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ABSTRACT 
The advancements of computer models and 
artificial intelligence now permit simulations 
of biologically realistic models to study the 
mechanisms and pathophysiology of 
disorders and disease. From the protein and 
molecular level, up to the scale of whole 
brain regions, the pathophysiology of a 
disorder can be constructed, validated and 
tested, solely in silico. This work aims to 
examine the past 10 years of computer 
modelling, and allied methods, which can be 
used to effectively reduce and replace the 
some 250,000 procedures involving animals 
in neuroscience research. This review found 
numerous instances where models 
replicated biologically realistic mechanisms, 
cells and networks, which have been 
validated against existing data and used in 
making predictions that were confirmed 
experimentally. Despite the current 
computational restrictions, the methods 
examined show promise regarding the 
reduction and replacement of animals used 
in modelling human disease. 

INTRODUCTION 
Animals have been used as model organisms 
for decades, but with the advancement of 
computers, could technology replace them? 
This review was conducted to explore the recent 
advancements and use of computer models 
(CMs) as a method of replacing animals in 
neuroscience research. 

Animals, especially mice, are often used to 
investigate the biological, behavioural and 
pharmacological effects of genetic manipulation, 
stress and therapeutics. Animal models are 
ideal for studying disorders, often in pre-clinical 
trials, due to our understanding of their genetic 
landscape and similarity to the human genome 
(Vandamme 2014). These organisms allow us to 

model human diseases and therapeutic 
treatments but at the cost of many animals. 

 

In a 2019 report by the Home Office, which 
ranked areas of research by number of 
experiments involving animals, ‘Nervous 
System’ and ‘Human nervous and mental 
disorders’ were ranked joint-first and third in 
Basic and Applied research, respectively (Home 
Office 2019). Further, the majority of animals 
(99.6%) used in neuroscience research were 
either mice, rats or fish, totalling 249,780 
procedures in the neuroscience-related 
categories alone (Table 1). 

The rapid advancements of computer modelling 
(CM) and scientific breakthroughs, like 
DeepMind’s Alphafold, inspired this work to 
investigate how these tools can be employed as 
a means of replacing animals used in 
neuroscience. The focus of this paper is to 
examine, within journal articles published in the 
past 10 years, how computer models, artificial 
intelligence (AI) and allied methods alike can be 
used as an alternative to animal models. 

METHODS  
Using the Web of Science, a search consisting 
of 5 fields found 188 journal articles of 

Table 1. Procedures involving animals 
used in neuroscience experiments across 
the Basic and Applied research categories. 
Data obtained from the Home Office annual 
statistics of scientific procedures on living 
animals (Home Office 2019). 



relevance, which were manually filtered to 
remove those of lower quality (Box 1). 

The terms in the first four fields were used to 
retrieve articles of relevance, whereby (*) 
denotes the extension of the truncated term. In 
this search, for example, “psycho*” will retrieve 
articles including “psychology” and 
“psychopharmacology” – both of which are 
relevant to this review.  

Mice and rats are the primary model organism 
used in neuroscience research, with 89% of 
experiments involving either of these two 
rodents (Home Office 2019), and so, they were 
specified in the search, whilst also including 
‘animal’ to retrieve other articles which match 
the forementioned criteria. 

Review articles and those with “engineer*” in the 
topic, were excluded from the search. The 
search also filtered for articles published in the 
past 10 years, from 2011 – 2021. After reading 
and manually filtering all journal articles, 144 of 
the initial 188 articles remained. Articles were 
removed for two primary reasons; either they 
were of substandard quality/inadequate 
information or did not fit the aim of this work. 

 

RESULTS 
Studies in the past 10 years have utilised 
computer models to reconstruct molecular 
mechanisms, neuronal circuits and even whole 
brain regions. Shown here are these in silico 
models and how they have the potential to 
reduce and replace animals. 

Proteins & Pharmacology 
Historically, protein structures were derived from 
methods such as x-ray crystallography, nuclear 

magnetic resonance (NMR) and cryo-electron 
microscopy (cryo-EM). The methods for solving 
static protein structures, x-ray crystallography 
and cryo-EM, require complex laboratory 
infrastructure and high cost, but recent 
breakthroughs in AI have enabled in silico 
protein structure estimation. Named Alphafold 
(Jumper et al. 2021), this AI tool allows the input 
of a genetic sequence, or exploration through a 
comprehensive database, to retrieve a high 
accuracy, predicted, 3D protein structure 
(Figure 1B). This tool outperformed all other 
methods at the most recent CASP protein 
folding challenge (CASP 2020). 

