 mg 0.53 mmol, 0.89 eq). 

The electropolymerized N3-PEDOT:PSS film was then put in the resulting mixture and 

maintained under gentle stirring for 24 h. The obtained functionalized film was repeatedly 

washed with deionized water to remove the excess of catalyst and with THF to remove the 

excess of unreacted azo-alkyne. The kapton tape was removed from the ITO squares, while a 

polydimethylsiloxane (PDMS, Silgard 184) mask was used to cover the azo-tz-PEDOT:PSS 

gate electrode. PDMS was mixed in ratio 10:1 wt/wt with a crosslinker, and cured at 80 °C, 1 h 

in oven. A commercially available PEDOT:PSS solution (Paragraph 2.1.2) was spun coated 

onto the substate (2000 RPM, 400 RPM/s, 2 min) and thermally annealed for 1 h on a  hotplate 

at 140 ºC. Lastly, a second PDMS mask is positioned onto the spin coated PEDOT:PSS and O2 

plasma etch is performed (RIE, 15 min, 100 W), to define the transistor channel. The size of the 

gate electrode was 13 x 10 mm2, while the channel had dimensions 15 x 7 mm2. The obtained 

devices were rinsed in DI water overnight, to allow for PEDOT:PSS swelling. 
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Figure 2.2 | Schematics of the fabrication of the OPECT, featuring gate electrode made of azo-tz-PEDOT:PSS 

and channel made of commercially available PEDOT:PSS. 

 

2.2.2.1. Electrodeposition 

The electrodeposition of N3-PEDOT:PSS was carried out with Autolab PGSTAT302N 

potentiostat (Metrohm Italiana S.r.l., Italy), through a cyclic voltammetry (CV), sweeping the 

potential from 0 V to 1.5 V, with a scan rate of 50 mV/s, in a three electrode configuration: ITO 

substrate (working electrode), platinum wire (counter electrode, Merck KGaA, Germany) and a 

reference Ag/AgCl NaCl (3 M) electrode (reference electrode, Redox.me, Sweden). 

The ITO substrates were cleaned in an ultrasonic bath with DI water, acetone and isopropanol 

before the electropolymerization procedure. A suspension of 7.5 mg mL−1 of poly(sodium 4-

styrenesulfonate) (PSSNa) containing 0.01 M of N3-EDOT monomer was employed. Ten CV 

cyles were performed. After electrodeposition, the films were washed with water to remove both 

the PSSNa and the unreacted monomer excess.  Finally, the substrates were dried on hot plate 

at 120 °C for 1 h. 

 

2.2.2.2. Organic resistor 

The patterning of the organic resistor was carried out by following the same procedure explained 

for the patterning of the OPECT channel: spin coating, dry etching and swelling (Paragraph 

2.2.2). 
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2.2.3. Morphological characterization 

A Dimension Icon® AFM (Bruker Corporation, USA) with Scan Assyst, operating in tapping 

mode (the cantilever vibrates near its resonance frequency causing the tip to oscillate up and 

down), was used in dry conditions and under ambient atmosphere to measure films surface 

topography and roughness. The cantilevers (Bruker, Model: SCANASYST-FLUID) were 

characterized by spring constant 0.7 N/m, resonance frequency 150 Hz, Thickness = 600 nm, 

Width = 10 nm, Length = 70 nm. The scanned area was 5 × 5 µm2 with a scan rate of 2 Hz. 

Nanoscope 2.0 software was used to evaluate the root mean square (RMS or Rq) roughness for 

each acquired area. 

 

2.2.4. Electrochemical characterization 

Cyclic voltammetry (CV) analyses were carried out with Autolab PGSTAT302N potentiostat 

(Metrohm Italiana S.r.l., Italy). The films were characterized on an ITO-coated square acting as 

working electrode, an Ag/AgCl NaCl (3 M) electrode as reference electrode and a platinum wire 

as counter electrode. Phosphape buffered saline (PBS) solution (Merck Life Science S.r.l., Italy), 

with pH = 7.4 (100 µL) was employed as electrolyte and the voltage was swept from –0.4 V to 

+1.0 V at a scan rate of 50 mV/s. 

Electrochemical impedance spectroscopy (EIS) was carried out with Autolab PGSTAT302N 

potentiostat (Metrohm Italiana S.r.l., Italy), in a two-electrode configuration: the films deposited 

on an ITO-patterned glass acter as reference and sense electrode, while an Ag/AgCl NaCl (3 M) 

electrode acted as both reference and counter electrode. Impedance was recorded using PBS as 

electrolyte solution, in a frequency range spanning from 0.1 Hz to 10 kHz. The applied signal 

was a sinusoidal wave with amplitude ±10 mV, around 0 V. 

 

2.2.5. OECTs steady state characterization 

Transistor steady state characterization was carried out using a commercially available platform 

(ARKEO, Cicci Research, Italy). In both output and transfer curves, the azo-tz-PEDOT:PSS 

electrode was used as gate terminal, while the spin coated PEDOT:PSS acted as transistor 

channel. PBS was used as electrolyte solution. Output curves were recorded by sweeping VDS 

from 0 V to –0.8 V with a voltage step of – 50 mV, at different values of VGS (0.2, 0.4, 0.6 and 

0.8 V). Transfer curves were obtained by sweeping the gate voltage from −0.2 V to 0.8 V with 
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a scan rate of 50 mV/s while the drain voltage (both versus the source potential) was held at 

different values (0.1 V to –0.6 V with a voltage step of –0.1 V). 

Light exposition was carried out through a UV lamp (λ = 365 nm) at three different power levels 

(20% = 0.56 W/cm2, 60% = 1.7 W/cm2 and 100 % = 2.8 W/cm2). After 5 min of light exposition, 

the lamp was turned off and output and transfer curves were recorded again. 

 

2.2.6. OECTs transient measurements 

Transient measurements were carried out using a commercially available platform (ARKEO). 

PBS was employed as electrolyte. Drain-to-source voltage bias was held at –0.2 V, while the 

gate terminal was held at 0 V against source potential. The azo-tz-PEDOT:PSS electrode, acting 

as gate, was exposed to 60 s of UV light (λ = 365 nm) and 60 s of dark condition. Light intensities 

employed were: 20% = 0.56 W/cm2, 60% = 1.7 W/cm2 and 100 % = 2.8 W/cm2.  

 

2.2.7. Retina emulation 

An organic resistor made of PEDOT:PSS was connected in series to the channel of the OPECT 

by means of a tin-based soldering wire, along with conductive silver paint (RS Components). 

Arkeo commercial platform was used to carry out the measurements, using PBS as electrolyte. 

A pulsed voltage supply was applied during the whole duration of the measurement (VDD = 0.4 

V/ 0 V, PW = 3 s, Δt = 3 s). The gate voltage bias of the OPECT was held to 0 V during the first 

part of the measurement and ramped up to 0.3 V, such value was kept constant for 60 s. Light 

illumination was supplied by a UV lamp (λ = 365 nm) with an intensity of 2.0 W/cm2. 

 

2.2.8. Neuromorphic measurements 

Neuromorphic measurements were carried out using a commercial platform (ARKEO). PBS 

was employed as electrolyte. Neuromorphic measurements were carried out by pulsing the gate 

terming with a square voltage pulse (VGS = 0.3 V) with different PWs (0.5 s, 1 s and 5 s), while 

keeping the drain terminal biased at –0.2 V, with respect to the source electrode. The intensity 

of the UV light (λ = 365 nm) was: 20% = 0.56 W/cm2, 60% = 1.7 W/cm2 and 100 % = 

2.8 W/cm2. 
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The emulation of PPF was carried out by keeping VDS at –0.2 V, while applying two consecutive 

voltage pulses at the gate terminal of amplitude 0.3 V, while varying the delay between the two 

pulses (Δt). In this case, Δt was chosen as: 0.1 s, 0.5 s, 1 s, 3 s, 5 s, 8 s, and 11 s. 

Current and/or conductance modulations were computed through a MATLAB script. In 

particular, the script allowed to select two data points of current raw data (typically starting and 

ending points) and compute the difference between the two. Subsequently, such difference was 

converted into a percentage variation, using the value of the first data point (starting point of the 

raw current data) as reference, i.e., 100% 

 

2.2.9. Optoelectronic memory measurements 

The optoelectronic memory was characterised using ARKEO commercial setup and employing 

PBS as electrolyte solution. VDS was held constant at –0.2 V. Initially, the gate potential VGS 

was held at 0V while light pulses were applied: λ = 365 nm, 2.8 W/cm2 of light intensity, 

PW = 2 s, and Δt = 10 s.  After the illumination, negative voltage pulses were applied at the gate 

terminal: PW = 2 s, Δt = 10 s and amp = −0.3 V. 
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2.3. OECTs for electrolyte potential monitoring 

OECTs for electrolyte potential monitoring were fabricated as discussed in Paragraph 2.1.2, in 

cooperation with Lussem group, at UniBremen. The potential of the electrolyte was monitored 

in a four-electrode configuration. Two SMUs (Keithley 2400, Tektronix) were used to bias the 

drain electrode with –0.2 V, and the gate terminal with 0.3 V, both with respect to the source 

terminal. In addition, an oscilloscope (name of oscilloscope) was coupled to the two SMUs 

(common ground), using an Ag/AgCl pellet to monitor the potential of the electrolyte. 
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2.4. OECTs for neurotransmitter-mediated plasticity 
2.4.1. OECTs fabrication 

The fabrication of the OECTs is schematically shown in Fig. 2.3. OECTs were fabricated on 

5x25 mm square glass substrate, with 10x10 mm2 (ITO) square at each corner (Xinyan 

Technology Ltd.). Substrates were washed with DI water, acetone and isopropanol. Then, a 

PEDOT:PSS solution was prepared as discussed in Paragraph 2.1.2, and was spun coated onto 

the substrates at 2000 RPM, 400 RPM/s, 2 min. O2 plasma treatment (20 W, 2 min) was 

performed prior to the PEDOT:PSS deposition, to enhance adhesion. Thermal annealing was 

then performed on hotplate for 1 h, 140 ºC. PEDOT:PSS gate and channel were patterned 

through O2 plasma dry etching technique for 15 min, at 100 W. Physical masks were used to 

define the transistor geometry, made from PDMS, mixed in ratio 10:1 wt/wt with a crosslinker, 

and cured at 80 °C, 1 h. Finally, through the etching process two symmetrical PEDOT:PSS 

stripes 7x17 mm wide were deposited 2 mm apart. Then the devices were immersed in milliQ 

water for 1 h to allow for the complete swelling of the PEDOT:PSS. 

 

 

Figure 2.3 | Schematics of the fabrication of the PEDOT:PSS-based OECT. 

 

2.4.1.1. Microfluidic module fabrication and in-flow measurements 

To allow the electrolyte to connect and flow between the channel and the gate of the 

neuromorphic OECT, a microfluidic channel, made of PDMS, was attached on the device. The 

channel was made by pouring uncured PDMS into a mould made of Poly(methyl methacrylate) 

(PMMA). The mould was created by subtractive manufacturing, by means of a micromilling 

machine ( Minitech, USA). The module was attached to the OECT by means of uncured 

PDMS, placed on the edges of the channel, and subsequently cured at 80 °C for 1h.  
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The microfluidic channel had a rectangular shape (17x4 mm2, 1 mm in height) with a y-shaped 

junction at one end. Three holes were created with the use of a 1.2 mm punch at the ends of the 

y-shaped channel.  

In case of static measurements, electrolytes were manually injected inside the module by means 

of a micropipette. During in-flow measurements the holes on the y-shaped side of the channel 

were connected through PTFE tubes to two programmable syringe pumps. The outlet, was 

connected to a waste container. 

 

2.4.2. Electrolyte solutions preparation 

Several electrolyte solutions were employed to characterize PEDOT:PSS oxidation and 

reduction. PBS without Ca2+ and Mg2+ buffer solution was purchased from Life Technologies. 

Dopamine (DA) and serotonin (5-HT) solutions were obtained by dissolving dopamine 

hydrochloride and serotonin hydrochloride in powder (Sigma-Aldrich, USA) in PBS. A stock 

H2O2 (30% in water, Sigma-Aldrich, USA) was diluted in PBS to obtain H2O2 solutions. 

 

2.4.3. OECTs steady state characterization 

Steady state characterization of the OECTs was carried out using a commercially available setup 

(Arkeo, Cicci Research, Italy) featuring two independent SMUs. Output curves were obtained 

by sweeping the drain-source potential from 0.1 V to -0.6 V, with a step of 100 mV, while three 

different gate voltage bias were employed (-0.2 V, +0.3 V and +0.8 V). 

 

2.4.4. OECTs transient measurements 

Transient measurements of OECTs were carried out using a commercially available setup 

(Arkeo) featuring two independent SMUs. Square voltage pulses were applied at the gate 

terminal, while keeping a fixed bias voltage VDS = -0.2 V. Each measurement consisted of 6 

pulses with PW = 3 s and delay between pulses Δt = 9 s. The amplitude of the pulses was 0.3 V 

in all cases, except for the electrolytic solutions containing 5-HT, where it was set to 0.4 V, to 

match the neurotransmitter oxidation peak potential247. 
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2.4.5. Synaptic potentiation/depression extraction 

Synaptic potentiation was achieved by inserting 100 µl DA/5-HT solution in the microfluidic 

module coupled to the OECT. Each measurement consisted of 6 voltage pulses applied at the 

gate terminal. After each measurement three washes were performed with 100 µl of fresh PBS 

solution. The channel conductance was calculated by dividing the channel current by VDS. Then 

conductance variation (difference between values before and after the application of VGS pulses) 

was represented as percentage. 

Three consecutive measurements were performed (for a total of 18 applied voltage pulses) and 

conductance variations were computed and averaged for each device. 

Synaptic depression was characterized in the same way of synaptic potentiation but employing 

an H2O2 solution as electrolyte. In addition, as synaptic depression was only achieved as an 

inversion of synaptic potentiation, one measurement with DA (6 voltage pulses) was performed 

before the application of H2O2. 

In addition, in case of in-flow measurements the procedure was the same, but the electrolyte 

solutions were inserted using programmable syringe pumps.  
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2.5. Biomimetic neuromorphic OECTs 
2.5.1. OECTs fabrication 

OECTs were fabricated as discussed in Paragraph 2.3.1. A microfluidic channel was created 

and glued on the OECTs as discussed in Paragraph 2.3.1.1, with a rectangular shape, 17 mm 

long, 4 mm wide, and 0.4 mm high. 

 

2.5.2. SLB preparation and formation 

The lipid mixture consisted of 100 mol% of POPC (Avanti Polar Lipids), and 0.5% (mol/mol) 

of Texas Red 1,2-dihexadecanoyl-sn-glycero-3-phosphoethanolamine triethylammonium 

(Thermo Fisher, USA) salt as a fluorescent probe. The lipids were mixed in chloroform at a 

desired concentration. The chloroform was evaporated using nitrogen, and then under vacuum 

for 2 h. The resulted lipid thin film was rehydrated with a mixture of 70% v/v of water a 30% 

v/v of isopropanol to obtain 5 mg/mL as final concentration. The solution was vortexed and then 

sonicated on ice for 25 min. Finally, the suspension was extruded 15 times through a 100 nm 

pore polycarbonate membrane (Sigma-Aldrich, USA). Subsequently, a supported lipid bilayer 

(SLB) was obtained using the solvent-assisted lipid bilayer (SALB) method, where the SLB was 

formed into a microfluidic channel (Paragraph 2.4.1) by means of a solvent exchange 

procedure258. 

