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Abstract

Elucidating causal, neurobiological underpinnings of behaviour is an ultimate goal of every

neuroscientific study. However, due to the complexity of the brain as well as the complexity

of the human environment, finding a causal architecture that underlies behaviour remains

a formidable challenge. In this manuscript, we review the logical and conceptual issues with

respect to causal research in neuroscience.

First, we review the state of the art interventional and computational approaches to infer

causal brain-behaviour relationships. We provide an overview of potential issues, flaws, and

confounds in these studies. We conclude that studies on the causal structure underlying

behaviour should be performed by accumulating evidence coming from several lines of

experimental and modelling studies. Lastly, we also propose computational models including

artificial neuronal networks and simulated animats as a potential breakthrough to causal

brain-behaviour investigations.

Keywords: causality, cause and effect, Necessity and Sufficiency, causal inference, brain

interventions, computational models, brain-behaviour relations
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1 Introduction

The notion of “cause and effect” plays a fundamental role in the understanding of our

environment. This specifically applies to scientific endeavour and discoveries related to the

mechanics of the physical world. However, understanding the realm of complex systems,

especially biological ones, is vast enough that it can easily confuse us. Many of the scientific

fields, such as cognitive science, psychology, ethology, and neuroscience, employ the question

of “what causes a specific behaviour in a living organism?” For example, searching for causes of a

relatively well-investigated phenomenon such as storing information in a biological system can

be found in multiple spatial scales from molecules to neuronal circuits and multiple temporal

scales from few milliseconds to millions of years (Josselyn, Köhler, & Frankland, 2015; Bielczyk,

Buitelaar, Glennon, & Tiesinga, 2015).

To capture such a complex causal structure in one framework, Ernst Mayr (Mayr, 1961)

advocated the separation of causes into two major categories of ultimate complex causal and

proximate causes. Proximate causes can explain the immediate causes, such as neuronal events

while ultimate causes aim to explain more distant causes such as the evolution of the behaviour.

Inspired by Aristotle’s four causes, this account was further elaborated by Niko Tinbergen,

dividing each of the categories into a static/dynamic dichotomy (Tinbergen, 1963). In other

words, one should consider four causes with respect to behaviour, as an example, aggression:

• Proximate - dynamic cause (ontogeny): that explains the individual’s developmental

history of aggressive tendencies, such as what was the role of the mother’s hormonal

state during the pregnancy?

• Proximate - static cause (mechanism): that elucidates the individual’s underlying

neurobiological processes like which brain circuits are responsible for aggressive

behaviour?

• Ultimate - dynamic cause (phylogeny): that reveals the species’ evolutionary history,

for example, of how aggressive traits led to an increased rate of survival.
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• Ultimate - static cause (adaptation): that describes the function of the observed

behaviour with respect to the current environment like how aggression can be an

adaptive strategy to cope with the environmental forces.

Even though the mentioned framework facilitates the organisation of the scientific findings in

a way that builds a more comprehensive causal explanation for behaviour, there are several

weaknesses of this approach. We will review these issues in the following section.

2 Logical reasoning and conceptual foundations of causal inference

Besides the overemphasis of the proximate factors that lead to a so-called reductionistic bias

(Krakauer, Ghazanfar, Gomez-Marin, MacIver, & Poeppel, 2017), one major confusion arises

from how we define and subsequently establish a proximate causal relationship in laboratories.

As interventionists, we mainly infer such a link by manipulating the cause and measuring

its influence over the produced effect (J. Woodward, 2009). Again, this manipulation might

happen in different scales from gene knockout experiments (Gavériaux-Ruff & Kieffer, 2007)

to pharmacological interventions (Afraz, Boyden, & DiCarlo, 2015) and the brain’s regional

deactivation using non-invasive tools (Parkin, Ekhtiari, & Walsh, 2015). What is often concluded

afterwards is that the target of intervention has a causal role in the occurrence and/or quality

of the observed behavioural changes.

2.1 Levels of organisation: Necessary and sufficient causes

So far, an intuitive but powerful approach known as “Necessity and Sufficiency” conditions

(NS) was used to draw causal conclusions in behavioural studies (Gomez-Marin, 2017): if

deactivating the target leads to the deactivation or malfunctioning of the effect, the target is

assumed to be a necessary cause. And, if we can observe the effect by merely activating the target

then the target is assumed to be a sufficient cause. Consequently, a sufficient and necessary cause

is a cause that has both properties.

