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Abstract 
A central pursuit of cognitive neuroscience is to find neural mechanisms of cognition, with research 
programmes favouring different strategies to look for them. To enable theoretical integration across 
fields, we need a common understanding of what is meant by the term. Marr’s three-level framework 
and philosophical work on mechanism elegantly combine to provide a unifying lens through which to 
view mechanisms of the cognitive brain. Under this view, that which is to be explained are the 
computations of cognition, and explanation is given by mechanism — composed of algorithms and the 
parts of the brain that realize them. I argue that this conception suggests a delineation within cognitive 
neuroscience research. First, in the pre-mechanism stage, the computations of cognition are linked to 
phenomena in the brain, such as anatomical regions, oscillations, or event-related potentials. This 
provides the context to mechanism, narrowing down where and when mechanism is situated in space 
and time. This stage is distinct from the mechanism stage, where it is established how computation 
emerges from organized interactions between parts of the brain — filling the pre-mechanistic mould 
with algorithmic and implementational detail. I also show that the neural mechanisms that fit in this 
mould are diverse — they exist in the face of randomness and can comprise big or small parts. Finally, 
I argue that the explanatory scope of neural mechanisms can be approximated by effect sizes collected 
across studies, not just conceptual analysis. Together, these points synthesize a mechanistic agenda that 
enables fields with diverging approaches to Marr’s levels to connect at the level of scientific explanation. 
 
Keywords: neural mechanism, Marr's three-level framework, theoretical unification, randomness, levels 
of scale, effect size, cognitive neuroscience, new mechanical philosophy, philosophy of science 
 
 
 

Introduction 
Cognitive neuroscience has emerged as a science that 
aims to explain how cognition is implemented by the 
brain. There is a sense across much of the literature 
that explanation involves more than just accurately 
predicting brain responses or the behaviour they 
produce. While prediction may aid in explanation, 
test the validity of an explanation, and serve a 
plethora of clinical (Naci et al., 2012; Paulus, 2015; 
Rosenberg et al., 2018) and pragmatic ends (Clark & 
Parasuraman, 2014), explanation ultimately requires 
the specification of neural mechanisms. 
 While the specification of neural mechanisms 
is widely accepted as a principal goal in cognitive 
neuroscience, what is understood by the term varies 
significantly across the scientific literature. For one, 
the term mechanism is used to describe parts of the 

brain across levels of size, from neurotransmitters to 
anatomical brain regions. Second, the term is used 
when complex rules govern how these parts interact, 
and when they simply activate in a fixed sequence. 
Third, the term is used when correlations between the 
brain and cognition have been found, and when such 
relations are proven causal. Fourth, the term is used 
when parts of the brain have small effects on cognition, 
and when they explain much of the variance. Which 
of these are neural mechanisms of cognition, which are 
not, and why does it matter? 

The aim of this contribution is to start with 
a robust conception of mechanism, and to analyse 
how it fares in cognitive neuroscience — with the 
intention to promote a mechanistic agenda that 
applies across the board. To do so, I first introduce 
prominent research programmes, contextualizing 
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them in Marr’s three-level framework (Marr, 1982). 
Then, I review two examples of explained information 
processing systems outside of neuroscience, where the 
mechanisms have been extensively described. From 
this vantage point, I distinguish two stages of research 
in cognitive neuroscience: the stage where context is 
given to mechanism, and the stage where mechanism 
itself is explained. I argue that research in the former 
stage is often inaccurately considered to be about 
mechanism itself, that this hampers theoretical 
unification, and that characterizing mechanism itself 
should be given more focus. I also discuss an example 
of a model of a neural mechanism of cognition — 
highlighting what sets it apart from non-mechanistic 
descriptions. Finally, I show criteria which mechanism 
does not necessarily need to meet, and why beyond 
establishing mechanism itself, it is important to 
estimate the explanatory scope of a proposed 
mechanism using effect sizes collected across data. 
 
How we look for mechanisms in neuroscience 
Historically, Marr’s three-level framework (Marr, 
1982) has proven an invaluable beacon in the search 
for neural mechanisms of cognition. Its central tenet 
is that the brain — like any information processing 
system — requires an account of three autonomous 
levels. At the top, the computational level describes 
what is being computed and why — requiring at 
minimum a specification of the input-output function 

 
1 There are different accounts on what computational level descriptions must consist of. For an overview of these accounts, see Bechtel & 
Shagrir, 2015; Shagrir & Bechtel, 2017; Rescorla, 2020 (section 6.2). 

that is being computed1. This level details that which 
is in need of mechanistic explanation. Mechanism 
itself is spelled out by the remaining levels (Craver, 
2007). Specifically, the algorithmic level describes the 
representations of the system and the transformations 
that are performed over it, and the hardware 
implementation level lays out the physical parts which 
implement these algorithms, such as molecules, cells, 
synapses, or regions. A successful explanation in 
neuroscience is one that marries these levels, such that 
the physical parts realize algorithms, which in turn 
realize computation (Marr, 1982). 
 While there is widespread — but not 
universal (Churchland, 1986; Buzsáki, 2019) — 
agreement on the value of Marr’s framework, there is 
ample disagreement as to how research programmes 
should be designed to meet its demands (Figure 1). 
Subfields have proclivities towards different levels of 
analysis, each championing their own flavour of 
scientific explanation. The field of computational 
modelling focuses on finding algorithms, where basic 
findings about the brain are drawn upon to model and 
approximate neural function and behaviour (Lindsay, 
2021). Neurobiology instead concentrates on 
hardware implementation, with a stronger emphasis 
on the physiological details of biological entities and 
the role they play in the brain. 