Prior the membrane formation, the OECT was treated with oxygen plasma (Diener electronic, 

Germany) at a pressure of 1 mbar (20 W, 2 min). The liposome solution was diluted with 

isopropanol/water mixture (3:7 v/v) to a final concentration of 0.5 mg/mL and incubated for 30 

min inside the chamber. A buffer solution (10 × 10−3 m Tris, 100 × 10−3 m NaCl, pH 7.5) was 

delivered into the microfluidic channel with a flow rate of 50 µL/min for 2 h to remove excess 

vesicles while forming the bilayer. SLB formation and characterization were carried out in 

cooperation with Chiara Ausilio and Claudia Lubrano, Tissue Electronics lab at the Italian 

Institute of Technology, Naples. 

 

2.5.2.1. Fluorescence recovery after photobleaching 

The fluidity of the bilayer was evaluated using the FRAP technique with a Leica TCS SP5 gated 

with stimulated emission depletion (STED) microscope (Leica Microsystems, Germany) 

equipped with a 25× water immersion objective. A 20 µm wide circular spot was bleached by 

114 mW 592 nm laser beam for 1.3 s. The recovery of the photobleached spot was then 
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monitored for 5 min. The fluorescence intensity of the spot was measured and normalized to a 

reference spot in each image. The normalized fluorescence intensity was fit with a Bessel 

function. The images were analyzed with ImageJ Radial profile tool which allowed the 

quantification of the fluorescence intensity along the radius of a selected area. The fluorescence 

intensity profiles at three different time points after bleaching (0 s, 60 s, and 5 min) were 

obtained by drawing a circle around the bleached area. The diffusion coefficient was obtained 

from the following equation: D = ω/4τ1/2, where ω is the radius of the bleached spot and τ1/2 

is the time required to achieve half of the maximum recovery intensity. 

 

2.5.2.2. Atomic force microscopy 

AFM measurements were carried out on Bruker Dimension Icon microscope (Bruker 

Corporation, USA) in tapping mode in hydrated condition both on bare OECT and on POPC 

bilayer. The ScanAsyst-Fluid probe (Bruker Corporation, USA) with a spring constant of 0.7 

N/m, a tip radius of 5–20 nm, and resonance frequency of about 150 kHz was used. The average 

roughness parameters were calculated over 2 µm × 2 µm areas, using the built-in Nanoscope 

software. 

 

2.5.3. Electrochemical characterization 

EIS measurements were carried out with Autolab PGSTAT302N potentiostat (Metrohm Italiana 

S.r.l., Italy), in a two-electrode configuration, where the fabricated OECT was employed as 

working and sense electrode, while an Ag/AgCl was employed as reference and counter 

electrode. Measurements were performed by applying a sinusoidal signal with amplitude of 50 

mV around a voltage offset of 0 V. The frequency range analysed spanned from 0.1 Hz to 1 

MHz. A buffer solution (10 × 10−3 m Tris, 100 × 10−3 m NaCl, pH 7.5) was used as electrolyte. 

EIS data fitting to a circuital model was performed by means of a custom Python script, relying 

on the ScyPy package to perform least square optimization algorithm, minimizing the error 

between the recorded data and the impedance response of the defined circuital model. 

 

2.5.4. Gate current analysis 

Gate current was analysed to extract the number of charges injected from the electrolyte to the 

polymeric channel, and the amount of charged retained inside the channel. The estimation of the 

charges was obtained by numerically integrating gate current over time. In particular, the gate 
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current generated by a square voltage pulse at the gate terminal is characterized by two spikes, 

corresponding to the raising and to the falling edge of the gate bias. Such spikes are due to the 

gate-to-channel capacitive coupling. The first portion of the signal was integrated, allowing to 

obtain the injected charges (during pulsing), while the remaining part of the signal allowed to 

compute the charges returning from the channel to the electrolyte (Fig. 2.4). The difference 

between the two represented the number of charges retained inside the channel. 

 

Figure 2.4 | Charge and discharge gate currents, used to compute injected and retained charges. 
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2.6. Biomimetic neuromorphic OECTs for LTP 
2.6.1. OECTs fabrication 

OECTs were fabricated as discussed in Materials and Methods 2.5.1. 

 

2.6.2. SLB formation and confinement 

Lipid preparation and formation was carried out as discussed in Materials and Methods 2.5.2. 

In addition, a new lipidic composition was introduced, consisting of POPC, cholesterol (chol, 

Avanti Polar Lipids, USA) and brain sphingomyelin (SM, Avanti Polar Lipids, USA) at a molar 

ratio of 1:1:1. SLB formation and characterization were carried out in cooperation with Chiara 

Ausilio and Claudia Lubrano, Tissue Electronics lab at the Italian Institute of Technology, 

Naples. 

In addition, a protocol to confine the SLBs solely on the channel of the transistor was 

implemented as schematically shown in Fig. 2.5. 

Here a microfluidic module was assembled by glueing two separate parts of the PDMS onto the 

OECT (Fig. 2.5, i). A protruding element of the second PDMS component divided the channel 

in two areas: SLB chamber and a second one, physically isolated (Fig. 2.5, ii). The protruding 

element (PDMS wall) was manually removed (Fig. 2.5, iii) and then glued (Fig. 2.5, iv) onto 

the substrate by use of biphasic glue (Picodent Twinsil), insulating the two chambers again. 

Subsequently, the SLB was formed (Fig. 2.5, v) as previously discussed (Materials and 

Methods 2.5.2). Lastly, the PDMS wall was manually and carefully removed, connecting the 

two chambers (Fig. 2.5, vi). 
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Figure 2.5 | SLB confinement protocol. 

 

2.6.3. SLB characterization 

Characterization was carried out by means of FRAP, AFM and EIS, as discussed in Materials 

and Methods 2.5.2.1, 2.5.2.2 and 2.5.3. 

 

2.6.4. Pavlov associative learning experiment 

The Pavlov conditioning measurements were performed by implementing two different 

procedures. The first one was the learning, in which a neurotransmitter solution (DA, 5-HT or 

DA:5-HT) was used as electrolyte. In this case 3 square pulses were applied at the gate terminal 

with amplitude either 0.3 V or 0.4 V, to match the neurotransmitter oxidation potential247. In the 

second procedure, (washing) H2O2 was present in the electrolyte solution, and 6 voltage pulses 

(0.3 V amplitude) were applied at the gate terminal. PW was equal to 3 s, while the delay 

between pulses was set to 9 s, in all cases (DA, 5-HT, DA:5-HT and H2O2). VDS was set to –0.2 

V. 
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2.7. Closed-loop neuromorphic system 
2.7.1. OECT fabrication 

OECTs were fabricated as discussed in Paragraph 2.4.1, furtherly equipped with a y-shaped 

microfluidic channel (Paragraph 2.4.1.1). Closed-loop operations were carried out in 

cooperation with Daniela Rana, Tissue Electronics lab at the Italian Institute of Technology, 

Naples. 

 

2.7.2. Robotic hand printing and driving 

The hand was 3D printed using an open-source cable-driven design (InMoov, https://inmoov.fr/) 

using a commercially available 3D printer (Prusa MKS3+, https://www.prusa3d.com/). Hand 

closure and opening was achieved by driving servomotors (one per fingers), connected to cables, 

which were mounted on the motors so that the 0-degree position corresponds to completely open 

hand, while 90-degree position corresponds to a fully closed one. Commands were sent to the 

servomotors through a commercial microcontroller board (Arduino Uno board, 

https://www.arduino.cc/). A custom-made Arduino script was used to read data through serial 

interface from the electrical measurement setup and drive the servomotors. 

The connection of all the parts composing the system is shown in Fig. 2.6. Here the channel 

current of the transistor was recorded and based on the output of the PID control system, a signal 

was sent to the actuators, i.e., syringe pumps. After the application of each voltage pulse, the 

channel current value was sent to Arduino Uno board, which controlled five servomotors, 

assembled in the robotic hand. To this end, Arduino was connected to customized PID software 

(Arkeo Cicci Research srl) and the different motors were connected to the five analogic outputs 

of Arduino through a board. Each motor was connected through nylon thread to a single finger. 

When an electrical signal was applied, the angle of the motors varied, resulting in the wire 

pulling of the fingers. The servomotors were powered by a 7V supplier. 

 

https://inmoov.fr/
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Figure 2.6 | Hand connection with the neuromorphic OECT and closed-loop schematic. 

 

2.7.3. Control-loop execution 

The variable controlled by the feedback-loop control system was the channel current of the 

neuromorphic OECT after the application of a square voltage pulse at the gate terminal. The 

workflow of the customized software based on lab view is the following: 

1) Prior to the initiation of the experiment, these parameters were set as follows: the value of the 

drain constant voltage VDS was 0.2V. The shape of the pulse to be applied as voltage gate was 

defined with 2s of ON time, 6s of OFF and 0.3V amplitude. The microfluidic pump that should 

work depending on the status of the controller was chosen by selecting the sign of the error. For 

positive errors, the pump with DA solution was activated whereas for negative errors the other 

pump would be activated. The maximum flow rate that the pumps can reach was set to 1 

mL/min. The first desired value for channel current ISET was chosen in the tolerance regime of 

the device (known from the electrical characterization of the OECT, prior to the experiment) 

and the range of error was set in the order of µA. 

2)     As the experiment started the microfluidic channel of the OECT contained PBS solution 

only. The first pulse was applied to the gate and the channel current IDS was measured after the 

removal of the pulse. 

3)     The error was calculated as: e(t) = ISET - IDS, where both IDS and ISET had negative values. 

If ISET > IDS, a positive error resulted and the pump for DA solution was initiated with a flow 

rate that depended on the amplitude of the error and the set values for the proportional, 

integrative and derivative constants of the PID. If ISET < IDS, a negative error was measured 

and the pump for the H2O2 solution was activated with a flow rate depending on the error value 

and the set values for the proportional, integrative and derivative constants of the PID. 
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Depending on the OFF time selected of the gate voltage, a new pulse was applied at the gate 

terminal of the transistor, inducing a variation of IDS associated with the oxidation of DA or the 

action of H2O2. The workflow was then repeated starting from point (2), considering that ISET 

could be modified any time during the experiment. 
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Chapter 3: Results and Discussion 

  



 109 

3.1. Neuromorphic sensing 

Neuromorphic sensing refers to the design and characterization of sensors able to replicate some 

of processes occurring in the nervous system, when acquiring sensory information259. The 

advantage of such approach is to endow sensors with computation capabilities, mirroring what 

happens in the human body, that locally processes the sensory information at receptor level, 

before it is sent to the PNS, or to the CNS260.  

 

3.1.1. OECT-based neuromorphic pressure sensing 

This thesis work first aimed at engineering a neuromorphic pressure sensor, exploiting a 

PEDOT:PSS-based OECT as transducing element. The sensor was designed and built starting 

from previous work222, where a solid electrolyte was exploited as sensing element, connecting 

gate and channel of the transistor only upon pressure application (Paragraph 1.3.2.3). 

This architecture was further optimized as it would typically feature a non-volatile behaviour, 

i.e., the conductance state reached upon receiving a stimulus was not retained after the removal 

of the very same stimulus. Here, non-volatility was enforced, as a pressure stimulus induced the 

device to change its conductance state and retain it even after the removal of the stimulus, 

emulating LTP. To do that, an insulating layer (spacer) was designed to be embedded into the 

OECT architecture, as shown in Fig. 3.1-a. Such insulating layer was designed as a pored 

membrane, separating the solid electrolyte from the transistor channel. Each pore had hexagonal 

shape (Fig. 3.1-b) to densely fill the surface.  

 

 

Figure 3.1 | a) Structure of the neuromorphic pressure sensor, made of four layers: transistor channel, 

insulating spacer, solid electrolyte and flexible gate. b) Design of the insulating spacer (front-view). 
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The working principle of the presented design can be divided into two phases: write mode and 

erase mode. Write mode (VGS > 0 V) is shown in Fig. 3.2. Here, initially the OECT channel was 

free of ions and even by applying a potential at the gate terminal, gating will not occur, as the 

insulating spacer would behave like an open circuit, preventing physical contact between the 

electrolyte and the channel of the transistor (Fig. 3.2-a). Conversely, the application of a 

pressure will push the electrolyte through the pores of the insulating spacer (closed circuit), 

allowing for physical contact and, therefore, the gating of the transistor, with ion migrating from 

the electrolyte to the channel (Fig 3.2-b). Lastly, upon pressure removal, the insulating spacer 

would physically separate the channel and the electrolyte, resulting in an open circuit and 

achieving ion trapping in the channel of the transistor (Fig. 3.2-c). As a result, the conductance 

of the device would change in a non-volatile manner in response to an input stimulus, emulating 

LTP. 

 

 

Figure 3.2 | Write mode of the neuromorphic pressure sensor. a) Initially no ions are present in the channel, 

and the insulating spacer results in an open circuit in the gate-to-channel equivalent circuit. b) Upon pressure 

application, the gate-to-channel circuit is closed, and transistor gating occurs. c) Upon pressure removal, ions 

are trapped in the polymeric channel as the insulating spacer physically separates the electrolyte from the 

channel. 

 

In erase mode the gate voltage is held at 0 V. (Fig. 3.3). Here the solid electrolyte was physically 

separated from the channel and ions could not leave the polymer (Fig. 3.3-a). Upon the 

application of pressure, the gate-to-channel circuit was closed, allowing for ions to migrate back 

to the electrolyte (Fig. 3.3-b). Finally, upon stimulus removal, the spacer separated again 

electrolyte and channel, restoring the initial state of the device (Fig. 3.3-c). 
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Figure 3.3 | Erase mode of the neuromorphic pressure sensor. a) Initially ions are trapped in the channel, and 

the insulating spacer results in an open circuit in the gate-to-channel equivalent circuit. b) Upon pressure 

application, the gate-to-channel circuit is closed, and ion migrate back to the electrolyte. c) Upon pressure 

removal, the initial state of the device is restored. 

 

Before fabrication, numerical simulations exploiting finite elements method (FEM) were carried 

out (Materials and Methods 2.1.1), to confirm whether the solid electrolyte could penetrate 

through the pores of the insulating spacer, gating the transistor. Only the mechanical part of the 

device was simulated, in which both spacer and channel are modelled as rigid body, while the 

electrolyte was designed as an elastic linear body (Fig. 3.4-a). In addition, to preliminary 

modelling was performed using an axisymmetric design to simulate a 3D device with a 2D 

approximation. The amount of surface of the electrolyte in contact with the channel of the 

transistor was extracted from the simulations, allowing to compute the contact surface as a 

function of the applied pressure (Fig. 3.4-b, spacer size 1000 µm, uniform pressure). 

In addition, different hole sizes and different pressure areas were simulated (Fig. 3.4-c and d, 

respectively). 
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Figure 3.4 | FEM simulations of pressure application. a) Simulated geometry. b) Pressure application and 

electrolyte deformation simulation using an insulating spacer with 1000 µm holes and 300 µm height. In 

addition, contact area as function of the applied pressure is shown. c) Numerical simulation with an insulating 

spacer with 500 µm hole size, and equivalent surface contact area. d) Numerical simulation of a pressure 

applied only in the middle of the device using an insulating spacer with 500 µm holes and 300 µm height, and 

area contact. 

 

As expected, the size of the pores influenced the amount of contact surface and thus the channel 

capacitance that would eventually charge the transistor channel. On the one hand, a larger pore 

size would result in larger channel capacitance, increasing the switching speed of the transistor. 

On the other hand, the dynamic range of pressure that could be sensed with the transistor would 

decrease with increasing pore size. Eventually, pore size was set to 40 µm, while spacing 

between holes was set to 20 µm. 

Then, the OECT for pressure sensing was fabricated as discussed in Materials and Methods 

2.1.2, in cooperation with the Lussem group, at UniBremen.  In brief, the transistor channel was 

made of PEDOT:PSS, with dimensions 500x500 µm2 (L x W). Static characterization was 

carried out, i.e., transfer and output curve (Materials and Methods 2.1.5), in the Salleo group 

at Stanford University. A planar electrode made of PEDOT:PSS (same size of the channel) was 
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employed as gate. Transfer curves were obtained by sweeping the gate potential VGS (from 0 to 

0.6 V, with voltage steps of 50 mV), while measuring the channel current IDS, at a fixed drain-

source voltage VDS (-0.1, -0.2, -0.3 and –0.4 V). Output curves were recorded by sweeping the 

drain-source voltage VDS (from –0.1 to –0.6 V, with a voltage step of –50 mV), while fixing the 

gate potential VGS (-0.15, -0.30, -0.45 and –0.60 V), and measuring the channel current IDS. Fig. 