 

Modelled structures have been utilised prior to 
this, in the discovery of novel therapeutics. One 
such study, from 2011, combined the use of 
virtual screening and a CM of a monoamine 
transporter (MAT) to test for a novel, selective 
serotonin reuptake inhibitors (SSRI) (Nolan et al. 
2011). Classical pharmacology involves testing 
drugs on, say mice, and observing the 
phenotypic effects. This method of reverse 
pharmacology allows screening of potential 
ligands and small molecules prior to animal 
testing. A subsequent study from the same 
group advanced their previous work by 
implementing a model of the SERT S1 ligand 
binding pocket (Figure 1), with virtual screening 
to identify 19 candidate ligands. In vivo testing 
of 4 of these ligands showed 3 to have high 
efficacy at inhibiting serotonin reuptake (Nolan 
et al. 2014). Ligand screening using protein 
structures from Alphafold in combination with 
virtual screening of extensive databases are 
proving to be powerful tools in discovering 
potential therapeutics. Whereas previously, 
many animals were needed to trial potential 
pharmacological candidates, it is now possible 

Figure 1. (A) Serotonin transporter (SERT) computer 
model adapted from (Nolan et al. 2014). (B) SERT 
protein structure estimated using Alphafold 2 (Jumper et 
al. 2021). In both instances, Ile172 and Asp98 are 
circled in red for comparison. 

Box 1. A search for relevant literature using the Web of 
Science included several terms related to computer 
models, neuroscience and animals – organised into 5 
discrete fields. The search filtered for articles published 
in the past 10 years (2011-2021), identifying 188 journal 
articles of relevance. 



to screen thousands of chemicals and test them 
in silico, prior to the use of any animals. 

CMs can also aid existing therapeutics. The 
model by Liu et al. (2017) showed that the use 
of both a PKA and ERK activator produced 
better effects in long term synaptic facilitation 
(LTF) than either of the drugs did alone (Liu et 
al. 2017).  

Testing pharmacological combinations can lead 
to a more effective treatment and in turn, reduce 
side effects seen at higher drug concentrations. 
To improve learning and memory impairments, 
Smolden et al. (2021) utilised a CM to test a 
combination of drugs to rescue the learning 
deficits seen in conditions such as Rubinstein-
Taybi syndrome (RTS). Their pharmacological 
model predicted the use of a tropomyosin 
receptor kinase B (TrkB) with an ampakine as 
an effective synergism in improving late long-
term synaptic potentiation (Smolden et al. 2021). 
Comparable to the previous model, their work 
demonstrates that a combination of drugs, even 
at lower doses, could provide a successful 
treatment for RTS, proving an insight into the 
benefits of drug combinations, prior to any 
animal experiments. 

It is also possible to simulate experiments that 
would otherwise require animal models. To 
uncover the mechanisms underlying epilepsy, a 
model of the dentate gyrus (DG) was used to 
simulate current injections in both single 
neurons and at the network level (Thomas et al. 
2013). Simulated drug concentrations and a 
biophysically realistic model permitted testing of 
these antiepileptic drugs by analysing action 
potential firing and amplitude in response to 
pharmacological intervention. Their work sheds 
light on the efficacy of antiepileptic drugs like 
phenytoin, which act by blocking sodium 
channels, and how this can lead to the increased 
excitability sometimes observed in patients 
(Thomas et al. 2013). Of note, abnormalities in 
hippocampal CA3 region have also been 
associated with seizures, which has been 
observed in both patients and animal models 
(Myers et al. 2013). The cause of this was 
investigated in a CM which replaced the BAX-/- 
mouse model with that of a DG-CA3 
hippocampus model. The model suggested that 
back-projections, that is, the abnormal migration 
of granule cells, causes dysfunction of the DG 
(Myers et al. 2011; Myers et al. 2013).  

Not only can CMs be employed in analysing 
treatments of conditions, but also our 
understanding of them. This is evident in the 
mitochondrial respiratory chain model which 
was used in studying Alzheimer’s disease (AD) 
pathology. By modelling cortical neurons, with 
relevant mitochondrial parameters, their model 
was able to predict an NADH flux impairment 
was driving lower cytosolic NADH levels, which 
was later confirmed using fluorescence lifetime 
imaging microscopy in a transgenic AD model 
(Theurey et al. 2019). 

Other, more direct methods, of testing potential 
therapeutics include targets such as GABA 
(Kurbatova et al. 2016) and dopamine receptors 
(Spiros et al. 2012). Most preclinical studies use 
animals to model human disease, with mice and 
rats being favoured predominantly (Ellenbroek 
and Youn 2016). However, we can now model 
the pathophysiology of a disease, with realistic 
cell types and synapses, to evaluate the efficacy 
of new, or potential, therapeutics. The 
pharmacology-based model by Spiros et al. 
(2012) was calibrated using a large clinical 
database and allows testing of novel 
therapeutics for the psychiatric disorder 
schizophrenia (SCZ). Later work by the same 
group showed testing of combinations of 
antipsychotic drugs, using a basal ganglia model 
(Spiros et al. 2016).  