Although this line of logical reasoning has been extensively used, helping to construct logically

sound arguments, Yoshihara and Yoshihara criticised it as misleading when it comes to causal

conclusions in biological systems (Yoshihara & Yoshihara, 2018). They used gene knockout
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experiments as an example in which a gene is considered to be a factor necessary and sufficient

to produce a developmental phenomenon. As they argue, the problem with this line of

reasoning is that the gene alone (e.g., the eyeless gene) is incapable to produce such an effect

(e.g., retinal development) in isolation, therefore, the conclusion of the gene is sufficient for the

retinal development and consequently “if gene then develop” is misleading in a way that a small

proportion of the process was considered to be all that is needed to explain the phenomenon.

Moreover, by considering the spatial scale or “levels” (Craver, 2015; Sejnowski, Churchland, &

Movshon, 2014), we can see that for an effect to emerge at a higher level of organisation, e.g., a

specific behaviour, there are many underlying factors from lower levels of organisation that

can be experimentally manipulated and counted as a necessary and sufficient cause. For example,

a specific set of genes on the molecular level, a specific neurotransmitter on the cellular level,

and a specific neuronal organisation on the systems level might, in fact, pass the NS condition

independently. This abundance of “sufficient” causes is, by itself, in contradiction with the

definition of “sufficiency”. Interestingly, the philosopher John Leslie Mackie already pointed to

this issue and proposed a more complicated set of conditions to address it (Mackie, 1993). In

his work, Mackie assumes a short-circuit as causal for a burnt house since short-circuit ignited

a flame while the presence of flammable material and absence of a fire alarm are other parts of

the causal chain. However, he argues that these factors are Insufficient but Necessary factors

(since none of them by themselves can burn a house down while they were necessary for the

effect to take place) in a bigger set of Unnecessary but Sufficient causes (since besides them

other factors can potentially burn a house down). This INUS conditioning might be a potential

alternative to the NS approach. To put it into perspective, declaring a manipulated circuit

being sufficient and necessary, therefore, causal with respect the behavioural change might be

misleading since:

1. it is not sufficient per se (one circuit alone is not able to completely generate a behaviour

without, e.g., muscles or vascular system) and

2. it is not necessary by nature due to the high redundancy in the brain.

However, the circuit can be called a cause that is an insufficient but necessary factor in an

unnecessary but sufficient set of factors (Figure 1). This line of reasoning acknowledges the
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latent influence of other potential factors and consequently, other causal explanations of the

same end product by not considering only one factor of interest as sufficient or necessary.

Yoshihara and Yoshihara also pointed towards this issue and argued that if a particular circuit

or gene was already found to be necessary and sufficient for the observed behavioural effect, it

does not mean that no other causes contribute to the causal explanation (Yoshihara & Yoshihara,

2018). Also, if a target region did not pass the conditions, it should not imply that they do not

play any causal role in the occurrence of the event. Interestingly, by moving towards a more

pluralistic set of conditions to declare a variable causal, we will be able to surpass the limitations

of the deterministic approach towards causality (see Potentials of connecting biological and

artificial systems) and explore the interactions among multiple variables, attributing a "causal

contribution score" to each (Keinan, Sandbank, Hilgetag, Meilijson, & Ruppin, 2006).

2.2 Levels of investigation: type and token causes

One other logical issue when investigating causes underlying behaviour, is the “type-token

distinction” of causes. A token cause can be observed in an event, e.g., person ‘A’ threw a stone

and the stone broke the window. In this scenario, person ‘A’ then can be pinpointed as the

cause of the broken window, however, in domain of type causes neither person ‘A’ nor the stone

are necessary for a window to be broken since there might have been another event in which

person ‘B’ throws a hammer (J. F. Woodward, 2010). Therefore, concluding that either person

‘A’ or the ‘stone’ or even a combination of both is “causally crucial” for the effect might skew or

even hinder the exploratory aspect of science because we generalised a token (event-related)

cause to a type (general) cause and therefore ignored, or at best, underrated other potential

causes. Translating this to neuroscience, a manipulated circuit might reveal that it has a causal

role in the behaviour of interest. This experimental finding is comparable to the person ‘A’ being

a cause of the broken window in an event. However, there are redundancies and compensations

from other brain regions that might have taken over the computation if needed, much like

another person could have had broken the window using a potato. In experimental setups,

this leads us to control the role of other regions as much as possible, however, even though

a complete control over the entire brain might be possible in future, yet that brain itself can

be considered as a token cause. The reason is that this particular configuration is one of many
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implementations that is evolved to produce under-investigated behaviour, e.g., signalling

the presence of a predator. It is quite possible that the same behaviour can be produced by

a plant with a completely different biological mechanism that makes the underlying causes

being realised differently, e.g., through chemical signalling instead of vocalising. Therefore,

behaviour as a system’s product is not necessarily bound to one particular implementation and

might be fruitful to consider a higher level of analysis such as the computational level (what

problem the system tries to solve?) or algorithmic level (how can it be done?) instead of the

implementation level, which translates to how it is done by this system (Marr & Poggio, 1976).