3.5-a displays a typical output curve of the above-mentioned devices. Here, the absolute value 

of IDS decreased when increasing VGS, as the cations were being pushed from the electrolyte to 

the channel. The same behaviour was observed in transfer curves (Fig. 3.5-b) and the ratio 

between the current in the ON and OFF states (ON/OFF ratio) was barely reaching one order of 

magnitude (< 101). Such limited switching efficiency was expected, as the gate and the channel 

had same physical dimension whereas an efficient gating can occur only when the surface of the 

gate is greater than the channel's one as discussed in Paragraph 1.3.2.1. Measurements were 

carried out in NaCl [100 mM] liquid electrolyte (Materials and Methods 2.1.3). 

 

 

Figure 3.5 | a) Exemplary output curve of an OECT, featuring both channel and gate electrode of 

PEDOT:PSS, and size 500x500 µm2. Drain-source voltage bias was swept from –0.1 to –0.6 V, while gate 

voltage was fixed at 0.15, 0.30, 0.45 and 0.6 V (light to dark pink). b) Transfer curve of the same PEDOT:PSS-

based OECT, at different VDS values (-0.1, -0.2, -0.3 and –0.4, light to dark blue). 

 

Subsequently, a solid electrolyte consisting of poly(vinylidene fluoride-co-

hexafluoropropylene) (PVDF-co-HFP) ionic conductive polymer and ionic liquid, 1-ethyl-3-

methylimidazolium bis(trifluoromethylsulfonyl)amide ([EMIM][TFSI]) was fabricated as 

discussed in Materials and Methods 2.1.3. The gate electrode employed in this case was a 

PEDOT:PSS-coated gold electrode deposited on a flexible polyimide film (Materials and 

Method 2.1.4). 

The application of a pressure stimulus in write mode is shown in Fig. 3.6. Here, VDS was set to 

–0.2 V, while the gate electrode was biased with 0.5 V. Notably, before applying any pressure, 
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the insulating spacer behaved as an open circuit (Fig. 3.6-i, yellow trace). As a result, despite 

the applied gate voltage bias, the channel current was stable (no gating of the OECT). Then, a 

weight of 10 g (yielding for 1032.3 Pa) was positioned on the gate electrode. As observable, the 

equivalent circuit was closed and the transistor gated (Fig. 3.6-ii, orange trace), and therefore 

ions penetrated the channel of the OECT, thus decreasing IDS. Lastly, when the weight was 

removed, the insulating spacer behaved as an open circuit again (Fig. 36-iii, yellow trace) and 

ions were trapped in the channel, achieving a non-volatile conductance change. 

 

 

Figure 3.6 | Measurement performed in write mode (VGS = 0.5 V). i) The insulating spacer behaves like an 

open circuit, preventing any gating. ii) Upon pressure application, the gate-to-channel circuit is closed, and 

ion injection occurs. iii) Upon pressure removal, the ions are trapped in the channel, as the gate-to-channel to 

circuit is open again, not allowing for ions to migrate back to the electrolyte. 

 

 

Subsequently, erase mode measurements were performed (Fig. 3.7): here ions were already 

trapped into the channel because of the previously achieved writing operation. Initially, even if 

the gate voltage bias was held at 0 V, ions could not migrate back to the electrolyte as the 

insulating spacer physically opened the gate-to-channel circuit (Fig. 3.7-i, yellow trace). Upon 

application of pressure (1032.3 Pa), gating occurred and ions could migrate back from the 

channel to the electrolyte, restoring the initial state of the device (Fig. 3.7-ii, orange trace). 

 



 115 

 

Figure 3.7 | Measurement performed in erase mode (VGS = 0 V). i) The insulating spacer 

behaves like an open circuit, preventing the discharge of the channel. ii) Upon pressure 

application, the gate-to-channel circuit is closed, and ion migrate back to the electrolyte. 

 

Lastly, measurements alternating write and erase modes were performed (Fig. 3.8). Initially, 

writing operation was performed (VGS > 0 V) by applying different pressures (624.5, 1032.3, 

1730.0 and 2168.5 Pa) alternated with by 60 s of no pressure (Fig. 3.8-i). Every time a pressure 

stimulus was applied, the gate-to-channel circuit was closed (Fig. 3.8-i, orange trace) effectively 

gating the transistor. On the contrary, when no pressure was applied, the equivalent circuit was 

open thus stabilizing the conductance level of the device (Fig. 3.8-i, yellow trace). In erase mode 

(VGS = 0 V), the opposite behavior could be observed: ions previously trapped could migrate 

back to the electrolyte upon pressure application (Fig. 3.8-ii). 
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Figure 3.8 | Continuous measurement alternating write (VGS > 0 V) and erase mode (VGS = 0 V). i) Write 

mode. Here ions migrate from the electrolyte to the channel every time pressure is applied. Charge trapping 

occurs upon pressure removal. ii) Erase mode. Upon pressure application, the transistor channel can discharge. 

 

 

Further details on pressure-driven measurements can be found in Materials and Methods 2.1.6. 

The neuromorphic pressure sensor exhibited non-volatile sensing, emulating LTP, as upon 

stimulus application the conductance of the device was changed. The device did not demonstrate 

high sensitivity as there was no difference in gating when the different pressures were applied. 

Such low sensitivity was ascribed to the flat solid electrolyte (Materials and Methods 2.1), 

however this could be increased by patterning the solid electrolyte with protruding 

microstructures220,221. Notably, the low sensitivity was due to limited contact area upon pressure 

application and this might be advantageous in neuromorphic applications, as the conductance of 

the device slowly changed, achieving an analogue modulation as in biological synapses, 

synaptic weights are updated in analogue fashion, i.e., they change with continuity. A trade-off 

must be sought between sensitivity (i.e., tuning the size of the protruding microstructures) and 

analogue conductance modulation. 

 

 

3.1.2. Optoelectronic neuromorphic OECTs 

Light perception is pivotal in humans, as most of the sensory information we use comes from 

the sense of vision, that is processes as discussed in Paragraph 1.1.3.2. To build a neuromorphic 

light sensing platform, an OECT was modified through chemical functionalization. By 

endowing a PEDOT:PSS-based transistor with a photosensitive material, a neuromorphic 

organic photoelectrochemical transistor (OPECT) was demonstrated261. 

The photosensitive material was azo-tz-PEDOT:PSS (synthetized as discussed in Materials 

and Methods 2.2.1) and was employed as gate electrode material in a planar OECT (Fig. 3.9-

a, Materials and Methods 2.2.2). The whole synthetic procedure was carried out in cooperation 

with Federica Corrado, Tissue Electronics lab at the Italian Institute of Technology, Naples. The 

peculiarity of this material was a surface coating with azobenzene moieties, i.e., molecules able 

to switch between two physical conformations (namely cis and trans) upon stimulation. In this 

case, azo-tz-PEDOT:PSS could switch from trans to cis conformation upon stimulation with 

UV light (λ = 365 nm, Fig. 3.9-b). 
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Figure 3.9 | Schematic of the fabricated OPECTs. a) Three-terminal device structure with channel made of 

commercially available PEDOT:PSS, and gate made of the synthetized azo-tz-PEDOT:PSS. b) Schematic of 

trans-cis isomerization of the azobenzene moieties of the obtained film. Adapted from 261. 

 

The functionality of the trans-cis isomerization upon light exposure was evaluated after the 

embedding of the moieties on the surface of the film through UV-visible spectroscopy (Fig. 

3.10-a). Here the spectrum showed an adsorption peak at 347 nm, typical of the trans-

azobenzene isomer, and a smaller peak at 434 nm, related to the azobenzene in cis configuration 

(Fig. 3.10-a, solid line). Upon light exposure (t = 5 min, λ = 365 nm, 6 W), a decrease in the 

trans-isomer related peak was observed, while the peak at 434 nm slightly increased (Fig. 3.10-

a, dashed line), in accordance with literature262. 

 

Furthermore, as PEDOT:PSS was chemically treated to achieve azobenzene functionalization, 

morphological characterization through AFM was carried out before and after the 

functionalization procedure (Fig. 3.10-b, Materials and Methods 2.2.3). The typical globular 

structure of the PEDOT:PSS surface can be observed before functionalization in Fig. 3.10-b, i, 

while a minor smoothening was observed after the surface functionalization (Fig. 3.10-b, ii). In 

particular, the root mean square (RMS) roughness of the surface changed from 15.7 ± 2.0 nm 

(pristine PEDOT:PSS) to 10.5 ± 3.1 nm (azo-tz-PEDOT:PSS). 
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Figure 3.10 | a) UV-Visible spectrum of azo-tz-PEDOT:PSS before and after light irradiation (solid and 

dashed line, respectively). Trans-azobenzene isomer peak is found at 347 nm, while cis-related peak is found 

at 434 nm. b) Morphological characterization of pristine PEDOT:PSS (i) and azo-tz-PEDOT:PSS (ii) through 

AFM. Adapted from 261. 

 

 

Subsequently, electrochemical characterization (Materials and Methods 2.2.4) was carried out 

by means of cyclic voltammetry (CV) and electrochemical impedance spectroscopy (EIS). The 

former (Fig. 3.11-a) showed a characteristic peak at –0.12 V, ascribable to the oxidation of the 

azobenzene N=N bond and second one at 0.57 V, that may be correlated to the oxidation of the 

azobenzene263. Upon light irradiation (Fig. 3.11-a, dashed line), the hysteresis of the azo-tz-

PEDOT:PSS film showed a significant decrease, due to.  the trans-to-cis isomerization, as the 

cis-azobenzene created an additional impediment to charge flow. In addition, a control 

measurement was carried out with a pristine PEDOT:PSS film (Fig. 3.11-a, solid and dashed 

blue lines). 

Later, EIS measurements were employed to evaluate the capacitance of both PEDOT:PSS and 

azo-tz-PEDOT:PSS films (Fig. 3.11-b, blue and violet lines, respectively). The capacitance of 

the latter was characterized by a lower value, as the layer of azobenzene molecules acted like a 

spacer between the CP and the electrolyte reducing the existing EDL264. 

Lastly, the output curves of the transistor were recorded using an azo-tz-PEDOT:PSS film as 

gate electrode (Fig. 3.9-a) with and without UV light irradiation (Figure 3.11-c, solid and 

dashed lines, respectively), by sweeping VDS from 0 V to –0.8 V with a voltage step of – 50 mV 

at different values of VGS (0.2, 0.4, 0.6 and 0.8 V). Interestingly, the channel current IDS was 

lower when the transistor was irradiated with UV light (t = 5 min, λ = 365 nm, 6 W), suggesting 

that the light exposure elicited a non-reversible de-doping of the transistor channel. Further 

details on OPECT steady state characterization can be found in Materials and Methods 2.2.5. 
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The proposed mechanism was that a charge transfer between azobenzene molecules and 

PEDOT:PSS, upon light stimulation. Density functional theory and time-dependent density-

functional theory (DFT/TD-DFT) computation were performed (in collaboration with Pavone 

group, UniNa), predicting the energy diagram (cis conformation) shown in Fig. 3.11-d. The 

HOMO is localised on the PEDOT backbone, while the LUMO is localised on the azo-tz moiety. 

Here, upon UV light irradiation, the photoexcited electron can be transferred from the LUMO 

(on the azo-tz) to the HOMO on the PEDOT backbone. As a result, spatial charge separation 

would occur, trapping positive charges on the azobenzene side and positively polarizing the gate 

electrode (transistor gating). In addition, the charge transfer mechanisms were found to be light-

intensity dependent, as shown in Fig. 3.11-e and f, where output and characteristic curves of the 

azo-tz-PEDOT:PSS-based transistors are shown as a function of the light intensity 

(100% = 2.8 W/cm2, 60% = 1.7 W/cm2, 20% = 0.56 W/cm2, violet, red and yellow lines, 

respectively). 
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Figure 3.11 | a) Cyclic voltammetry of azo-tz-PEDOT:PSS film, before and after light exposition (solid and 

dashed lines, respectively). In addition, a control measurement performed on pristine PEDOT:PSS is reported 

(blue lines). b) Film capacitance extracted from EIS measurements on both azo-tz-PEDOT:PSS and 

PEDOT:PSS (Violet and blue lines, respectively). Measurements were performed before and after light 

exposure (solid and dashed lines, respectively). c) Transistor output curves measured using azo-tz-

PEDOT:PSS as gate electrode material, before and after UV light irradiation (solid and dashed lines, 

respectively). d) Chemical structure and energy levels of the azo-tz-PEDOT system obtained from 

DFT/TDDFT calculations e-f) Output and transfer curves as a function of the UV light intensity. Adapted 

from 261. 

To clarify such mechanism, transient measurements were carried out (Materials and Methods 

2.2.6), decoupling electrical and optical stimuli (Fig. 3.12). Light pulses were employed (60 s 

ON, 60 s OFF), while keeping VGS = 0 V and VDS = -0.2 V.  Both the channel current IDS (Fig. 

3.12-a) and the gate current IGS (Fig. 3.12-b) were recorded. Upon light irradiation, the gate 

current increased (Fig. 3.12-a, violet solid line) to then decay back upon stimulus removal (Fig. 

3.12-a, black dashed line). Therefore, in agreement with the previously proposed mechanism, 
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photoexcitation occurred causing a positive polarization of the gate electrode, gating of the 

OPECT, with the subsequent injection of cations from the electrolyte to the channel. The flow 

of cations induced by the positive gate polarization, reflected into channel current (conductance) 

decrease (Fig. 3.12-b), i.e., PEDOT:PSS de-doping185. Notably, the gating mechanisms induced 

by electrical and optical stimuli were independent. Indeed, in OECTs electrical gating induces 

a capacitive gate current with a capacitive peak and fast decay towards zero. Conversely, the 

light exposure generated a faradic current, as charges were continuously transferred from the 

gate to the electrolyte during the whole stimulation without showing a significant decay (Fig. 

3.12-a).  

Such current generation was in agreement with the mechanism previously elaborated by 

DFT/TDDFT calculations (Fig. 3.11-d): upon light exposure, negative charges were transferred 

from the LUMO (azo-tz) to the HOMO (PEDOT backbone) while holes were kept in the azo-

tz. As a result, the gate/electrolyte interface potential decreased inducing a faradic current in the 

electrolyte. To preserve electroneutrality, the channel/electrolyte potential increased then de-

doping the polymeric channel206. 

 

 

Figure 3.12 | a) Transient measurement of the gate current of the OPECT, while applying UV light pulses 

(60 s on, violet solid line and 60 s off, black dashed line). VGS = 0 V and VDS = -0.2 V. b) Channel current 

versus time, recorded while applying UV light pulses (60 s on, violet solid line and 60 s off, black dashed 

line). VGS = 0 V and VDS = -0.2 V. Adapted from 261. 

 

 

Exploiting the presented photoexcitability, the OPECT was coupled to an organic resistor 

(connected in series) to emulate the OFF vertical pathway of the human retina (Paragraph 

1.1.3.2). A comparison between the obtained circuit and the retina structure is provided in Fig. 

3.13-a. Here, the gate electrode of the OPECT, acted as photoreceptors, the electrolyte/channel 

interface as the bipolar cells (BCs) layer, and the organic resistor (spin coated PEDOT:PSS, 
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Materials and Methods 2.2.2.2) mimicked ganglion (CGs). The output voltage of the circuit 

(VGC) was determined by the conductance of the OPECT channel. 