Single Cell 
Single cell models enable an understanding at 
the cellular level.  For example, the models can 
help determine how the morphological 
differences of apical dendrites contribute to the 
overall electrophysiological properties, like 
signal integration (Petersson et al. 2011; 
Ferrante et al. 2013), synaptic responses (Baker 
et al. 2011; Perez-Rosello et al. 2011) and 
plateau potential firing (Masurkar et al. 2011). 
Simulators, such as NEURON (Hines and 
Carnavale 1997), allow users to model cells with 
custom conductances, channel dynamics and 
geometric structure (e.g. section length and 
diameter). With the ability to alter almost any 
parameter and reproduce previous experimental 
findings (Tuckwell 2013), single cell simulations 
enable the researcher to test new hypotheses in 
silico (Karcz et al. (2011); Oster et al. (2015); Lu 
et al. (2016); Xu et al. (2016)) before turning to 
experimental confirmation. 



A study into Fragile X syndrome used simulated 
electrophysiological recordings of both the soma 
and dendrites, in an attempt to understand the 
driving mechanism behind the hyperexcitability 
and hypersensitivity seen in this disorder (Zhang 
et al. 2014). The use of a CM in this work 
implicated impairment of the membrane bound 
large-conductance Ca2+ activated K+ channel 
BKca in the improper functioning of dendrites. 
Findings from this CM supported their 
experimental results in mice, but without the 
need for additional experiments involving 
animals (Zhang et al. 2014). A related study, 
using a Purkinje cell model, included the 
previously mentioned features, as well as 1474 
spines and relevant ion channels. The paper 
reports blockage of the calcium activated 
potassium channels (BK and K2) altered the 
power spectral density (Zhang et al. 2014). Their 
results have relevance for cerebellar ataxia 
treatment with neuroprotective interventions 
such as Riluzole (Abbasi et al. 2017), which 
complements their other work on cerebellar 
ataxia using a model of deep cerebellar nuclei 
(Abbasi et al. 2016). 
 
The NEURON simulator has been applied in 
other scientific areas. In a study looking at action 
potential initiation in cardiac cells, Dougalis et al. 
(2017) modelled a neuron using their existing 
electrophysiological data and saw similar results 
to their in vitro data. In a similar fashion, Srinivas 
et al. (2017) adopted the NEURON simulator to 
model CA1 and CA2 pyramidal neurons, again, 
using their electrophysiological data to replicate 
a realistic neuron. Their study suggested, 
through simulated propagation, three main 
factors contribute to the much greater excitatory 
postsynaptic potential (EPSP) in CA2 neurons 
relative to CA1 neurons. Their work suggests 
the differences in electrical properties is driven 
by factors like dendritic morphology, with their 
model validated by existing data (Srinivas et al. 
2017). Models like this, or that of Szucs et al. 
(2017) and Wongsarnpigoon et al. (2012) permit 
electrophysiological experiments in silico 
through stimulation of realistic compartment-
based models without the need for any animals. 

Simple Circuits 
Single cell models are informative on their own, 
but in practice the brain forms an interconnected 
network of cells, and so, a circuit model is 
required. 

At a larger scale, a dopamine-based basal 
ganglia loop model of Parkinson’s disease (PD) 
was constructed to explore pharmacological 
interventions for treating this degenerative 
disease. Consisting of (maximum) 16 neurons 
with Hodgkin-Huxley membrane conductances 
(Hodgkin and Huxley 1952) and additional 
neurotransmitters, like serotonin and GABA, this 
model can be used in testing new, potential 
therapeutics for PD (Roberts et al. 2016). This 
model incorporated the relevant receptors, cell 
types and neurotransmitters required to 
accurately predict potential therapeutics, basing 
the parameters, mentioned above, from 
previous data.  

Similarly, but with a focus on SCZ, pyramidal 
neuron (PN) excitability was explored through 
2000 simulations using the NEURON 7.4 
simulator. Augmentation of NMDAR, with 
relevant GABAa receptors, uncovered PN 
activity in the CA3 hippocampal circuit (Sherif et 
al. 2020). This group identified numerous 
mechanistic features underlying PN excitability, 
and its effects on information flow. Shown here, 
high PN activity increased basket interneurons 
firing, resulting in increased gamma power 
(discussed later) and thus, reduced information 
flow (Sherif et al. 2020).  

The pathological dysfunction of gamma 
oscillations is an important component of SCZ 
(Molina et al. 2020) that needs consideration for 
both treatment and understanding of the 
condition. The hippocampus is not a solitary unit 
as it receives input from areas like the dentate 
gyrus and entorhinal cortex (Faghihi et al. 2015). 
Also investigating SCZ, this group’s focus was 
separation efficiency, often seen reduced in 
SCZ patients, and showed findings regarding 
neuronal spiking in the DG because of feedback 
inhibition dysfunction - possibly explaining 
memory impairments observed in patients 
(Faghihi et al. 2015). 