2.3 Levels of implementation: The methodological obstacles

Focusing on the implementation level, one of the most puzzling questions in neuroscience

is “What can we call causal in the brain with respect to the produced behaviour? Neuronal elements

themselves? The information they transmit? Or both and generally, how?” (Figure 3). Using the

broken window thought experiment, there is an unknown number of potential factors that can

break the window and the question of “how the window can be broken” has numerous potential

and true answers as “how the behaviour is manifested in this particular way”. Therefore, to better

understand the causal structure underlying behavioural effects, we might need to adjust our

view, focusing more on the properties of behaviours as phenomena and not all the different

combinations of events that can produce them since it is argued to be an "algorithmic barrier"

ahead of this approach (Ramaswamy, 2019). The described issue was discussed extensively in

an influential paper by Krakauer and others (Krakauer et al., 2017).

Jazayeri and Afraz also argued that biological systems are optimised to perform in their natural

environments which might not be possible to reconstruct in laboratory settings (Jazayeri &

Afraz, 2017a). In other words, the stimulation parameters used in an optogenetic experiment

might be unnatural for the targeted neuronal circuit. By taking the circuit to such obscure space

of being constantly activated for seconds, one might observe unnatural responses so that their

ecological validity is not guaranteed. This might render the mechanistic conclusion irrelevant

and obsolete since it will not give us reliable information about the causal structure of the

system as is in its "umwelt" and may be hard to generalise.
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In other words, causal explanations of behaviour are not the full story and must not be confused

to serve such purpose (Figure 1). In the following section we review a few of the multiple tools

that are used to manipulate neuronal circuits in search for causal explanations of behaviour.

We also briefly compare a few of the main methods that are being used for the observational

studies. Lastly, we discuss the potential benefits of in silico models in search for causes of

behaviour.

3 Interventional methods for causal inference

Experimental approaches towards mapping brain regions to behaviours can be traced back to

classic case studies on patients in which natural lesions in specific brain circuits caused drastic

changes in the behavioural domain (Damasio, Grabowski, Frank, Galaburda, & Damasio, 1994).

Nowadays, advancements in technology enabled us to induce artificial and reversible lesions

as well as acutely activate specific brain structures. Two major types of artificial lesions were

cooling and the usage of neurotoxins before the presence of even more advanced methods such

as optogenetics. Briefly, the cooling approach reduces the activity of the targeted neuronal

population by reducing the temperature to at least below 10◦C in that area (Coomber et al.,

2011). The other approach works by injection of various types of toxins such as Muscimol, to

inactivate targeted brain region (Levy, 2001). Furthermore, pharmacological drugs are also used

to mainly manipulate brain networks by changing the interaction of certain neurotransmitters

(Cools, Nakamura, & Daw, 2011; Tsou, 2012). However, pharmacological manipulations

are spatially not as precise as cooling nor neurotoxin-induced lesions (Figure 2) since they

can influence receptors across the brain and even body (Ogawa & Watabe-Uchida, 2017;

PollakDorocic et al., 2014). In addition to the aforementioned methods, it is now possible to

activate or inhibit different cortical areas by using Transcranial Magnetic Stimulation (TMS)

that can be implemented in a form of a self-standing therapeutic device, playing a potent role

in neurorehabilitation purposes (Polanía, Nitsche, & Ruff, 2018; Parkin et al., 2015). However,

there are still debates over the efficacy and precision of non-invasive interventional methods

(George et al., 2009). In this section, we aim to introduce and compare a few established and

spatially precise techniques developed and widely used to manipulate neuronal circuits.
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3.1 Electrical Stimulation

Arguably, electrical stimulation is among the oldest methods of manipulating neuronal elements.

The conceptual foundations root in the field of “medical electricity” that is older than neuroscience

itself and can be traced back to the classic experiments done by Luigi Galvani during the 18th

century. Galvani induced electrical currents to the sciatic nerve of a dead frog’s leg and observed

its twitches (Galvani, 1791). However, counting human brains as targets can be attributed

to seminal investigations of Wilder Penfield and his colleague Herbert Jasper during 50ths.