Under dark condition, the artificial GCs fired continuously (output voltage VGC), as it happens 

in the biological counterpart where depolarization is induced by continuous glutamate release 

(vertical OFF pathway, Paragraph 1.1.3.2). The lateral pathway (photoreceptor gain 

adjustment) was reproduced by the application of a voltage bias (VL) at the gate terminal of the 

OPECT. Indeed, by increasing VL up to 0.3 V (Fig. 3.13-b, i green box), the output voltage 

VGC decreases (- 15%, Fig. 3.13-b, ii green box) and the amplitude of the output voltage so 

reached was defined as firing threshold (Fig. 3.13-b, ii horizontal black solid line). 

Upon light exposure the equivalent CGs stopped firing (Fig. 3.13-b, iii, voltage amplitude 

variation -18 %), as the threshold was not crossed anymore. Such process resembled the 

hyperpolarization of GCs, induced by the absence of glutamate release in the OFF vertical 

pathway. Moreover, further regulation was granted by introducing the equivalent lateral 

pathway (VL = 0.3 V) and reducing the output voltage of -20% (total variation –43%, Fig. 3.13-

b, iii). 

 

 

Figure 3.13 | a) Retina schematics and visual pathways, along with the equivalent artificial circuit, proposed 

to emulate the OFF vertical pathway. b) Emulation of the OFF vertical pathway. i) retina lateral pathway 

emulation, with the application of a regulation voltage (up to 0.3 V). ii,iii) OFF vertical pathway, with 

electrical train pulses application in dark and light conditions, respectively. Adapted from 261. 

Further details on the measurements can be found in Materials and Methods 2.2.7. 

After bio-emulation, neuromorphic features of the developed OPECT were investigated. Firstly, 

the combined effect of light and voltage were evaluated (Fig. 3.14-a). The electrical input was 

chosen as a train of positive square voltage pulses (amplitude 0.3 V, pulse width (PW) = 5s), 

while the drain-source bias was held at –0.2 V. Light stimulus was applied for 6 min 

(λ = 365 nm), eliciting a conductance decrease of ΔG% = 12.5 ± 3.1 (Fig. 3.14-a, blue arrow). 
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After the removal of the light stimulus, the channel conductance increased (ΔG% = −2.7 ± 3.1, 

Fig. 3.14-a, red arrow), but without recovering the initial state of the device. The first variation 

(conductance decrease) was identified as conditioning (LTP), while the second was identified 

as extinction (LTD). 

To check a possible correlation between the two types of stimuli, the neuromorphic behaviour 

was investigated by varying voltage pulse width (PW) and light intensity (Fig. 3.14-b, i, ii and 

iii, Materials and Methods 2.2.8). Conductance variation was then computed and plotted both 

as a function of either the light intensity (Fig. 3.14-c) or the PW (Fig. 3.14-d). Interestingly, 

while ΔG showed a linear relationship with light intensity, no dependence on PW was found. 

Here, we could conclude that there was no correlation between electrical and optical stimulation, 

and that the OPECT was decoupling the two mechanisms. 

Therefore, while light stimulation could be used to reproduce LTP/LTD (Fig. 3.14-a), the 

electrical input could be exploited to recapitulate STP, as shown in Fig. 3.14-e, where PPF was 

achieved (Materials and Methods 2.2.8) without any significant difference between light and 

dark conditions. 
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Figure 3.14 | a) Combined light and optical stimulation of the OPECT, with definition of conditioning and 

extinction. b) Variation of PW and light intensity: i) PW = 0.5 s and amplitude 0.3 V, light intensities 100%, 

60% and 20%. ii) PW = 1 s and amplitude 0.3 V, light intensities 100%, 60% and 20%. iii) PW = 5 s and 

amplitude 0.3 V, light intensities 100%, 60% and 20%. c) Conditioning as function of the light intensity. d) 

Conditioning as function of the PW. e) PPF index computed in both light and dark conditions. Adapted from 
261. 

 

Lastly, the possibility of reverting the light-induced current decrease was investigated. It was 

found that the application of a negative electrical pulse at the gate terminal, could (almost) 

restore the initial level of conductance of the device (Fig. 3.15-a, VGS = -0.3 V, 10 min).  

To properly explain the underlying mechanism, a series of consecutive pulses with increasing 

negative amplitude were supplied (from –20 to –120 mV, with a voltage step of 20 mV, Fig. 

3.15-b, i). Under dark conditions (Fig. 3.15-b, ii), the photo-induced non-volatile conductance 

modulation was not observed, and the effect of negative gate voltage bias was completely 

reversed. Conversely, under light irradiation (Fig. 3.15-b, iii), the photo-induced conductance 
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modulation was observed only when the electrical negative bias was negligible (-20 mV and –

40 mV). Indeed, when the voltage bias became more negative (from –80 mV to –120 mV), the 

photo-induced effect could not be observed anymore. Such measurements highlighted that there 

was a competing effect between light stimulation and negative voltage. In particular, the latter 

was predominant when the stimulation amplitude increased. 

 

A mechanism is proposed in Fig. 3.15-c. Azobenzene reduces to hydrazobenzene when a 

voltage between –20 mV and –350 mV is applied, as shown by CV measurements (Fig. 3.11-

a). In such reaction, two protons are required. Therefore, such negatively charged azobenzenes, 

to keep electroneutrality, attracted protons from the channel. On the other hand, PSS- 

counterions stripped of a proton, could restore the former interaction with PEDOT+, doping it 

again and restoring the former channel conductance. 

Exploiting the antagonistic mechanism of light- and negative voltage-induced modulation, a 

synaptic optoelectronic memory was envisioned and built. Information, i.e., a stable 

conductance state, could be written with light while it could be erased with negative voltage, as 

shown in Fig. 3.15-d (Materials and Methods 2.2.9). 
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Figure 3.15 | a) Conditioning achieved with 500 light pulses (λ = 365 nm, PW = 1 s, Δt = 1 s, blue solid line) 

and extinction induced by negative voltage pulse (black dashed line, green box). b) Competing effect of light 

and negative voltage: i) Applied negative voltage pulses ii) Channel current under dark condition (VDS = -0.2 

V). iii) Channel current under light irradiation (λ = 365 nm, VDS = -0.2 V). c) Proposed mechanism for 

negative voltage-mediated PEDOT:PSS doping. d) Optoelectronic memory measurement. Write operation 

with 20 light pulses (λ = 365 nm, PW = 2 s, Δt = 10 s, blue solid line) followed by an erase operation with a 

negative voltage pulses train (VGS = -0.3 V, PW = 3 s, Δt = 10 s, black solid line, green box). Adapted from 
261. 

 

Lastly, by exploiting write/erase operations, Atkinson-Shiffrin brain memory model265 was 

demonstrated, in which the human memory is organized into three separate components: 

sensory, short- and long-term memory.  

When a sensory information is received, it is stored in the sensory memory, where it would 

persist for a very short period, before being forgotten. By paying attention to such stimulus, the 

stimulus can be moved to the short-term memory. Lastly, through a rehearsal process, i.e., 

iteration of the stimulus, the short-term memory can become a long-term one. Atkinson-Shiffrin 

theory was emulated in Fig. 3.16. The sensory information input (positive electrical pulse at the 

gate terminal, VGS = 0.2 V, PW = 3 s, and Δt = 15 s) was applied and rapidly forgotten without 

rehearsal process (purple boxes), and the channel current did not reach the memory threshold 

(Fig. 3.16, i). The process of attention was emulated by a low intensity light stimulus (20% = 

0.56 W/cm2): here, the channel current crossed the memory threshold and the information was 
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shifted from sensory to short-term. However, it was forgotten after the application of negative 

voltage pulses (VGS = −0.3 V, PW = 5 s, and Δt = 12 s)(Fig. 3.16, ii). Lastly, transition from 

short- to long-term memory through rehearsal was emulated by applying a = 2.8 W/cm2 high 

intensity light stimulus (100%). After such stimulus, a negative voltage pulse could not erase 

the information, proving long-term memory (Fig. 3.16, iii). 

 

 

Figure 3.16 | Atkinson-Shiffrin memory model emulation. i) sensory memory: the sensory information was 

rapidly forgotten. ii) working memory: a low intensity light stimulus (20%) was applied, and the channel 

current overcame the memory threshold. By applying a negative square voltage pulse at the gate terminal, the 

current returned below threshold, emulating short-term memory. iii) Long-term memory: using a high 

intensity light stimulus (100%) that emulates the rehearsal process, an information is held even after the 

forgetting process, achieving long-term memorization. Adapted from 261. 
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3.2. Neurotransmitter-mediated plasticity in neuromorphic 

OECTs 

As discussed in Paragraph 1.4.2, OECTs may leverage on redox reactions at the gate terminal, 

balanced by a counter reaction at the channel230 to achieve sensing and polymer doping/de-

doping. This approach was indeed exploited to prove the first biohybrid synapse, i.e., a direct 

communication between a biological and an artificial neuron246. Here, dopaminergic cells were 

seeded on the gate terminal of a PEDOT:PSS-based OECT releasing DA which was oxidized 

inducing a conductance change in the device in a non-volatile manner. 

In particular, the application of the voltage bias at the gate terminal elicited the oxidation of DA 

to dopamine o-quinone (DQ), as follows: 

 

𝐷𝐴 → 𝐷𝑄 + 2𝑒−  +  2𝐻+ (3.1) 

 

The cationic species from the electrolyte and the protons produced from the oxidation 

compensated the anions of the PSS- group, while the electrons eliminated the holes in the 

PEDOT+. This reaction resulted in the depletion of the organic layer and the consequent de-

doping (Fig. 3.17): 

 

𝑃𝐸𝐷𝑂𝑇+: 𝑃𝑆𝑆−  + 𝑒−  + 𝐶𝑎𝑡+ → 𝑃𝐸𝐷𝑂𝑇0 + 𝑃𝑆𝑆−: 𝐶𝑎𝑡+ (3.2) 

 

where PEDOT+ indicated the pristine state of the polymer and PEDOT0 the de-doped state of 

the polymer. 
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Figure 3.17 | Mechanism of PEDOT:PSS reduction, due to DA oxidation at the gate electrode. Adapted from 

[ref]. 

 

3.2.1. 2D Drift-diffusion-reaction model 

Given the pivotal importance of this reaction in several OECTs processes, a 2D drift-diffusion-

reaction model was developed in cooperation with the Lussem group, at IMSAS, UniBremen. 

A previous version of the model implemented a 2D drift-diffusion model193 and was here further 

modified to include the presence of reactive species and their consequent faradic reactions.  

The original model was based on the Poisson equation for electrical conduction (electrons, ions 

and holes) in the polymeric channel and two continuity equations (for ions and holes, 

respectively), as follows: 

 

∇ε∇ϕ(x, y) − e(C(x, y) − p(x, y) − pion(𝑥, 𝑦)) = 0

∇𝑗𝑖𝑜𝑛 −
𝜕𝑝𝑖𝑜𝑛

𝜕𝑡
= 0

∇𝑗𝑝 −
𝜕𝑝

𝜕𝑡
= 0

 (3.3) 
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Where  is the permittivity,  is the electrical field, e is the elementary charge, C is the 

concentration of immobile charges (as polymer film counterions), p and pion are holes and ion 

concentrations, respectively. Lastly jp and jion are holes and ionic current densities. The geometry 

used for the model was introduced in Paragraph 1.3.2.2. 

To model the faradic reaction, two more species were included in the model: DA and cations 

produced in the faradic reaction. Furthermore, two continuity equations were added and Poisson 

equation was modified to include the electrical contribution of such cations: 

 

∇ε∇ϕ(x, y) − e(C(x, y) − p(x, y) − pion(𝑥, 𝑦) − 𝑝𝐻+(𝑥, 𝑦)) = 0

∇𝑗𝑖𝑜𝑛(x, y) −
𝜕𝑝𝑖𝑜𝑛(x, y)

𝜕𝑡
= 0

∇𝑗𝑝(x, y) −
𝜕𝑝(x, y)

𝜕𝑡
= 0

∇𝑗𝐷𝐴(x, y) −
𝜕𝑝𝐷𝐴(x, y)

𝜕𝑡
= 𝑅𝐷𝐴(x, y) − 𝐺𝐷𝐴(x, y)

∇𝑗𝐻+(x, y) −
𝜕𝑝𝐻+(x, y)

𝜕𝑡
= 𝑅𝐻+(x, y) − 𝐺𝐻+(x, y)

 (3.4) 

 

Where pDA and pH+ are DA and redox-generated cations concentrations while jDA and jH+ are the 

relative current densities. Lastly, RDA and GDA, along with RH+ and GH+, are generation and 

recombination rates of the above-mentioned species. Such terms included the kinetics of the 

redox reaction. 

Notably, continuity equations had to be solved for DA that is considered a neutral molecule. 

The numerical resolution of the continuity equation for a non-charged particle was carried out 

and it is presented in Annex A. 

The redox reaction of a given species M could be written as follows: 

 

𝑀+ + 𝑒− → 𝑀 (3.5) 

 

and: 

 

𝑀 + 𝐻+ → 𝑀+ (3.6) 
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describing reduction (3.5) and oxidation (3.6), respectively. The equilibrium (electrochemical) 

potential of the reaction is described by the Nernst equation: 

 

𝜙𝑒𝑞 = 𝜙𝑒𝑞
0 +

𝑅𝑇

𝐹
ln (

[𝑀+]

[𝑀− ]
) (3.7) 

 

where eq is the equilibrium potential of the reaction, 0
eq is the standard potential of the reaction, 

[M+] and [M] are the concentration of the species involved. Additionally, T is the temperature, 

while R and F are the gas and Faraday constants, respectively. 

Given the oxidized species M+, the total reaction rate (production of oxidized species) could be 

simply computed as the difference between the generation (GM+) and recombination (RM+) rates: 

 

𝑑[𝑀+]

𝑑𝑡
= 𝐺𝑀+ − 𝑅𝑀+  (3.8) 

 

In addition, the kinetics of such redox reaction, which allows to compute both generation and 

recombination rates, could be calculated through Butler-Vomler equations. Therefore, the 

generation rate GM+ can be written as: 

 

𝐺𝑀+ = 𝑘0[𝑀]𝑒(−
𝛼𝐹
𝑅𝑇

(𝜙𝑒𝑞−𝜙𝑒𝑞
0 ))𝑒(−

𝛼𝐹
𝑅𝑇

𝜂) (3.9) 

 

By defining: 

 

𝑘𝑜𝑥
0 = 𝑘0𝑒(−

𝛼𝐹
𝑅𝑇(𝜙𝑒𝑞−𝜙𝑒𝑞

0 )) (3.10) 

 

It was possible to write a more compact version of the generation rate: 

 

𝐺𝑀+ = 𝑘𝑜𝑥
0 [𝑀]𝑒(−

𝛼𝐹
𝑅𝑇𝜂) (3.11) 
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Where k0
ox is the standard rate of oxidation, which depends on the specific redox reaction, a is 

the charge transfer coefficient of the oxidation while  is called overpotential of the redox 

reaction, computed as: 

 

𝜂 = 𝐸𝐹 − (𝜙𝑒𝑞 + Δ𝜙) (3.12) 

 

Where EF indicates the Fermi Energy of the electrode, while  is the electrochemical voltage 

drop at electrode/electrolyte interface, which drove the redox reaction. 

Similarly, the recombination rate could be expressed as: 

 

𝑅𝑀+ = 𝑘𝑟𝑒𝑑
0 [𝑀+]𝑒(

(1−𝛼)𝐹
𝑅𝑇 𝜂) (3.13) 

 

Notably, the overpotential represented the electrochemical voltage driving the redox reaction. 