It should be noted that PNs make up a large 
excitatory population in the brain and as a result 
are studied in relation to many disorders. This is 
seen in the pyramidal-interneuron CM focusing 
on cortical spreading depression as a cause of 
migraine with aura (Deroches et al. 2019). Cell 
to cell interactions have also been studied with 
regards to astrocytes, which are relatively poorly 
understood. Interactions between neurons and 
astrocytes were studied, where each excitatory 



presynapse is connected to an astrocyte (Lenk 
et al. 2020). Understanding the functions and 
mechanisms of astrocytes has been 
investigated in many other recent studies, 
including Ca2+ signals and their associated 
function (Taheri et al. 2017) and glutamate 
update (Allam et al. 2012). 

Complex circuits 
The expansion of simple circuits to those of a 
higher complexity usually involves a larger 
quantity and the addition of cell types. Examples 
include that of the closed loop spiking model in 
Pani et al. (2017), which details a 1440-cell real 
time spiking network (Izhikevich 2003). Existing 
models may also be broadened, such as the 
addition of inhibitory neurons and 5-HT1A 
receptors (Shevtsova et al. 2011) to a brainstem 
respiratory network (Smith et al. 2007). In this 
work, respiratory rhythm was rescued through 
activation of 5-HT receptors by removing 
inhibition of the respiratory neurons (Shevtsova 
et al. 2011). Complex circuits usually relate to a 
higher function or organism-wide mechanism, 
and are often used to investigate a sensory 
operation like vision, audition or olfaction. CM 
simulations can evaluate models of sensory 
function, and thereby replace the use of many 
animal experiments in the exploratory phase, 
which is normally required in developing refined 
experiments into physiological function. 

Vision: Orientation selectivity was investigated 
using a model of the mouse primary visual 
cortex (V1) (Pattadkal et al. 2018). V1 neuronal 
responses to stimuli, like luminance and 
contrast, coincide with current experimental 
data (Ghodrati et al. 2016) and mechanisms like 
visual detection of incoming stimuli respond 
appropriately (Jang et al. 2016). Other aspects 
of vision have been studied using CMs too, 
including spike generation in retinal ganglion 
cells (Tuckwell et al. 2014), rapid burst firing in 
response to sudden object presentation (Chen 
et al. 2013), angle selectivity (Ito and Goda 
2011) and the spontaneous wave initiation using 
a model of the mouse retina (Ford et al. 2012). 

Audition: Interaural time differences are used in 
sound location. A spiking neuronal network 
model of the medial superior olive was able to 
detect the interaural differences with great 
accuracy (Encke and Hemmert 2018). Other 
components of the auditory system have also 
been simulated, such as the globular bushy 

cells, located in the ventral cochlear nucleus, 
which receive information from the auditory 
nerve and are required for sound localisation. A 
simulation of these cells, based off previous 
data, showed results consistent with prior work 
(Rudnicki et al. 2017). At a greater scale, an 
auditory cortex model was constructed to 
elucidate the mechanisms behind tonotopic 
organisation. Including approximately 100,000 
Izhikevich’s neurons and 21 million synapses 
(Tomkova et al. 2015), the model made several 
predictions, including that inhibitory basket 
neurons are tonotopically ordered more than 
inhibitory non-basket neurons (Tomkova et al. 
2015).  

Olfaction: To see how noradrenergic modulation 
affects odour detection, de Amelia (2015) used 
a CM of the olfactory bulb and the piriform 
cortex. They demonstrated that when 
norepinephrine (NE) is off in the piriform cortex 
but still on in the OB, odour detection was lower 
and coupled with a reduction in firing rate. Their 
work also shows that NE in the OB is involved in 
odour processing, as well as confirming their 
previous experimental data (de Amelia 2015). 
Another odour processing study involving 
oxytocin (OXT) modulation used a similar 
model. An OB network model, including mitral 
cells (MCs) and olfactory sensory neurons 
(OSNs), among others, was used to examine 
pyramidal cell spiking in response to OXT 
alterations. The study showed OXT modulation 
improved the signal-to-noise ratio in the OB in 
addition to stronger encoding and better 
olfactory memory (Linster et al. 2019). 

 A complementary study, also exploring the OB, 
incorporated MCs and GCs, with an aim of 
understanding the modulatory effects of two 
neurotransmitters, acetylcholine and 
norepinephrine, and their effects on cell firing (Li 
et al. 2015). The electrophysiological properties 
of cells are not only altered by the type of 
neurotransmitter and receptor, but also their 
abundance. A model of periglomerular cells in 
the OB demonstrated that the relative 
expression of ion channels in the cell, rather 
than morphology and connectivity, modifies their 
electrophysiological properties (Sethupathy et 
al. 2013). This work stresses the detail required 
in modelling studies and how simplification of 
dynamic features, like ion channels, can vastly 
alter the outcomes of such as study.  



Another study, exploring odour representation, 
modelled-short axon cells (SACs) connected to 
glomeruli, were grouped into ‘oligoglomerular’ 
and ‘polyglomerular’ subtypes (Xu et al. 2020). 
This [simplified] mouse olfactory bulb consisted 
of inhibitory and excitatory cells, where both 
received excitatory input from the olfactory 
sensory neuron. Among other findings, the 
model showed that both the selective and 
nonselective schemes used had similar odorant 
representations, compared to the global and 
input-tuned schemes (Xu et al. 2020). 