In their experiment, they systematically induced weak electrical currents to various cortical

regions of epileptic patients, identifying the source of epilepsy (Penfield & Jasper, 1954). Their

results led to intricate sensory motor maps known as homunculus and the crucial role of the

temporal lobe in recalling memory pieces. This functional specialisation of the brain regions

later inspired Jose Delgado to locate candidate brain structures for his famous bull experiment

in 1964. During his show, he was able to stop a raging bull from attacking him simply via a

radio controller, connected to an electrode inside the bull’s Caudate Nucleus and Thalamus

(Delgado, 1969). Eventually, these early experiments led to further applications of electrical

stimulation to psychiatric and neurological difficulties. For example, Deep Brain Stimulation

(DBS) is used to treat a range of disorders highly resistant to pharmacological medication, e.g.,

Parkinson’s Disease, Major Depression, Obsessive Compulsive Disorder, and Alcoholism (for

an extensive review see (Lozano & Lipsman, 2013)). Furthermore, electrical stimulation is

practised in neural prosthetic devices (Urdaneta, Koivuniemi, & Otto, 2017) since more invasive

solutions such as optical implants are not feasible yet. Hence, the need for having precise and

natural stimulation parameters has given rise to great challenges and outstanding results.

Technically, one free parameter is the stimulation frequency, i.e., the number of electrical pulses

per second, which can be adjusted during the procedure. Another crucial parameter is the

intensity of the applied electrical stimulation. A strong stimulation has the ability to directly

induce spikes while microstimulations are subthreshold currents, driving neurons closer to

their thresholds (Rattay, 1999). Therefore, increasing the intensity can drastically extend the

spatiotemporal scale of neuronal response (Figure 2) since higher intensities start a cascade

of activity through distant structures and induce long-term synaptic changes in the network,
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causing sustained activation or inhibition (Histed, Ni, & Maunsell, 2013). However, Histed and

colleagues (2009) found that the spatial scale can be reduced to only a few hundred microns

away from the electrode using microstimulations. They also showed that most of the neurons

were activated via the electrode itself and could only activate a small fraction of other connected

neurons (Histed, Bonin, & Reid, 2009). This so-called “indirect effect” is responsible for the

activation of distant neuronal circuits even located few centimetres away. To illustrate this effect,

Tolias and colleagues (2005) used functional Magnetic Resonance Imaging (fMRI) to measure

Blood Oxygenation Level Dependent (BOLD), while stimulating V1 using a high-intensity

current of 1 µA for 4 seconds. The results indicated that non-local neuronal populations from

extrastriate cortex were also affected by the stimulation (Tolias et al., 2005).

As described, electrical stimulation is one of the established tools in systems-, behavioural-

and cognitive neuroscience, however, it cannot target specific cell types as genetic tools do.

They rather affect all the neurons of the targeted region, leading to artificial patterns of activity

for the brain to process. In addition, few studies showed that axons are more sensitive to

the electrical stimulation comparing to cell bodies (Nowak & Bullier, 1998; McIntyre & Grill,

2000). This sensitivity can drastically distort spatial specificity if the electrode is not precisely

implanted since the responsible circuit for the observed behaviour can be located at a different

region, while having its axons passing near the stimulation site (Histed et al., 2013). Moreover,

silicon electrodes are susceptible to Foreign Body Response (FBR) in which glial cells cover the

electrode and impair its performance in chronic implantations (Turner et al., 1999).

3.2 Chemo and Optogenetics

A considerable wealth of the neuronal dynamics happens on milliseconds scale (Deco, Cruzat, &

Kringelbach, 2019). Thus, in order to create a manipulation paradigm that mimics natural neural

events in the network, there is a need for a temporal precision, which optogenetics provides.

Optogenetics allows us to either activate or deactivate the targeted circuit using a combination

of optics and genetics (Deisseroth et al., 2006). The first steps towards the fully functional

optogenetics framework were undertaken in the 70ths when bacteriorhodopsin has been found

to be light-sensitive (Oesterhelt & Stoeckenius, 1971). However, it took roughly 40 years for
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this idea to become practical, leading the first successful implementation of optogenetics in

neuroscience being carried out in 2005 (Boyden, Zhang, Bamberg, Nagel, & Deisseroth, 2005).

Despite its promising results, this method is not easy to employ yet, demanding many steps of

preparation. Briefly, the initial step of the procedure is selecting the proper opsin following the

selection of the proper viral vector and dose of injection. In the next step, the neuronal circuit

can be targeted by choosing an appropriate set of parameters such as optic parameters, e.g.,

wavelength and the duration of the laser (Yizhar, Fenno, Davidson, Mogri, & Deisseroth, 2011).