Indeed, when the energy level of the electrode and the equilibrium potential of the reaction are 

aligned, i.e., (Δ𝜙 − 𝜙𝑒𝑞) = 𝐸𝐹 , the overpotential is zero:  

 

𝐺𝑀+ = 𝑅𝑀+ (3.14) 

 

which described the steady-state condition. Lastly,  could be approximated by considering a 

linear potential drop over the electrode/electrolyte interface, allowing for the estimation of this 

parameter as: 

 

𝐸𝑒,𝑒 =
∆𝜙

𝑑𝑒,𝑒
→ ∆𝜙 = 𝐸𝑒,𝑒𝑑𝑒,𝑒 (3.15) 

 

where Ee,e and de,e are the electrical field at the electrode/electrolyte interface and the length of 

such interface, respectively. 

 

Exploiting equations (3.11) and (3.13), the 2D drift-diffusion-reaction model (3.4) could be 

solved. Numerical parameters related to DA oxidation reaction were taken from literature266,267. 
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The model was simulated using the geometry shown in Fig. 3.18-a. As in the reference model193, 

holes concentration was set to zero in the electrolyte. Holes could move in the semiconducting 

channel whereas cations could move in both domains (electrolyte and CP). Source and drain 

contact were reflecting for cations while they offered ohmic contacts for holes. In addition, the 

gate electrode was an ohmic contact for cations. Lastly, H+ and DQ would be produced during 

DA oxidation and their starting concentration was set to 0, whereas DA concentration was set 

to be a custom value at gate/electrolyte interface, and 0 everywhere else. The CP chosen in the 

simulations was PEDOT:PSS and the electrolyte is NaCl. 

A first simulation (Fig. 3.18-b, c and d) was carried out to evaluate that the DA oxidation 

reaction was correctly implemented in the 2D drift-diffusion model. Notably, a positive gate 

voltage bias was applied (VGS = 0.3 V), eliciting DA oxidation, whose concentration available 

at the gate terminal decreased over time (Fig. 3.18-a), going from 30 µM (initial condition) to 

29 µM. At the same time, H+ was generated at the gate/electrolyte interface (Fig. 3.18-b). Unlike 

DA which is neutral, i.e., not interacting with the generated electrical field, H+ was accelerated 

by the applied gate voltage, resulting in an ionic current, that could be monitored by integrating 

such charges over time and over space, (Fig. 3.18-d). 

 

 

Figure 3.18 | a) Geometry used in the 2D drift-diffusion-reaction model. b) DA average concentration at the 

gate terminal throughout the whole simulation. c) H+ average concentration at the gate terminal throughout 

the whole simulation. d) H+ current density. 
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According to (3.11) and (3.13), the redox reaction was driven by the overpotential h, i.e., the 

voltage drop between (gate) electrode and electrolyte. Therefore, it was pivotal to investigate 

how h was influenced by the conductivity of the electrolyte. The voltage distribution in the 

simulated geometry is shown in Fig. 3.19.  

When the equivalent resistance of the electrolyte is low (Fig. 3.19-a, high NaCl concentration 

[100 µM]), the voltage applied at the gate terminal (VGS = 0.3 V) was equally distributed in the 

whole electrolyte domain, then dropping at the electrolyte/channel interface. Surprisingly, in 

case of a high electrolyte resistance (Fig. 3.19-b, low NaCl concentration [1 µM]), VGS dropped 

at the gate/electrolyte interface. 

 

 

Figure 3.19 | a) Potential distribution in the simulated OECT when NaCl concentration is 100 µM. The gate 

electrode is positioned at the centre of the geometry, while source and drain electrodes can be found in left 

and right low corners, respectively (Fig. 3.18-a). b) Potential distribution in the simulated OECT when NaCl 

concentration is 1 µM. The gate electrode is positioned at the centre of the geometry, while source and drain 

electrodes can be found in left and right low corners, respectively (Fig. 3.18-a). 

 

Subsequently, the overpotential and the H+ current density were simulated using both high and 

low resistance electrolyte solutions (NaCl 1 µM and 100 µM, respectively). The H+ current 

density revealed a much larger value in case of high resistance (Fig. 3.20-a), mirroring a larger 

number of ions generated in the redox reaction. Such finding was in accordance with the 

obtained overpotential curves (Fig. 3.20-b),  as the overpotential of the high resistive solution 

was close to applied gate voltage (VGS = 0.3 V) and much larger than the low resistive case. 
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Figure 3.20 | a) H+ current density obtained using a high resistance solution (solid line, [NaCl] = 1 µM) and 

a low resistance solution (dashed line, [NaCl] = 100 µM). b) Overpotential obtained using an high resistance 

solution (solid line, [NaCl] = 1 µM) and a low resistance solution (dashed line, [NaCl] = 100 µM). 

 

In addition, measurements were performed in a 4-electrode configuration, as discussed in 

Materials and Methods 2.3. Fig. 3.21 displays the potential of the electrolyte as a function of 

the concentration of NaCl aqueous electrolyte a PEDOT:PSS OECT. In agreement with 

simulated data, the potential of the electrolytic solution decreased exponentially with increasing 

concentration of NaCl. 

 

 

Figure 3.21 | Electrolyte potential as a function of the electrolyte solution ion concentration. Measurements 

are performed in a 4-electrode configuration, using a quasi-reference Ag/AgCl electrode to probe the potential 

of the aqueous electrolyte, while biasing the OECT with VGS = 0.3 V, and VDS = -0.2 V. 

 

Once the DA oxidation was implemented, the effect on the channel, i.e., PEDOT:PSS reduction 

had to be included in the model. Here the reduction of the polymer was simplified with a 

trapping mechanism. Upon reaching the OECT channel, H+ ions were generated during the DA 

redox reaction and had a certain probability of being trapped in the polymer, depleting a 

counterion (PSS-). 

Trapping was implemented as the balance of two phenomena: capture and emission. The total 

trapping rate was: 
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𝑑𝑝𝑡

𝑑𝑡
= 𝐶𝑝 − 𝐸𝑝 (3.16) 

 

where pt is the density of trapped particles, while Cp and Ep are capture and emission rates, 

respectively. The trapping rate was calculated as: 

 

𝐶𝑝 = 𝑐𝑝(𝑃𝑡 − 𝑝𝑡) (3.17) 

 

where c is a capture coefficient, going from 0 to 1, mirroring the probability of a particle to get 

trapped. Pt is the density of available traps and p is the density of free particles. Such capture 

rate expression was completely general, i.e., it did not dependent on the physics under study. It 

was proportional to both total amount of all available particles (p) and to the number of free 

traps (the difference (Pt - pt)). When the number of trapped particles was equal to the number of 

traps (Pt = pt), the trapping rate dropped to zero. 

On the contrary, the emission rate was calculated as a probability that a given occupied trap was 

released, yielding: 

 

𝐸𝑝 = 𝑒𝑝𝑡 (3.18) 

 

where e is an emission coefficient, going from 0 to 1. To mirror the non-volatility of the 

PEDOT:PSS reduction, the emission coefficient was set to 0, while the probability of trapping 

(capture rate) was set as 0.5 (50% probability that a free particle gets trapped when interacting 

with an available trap). The trapping mechanism was included in the 2D drift-diffusion-model 

as follows: 

 

∇ε∇ϕ(x, y) − e(C(x, y) − p(x, y) − pion(𝑥, 𝑦) − 𝑝𝐻+(𝑥, 𝑦)) = 0

∇𝑗𝑖𝑜𝑛(x, y) −
𝜕𝑝𝑖𝑜𝑛(x, y)

𝜕𝑡
= 0

∇𝑗𝑝(x, y) −
𝜕𝑝(x, y)

𝜕𝑡
= 0

∇𝑗𝐷𝐴(x, y) −
𝜕𝑝𝐷𝐴(x, y)

𝜕𝑡
= 𝑅𝐷𝐴(x, y) − 𝐺𝐷𝐴(x, y)

∇𝑗𝐻+(x, y) −
𝜕𝑝𝐻+(x, y)

𝜕𝑡
= (𝑅𝐻+(x, y) − 𝐺𝐻+(x, y)) + (𝐸𝐻+(x, y) − 𝐶𝐻+(x, y))

 (3.19) 
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A simulation of the model (3.19) is shown in Fig. 3.22. Here, holes of the CP were traps while 

H+ generated in the redox reaction were the available particles. A square voltage pulse was 

applied at the gate terminal. The hole density was uniform in the initial state of the device 

within the polymeric channel (Fig. 3.22, i). Then, holes were depleted by cations (chemical 

doping induced by both Na+ and H+) entering the channel of the OECT (Fig. 3.22, ii) upon 

voltage application. Notably, the trapping occurred when H+ reached the channel. Therefore, 

the hole density was lower than the initial state even after the removal of the pulse, implying 

that PEDOT:PSS was de-doped in a non-volatile manner (Fig. 3.22, iii). 

 

 

Figure 3.22 | Trapping of H+ in the PEDOT:PSS channel, observed as holes depletion. i) In the initial state, 

the device has uniform hole density. ii) During the application of the voltage at the gate terminal, chemical 

doping occurs, and holes are depleted by cations. iii) Upon the removal of the voltage bias, a fraction of the 

holes was still depleted, as cations were trapped in the polymeric channel. 

 

The charge trapping was also observed by the simulation of the channel current, as shown in 

Fig. 3.23. Here, the baseline of channel current changed in a non-volatile manner after the 

oxidation of DA (30 µM). 
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Figure 3.23 | Channel current of the OECT simulated through model (3.19). The oxidation of the 

neurotransmitter induces a non-volatile channel de-doping, reducing the amount of current that can flow in 

the polymeric channel. 

 

3.2.2. Neurotransmitter-mediated synaptic potentiation 

The model shown in Paragraph 3.2.1 could reproduce the neuromorphic effect demonstrated 

in literature246 with PEDOT:PSS-based OECTs. An experimental characterization was then 

carried out. PEDOT:PSS-based OECTs were fabricated as discussed in Materials and Methods 

2.4.1. The preparation of the electrolytic solutions employed in this characterization are 

described in Materials and Methods 2.4.2. 

Fig. 3.24-a displays a typical OECT output curve which was obtained by sweeping the drain-

source potential from 0.1 V to -0.6 V, with a step of 100 mV. Three different gate voltage bias 

were selected: -0.2 V, +0.3 V and +0.8 V (Fig. 3.24-a, dark blue, blue and light blue, 

respectively). The typical depletion mode transistor behaviour was observed, in which the 

depletion of the channel current was a consequence of the increasing the gate voltage because 

of cations migrating from the electrolyte to the polymer. Transient measurements were carried 

out by applying subsequent square voltage pulses at the gate terminal (PW = 3 s, amp = 0.3 V, 

Dt = 9 s), while recording the channel current with VDS = -0.2 V (Fig. 3.24-b). Cations entered 

the polymeric channel upon voltage application when only PBS was employed as electrolyte 

solution (Fig. 3.24-b, top plot) and then they returned to the electrolyte as the voltage bias was 

removed, showing a volatile behaviour187. On the contrary, the presence of DA induces the 

above-mentioned redox reaction, de-doping the OECT channel in a non-volatile manner. Indeed, 

the channel current decreased after the application of each voltage pulse at the gate terminal 

(bottom plot, Fig. 3.24-b). The variation of the channel current was expressed as a percentage 

with respect to the initial current value and in this way defined the synaptic potentiation of the 

neuromorphic OECT. 

 



 139 

 

Figure 3.24 | a) Steady-state characterization of the OECT. The output curve was obtained sweeping VDS in 

the range [-0.6, 0.1] V, at several valued of VGS (-0.2 V, +0.3 V and +0.8 V, dark blue, blue and light blue, 

respectively). b) Transient measurements of the OECT, applying a square voltage pulse train at the gate 

terminal (PW = 3 s, amp = 0.3 V, Dt = 9 s). In presence of DA (bottom plot), the PEDOT:PSS of the channel 

is de-doped in a non-volatile manner. On the contrary, in case of PBS (top plot) such effect could not be 

observed. 

 

The dependency of the synaptic potentiation on the concentration of DA was then characterized 

(Fig. 3.25-a). Three subsequent measurements consisting of 6 voltage pulses, were carried out 

on each neuromorphic device and then averaged to compute the synaptic potentiation of each 

OECT (Materials and Methods 2.4.5). Notably, a linear relationship between synaptic 

conditioning and DA concentration was found between 5 μM and 30 μM DA solutions. At 

higher concentrations (50 to 100 μM), the potentiation was showing no further increase with 

DA concentration. In addition, measurements at higher concentrations resulted in higher 

variability, i.e., larger standard deviation. The non-dependency on DA concentration along with 

high variability were ascribed to a saturation effect: the high concentration of neurotransmitter 

almost completely de-doped the polymer with the first measurement.  

The comparison between synaptic potentiation computed by three subsequent measurements 

of 6 pulses and a single measurement of 6 pulses is shown in (Fig. 3.25-b). Here, the synaptic 

potentiation of the single measurement (Fig. 3.25-b, blue circles) showed a quasi-linear 

dependency on DA concentration up to 100 µM, with a lover device-to-device variability. 

Such finding corroborated the saturation hypothesis. 
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Figure 3.25 | a) Synaptic potentiation as function of DA concentration. Data points are extracted by averaging 

three subsequent measurements on each device. b) Comparison between data points extracted using three 

measurements or only one (orange and blue circles, respectively).  

 

In addition, as it is known that oxidation of DA may cause electrode fouling248, a microfluidic 

channel was coupled to the device (Materials and Methods 2.4.1.1) and further measurements 

were performed while the electrolyte solution would continuously flow and wash the surface of 

the electrodes. Indeed, measurements at different flowrates were performed (Fig. 3.26), 

revealing that synaptic potentiation linearly increased with the flowrate as the flow increased 

the number of fresh species available for oxidation. 

 

 

Figure 3.26 | Synaptic potentiation at different flowrates of the electrolyte solution. DA concentration 

employed these measurements is 30 µM.  
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3.2.3. Oxygen-induced synaptic depression 

As discussed in Paragraph 3.2.1, the oxidation of neuroactive molecules, as DA or 5-HT, 

induced non-reversible PEDOT:PSS reduction at the channel of the OECT, allowing to emulate 

synaptic plasticity.  

Such reaction can be inverted by introducing oxygen, that oxidizes the PEDOT:PSS, yielding: 

 

2𝑃𝐸𝐷𝑂𝑇0 + 2𝑃𝑆𝑆𝐻 + 𝑂2 → 2𝑃𝐸𝐷𝑂𝑇+: 𝑃𝑆𝑆− + 𝐻2𝑂2 (3.20) 

 

Indeed, such reaction leaves PEDOT in its conductive state (oxidized state). Transient 

measurements were carried out (Fig. 3.27-a) applying square voltage pulses at the gate terminal 

(amp = 0.3 V, PW = 3 s, Dt = 9 s) while a hydrogen peroxide (H2O2) solution was employed as 

electrolyte. As formulated by (3.20), the introduction of oxygen oxidized the PEDOT:PSS. 

Thus, the absolute value of current increased with time, recovering the original conductance 

state of the device. Such variation was defined as synaptic depression, as it reverted the DA-

mediated synaptic potentiation previously discussed.  

The dependence of synaptic depression on H2O2 concentration was then investigated (Fig. 3.27-

b). Here, two solutions of DA (30 µM and 50 µM, light and dark blue circles, respectively) were 

employed prior to the introduction of H2O2, as PEDOT:PSS needed to be reduced, to assess the 

subsequent oxidation (Materials and Methods 2.4.5). As in case of synaptic potentiation (Fig. 

3.25-a), six voltage pulses were applied at the gate terminal (amp = 0.3 V, PW = 3 s, Dt = 9 s) 

and the variation of the channel current was expressed as percentage with respect to the initial 

current value (synaptic depression). Notably, synaptic depression did not depend either on H2O2 

concentration and DA concentration employed prior to H2O2.  The hypothesis formulated to 

explain this finding was that, while the reduction of PEDOT:PSS driven by the oxidation of a 

neuroactive molecule occurred in the bulk of the polymeric film, the H2O2-mediated oxidation 

of PEDOT:PSS was a surface interaction. Therefore, such independence of synaptic depression 

from the concentration of the analyte may imply that the H2O2-mediated oxidation of 

PEDOT:PSS was elicited by a reaction occurring at the surface of the material. 