Memory: To investigate the effects of opioid 
usage on LTP/LTD, and thus memory formation, 
this group used a CM of CA1 hippocampal 
neurons, with results supporting that opioid 
usage leads to drug use memory formation 
(Borjkhani 2018). The implication of CA1, and 
more broadly, the entire hippocampus, in 
episodic memory has also led to studies looking 
at features like theta oscillations (Ferguson et al. 
2015) and pattern separation (Kumaran and 
McClelland 2012). 

Neural Oscillations 
Neural oscillations occur by synchronous and 
rhythmic firing activity of neuronal populations in 
a range of frequencies. These include delta (0.5-
4Hz), theta (6-10Hz), alpha (8-13Hz), beta (13-
30Hz) and gamma (30-100Hz), although these 
reported frequencies vary (Wutz et al. 2018; 
McDermott et al. 2018). 

Studies into neural oscillations have relevance 
to normal brain functions, but also many 
conditions, like SCZ and AD (Wutz et al. 2018). 
Theta oscillation propagation work by Jaramillo 
et al. (2014) employed a CM demonstrating that 
200 active input cells was sufficient to generate 
phase precession from CA3 to CA1 pyramidal 
cells during an animal’s movements. Expanding 
from the hippocampus, by incorporating the EC 
and DG in their model, Thurley et al. (2013) 
showed theta phase precession during an 
animal’s movements, where space is encoded. 
The model also predicted that grid cells involved 
in this process oscillate due to synchronised 
firing of stellate neurons (Thurley et al. 2013).  

Using a CM of the hippocampal CA3 region, 
comprised of some 1200 cells, the effects of 
ketamine on circuit dynamics could be 
predicted. By incorporating basket, pyramidal 
and interneurons in the model they showed that 

ketamine increases cellular firing rate, while also 
blocking NMDA receptors, thus increasing 
gamma oscillations while simultaneously 
reducing theta (Neymotin et al. 2011) Other 
work into theta by this group showed that a small 
population of excitatory cells drove theta 
strength in the neocortex (Neymotin et al. 2011). 
This group’s results were mentioned earlier 
(Sherif et al. 2020) where they explored gamma 
oscillations in relation to SCZ, with a similar 
model.  

Also, memory-relevant, a top-down WM model 
that also incorporated bottom-up sensory 
signals focused on modulatory properties on 
oscillatory power in a visual field model (Nesse 
et al. 2021). Likewise, in relation to vision, the 
primary visual field model observed an increase 
in gamma power corresponding to the addition 
somatostatin interneuron firing increase in a CM 
of the upper layer V1 (Veit et al. 2017). 

Alterations in gamma oscillation may arise as a 
result of network level dysfunction, with factors 
such as NMDA receptor hypofunction effecting 
the inhibitory properties of interneurons in the 
local circuit – where supporting evidence is 
consistent with the pathophysiology of SCZ (Kirli 
et al. 2014). Other conditions with cognition 
related dysfunction include that of Down’s 
syndrome, whereby overexpression of the 
candidate gene, DYRK1A, was seen to over 
inhibit - reducing firing rate and subsequently, 
gamma power (Ruiz-Mejias et al. 2016).  

Gamma frequency regulation has also been 
explored in an olfactory bulb model, comprised 
of excitatory mitral cells (MCs) and inhibitory 
granule cells (GCs) (Osinksi et al. 2016). Their 
CM demonstrates the excitability/inhibition 
relationship between the two cell types, and their 
effect on one another – such that increased 
excitability of GCs drives an inhibition of MCs, 
resulting in increased beta oscillations and 
gamma frequencies observed when GC firing is 
lower (Osinski et al. 2016). GCs have been 
studied in other areas, for example, the 
cerebellar glomerulus microcircuit. GCs 
connected to excitatory mossy fibres and 
inhibitory golgi cells exhibited modulation of GC 
firing by phasic inhibition (Nieus et al. 2014). 
This realistic microcircuit integrated appropriate 
neurotransmitters, synaptic connections and 
receptor types to study the regulation of GC 



firing, which presented data consistent with 
previous work (Nieus et al. 2014).     

Behaviour 
One of the main reasons animal models are 
used is to explore the behaviours they exhibit in 
response to stimuli, genetic alterations and 
pharmacological intervention. They are also 
used in understanding biological processes 
such as learning, memory and spatial 
navigation. 