To elaborate, there are two major types of opsins. The light sensing system of type I opsins is

based on a single-component since light sensing and ion conductance are carried out by one

protein (Yizhar et al., 2011). Therefore, type I opsins are able to directly activate ion channels

or pumps due to their ionotropic receptors that enable fast and reliable responses to the light.

On the contrary, type II opsins are based on metabotropic receptors. Here, the light indirectly

opens ion channels as the signal transduction is carried out by a G-protein-coupled receptor

(GPCR). This receptor type elicits a signal cascade comprising various components, thus the

light response is relatively slow, reaching response times in the range of seconds (Zhang et

al., 2018). Overall, different types of opsins have different properties that allow the cell to be

inhibited or excited in a fast or a slow manner. For example, while lightened with a beam of blue

light, Channelrhodopsin - a type I opsin - responds in roughly 15 ms leading to depolarisation

(Kleinlogel et al., 2011), whereas inhibitory chloride pump opsins need yellow light in order to

be activated within 4 ms (Gradinaru et al., 2010).

After selecting a proper opsin, we need to use a viral vector to transport the opsin to our targeted

neuronal circuit. A dose of the viral vector with proper dilution level has a direct influence on

how far the opsins will diffuse. For example, 1µl of the transporter virus AAV5 can spread

through the whole hippocampus in a mouse brain while the same amount of the virus AAV2

will be diffused in a smaller volume (Burger et al., 2004). Thus, it is important to select the

proper transport virus to aim the targeted spatial diffusion of opsin. Another factor is the

light penetration. As shown by Aravanis et al., 2007, light intensity varies across different

tissue types (Aravanis et al., 2007). This issue can restrict light penetration and is important to

control for. However, cell-specific targeting is a great feature of optogenetics since we are able
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a large volume of viral vectors or long-term expression of those proteins (Zimmermann et

al., 2008). Although the toxicity can be avoided, the need for advanced technology in order

to stimulate parameters itself is critical and still remains to be solved. As mentioned above,

Jazayeri and Afraz warned against the issue of ecological validity of our interventions (Jazayeri

& Afraz, 2017b). Most of the laser stimulation patterns are not yet close to the normal pattern of

activity in the targeted circuit and these so-called “off-manifold perturbations” may bring the cell

to obscure behaviour, which would not be exhibited in the animal’s natural environment. This

argument is also valid with respect to many other interventional methods, if not all (Jazayeri

& Afraz, 2017b). In other words, while we are using such manipulations, we are the cause of

the behaviour and not the circuit since this is not the normal input that it always processes

(Gomez-Marin, 2017).

In addition, optogenetics has the issue of light penetration, reducing its efficiency for further

cells, while electrical stimulation surpasses the problem via its indirect effects. However, a

significant problem of both methods is that the animal, although behaving freely, has optical

fibres or electrical wires implanted that need to be connected to the implantation site during

the experiment. Recent advances provide us two other options to address this issue; one is

the wireless optical and electrical devices (Park et al., 2015; de Haas et al., 2012) and the other

is chemogenetic tools also known as Designer Receptors Exclusively Activated by Designer

Drugs (DREADD) (Armbruster, Li, Pausch, Herlitze, & Roth, 2007). The former still demands

invasive surgery to implant external material, which makes it susceptible to FBR and infections

in long-term investigations. The latter is a promising tool developed by Roth and colleagues

(Roth, 2016) to tackle the aforementioned difficulties. By definition, DREADD is “a method

by which proteins are engineered to interact with previously unrecognized small molecule chemical

actuators” (Roth, 2016). In other words, this technique uses engineered GPCRs to activate or

inhibit the targeted cell (Armbruster et al., 2007).

As optogenetics, these receptors can be introduced to the circuit via viral vectors and they can

be modulated using synthetic compounds such as clozapine N-oxide (CNO) (Armbruster et

al., 2007). Another way of having GPCRs, or opsins for optogenetics, in specific cells is to use

transgenic animals specifically manufactured for such purposes. This will make DREADD a
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precise tool to target specific cell types in a partially non-invasive manner since the vectors can

be injected not directly to the brain but anywhere in the body. After expressing locks or the

designed receptors, we are now able to inject the key - ,e.g., CNO -, again, anywhere in the body

(Urban et al., 2016) or using eye drops (Keenan, Fernandez, Shumway, Zhao, & Hattar, 2017)

to activate the receptor. This allows to perform long-term behavioural tasks with no optical

restrains.