In addition, in-flow measurements were performed supplying H2O2 30 mM at different 

flowrates (Fig. 3.27-c). The obtained results showed a slight increase of the synaptic 

depression with increasing flowrates, possibly implying an increased amount of solution that 

actively washed the surface of the channel. 
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Figure 3.27 | a) Transient measurements of the OECT, applying a square voltage pulse train at the gate 

terminal (PW = 3 s, amp = 0.3 V, Dt = 9 s), in presence of H2O2. Here, the PEDOT:PSS of the channel is 

oxidized (doped), reversing the previous DA-mediated de-doping (reduction of the polymer, due to 

neurotransmitter oxidation). b) Synaptic depression as a function of H2O2 concentration, when previously 

exposed with DA 30 µM and 50 µM (light and dark blue, respectively). c) Synaptic depression induced by 

H2O2 30 mM, at different flowrates, after exposure to DA 30 µM.  
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3.3. Biomimetic neuromorphic OECTs 

After dealing with the functional emulation of a feature of neural cells (LTP/LTD), the 

possibility of endowing OECTs with biomimetic potential was investigated by integrating a 

model of the cell membrane in the electrolyte solution of the transistors. Such integration was 

made possible by compatibility of CPs with the biological environment. Supported lipid bilayers 

(SLBs) were chosen as optimal model, to provide a structural, and yet functional, emulation of 

neural cells. 

SLBs are artificial biomembranes consisting of lipid molecules, organized as a double 

phospholipidic layer, assembled on a rigid substrate268. The composition of such membranes 

can be easily tuned by embedding commercially available lipids, or by integrating the layer with 

proteins or analytes of interest. The ability of such membranes to modulate both STP and 

neurotransmitter-mediated LTP was demonstrated. SLB formation and characterization were 

carried out in cooperation with Chiara Ausilio and Claudia Lubrano, Tissue Electronics lab at 

the Italian Institute of Technology, Naples. 

 

3.3.1. SLB-mediated STP 

PEDOT:PSS based OECTs were fabricated on a planar glass substrate, creating two symmetric 

PEDOT:PSS areas, working either as channel or gate of the transistor (Materials and Methods 

2.5.1). Subsequently, a SLB was assembled from made of 1-palmitoyl-2-oleoyl-glycero-3-

phosphocholine (POPC), which is one of the major components of the cell PM4. The formation 

of the bilayer was carried out by means of a solvent-assisted lipid bilayer (SALB) technique258, 

allowing to position the membrane inside the microfluidic channel of the OECT from the gate 

to the channel (Fig. 3.28-a, Materials and Methods 2.5.2).  

Initially, the mechanical properties of the SLB were investigated by means of fluorescence 

recovery after photobleaching (FRAP, Materials and Methods 2.5.2.1), allowing to 

characterize the lateral mobility of the membranes (Fig. 3.28-b). In this technique, a fluorophore 

embedded in the membrane was bleached by a laser and the recovery of the fluorescence 

intensity profile was monitored over 5 min (Fig. 3.28-b). Later diffusivity of the bilayer was 

then calculated considering different substrates and the corresponding values are summarized 

in Table 3.1. Interestingly, the bilayer had a higher mobility when seated onto the CP (on gate 

and channel of the OECT) rather than when formed on the glass substrate (region between gate 

and channel) as previously shown literature269. Such variation was resulting from the interaction 
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with the soft interface of the polymer reducing a possible frictional coupling between the 

membrane and the rigid substrate. 

Morphological characterization of the SLB was then carried out by means of AFM (Materials 

and Methods 2.5.2.2) and the root-mean-square surface roughness (Rq) of the SLB was 

measured Table 3.1), suggesting that the membrane had a smoothening effect on the peculiar 

fuzzy surface morphology of PEDOT:PSS (Fig. 3.28-c).  

 

SURFACE Diffusion coefficient [µM2/s] Rq [nm] 

Glass - 1.7 ± 0.6 

POPC on glass 1.3 ± 0.2 2.2 ± 0.5 

PEDOT:PSS - 2.3 ± 0.2 

POPC on PEDOT:PSS 1.6 ± 0.2 1.6 ± 0.2 

Table 3.1 | Diffusion coefficients and surface roughness of POPC SLBs on glass and PEDOT:PSS.  

 

Lastly, as the phospholipidic membrane was theoretically ion impermeable, the electrical 

characteristics of the SLB-coated PEODT:PSS electrodes were investigated by means of EIS 

(Fig. 3.28-c). A two-electrode configuration was adopted using one PEDOT:PSS stripe as 

working and sense electrode, while a non-polarizable Ag/AgCl electrode was used as reference 

and counter electrode (Fig. 3.28-d, i). A typical Nyquist plot is shown in Fig. 3.28-d, i, 

comparing the impedance response of a POPC-coated (pick curve) and of a bare PEDOT:PSS 

(blue curve) electrode. Here, the formation of the bilayer increased the real part of the 

impedance, shifting the curve along the x-axis and forming a semicircle at high frequency. Such 

phenomena were the result of an increase resistance in the ionic pathway, causing a slower 

charge accumulation at the electrode/electrolyte interface270. An equivalent electrical circuit was 

used to fit the EIS data (Fig. 3.28-d, ii and Materials and Methods 2.5.3). The resistance RS 

modelled the electrolyte solution resistance while RDL and CDL described the 

membrane/electrode interface. Lastly, the Warburg element ZW was used to include all the non-

idealities of polymeric films271.  

 



 145 

 

Figure 3.28 | a) Schematic of the PEDOT:PSS-based OECT, coated with a POPC SLB. b) Fluorescence 

intensity profile monitored over 5 min after photobleaching in FRAP technique. c) AFM 3D images of surface 

morphology of bare PEDOT:PSS and POPC-coated PEDOT:PSS. d) EIS measurements. i) EIS measurement 

schematic and measured data of bare PEDOT:PSS (blue curves) and SLB functionalized PEDOT:PSS 

electrodes (pink curves). ii) Equivalent electrical circuit used to fit the EIS data. 

 

Numerical values obtained through fitting (Materials and Methods 2.5.3) are reported in Table 

3.2. Notably, the capacitance CDL decreased, denoting the passage from the bulk capacitance of 

the PEDOT:PSS to the surface capacitance of the SLB272 while the resistance RDL increased, 

describing the hindering effect of the bilayer on passage of ions (i.e., ion impermeability). 

 

 PEDOT:PSS POPC on PEDOT:PSS 

RS [kΩ] 15.8 ± 2.1 27.1 ± 10.5 

RDL [Ω] 356.3 ± 197.9 2230.0 ± 208.8 

CDL [µF] 8.1 ± 0.6 4.8 ± 2.3 

Table 3.2 | Equivalent electrical circuit parameters, assessed from EIS measurements, of both bare and POPC-

coated PEDOT:PSS electrodes. 

 

While the bilayer was positioned between gate and channel of the OECTs, transient 

measurements were carried out to assess the influence of the biomembrane on the gate-to-

channel equivalent circuit. Such ionic circuit could be modelled as a capacitance CCH, modelling 

the CP constituting the channel and a resistance RS, describing electrolyte resistance connected 

in series (Fig. 3.29-a and Paragraph 1.3.2.1). A square voltage pulse (amplitude 0.3 V, PW = 

3 s) was applied to the gate terminal in two different measurement configurations. In the first, 

the PEDOT:PSS patterned onto the substrate was used as gate electrode (Fig. 3.29-b, planar 
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configuration). in the second, a PEDOT:PSS stripe patterned onto a different glass substrate was 

employed as gate terminal (Fig. 3.29-c, top configuration). Planar and top configurations were 

used to assess either or not the presence of the SLB affected the ionic pathway. The normalized 

current responses, upon the application of the voltage pulse at the gate terminal, are shown in 

Fig. 3.29-b and c, before and after the formation of the bilayer (blue and pink in planar 

configuration, and green and orange in top configuration, respectively). The time needed to 

reach the 63% of the maximum charged state of the equivalent ionic circuit was identified as the 

time constant 𝜏  of the ionic circuit. Numerical values of the time constants (before and after the 

formation of the SLB, in both configurations) are shown in Fig. 3.29-d. 

Notably, the presence of the bilayer increased the time response in both configurations. The 

largest variation could be found in the top configuration in which 𝜏  almost doubled the one 

computed after the formation of the membrane. Therefore, gate configuration might elicit 

different ionic pathways. In the planar case, lateral ion currents could flow through the aqueous 

cushion between the SLB and PEDOT:PSS. In the other case, ions were forced to cross the 

bilayer, causing a significant delay in the gating of the device. 
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Figure 3.29 | a) Schematic of ionic circuit coupling the gate electrode to the channel of the OECT. b) planar 

configuration of the OECT, along with normalized channel current measured while biasing the gate terminal 

with a square voltage pulse (amplitude 0.3 V, PW = 3 s and Δt = 9 s). c) top configuration of the OECT, along 

with normalized channel current measured while biasing the gate terminal with a square voltage pulse 

(amplitude 0.3 V, PW = 3 s and Δt = 9 s). d) Comparison of time constants extracted before and after the 

formation of the bilayer (black and red squares, respectively), in both planar and top configurations. 

 

Subsequently, neuromorphic measurements were performed to consider the capabilite of the 

SLB-OECT platform to emulate STP (Fig. 3.30). Here, a train of square voltage pulses was 

applied at the gate terminal to resemble APs of a presynaptic neuron. As the delay between two 

presynaptic stimuli plays a pivotal role in STP (Paragraph 1.1.4.2), the role of delay between 

the pulses on plasticity emulation was investigated by setting Δt as multiples of 𝜏 . The channel 

current was monitored by applying a drain-source voltage bias VDS = -0.2 V. In addition, the 

conductance (ratio between IDS and VDS) was computed and plotted (Fig. 3.30). Fig. 3.30-a 

displays the conductance of the neuromorphic OECT in planar configuration when applying a 

train of square voltage pulses and setting Δt equal to 𝜏  and 5𝜏  (Fig. 3.30-a, i and ii, 
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respectively). Such values were chosen as upper and lower limit of Δt asthe equivalent RC 

circuit should be completely discharged in case of Δ𝑡 = 5𝜏 , while it should be discharged of 

about 37% when Δ𝑡 = 𝜏 . Fig. 3.30-b reports the same measurements conducted in top 

configuration. In both cases the STP was evaluated as conductance variation ΔG before and 

after the application of the square voltage pulses, expressed as a percentage of the initial 

conductance value. 

From the numerical quantification of ΔG (Fig. 3.30-c) it is possible to conclude that the highest 

conductance variation (highest STP) was elicited by when Δ𝑡 = 𝜏 . In addition, no significant 

variations could be observed in planar configuration. 

 

 

 

Figure 3.30 | a) Conductance variation in planar configuration (top plot) and applied voltage pulses at the 

gate terminal (bottom plot). i) Δ𝑡 = 𝜏 . ii)  Δ𝑡 = 5𝜏 . b) Conductance variation in top configuration (top plot) 

and applied voltage pulses at the gate terminal (bottom plot). i) Δ𝑡 = 𝜏 . ii) Δ𝑡 = 5𝜏  . c) Comparison of 

conductance variation extracted by setting Δt as multiples of 𝜏 . Both configurations are compared, before and 

after the formation of the bilayer. 

 

Such conductance variation was not compatible with the proposed RC model, as Δt = 1τ should 

have elicited a discharge of the polymeric channel of 37%, with and without the bilayer, and in 

both configurations. However, a significant difference was observed in ΔGfor the biomembrane-

functionalized OECTs. To investigate this behaviour, the gate current was analyzed, to estimate 

the number of charges injected from the electrolyte to the polymeric channel, and subsequently 

retained in the OECT channel, after the removal of VGS (Materials and Methods 2.5.4).  

Notably, no significant differences could be observed in the number of charges injected in both 

POPC-coated and bare PEDOT:PSS cases (Fig. 3.31-a and b, respectively). Conversely, the 

analysis of the charge retained inside the channel after the removal of the voltage pulses revealed 

that in a POPC-coated transistor measured in the top configuration a high percentage of the 

charge injected could not return to the electrolyte. Such analysis further confirmed that the 

presence of the bilayer hindered the ionic discharge, enhancing neuromorphic behaviour (STP). 
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It was possible to conclude that the SLB favoured a charge trapping mechanism, which could 

not be explained by the RC model approximation. 

 

 

Figure 3.31 | a) Charge injected from the electrolyte to the OECT channel, in both planar and top 

configuration (blue circles and green squares, respectively), in a bare PEDOT:PSS transistor. b) Charge 

injected from the electrolyte to the OECT channel, when functionalized with POPC-SLB, in both planar and 

top configurations (pink circles and red squares, respectively). c) Percentages of charge retained inside the 

polymeric channel of the OECT, after the removal of the gate-to-source voltage bias, in both planar and top 

configurations (blue circles and green squares, respectively), in a bare PEDOT:PSS transistor. d) Percentages 

of charge retained inside the polymeric channel of the OECT, after the removal of the gate-to-source voltage 

bias, in both planar and top configurations (pink circles and red squares, respectively), in POPC-coated 

PEDOT:PSS transistor. 

 

3.3.2. SLB-mediated LTP 

A biomimetic neuromorphic platform, made by the integration of OECTs and SLBs was 

demonstrated (Paragraph 3.3.1). To further enhance the neuromorphic features of the obtained 

device, the possibility of including the neurotransmitter-mediated LTP with the biomimetic 

OECTs was investigated. An SLB formation protocol was developed, to confine the 

biomembrane only on the channel of transistor (Fig. 3.32).  

In brief, the lipidic membrane was confined on the post-synaptic terminal of the OECT, 

(channel) through the usage of a removable PDMS barrier. Following the formation of the 
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membrane through SALB technique258, the PDMS barrier confining the SLB was removed 

allowing for gate-to-channel ionic communication. Details on the OECT fabrication, along with 

a detailed procedure of the SLB formation can be found in Materials and Methods 2.6.1 and 

Materials and Methods 2.6.2. Notably, two SLB compositions were formed and compared. 

The former is a solely POPC composed membrane, while the latter was assembled from POPC 

with the addition of cholesterol (Chol) and sphingomyelin (SM) (1:1:1 in mixture). Such 

composition was chosen as it characterized by the major constituents of neuronal lipid rafts2021, 

and it will be referred to as brain-SLB. 

 

 

Figure 3.32 | a) Side view of the neuromorphic OECT and schematic of confinement of the SLB. 

 

Morphological and structural properties of the obtained SLBs were investigated by means of 

FRAP and AFM, whereas the electrical properties of the membranes were evaluated by means 

of EIS.  

Average roughness (Ra, Table 3.3) was extracted from AFM measurements (Fig. 3.33-a) 

revealing that, as previously discussed, a POPC-coated PEDOT:PSS electrode (Fig. 3.33-a, i) 

presented a smoother surface with respect to bare PEDOT:PSS (Fig. 3.33-a, ii). Conversely, the 

brain-SLB functionalized surface (Fig. 3.33-a, iii) was characterized by a higher surface 

roughness (Table 3.3). Such divergence from the previous results may be ascribed to the 

formation of liquid ordered domains of SM and Chol, protruding from the surface of the 

SLB273,274. 

Lateral diffusivity (Table 3.3) was calculated from FRAP measurements that were conducted 

by bleaching a fluorophore embedded in the membranes and monitoring the recovery of the 

fluorescence intensity profile over 5 min, for both POPC (Fig. 3.33-b) and brain (Fig. 3.33-c) 

biomembranes. Interestingly, the POPC-bilayer showed higher diffusivity with respect to the 
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brain counterpart. The difference was mainly due to the presence of Chol and SM domains that 

were shown to hinder movements of lipids within the membrane275. 