Place cells and grid cells are arguably the most 
studied cell types in relation to spatial 
navigation. Place cells exhibit an increase in 
firing rate when the organism is in a particular 
area, called the place field (Eichenbaum et al. 
1999). In a recent study, a CM facilitated the 
exploration of place fields during spatial learning 
reinforcement tasks (Scleidorovich et al. 2020). 
The study found that place fields of smaller sizes 
outperformed larger fields during detail-oriented 
tasks, but larger fields performed better when 
considering speed. The work alludes to some 
features of the dorsoventral axis of the 
hippocampus, where we see place cells along 
the axis with varying field sizes, however, the 
model requires further experiments with mazes 
of higher complexity. This work is supported by 
similar studies involving simulated mazes and 
navigation, where gamma (and theta) 
oscillations are the subject of interest with 
regards to place cell activation (Cona et al. 
2015; Gonner et al. 2017) 

Moreover, the brain also achieves a sense of 
‘place’ using head direction (HD) cells. A model 
of this network, which incorporates signals from 
both HD cells and visual information, 
demonstrates how the brain navigates space by 
combining the two – using the environment and 
landmarks, and direction (Page and Jeffery 
2018). Encoding by these HD cells, using a 
model of the retrospenial cortex, links encoding 
to the location specific firing of hippocampal 
place cells (Bicanski et al. 2016), which is further 
supported by the entorhinal-hippocampal model 
in Lyttle et al. (2013). They showed place field 
size is modified mainly by place cells, rather 
than grid cells, while also showing evidence of 
the dorsal hippocampus processing location-
related information and the ventral for contextual 
and emotional information, relative to place 
(Lyttle et al. 2013).   

In an associated study, a neural field model was 
developed which incorporated both path 
integration (e.g. input from place cells) and 
sensory feedback (e.g. external stimuli), 
allowing the investigation into spatial coding in 
more complex environments. Similarly, a group 
in 2018 modified the already existing Attention-
Gated Memory Tagging model (AuGMEnT) 
(Rombouts et al. 2015), by introducing leaky and 
non-leaky memory units. This alteration 
permitted simulation of more complex cognitive 
tasks, with a focus on reinforcement learning, 
while retaining the initial, biologically realistic 
model (Martinolli et al. 2018). Spatial encoding 
mechanisms are supported by a number of in 
silico models of various brain regions, like the 
CA1 and CA3 hippocampus (Grienberg et al. 
2017), the entorhinal cortex (Lyttle et al. 2013) 
and the dentate gyrus (Faghihi et al. 2015).  

Memory processing involving the PFC, using 
place cell activity from the hippocampus, has 
also been explored, whereby ‘Snippets’ are 
recalled and reinforced in finding the optimal 
trajectories in reward-based spatial navigation 
(Cazin et al. 2019). 

Correlated learning paradigms, like contextual 
fear conditioning (CFC), have also been 
investigated through implementation of a CM, 
focusing on the hippocampal function in relation 
to varied stimuli (Moustafa et al. 2013a). 
Consistent with previous data, the model 
showed, for example, a slower ‘learning’ 
process when the stimulus interval was longer 
during CFC. This is correlated with results from 
other associative learning paradigms, which are 
also well replicated in rats, where responses 
were similar to simulations (Varella et al. 2019). 

Behavioural models are not restricted to spatial 
learning, however, as seen in the model which 
focused on odour response (Davies et al. 2015). 
Although not a vertebrate, the Drosophila larval 
model is of interest, as it focuses on a living 
organism’s response to an external stimulus. In 
a simulated arena identical to the real one, the 
larva model (Davies et al. 2015) was able to 
stop, turn its head and move in response to the 
odour stimulus. The study showed no difference 
between their simulated model and a real larva, 
when examining the organism’s sensorimotor 
response to the changing odour gradient. After 
150 seconds, the average distance of the larvae 
from the source was the same (Davies et al. 



2015). Although a relatively simple behaviour, 
their model could reproduce that of a living 
organism, and may have application in the future 
to more complex behaviours. 

Likewise, another Drosophila based model, 
comprised of the antennal lobe and mushroom 
body, was used to look at olfactory associative 
memory, whereby neuronal output was 
strengthened during odour-shock simulations 
(Wessnitzer et al. 2012). The model consisted of 
a variety of cells, like olfactory receptor neurons 
and Kenyon cells and simulated odours of the 
same concentration. This enabled the results to 
be distinguished by the pattern of odour 
presentation, rather than high-affinity ligands 
(Wessnitzer et al. 2012).  

In furthering our knowledge of autism, a CM of 
the cerebellar cortex was formed to study 
conditioned eyeblink behaviour as a result of 
cerebellar differences in autism (Radell et al. 
2014). Present in both animals and patients, the 
conditioned eyeblink was tested using a 
simulation of the cerebellar cortex, where the 
model made several predictions regarding 
abnormalities causing delayed conditioning. 
Several cellular-level predictions were made, for 
example, the amount of interneuron inhibition is 
likely causing an impaired acquisition of 
conditioning (Radell et al. 2014). 

These models expose the mechanisms behind 
behaviours that would otherwise require animal 
models to study and thereby show the value of 
CMs in replacing animals in experiments.  

Whole Brain (Regions) 
As circuit models increase in complexity, so 
does their likeness to functioning brain areas, 
where cell types and morphology is reflective of 
the real attribute. 