In general, optogenetics and chemogenetics should be considered as complementary tools

since DREADD acts as a long-term manipulator with lower temporal resolution as compared to

optogenetics (Whissell, Tohyama, & Martin, 2016). Interestingly, in terms of spatial resolution

(Figure 2), since chemogenetics does not suffer from the problem of light penetration in the

larger scale of interest, it can be used as a tool to manipulate large-scale brain networks

(Grayson et al., 2016). The non-invasive nature of activating GPCRs also make DREADD a

promising tool for translational studies and probably clinical usage (H.-M. Lee, Giguere, &

Roth, 2014). Nevertheless, DREADD is also the subject to toxicity caused by inappropriate viral

injection and off-manifold perturbations of neuronal activity since there is no control over the

temporal parameters.

Box1: Methods for causal inference, applied to observational studies

According to the classic view on the causal inference by Holland (Holland, 1986), no

causation without manipulation. Indeed, whenever the experimental conditions allow,

interventional studies are preferred over observational (a.k.a. quasi-experimental

(Marinescu, Lawlor, & Kording, 2018)) studies as they provide with a direct evidence for

causal links between brain and behaviour. However, in human studies, experimental

manipulation is often too invasive and cannot be implemented. Therefore, besides some

exceptions (such as TMS), causal inference is performed by means of computational

techniques in which brain states cannot be manipulated in the experiment. Here, we list

the main computational approaches commonly practised in human studies.

Regression analysis:
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Multivariate regression analysis is a study of a relationship between a set of dependent

variables (in this case, representing components of behaviour) and one or more

independent variables, also known as predictors or explanatory variables (in this case, brain

states), using either a linear or a nonlinear model. In epidemiology and clinical psychiatry,

regression models are widely used both for prediction and for causal discovery.

In multivariate linear regression, the set of dependent variables is modelled as a linear

combination of predictor variables. In this model, regression coefficients fitted to the

model are the parameters which are associated with causal links between independent

and dependent variables. The solution of the inference procedure is a set of regression

coefficients which allows for fitting the dependent variables as a linear combination of

predictors, with the minimum inaccuracy (expressed in the model as a noise term). This

solution is most often obtained with the use of the Ordinary Least Squares approximation

(OLS, (Edwards, 1976; Hayashi, 2000)).

In linear regression, we assume that the dependent variable is continuous. Another type of

regression often used in epidemiological studies, is logistic regression. Logistic regression

is used when the dependent variable is categorical (Cox, 1958), especially when it is binary

(Prentice & Pyke, 1979). In logistic regression, the relation between the independent and

the dependent variables is modelled with the use of a nonlinear, logistic (or, sigmoidal)

function.

There are two things to keep in mind while interpreting the results in regression studies.

Firstly, the Ordinary Least Squares approximation for finding regression coefficients

does not provide a measure of confidence for the resulting coefficient parameters. This

issue can be overcome in at least two different ways: through permutation testing and

through model comparison. Secondly, p-values per each causal link should be corrected

for multiple comparisons.

Bayesian nets:
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Bayesian networks belong to the group of graphical models and represent a probabilistic

approach to causality (Pearl, 1995; Bielczyk et al., 2019). They describe complex systems

with interacting entities displayed in a graphical network structure. Each node in the

network represents a random variable while their interactions are defined by connections

called edges or links. They are displayed as directed arrows, indicating probabilistic causal

relations between those variables. Each link stands for one conditional probability. The

observance of one variable is more probable if the connected variable also is observed. The

joint probability of two or more events occurring together can be calculated as the product

of all individual conditional probabilities in the graph. If a node is independent of all other

variables in the system it occurs with the marginal probability. That is the probability of

that variable taking a specific value.

Usually, prior knowledge is required to define the structure of the graph. However,

there are algorithmic approaches to learn the structure of the network directly from

the data (Koller, Friedman, Getoor, & Taskar, 2007). If the structure of the graph is

eventually defined, the connection strength between the nodes needs to be evaluated. Two

approaches might be suitable to do so: finding the set of parameters which best describes

the underlying data, or using the Bayesian approach that defines a prior distribution over

all parameters and calculates a posterior distribution using Bayesian conditioning (Koller

et al., 2007).