 

SURFACE Ra [nm] Diffusion coefficient [µM2/s] 

PEDOT:PSS 1.45 ± 0.02 - 

POPC on glass 1.37 ± 0.03 1.93 ± 0.15 

POPC on PEDOT:PSS 1.62 ± 0.03 1.25 ± 0.04 

Table 3.3 | Surface roughness and diffusion coefficients of POPC and brain SLBs on PEDOT:PSS. 

 

EIS measurements were carried out and an equivalent electrical model was used to fit the data 

(Fig. 3.33-d). The model consisted of a capacitance C, modelling either the SLB or the 

PEDOT:PSS volume, connected in series with a resistance R, accounting for both electrolyte 

and bilayer resistance. Such simple RC circuit was often employed to model EIS of polymeric 

electrodes276. Notably, while additional circuital elements are usually required to model a 

biomembrane completely coating an electrode277, the confined SLB did not induce any 

significant variation of the EIS data (Fig. 3.33-d). Therefore, the simple RC circuit could 

properly fit the data suggesting that the confined membrane did not completely hinder passage 

of ions, which were able to laterally drift towards the polymeric electrode. 

The parameters extracted by curve fitting before and after the formation of both membrane (Fig. 

3.33-e) were in a comparable range, further corroborating the hypothesis of a non-complete 

hindrance of the ionic pathways. On the other hand, a slight difference could be observed 

between the two lipidic compositions. The capacitance of the brain-SLB was higher than the 

POPC-SLB, possibly due to different bilayer fluidity that influenced membrane dielectric 

constant, and, consequently, the capacitive properties278. Indeed, brain-SLBs were characterized 

lipid rafts domains, influencing the fluidity of the biomembrane, introducing local changes in 

the dielectric279. Further details on the characterization can be found in Materials and Methods 

2.6.3. 
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Figure 3.33 | a) Surface morphology of PEDOT:PSS, POPC-SLB and brain-SLB (i, ii and iii, respectively), 

extracted from AFM measurements. b) Fluorescence intensity profile of a POPC-SLB during FRAP 

experiments, right after the bleaching (t0, red curve), after 60 s (black curve) and after 5 min (yellow curve). 

c) Fluorescence intensity profile of a brain-SLB during FRAP experiments, right after the bleaching (t0, red 

curve), after 60 s (black curve) and after 5 min (yellow curve). d) Bode plot (modulus) of a bare PEDOT:PSS 

electrode (blue curve), a POPC-coated PEDOT:PSS electrode (orange curve) and a brain-SLB-coated 

PEDOT:PSS electrode (green curve). In addition, a schematic of the equivalent circuit used to fit the data is 

provided. e) Electrical parameters extracted from EIS data of bare, POPC-coated and brain-SLB-coated 

PEDOT:PSS electrodes (blue circles, orange squares and green triangles, respectively).  

 

Subsequently, transient measurements were carried out to evaluate the influence of the confined 

SLBs on the time response of the OECTs. A square voltage pulse was applied at the gate 

terminal (amp = 0.3 V, PW = 3 s) while biasing the drain electrode with respect to the source 

with –0.2 V and recording the channel current IDS. The extracted conductance is shown in Fig. 

3.34-a. As discussed in Paragraph 3.3.1, by fixing a threshold at 63% of the maximum current 
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response, it was possible to extract the time constant of the OECT ionic circuit. Notably, while 

no differences could be observed between the bare OECT and the brain-SLB coated one (Fig. 

3.34-b, blue circle and green triangle, respectively), the presence of the POPC membrane 

introduced a delay in the gate-to-channel ionic communication. Notably, the bilayer confined 

on the channel of the OECT did not introduce a significant delay in the ionic circuit. These 

results agreed with the hypothesis of a non-complete ionic hindrance, induced by the confined 

SLB. 

 

 

Figure 3.34 | a) Normalized conductance of bare, POPC-functionalized and brain-SLB-functionalized 

OECTs (blue, orange and green curves, respectively), during the application of a square voltage pulse at the 

gate terminal (amp = 0.3 V, PW = 3s). The drain electrode was biased with –0.2 V, and an overlap of all the 

curves is provided. b) Fluorescence intensity profile of a POPC-SLB during FRAP experiments, right after 

the bleaching (t0, red curve), after 60 s (black curve) and after 5 min (yellow curve). 

 

 

Moreover, neuromorphic measurements were carried out by applying a train of square voltage 

pulses at the gate terminal (amp = 0.3 V, PW = 3 s), to evaluate STP. As discussed in Paragraph 

3.3.1, the delay between pulses Δt was set to τ (Fig. 3.35-a) and 5τ (Fig. 3.35-b). Conductance 

profiles of the bare, POPC functionalized and brain-SLB functionalized OECTs are shown in 

Fig. 3.35-a and b (blue, orange and green curves, respectively). The conductance variation ΔG 

was computed as difference between the conductance value before and after the application of 

VGS, expressed as a percentage with respect to its initial level. As expected, the highest 

conductance variation was achieved when Δt was set as τ, without any significant differences 

between the two lipidic compositions (Fig. 3.35-c). Such result agreed with the by analysis of 

the gate current in which the number of charges injected into the channel of the transistor (Fig. 

3.35-d) and retained after the removal of the gate-source bias (Fig. 3.35-e) were extracted. 

Injection of charge did not show any dependence on either the presence of the bilayers or the 

delay between pulses (Fig. 3.35-d), whereas the amount of charge retained was increased in 

case of Δt = τ, without any difference between lipidic composition or presence. 



 154 

 

 

Figure 3.35 | a) Conductance of bare, POPC-functionalized and brain-SLB-functionalized OECTs (blue, 

orange and green curves, respectively), during the application of a train of square voltage pulses at the gate 

terminal (amp = 0.3 V, PW = 3 s, Δt = τ). VDS = -0.2 V. b) Conductance of bare, POPC-functionalized and 

brain-SLB-functionalized OECTs (blue, orange and green curves, respectively), during the application of a 

train of square voltage pulses at the gate terminal (amp = 0.3 V, PW = 3 s, Δt = 5τ). VDS = -0.2 V. c) 

Numerical values of conductance variation as a function of the delay between pulses, in case of bare, POPC-

functionalized and brain-SLB-functionalized OECTs (blue circles, orange squares and green triangles, 

respectively). d-e Numerical values of charge injected and retained in the transistor channel as a function of 

the delay between pulses, in case of bare, POPC-functionalized and brain-SLB-functionalized OECTs (blue 

circles, orange squares and green triangles, respectively). 

 

Lastly, neurotransmitter-mediated synaptic plasticity was recapitulated by oxidizing DA and 5-

HT at the gate terminal of the SLB functionalized OECTs. The oxidation of the 

neurotransmitters elicited the reduction of the polymeric channel of the device, changing its 

conductance as discussed previously (Paragraph 3.2). Several pulses and three consecutive 

measurements per device were employed to extract conductance variations, as discussed in 

Materials and Methods 2.4.5. 
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The conductance variation induced by DA 30 µM solution, before and after the formation of the 

SLBs is shown in Fig. 3.36-a. Interestingly, in presence of the brain-SLB the conductance 

variation was increased (Fig. 3.36-a, green triangle), whereas no significant differences could 

be observed between bare and POPC-coated OECTs (Fig. 3.36-a, blue circle and orange square, 

respectively). 

On the contrary, a noticeable difference based on the lipidic composition could be observed in 

the conductance modulation obtained when 30 µM 5-HT was present in the electrolyte (Fig. 

3.38-b). In particular, the modulation of the POPC-coated OECT (Fig. 3.36-b, orange square) 

was lower than the bare and brain-SLB-coated ones (Fig. 3.36-b, blue circle and green triangle, 

respectively). Such difference was ascribed to the combination of two effects: bilayer fluidity 

and electrode fouling effect. Indeed, 5-HT oxidation was known to produce induce fouling 

effect280,281 (passivation of the electrode due to the formation of an insulating layer made of the 

byproduct of the faradic reaction). Such fouling can be drastically reduced by a continuous 

refresh of the species available for the oxidation248. Therefore, in the presented platform, the 

fluid nature of the POPC-SLB could prevent from a complete washing of the electrode surface 

between consecutive measurements in which 5-HT was oxidized. 

 

 

 

Figure 3.36 | a) Conductance variation induced by oxidation of DA 30 µM, in case of bare, POPC-

functionalized and brain-SLB-functionalized OECTs (blue circles, orange squares and green triangles, 

respectively). b) Conductance variation induced by oxidation of 5-HT 30 µM, in case of bare, POPC-

functionalized and brain-SLB-functionalized OECTs (blue circles, orange squares and green triangles, 

respectively). 

 

In addition, the neurotransmitter-induced LTP was used to recapitulate Pavlovian associative 

learning282 in the neuromorphic platform (Fig. 3.37). Here, neurotransmitters were used to 
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achieve potentiation while H2O2 was used to induce depression, as discussed in Paragraph 

3.2.3. 

In the classical Pavlovian experiment, a dog was subjected to a neutral stimulus (ringing of a 

bell), which did not evoke any response. Subsequently, the dog underwent an unconditioned 

stimulus, (food) that elicited an unconditioned response (the dog started salivating). Then, the 

dog was repeatedly subjected to the two stimuli delivered together. After some iterations, the 

association was completed: the unconditioned response was expressed in response to the neutral 

stimulus, (the dog started salivating when the bell was ringing). 

The OECT functionalized with the brain-SLB was exposed to DA 30 µM (neutral stimulus) 

while applying three consecutive voltage pulses at the gate terminal (Figure 3.37, i) allowing to 

identify the neutral stimulus response as elicited conductance variation. Then a washing 

procedure with H2O2 was performed to restore the initial conductance level (not shown to help 

visualization). 

Then, the unconditioned stimulus was supplied as 5-HT µM along with three voltage pulses at 

the gate terminal (Fig. 3.37, ii). The minimum conductance level reached after the 

neurotransmitter oxidation was defined as salivation threshold: whenever the conductance of 

the device reached or crossed the above-defined threshold, the unconditioned response was 

correctly evoked. An additional washing procedure was then performed. 

The association of conditioned and unconditioned stimuli was carried out by using a DA:5-HT 

solution as electrolyte (ratio of neurotransmitter 1:1, [30 μM:30 μM]) while applying three 

square voltage pulses at the gate terminal (Fig. 3.37, iii) then followed by a washing procedure. 

The conductance of the device was shifted towards a smaller value in a non-reversible manner 

as the washing procedure could not restore the initial conductance level. Therefore, associative 

learning was completed. Indeed, the application of the neutral stimulus (DA 30 µM) could elicit 

the unconditioned response, (crossing of the salivation threshold, Fig. 3.37, iv). 

Further details about number of pulses, amplitudes, PWs and duration can be found in Materials 

and Methods 2.6.4. 
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Figure 3.37 | Associative Pavlovian learning demonstrate in the neuromorphic OECTs, functionalized with a 

brain-SLB. i) Neutral stimulus supplied as DA 30 µM. A washing procedure followed the stimulation by 

using H2O2 60 mM. ii) Unconditioned stimulus supplied as 5-HT 30 µM, and definition of the salivation 

threshold, i.e., unconditioned response. A washing procedure followed the stimulation by using H2O2 60 mM, 

not shown for better visualization. iii) Associative learning achieved through the application of both stimuli 

at the same time:DA:5-HT solution as electrolyte (ratio 1:1, 30 µM:30 µM). A washing procedure followed 

the stimulation, by using H2O2 60 mM. iv) The associative learning was tested by supplying again the neutral 

stimulus. 
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3.4. Closed-loop neuromorphic system 

The last application of this thesis work focused on the emulation of the complex closed-loop 

circuitry that the human brain exploits to accomplish countless tasks. In particular, the learning 

and control of voluntary movements involve a multi-area, closed-loop circuit (known as 

nigrostriatal pathway) in which DA signals from the midbrain modulate the integration of 

descending control signals from the motor cortex in the striatum to generate motor output92. 

Here, by drawing inspiration from such closed-loop implementations of motor learning in the 

brain, a closed-loop neuromorphic platform based on a neuromorphic OECT was developed 

(Fig. 3.38), in which the dopaminergic signaling of the brain is exploited to drive a conventional 

mechatronic system like a prosthetic hand. Here the neuromorphic system learns from DA-

mediated signal, mirroring what happens in the brain’s motor-loop and ultimately leading to the 

fine control of the robotic hand. In addition, DA-mediated reinforcement learning was achieved. 

Importantly, the aim of this last part was to achieve bio-inspired learning in neuromorphic 

closed-loop system while demonstrating the possibility of interfacing such technologies with 

commercially available silicon platform.  

 

 

Figure 3.38 | Schematic of the closed-loop application. 

 

The core of the closed-loop platform was a neuromorphic OECT, fabricated as discussed in 

Material and Methods 2.7.1 and coupled to a microfluidic chamber made of PDMS. Closed-

loop operations were carried out in cooperation with Daniela Rana, Tissue Electronics lab at the 

Italian Institute of Technology, Naples. Synaptic potentiation and depression were emulated 

(Fig. 3.39). In brief, the application of a square voltage pulse at the gate terminal, mirrored the 

arrival of an AP at the presynaptic domain. While in biological synapses neurotransmitters are 

released, in the artificial counterpart the ionic communication was recapitulated by DA or H2O2 

electrolytic solutions. Lastly, conductance increase/decrease emulated synaptic 

depression/potentiation. 
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Figure 3.39 | Comparison between the synaptic transistor and a biological synapse, in which the synaptic 

plasticity is emulated by PEDOT:PSS oxidation/reduction. 

 

The closed-loop neuromorphic system is shown in Fig. 3.40 in which the neuromorphic OECT 

was coupled to a silicon microcontroller and a 3D-printed robotic hand to achieve a closed-loop 

regulation and an execution of a real-world task: opening or closing the hand. The completion 

of the task was mapped as a specific channel current value (a setpoint that can be arbitrarily 

chosen), while a control system regulated the competing flowrates of DA/H2O2, to 

decrease/increase the current level and reach such value. 

At each iteration of the loop, a square voltage pulse (amp = 0.3 V, PW = 1 s, Δt = 9 s) was 

applied at the gate terminal, while the drain electrode was constantly biased of –0.2 V with 

respect to the source. The channel current was then measured (IMEAS), after the removal of the 

square voltage pulse, to not include the transient response of the transistor193 (ions injected from 

the electrolyte to the polymeric channel during pulse ON and then migrating back to the 

electrolyte during pulse OFF). IMEAS was then compared to the setpoint (ISET), to compute 

an error e, i.e., e = ISET – IMEAS. Such error e represented the input value signal of a PID 

controller, that computed a control law u, as a linear combination of e, its integral and its 

derivative with respect to time. 

The control law u determined the flowrates of either DA or H2O2 needed to minimize the error 

e. A square voltage pulse was applied at the gate terminal, oxidizing DA (if present), changing 
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the channel conductance and starting a new iteration. This process was repeated until the channel 

current reached the setpoint (e ≅  0). At the same time, the value of the measured current was 

sent to a microcontroller, which determined an input signal for some servomotors driving the 

3D printed hand. By changing ISET, it was possible to decide whether the hand should open or 

close and thus transducing synaptic potentiation/depression into movements. Further details are 

discussed in Materials and Methods 2.7.2. 

 

 

Figure 3.40 | Schematic of the closed-loop neuromorphic system. The loop is made of a PID controller 

(software) driving actuators to release either DA or H2O2 to regulate the conductance of the OECT. At the 

same time, the channel current is digitalized and sent to microcontroller to open/close a 3D printed robotic 

hand. 