A 1:1 scale model of the rodent CA1 
hippocampus exhibits a far greater complexity 
than any model previously discussed. In 
studying theta wave generations, Bezaire et al. 
(2016) outline a 338,700-neuron model with 
over 5 billion synapses and 454,600 afferent 
inputs. The paper reported steady theta and 
gamma rhythm in the functioning model, proving 
insight into the uses of computational models. 
However, the main concern with such a complex 
model is the power required to run it. A 
supercomputer with 4 TB of RAM was needed 

to run the model for just 4 seconds which raises 
questions about the feasibility for most work. 

A recently published microcircuit of the striatum 
incorporated over 98% of the striatal neurons, 
with features such as cell density, axonal 
morphology, membrane properties and synaptic 
connectivity reported to have appropriate 
measures for the striatum (Hjorth et al. 2020). 
This microcircuit also permits experiments 
involving input from different brain regions, such 
as the thalamus. Features such as this are vital, 
as the brain is an interconnected structure 
where regions do not work in isolation, and have 
input from many other areas. 

Although this review paper set out to investigate 
the replacement of vertebrate animals, the 
Drosophila brain model has huge relevance not 
only to neuroscience but for potential application 
in animals. Called ‘Flysim’, the model 
incorporates 20,000 neurons and over one 
million synapses to construct a simulated fly 
brain based off realistic cellular dynamics, 
membrane conductances and physiological 
data (Huang et al. 2019). Although further 
additions are required to replicate biological 
realism, such as additional receptor types, it 
does show promise for future experiments and 
study in silico, as well as the potential for an 
animal equivalent.  

Brain regions interact with one another to carry 
out a common function. This is apparent in 
contextual memory acquisition which requires 
contribution from the entorhinal cortex, dentate 
gyrus and the hippocampus. A model involving 

Figure 2. Cellular makeup of the 1:1 CA1 
hippocampal model, coloured by the presynaptic 
interneuron (outer cells) connections to pyramidal 
cells (centre) (Bezaire et al. 2016). 



these 3 areas demonstrated the requirement of 
the PFC too, in obtaining stable, correct 
memories. The study showed that these 3 
areas, without input from the PFC, resulted in 
associative memories with no relevance to their 
tested context. Their finding is consistent with 
studies in rats where PFC inactivation results in 
impaired contextual memory acquisition (Pilly et 
al. 2018).  

Imaging 
Although not directly replacing or reducing 
animal numbers, a number of AI tools have been 
developed to extract more information from 
fewer biological samples. Tools such as imaging 
analysis software enables scanning of images to 
retrieve extensive information, over a shorter 
time, while removing any human bias. 

One such example is the use of Opera Phenix 
high content screening and Harmony analysis 
software in analysing immunohistochemistry 
(IHC) images. IHC is used for a number of 
reasons, whereby tissue slices are stained and 
scanned, followed by analysis where the 
scientist may look at various factors, such as 
cellular morphology, density and cell type. The 
group, using the forementioned systems, 
demonstrated that their machine learning 
pipeline had the same accuracy as a human 
examiner in analysing images from both rat and 
mouse brains, but at a speed 200 times faster 
(Liu et al. 2019). This allows a much higher 
quantity of data to be extracted from the same 
or fewer number of samples. 

DISCUSSION 

Thus far, this review has explored the current in 
silico models and simulations utilised in 
neuroscience research, enabling experiments to 
be conducted without the need for animals. 
Despite this, there are several limitations and 
caveats which require discussion. 

Limitations 
In silico models can only be constructed on 
information that we currently possess. Biological 
mechanisms or cell types that we do not fully 
understand are usually omitted from models. For 
instance, the striatal microcircuit discussed 
earlier (Hjorth et al. 2020), failed to include two 
interneuron subtypes in the model.  

It is not only cell types that are excluded from 
studies, but also behavioural elements and 
biological cycles. In a sleep-wake cycle model, 
the regulation of rapid eye movement (REM) 
sleep and circadian rhythm were not included, 
which may be responsible for the inaccuracies 
seen in the model output (Herice and Sakata 
2019). Due to the extensive complexity of the 
brain, an incredible level of detail is required, 
from receptor dynamics to cellular composition. 
Critically, these studies are not unique in the 
omission of key aspects relevant to their models. 
In a multi-compartmental dendrite model, one 
limitation mentioned was the quantity of 
receptors and neurotransmitters used 
(Blackwell et al. 2019), whereas a study into cell 
morphology on calcium spikes reported a 
simplified, uniform ion channel distribution 
(Anwar et al. 2013), and the tonotopic 
organisation model, mentioned earlier, excluded 
short term synaptic plasticity (Tomkova et al. 
2015). 

Even when realistic parameters are used, the 
brain remains a complex structure. Not all 
neurons are the same and not all components 
are well understood and so minute differences 
will always provide a microlandscape that is 
difficult to capture in CMs. Where evidence is 
lacking, assumptions are made, like in the 
CA1/CA3 hippocampal model looking into 
phase precession (Jarmamillo et al. 2014). It 
was reported that peak firing rates and synaptic 
weights were assumed to be the same in CA3 
cells.  