Bayesian networks have the advantage of a possible switch between the factorised

representation and the graphical representation. In the visual graph, conditional

independence can be spotted without any additional analytical tools (Lauritzen, 1996; Pearl

& Dechter, 1996). Their great flexibility also allows graphs to be extended, split into sub-

graphs or get combined during the modelling process. Deficiencies in Bayesian networks

lay in their incapability of accounting bidirectional relations and their susceptibility to

hidden common causes in the graph.

Recent developments in the area of observational methods of causal inference shift

towards decomposing one-dimensional causal interactions into sets of independent
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requirements for causation (existence, composition, information, integration and exclusion,

(Albantakis, Marshall, Hoel, & Tononi, 2019)). The applications of these new approaches

to experimental datasets are still pending.

4 Potentials of connecting biological and artificial systems

So far, we aimed to provide an overview of the notion “causality” and its subsequent issues

in a biological system. We first reviewed the logical and conceptual foundations, followed

by a comparison of the prominent experimental and computational tools used to infer causal

brain-behaviour relations. We mentioned a number of caveats to causal studies of behaviour

that we believe should be considered. However, it is important to note that the issues we raised

in this paper are still the subject of discussion and new tools and approaches are being proposed

regularly to enrich the understanding of the causal links from the brain to behaviours.

As an example, we asked, “Can a brain region be claimed to have a causal role or is it the neural

code that plays such a role?” Answering this question requires a solid definition of the concept

“neural code” that by itself is argued to be inappropriate as a metaphor (Brette, 2017). Also, the

conceptual discrepancy between probabilistic causality, i.e., the cause raises the probability of

the event to occur, and deterministic causality, i.e., the event will reliably follow the cause, leads

to an open discussion on which type of causal model is a better assumption when it comes to

characterising the brain and its function (Mannino & Bressler, 2015)?

In terms of fundamental assumptions, one other crucial debate is the question of

“decomposability” of the brain and behaviour into subsystems (Figure 3). It is not clear if we can

precisely differentiate functions arising from the brain, and if yes, how much decomposable to

discrete functional modules the brain is (Bechtel & Richardson, 2010). In other words, if specific

modules in the brain (e.g., Fusiform face area) are causally involved just in a specific task (e.g.,

face processing) (Kanwisher, 2010) and if processing face can be counted as a phenomenon

with clear boundaries. This issue is particularly important for causal brain-behaviour relations:

in such conclusions, we implicitly assume that the brain and its products are decomposable to

pieces and there are one-to-one or at least traceable relationships between neuronal elements

and behaviours. Several lines of research violate such assumption by demonstrating that the
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cope with" in hope of understanding the "deep principles of human cognitive psychology" (Dennett,

1978). This idea of using so-called "animats" in their simulated environments as scientific models

later developed further into hybrid systems in which a biological neural network was receiving

information from and sending commands to a simulated rat in a virtual maze (DeMarse,

Wagenaar, Blau, & Potter, 2001). Doing so enables us to investigate the circuit of interest as

isolated as needed while still able to contribute to or even perform a behaviourally relevant

task.

2.pdf

Figure 4: Using computational ground-truth models in neuroscience: We can use synthetic

systems such as artificial neural networks, simulated agents, and animats as our scientific models to

firstly: evaluate our toolboxes and methods and secondly: gain more insight into algorithmic strategies

that might be used by the biological systems.

One interesting example is to explore the functional similarity of Deep Neural Networks (DNN)

and the visual system to grasp a more comprehensive understanding of systems that solve the
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same task. The potential benefits lay on the assumption that even though the brain and DNNs

are different in nature, there might be similarity in the algorithmic level or even functional

organisation (Cichy, Khosla, Pantazis, Torralba, & Oliva, 2016), therefore, using DNNs as

scientific models might provide unprecedented benefits (Cichy & Kaiser, 2019; Barrett, Morcos,

& Macke, 2019). It has been assessed by several studies that the hierarchical structure of DNNs,

as well as the representations at layers of non-linear computations have correspondence to

the real world visual system (Yamins et al., 2014; Kriegeskorte, 2015; Cichy et al., 2016). Here,

mechanistic approaches could be useful to explore the causal role of network components, such

as the effect of degeneracy by introducing sparseness to the network or exploring why some

network configurations trigger a certain behaviour while others do not. However, a natural

limitation of DNNs is the lack of interpretability although a few research projects have tackled

this issue recently (see, e.g., Montavon, Samek, & Müller, 2018). Another interesting way to

use systems with known structure is to investigate methodological assumptions. For example,

Jonas et al. (Jonas & Kording, 2017) used a microprocessor as their model to investigate if

pervasive analytical tools used in neuroscience can actually reveal how a microprocessor plays

games. Crucially, this research showed that the results are structured and contain interpretable

patterns, however, these patterns did not meaningfully reveal how the processor solved the

given tasks and therefore causally irrelevant (Jonas & Kording, 2017). This points towards

an epistemological pitfall that can be addressed using such ground-truth models. However,

assuming artificial neural networks or simulated agents being identical to their biological

counterparts has its own pitfalls and drawbacks that are beyond the scope of this review,

nonetheless one of the key points against simulated agents is the problem of generalisability.