 

A neuromorphic closed-loop measurements is shown in Fig. 3.41-a, in which the channel 

current was plotted versus the number of control steps (iterations of the closed loop). Two 

setpoints were chosen (I1 and I2). Initially, the measured current was lower than the setpoint 

I1and synaptic potentiation was required to achieve the regulation task. Indeed, DA was released 

inside the electrolyte of the OECT and subsequently oxidized. Such oxidation caused the 

reduction of the PEDOT:PSS at the channel, decreasing the absolute value of the current flowing 

in the channel. After a certain amount of control steps, the setpoint was reached. Simultaneously, 

the robotic hand was progressively opening, until full aperture occurring when channel current 

entered the area highlighted in yellow. Subsequently, the setpoint was changed from I1 to I2. 
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Here, the OECT required synaptic depression to complete the regulation task, as IMES was 

higher than ISET. The PID provided the correct control law u to release H2O2 in the electrolyte 

of the OECT oxidizing the channel of the transistor and increasing the current, until the setpoint 

was reached and the robotic hand was completely closed. The process was iterated more than 

once (also using different OECTs), to demonstrate reproducibility. Further details are available 

in Materials and Methods 2.7.3. 

 

 

Figure 3.41 | a) Measurements of the closed-loop neuromorphic system, in which two setpoints are chosen 

(I1 and i2), and synaptic potentiation/depression were activated to complete the regulation task. b) At the 

same time a 3D printed robotic hand was controlled by a microcontroller transducing synaptic 

potentiation/depression into opening/closing commands. As a result, the hand was completely closed or open 

in the corresponding current regions (a, yellow and green boxes). 

 

Furthermore, a pressure sensor was integrated into the 3D robotic hand to sense the closure of 

the hand. Another neuromorphic closed-loop system was developed (Fig. 3.42), which was able 

to demonstrate autonomous reinforcement learning. In this case, the robotic hand was required 

to accomplish a task (grasp an object). Initially, the system tried to grasp the object using the 

reading of the sensor to determine whether the object was grasped or not. In case of failure, a 

punishment signal was sent to the neuromorphic OECT (DA was introduced in the electrolyte 

and a square voltage pulse was applied at the gate terminal). As a result, the polymeric channel 

of the OECT was de-doped decreasing the channel current. Such current decrease was encoded 

as further hand closure. By iterating such process, the hand was able to grasp the object eliciting 

the release of a reward signal (VGS = 0 V) and stopping the learning procedure. 
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Figure 3.42 | Schematic of the neuromorphic closed-loop system for reinforcement learning. A pressure 

sensor is used to read the possible grasp of an object. If the grasp is failed, learning is not complete and DA 

is oxidized as punishment signal, to further close the hand. In case of a successful grasp, learning is complete, 

and the hand movements stop. 

 

A reinforcement learning experiment is shown in Fig. 3.43-a, in which three quantities were 

reported. First, the reading of the pressure sensor that described whether the hand came into 

contact with the target object. Second, the angle of the servomotors driving the hand. An 

increase in the angle meant that the hand is furtherly closing while when the angle was constant, 

the hand was not moving. Third the channel current of the OECT (the learning curve of the 

neuromorphic OECT) determining whether punishment or reward had to be delivered. Two 

objects were employed: a tennis ball and a ping pong ball. 

Initially, the tennis ball was employed (Fig. 3.43-a, i). As the robotic hand failed the grasping 

task, punishment signals were sent decreasing the amount of current and furtherly closing the 

hand (increasing motor angle). Eventually, the reading of the pressure sensor revealed a contact 

stopping the procedure (no further DA oxidation and constant motor angle). Subsequently, after 

the OECT learnt how to grasp the first object, the ping pong ball was introduced (Fig. 3.43-a, 

ii). Given that this second object was smaller in size of the first one, the hand could not complete 

a grasp (the pressure sensor revealed no contact). The punishment signal was sent again, 

furtherly decreasing IDS and closing the hand even more (increasing motor angle). Eventually, 

the reading of the pressure would reveal a contact with the second object, stopping the procedure 

again. Lastly, the former object (tennis ball) was introduced again (Fig. 3.43-a, iii). In this case 

the neuromorphic OECT could grab the object immediately, as it had already learned how to 

grasp it. 
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Pictures of the three steps of the learning experiments are shown in Fig. 3.43-b, i, ii and iii. 

 

 

Figure 3.43 | a) Reinforcement learning experiment. i) The tennis ball is introduced. ii) Introduction of the 

ping pong ball. iii) The former object is introduced again. b) Photos of the three steps of the experiment. 
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Chapter 4: Conclusion 
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Drawing inspiration from the human brain, i.e., the most efficient computer available in nature, 

neuromorphic engineering started to develop innovative hardware. Indeed, by leveraging on bio-

inspired designs and unique features of innovative materials, several prototypes and proof of 

concepts of the novel generation of hardware were demonstrated. 

In this framework, organic materials and conducting polymers emerged as ideal candidates to 

develop electronic devices able to emulate neural processing, while naturally transducing ionic 

current into electronic ones. Two- and three-terminal devices were developed, demonstrating 

learning, hardware for matrix-vector-multiplication and in-memory computing. In addition, 

these materials were shown to minimize the mechanical mismatch between electronic devices 

and biological tissue, offering a seamless integration. Indeed, OECTs were shown to bridge such 

diverse worlds as electronics and biology, in a biohybrid synapse in which a direct 

communication between a presynaptic biological terminal and a postsynaptic artificial one was 

established. 

Here, OECTs-based platforms were designed to possibly interface with biology, while 

emulating the way in which the nervous system deals with information processing. 

Neuromorphic sensors, emulating the sense of touch and vision, were developed. The formed 

was able to achieve a memorization of a pressure stimulation, in a fully organic platform without 

the need of enforcing non-volatility with external hardware. 

The sense of vision, on the other hand, was emulated by chemically synthetizing an azobenzene 

functionalized PEDOT:PSS, which was able to induce a faradic charge transfer upon light 

stimulation. As conductivity was depleted by light exposure, the OFF vertical pathway of the 

human retina was emulated, in which the light entering the cornea of the eye silences a group of 

spiking neurons projecting into the visual cortex. In addition, optoelectronic memorization was 

shown by characterizing a write/erase procedure by means of light and negative erasing voltage 

stimuli, emulating the human memory compartmentalization. 

Subsequently, as redox reactions were shown to regulate conductance levels of organic 

conducting polymers, a 2D drift-diffusion-reaction model was developed allowing to analyse 

and predict the effect of reactive species on the ionic environment of the electrolyte solution of 

OECTs. A clear dependence of redox reactions on the conductivity of the electrolyte was 

simulated and experimentally confirmed.  

Neurotransmitter-mediated LTP was reproduced and investigated. Indeed, when a reactive 

molecule as dopamine or serotonin is oxidized at the gate terminal of the transistor, a faradic 
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charge transfer process is elicited, de-doping the polymer that covers the gate terminal. As a 

result, to maintain electroneutrality, de-doping of the polymeric channel occurs, changing the 

conductance of the device in a non-volatile manner. Such process was characterized as a 

function of the concentration of the neurotransmitter, also achieving co-modulation and 

selectivity.  

The emulation of LTD was then achieved by polymer oxidation, mediated by hydrogen 

peroxide. Here, no dependence on the concentration was found suggesting that, unlike the 

neurotransmitter oxidation that de-doped the whole bulk of the polymer, such solution was only 

able to dope the surface of the polymer. By integrating a microfluidic system with the 

neuromorphic OECTs, it was possible to demonstrate real time regulation of the conductance of 

a neuromorphic device in a closed-loop fashion, in which a standard PID controller was 

employed to build a closed-loop neuromorphic system. Here, the system demonstrated the 

potential of organic devices to cooperate with silicon technologies to build a hybrid system, 

which bridges the novelty of innovative materials and the know-how of well-established 

engineering techniques and approaches in system design. 

Indeed, the closure of 3D printed robotic hard was controlled by oxidizing or reducing the 

channel of an organic transistor in response to neurotransmitters released in an electrolytic 

environment, emulating biologically relevant processes. Furthermore, reinforcement learning 

was shown, endowing the system with sensor to perceive the environment (the hand could sense 

the contact with objects) to teach the neuromorphic device to grasp spheres of different sizes. 

Lastly, the possibility of structural biomimicry was investigated by coupling OECTs with SLBs, 

i.e., biomembranes closely emulating the biological one. Notably, embedding of these 

membranes in a OECT was demonstrated and characterized, surprisingly showing that the non-

complete ionic permeability of such bilayer could be exploited to emulate STP in neuromorphic 

devices, eliciting a charge trapping mechanism. 

Furthermore, by optimizing a protocol to selectively confine SLBs on the channel of the 

transistor, modulation of LTP was demonstrated allowing to emulate associative learning, as 

formulated by Pavlovian classical conditioning theory. 

In conclusion, this work wants to demonstrate the flexibility of OECTs platforms that can be ad 

hoc engineered to emulate several features of the brain, from sensing to memory 

compartmentalization. Pivotal is the unique feature of mixed ionic-electronic conductors to 

effortlessly transduce ions into electrons, emerging as natural candidates in the bridging of 
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electronical and biological systems. As a future perspective, OECTs may represent a building 

block toward truly hybrid system, in which neuromorphic and in-memory computation could 

allow for smart biointerfacing devices, that could continuously adapt to communicate with 

living and always evolving biological tissue, while offering a clean, stable and reliable electronic 

readouts for artificial computing systems. 
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Annex A: Continuity equation of non-charged particles 
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The continuity equation to be solved is: 

 

𝑑𝐽

𝑑𝑥
= 𝑞

𝑑𝑛

𝑑𝑡
= 𝑞𝑅(𝑛) (A.1) 

 

Where J is the current density, q is the elementary charge, n is the particle density and R is the 

generation/recombination rate of the particles. 

Then, a first order approximation is then introduced, yielding: 

 

(
𝑑𝐽

𝑑𝑥
)
𝑖
=

𝐽𝑖+1 2⁄ − 𝐽𝑖−1 2⁄

(ℎ𝑖 + ℎ𝑖+1) 2⁄
 (A.2) 

 

Where hi indicated the distance (in space) between the i-th point and the previous one, i.e., 

ℎ𝑖 = 𝑥𝑖 − 𝑥𝑖−1. In addition, qR(n) was omitted to simplify the notation. 

To derive the expression of the current density Ji+1/2, one can start from the current equation, 

without any drift contribution, as the particle under discussion is non-charged, yielding for a 

single diffusion-related term: 

 

𝐽𝑖+1 2⁄ = 𝑞𝐷𝑛

𝑑𝑛

𝑑𝑥
 (A.3) 

 

Where Dn is the diffusion constant of the particle. 

Let it be: 

 

𝑥𝑖 = 𝑛𝑖 (A.4) 

𝑥𝑖+1 = 𝑛𝑖+1 (A.5) 

𝑥𝑖+1 − 𝑥𝑖 = 𝑥𝑖 + ℎ𝑖+1 (A.6) 

 

It is possible to integrate equation (A.3) from xi to xi+1, as follows: 
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∫ 𝐽𝑖+1 2⁄ 𝑑𝑥
𝑥𝑖+1

𝑥𝑖

= 𝑞𝐷𝑛 ∫
𝑑𝑛

𝑑𝑥
𝑑𝑥

𝑥𝑖+1

𝑥𝑖

 (A.7) 

 

Considering Ji+1/2 constant in the interval [xi; xi+1], equation (A.7) can be easily solved as: 

 

𝐽𝑖+1 2⁄ [𝑥]𝑥𝑖

𝑥𝑖+𝑖 = 𝑞𝐷𝑛[𝑛]𝑥𝑖

𝑥𝑖+𝑖 (A.8) 

 

Substituting (A.4) and (A.5), it simplifies to: 

 

𝐽𝑖+1 2⁄ (𝑥𝑖+1 − 𝑥𝑖) = 𝑞𝐷𝑛(𝑛𝑖+𝑖 − 𝑛𝑖) (A.9) 

 

Furtherly substituting (A.6): 

 

𝐽𝑖+1 2⁄ ℎ𝑖+1 = 𝑞𝐷𝑛(𝑛𝑖+𝑖 − 𝑛𝑖) (A.10) 

 

Finally leading to: 

 

𝐽𝑖+1 2⁄ =
𝑞𝐷𝑛,𝑖+1/2

ℎ𝑖+1
(𝑛𝑖+𝑖 − 𝑛𝑖) (A.11) 

 

 

Analogously, one can compute Ji-1/2, by iterating the calculations shown in (A.7)-(A.10) in the 

integration interval [xi-1;xi], yielding: 

 

𝐽𝑖−1 2⁄ =
𝑞𝐷𝑛,𝑖−1/2

ℎ𝑖
(𝑛𝑖 − 𝑛𝑖−1) (A.12) 

 

Substituting (A.11) and (A.12) in (A.2), it leads to: 
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(
𝑑𝐽

𝑑𝑥
)
𝑖
=

𝑞𝐷
𝑛,𝑖+

1
2

ℎ𝑖+1
(𝑛𝑖+𝑖 − 𝑛𝑖) −

𝑞𝐷𝑛,𝑖−1/2

ℎ𝑖
(𝑛𝑖 − 𝑛𝑖−1)

(ℎ𝑖 + ℎ𝑖+1)/2
 

(A.13) 

 

Then, trivially executing the multiplications of the numerator and then extracting the common 

factors ni-1, ni and ni+1, (A.13) becomes: 

 

(
𝑑𝐽

𝑑𝑥
)
𝑖
=

𝑞𝐷𝑛,𝑖−1/2

ℎ𝑖
𝑛𝑖−1 − (

𝑞𝐷
𝑛,𝑖+

1
2

ℎ𝑖+1
−

𝑞𝐷
𝑛,𝑖−

1
2

ℎ𝑖
)𝑛𝑖 −

𝑞𝐷
𝑛,𝑖+

1
2

ℎ𝑖+𝑖
𝑛𝑖+1

(ℎ𝑖 + ℎ𝑖+1)/2
 

(A.14) 

 

Then, dividing in simple fractions and recovering the generation/recombination factor qR(n), it 

leads to: 

 

2𝐷𝑛,𝑖−1/2

(ℎ𝑖)(ℎ𝑖 + ℎ𝑖+1)
𝑛𝑖−1 − (

2𝐷
𝑛,𝑖+

1
2

(ℎ𝑖+1)(ℎ𝑖 + ℎ𝑖+1)
+

2𝐷
𝑛,𝑖−

1
2

(ℎ𝑖)(ℎ𝑖 + ℎ𝑖+1)
)𝑛𝑖

+

2𝐷
𝑛,𝑖+

1
2

(ℎ𝑖+1)(ℎ𝑖 + ℎ𝑖+1)
𝑛𝑖+1 = 𝑅(𝑛) 

(A.15) 

 

Notably the charge q was removed in all the expression. In addition, it is possible to write 

(A.15) using matrices, by defining as 𝐴𝑖,𝑖−1 the coefficient of 𝑛𝑖−1, 𝐴𝑖,𝑖  the coefficient of 𝑛𝑖 

and 𝐴𝑖,𝑖+1 the coefficient of 𝑛𝑖+1. Lastly, it is possible to define 𝑏𝑖 the elements on the right-

hand side of (A.15), yielding: 

 

[
 
 
 
 
 
 
𝐴1,1 𝐴1,2 … … … … …

𝐴2,1 𝐴2,2 𝐴2,3 … … … …
… … … … … … …
… … 𝐴𝑖,𝑖−1 𝐴𝑖,𝑖 𝐴𝑖,𝑖+1 … …
… … … … … … …
… … … … … 𝐴𝑛−2,𝑛−2 𝐴𝑛−2,𝑛−1

… … … … 𝐴𝑛−1,𝑛−3 𝐴𝑛−1,𝑛−2 𝐴𝑛−1,𝑛−1]
 
 
 
 
 
 

[
 
 
 
 
 
 
 

𝑛1

…
…
𝑛𝑖

…
…
…

𝑛𝑛−1]
 
 
 
 
 
 
 

=

[
 
 
 
 
 
 
 

𝑏1

…
…
𝑏𝑖

…
…
…

𝑏𝑛−1]
 
 
 
 
 
 
 

 (A.16) 

 

 

 