Whether single units or whole networks, the 
requirement for realistic replication and function 
remains the same. In a fear-conditioning model, 
which incorporated brain areas associated with 
such (hippocampus, amgydala and PFC), the 
network model was composed of ‘nodes’ rather 
than biologically realistic neurons. In some 
studies, a network model like this may be 
sufficient, as seen in this example, where their 
model could reproduce existing data with 
regards to the extinction training (Moustafa et al. 
2013). In other cases, like Shay et al. (2016), 
simplification may influence model functioning. 
They reported differences between their in vitro 
data and their model in the hyperpolarising input 
of stellate neurons. This was ascribed to the 
simplicity of their model, further highlighting the 
requirements for biologically realistic models. 



Simplification of models down to a binary factor 
sometimes disregards the causality of the study. 
Instead of saying it does or doesn’t work, the 
brain-injury model by Maia et al. (2019) 
accounts for cellular pathologies, such as axon 
swelling and demyelination, in studying slow 
gamma frequencies in brain injury. By using 
real-life pathologies rather than an on/off system 
sometimes used, their work on traumatic brain 
injury, as well as their previous work (Maia et al. 
2017) enabled them to demonstrate that 
reaction time, rather than accuracy, correlates 
best with the degree of brain injury. 

As previously mentioned, maintaining a realistic 
functioning network requires the inclusion of 
numerous cell types, receptors and synaptic 
connections. A recent study using a cortex 
network model included 50 Purkinje cells, 1000 
granule cells and 500 molecular layer cells 
where each of the PCs received synaptic input 
from 100 GCs and 8 MLIs randomly (Tang et al. 
2021). The diversity of cell types is much more 
reflective of the actual brain composition and 
connections; however, they failed to include vital 
parameters such as ion channels in the 
dendrites. Moreover, the pyramidal cell model 
used in the investigation of pharmaco-resistant 
epilepsy focused on the reduced effectiveness 
of cotransporter KCC2 (Buchin et al. 2016). 
However, they noted that their model excluded 
the sodium potassium-chloride cotransporter 
(NKCC1) which may affect the intracellular 
chloride concentrations (Buchin et al. 2016). 

It seems several models omit relatively small, 
yet significant, components which contribute to 
the overall cellular properties. Limitations like 
this may be a result of the current computational 
restrictions. With an increase in complexity, so 
is the need for computational power. 

Mentioned earlier was the 1:1 model of the 
rodent CA1 hippocampus, which required a 
3000-core supercomputer with 4TB of RAM to 
run the model for just 4 seconds (Bezaire et al. 
2016). This demonstrates the enormous amount 
of computing power needed to run a subsection 
of just one brain area, and that realistic, whole 
region modelling is not feasible with the current 
technology. However, it does promise the 
possibility of future work with the inevitable 
advancements in technology. Despite this, most 
studies do not require a 1:1 scale model of a 
particular brain region, and perhaps a 

miniaturised version would be suitable in most 
instances.  

Future Work 
Despite the limitations described above, the 
majority of models have been validated against 
existing data, or made accurate predictions that 
were later confirmed experimentally. These 
papers often include areas requiring 
improvements and how they will further the 
current method. 

Several papers highlight improvements, such as 
the CA1-pyramidal-neuron model used to look at 
extracellular acetylcholine, and downstream 
intracellular calcium signalling. Incorporating 
aspects like mitochondrial calcium dynamics 
would further expand their model (Mergenthal et 
al. 2020). Moreover, with regards to behaviour, 
Sleidorovich et al. (2020) suggested increasing 
the complexity of the maze used in place field 
size experiments, as the current model does not 
include features like walls. Finally, a 2014 study 
looking at firing activity, using a thalamocortical 
serotonergic neuron, highlighted the need for 
additional data regarding the pacemaker-like 
properties of these cells, as existing evidence is 
conflicting (Nirody 2014). 

This work has examined the use of computer 
models, simulations, and AI in replicating 
biological mechanisms and behaviours, ranging 
from single cell models to whole brain regions. 
Where biological elements are well understood 
and integrated in the models, they have shown 
to accurately replicate existing data and predict 
future findings. The models identified unfruitful 
directions of research while guiding us to more 
informative areas of work. Despite the main 
caveat of requiring model validation, usually 
through animal experiments, they enable a vast 
amount of research to be carried out which 
would otherwise require animals. Nonetheless, 
they remain credible and prove insightful as 
standalone methods in exploring a variety of 
mechanisms and networks.  

This work has discussed current limitations like 
computational power and oversimplifications, 
and future work regarding improvements to 
existing models. This area of computational 
neuroscience has already made great strides in 
reducing and replacing animal models through 
modelling of biological systems, and remains 
exciting for the future. 
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