Even if we gain a complete understanding of the simulated rat in its virtual environment, it

might not necessarily generalise to the real rat in its real environment (for example see (Webb,

2009)).

Box2: A hypothetical in silico experiment

Let us take an example of how causal structure of behaviour can be investigated

using artificial systems, acknowledging the natural environment and the evolutionary
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background of the agent. Following Dennett’s proposal (Dennett, 1978), one needs a

model and an environment to start with. In case of investigating the causal underpinning

of aggression, we can consider starting with an environment that aggression can be

incorporated in, e.g., a strategic multiplayer game in which teams of agents have

to compete for resources and eventually capture all territories (Stanley, Bryant, &

Miikkulainen, 2005). With respect to the model itself, we can use Topology and Weight

Evolving Artificial Neural Network (TWEANN) algorithms (Stanley, Clune, Lehman, &

Miikkulainen, 2018) such as NeuroEvolution of Augmenting Topologies (NEAT) to evolve

a desired number of embodied agents with ANNs as their brains (Stanley & Miikkulainen,

2002). Interestingly and due to the speciation feature, we can evolve agents with different

survival strategies. In our case, for example, one evolved strategy might be the aggressive-

shooter strategy in which some of the agents prefer to first invade the enemy units then

capture their territories. The other strategy can, in contrast, be the sneaking/hiding

strategy in which the agents tend to avoid direct costly conflicts, capturing the territories

while the enemy is busy somewhere else on the map. Much like the classic case of the

Hawk and Dove game, there can independently evolve many strategies that by themselves

are interesting to investigate the dynamics of (see (Nitschke, Eiben, & Schut, 2012) for a

more concrete case). The other feature is that, unlike more established approaches, there

is no need to handcraft the network a priori defining the number of neuronal layers and

initial patterns of connectivity. In other words, the network’s topology can be evolved

from unconnected input/output layers to more sophisticated structures with recurrent

neurons that can be investigated to mechanistically explain the aggressive behaviour. In

addition, this allows us to provide explanations with respect to ultimate causes such as

how environmental restraints led to such topology and strategy?

Next, we can aim to answer the proximate causes by leveraging the evolved networks,

feeding the topology to a different set of algorithms such as Reinforcement Learning

algorithms that are inspired by the way organisms learn from the consequences of their

actions. we now can aim to address the issues with respect to learning and development

of the specific strategy. Clearly, the opportunity to explore the effects of different factors is
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endless. Comparing the neuronal architecture of each strategy with one another, precisely

manipulating the elements, having access to the evolutionary history of each agent, being

able to examine the effects of all the environmental variables and so on. In fact, it is

possible to produce valuable predictions to test in vivo, explain evolutionary forces on the

observed circuit model, and eventually model the intervention-related confounds using

such simulated ground truth models.

5 Conclusions

To conclude, in this paper we encourage researchers interested in understanding the underlying

causes of the behaviours to be aware of the logical, methodological and conceptual foundations

of the conclusions they draw from their experiments. As suggested by DiDomenico and Eaton

in 1988 (DiDomenico & Eaton, 1988), one study might not be sufficient to draw causal links

between variables and it might require validation from not only different tools but also lines of

research which employ different definitions of causality since the purpose of the methodology

is to serve theory. We then suggested ground-truth models as potential scientific models in the

causal circuit explanations and noteworthy, we believe that not all the confusion arises from

the logical or methodological issues and it is important to note the issue of "language confusion".

Mathematical and computational approaches towards causality (see box1) can reduce the

impact of such effects. Lastly, we point towards the role of causality in system identification, it

might be helpful to keep in mind that even by quantifying a value for the causal contribution of

each element in a system, derived from rigorous mathematical approaches (Keinan et al., 2006),

one cannot necessarily answer "what" those elements are doing so a mechanistic explanation

is still yet to reach. This mechanistic explanation itself if reached is just one of many causal

explanations with regard to a specific behaviour. Therefore, a complete causal architecture of

how the brain produces behaviour should not be considered to be the goal, but a milestone.
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