Then there are programmes that expressly 
aim for integration across levels, with different 

Figure 1: Programmatic approaches to explaining cognition in the brain 
In cognitive neuroscience, the explanandum — that which is to be explained — are the computations 
of cognition. The explanans — that which does the explaining — is spelled out by mechanism itself, 
which demands description at the level of algorithm and implementation. The fields of 
computational modelling and neurobiology focus chiefly on explaining algorithm and 
implementation, respectively. On the other hand, top-down, bottom-up, and middle-out approaches 
programmatically set out to integrate Marr’s levels, each pursuing a different order of priority. 
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programmes varying in their preferred order of 
priority of Marr’s levels. In a bottom-up approach, 
biology constrains algorithm, which in turn constrains 
computation. This approach maintains we should 
understand the brain by first mapping out its parts 
before we can get a handle on the algorithms those 
parts realize to perform the computations of our 
cognitive repertoire (Braun, 1990). In a top-down 
approach, the order of constraint is reversed. Here, 
emphasis is placed on abstractions of cognitive 
function, with our computational repertoire 
adjudicating between different architectures before 
turning to where in the brain these architectures 
might reside (Marr, 1982; van Rooij & Baggio, 2021). 
Finally, a middle-out approach is gaining traction, 
with algorithm constraining both of its neighbouring 
levels. Here, neural mechanisms are obtained by 
validating competing algorithmic accounts of 
cognition on neuroimaging data, whilst separately 
branching out to the computational level (Love, 2015). 
Together, these make up prominent strategic 
approaches to acquiring mechanistic understanding of 
cognition in the brain. But what does mechanistic 
understanding itself consist in? 
 
Mechanism is a high bar to clear 
A mechanism for any phenomenon is defined by 
entities whose activities and interactions are 
organized in such a way that they produce that 
phenomenon (Glennan, 1996). This definition, which 
is similar to other accounts (Wimsatt, 1997; Craver, 
2001; Craver 2007), ties into Marr’s framework in the 
following way. The phenomenon produced by the 
mechanism is described by the computational level, 
making up the explanandum. The explanans is given 
by mechanism itself, which can be described both in 
algorithmic terms — for example by abstract nodes 
connected by edges in specific ways to enable 
computation; and in physical terms — for example by 
the neurons and synapses that realize the algorithms2. 

Marr’s framework and mechanistic 
philosophy remind us that contrary to what is 
sometimes believed in neuroscience, mechanism is not 
just described by the set of physical parts that 
underlie a cognitive function — the implementational 
level. The brain also has design principles that govern 
how physical parts interact to compute — and this is 
provided by the algorithmic level (Bechtel & Shagrir, 
2015). These design principles are abstract — they 
detach conceptually from the specific parts out in the 

 
2 Marr’s three-level framework is a way to analyse systems that have mechanisms (an epistemological project), with mechanism itself being 
the organized interaction between parts that results in a phenomenon (a metaphysical claim). My argument is that these considerations 
together serve to refocus our research on neural mechanisms, not that Marr’s framework and levels of mechanism collapse into each other. 

world that happen to realize them (Levy & Bechtel, 
2013). 

Crucially then, to describe a neural 
mechanism of cognition, a formulation of either the 
implementational or algorithmic level alone does not 
suffice. An inventory of neurons and their synapses 
does not describe a mechanism in neuroscience, and 
neither does a computational model that floats free 
from neural detail. For a neural mechanism of 
cognition to be described, both levels must be 
supplied. 

Moreover, even when both levels are supplied, 
the posited hardware candidate must be able to realize 
the algorithms, and actually do so in the way the 
brain does (Guest & Martin, 2021b). For example, a 
circuit of cells that can approximate behaviour using 
algorithms different from those of the brain is not a 
neural mechanism, and neither is a behaviour-
approximating algorithm that can only be 
implemented using gears. 

Any description which adequately captures 
Marr’s levels — a Marrian description — basks in 
conceptual clarity. Here, one can freely move between 
levels, defining algorithms in terms of physical parts 
and vice versa. An external observer of a Marr-
described system could look at the system’s physical 
parts and use an instruction manual that lists the 
algorithms to approximate the system’s resulting 
computations. Trivially, there might be epistemic 
limitations standing in the way of such an analysis — 
such as the inability to observe system parts, to 
calculate a state transition, or to keep track of system 
states. But there is no conceptual vagueness as to how 
computation emerges from mechanism, and so there 
is no problem in principle, even if there may be one 
in practice. 
 
Examples of described mechanisms 
It may be instructive to call on two paradigmatic 
examples of Marr-described information processing 
systems, where both the computations and the 
mechanisms that realize them have been extensively 
described. Let us take random access memory (RAM) 
and DNA, which both implement the minimal 
computation of memory: information storage for 
future retrieval. 

RAM can be described on the algorithmic 
level as achieving computation by routing inputs to 
memory addresses that have information stored in the 
form of binary symbols, which can be extracted (read) 
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and changed (write) before the system moves to a new 
state, at which point the same logic repeats. On the 
implementational level, we can describe the parts that 
realize these abstract design principles: the symbols 
are physically realized by transistors on a silicon wafer, 
and their value can flip via electric signals that switch 
the transistor between on and off states. 

For DNA, we have an algorithmic account 
similar to that of RAM’s read component — here too 
are symbols stored, extracted, and manipulated 
according to rules. On the implementational level, the 
physical parts are made of carbon rather than silicon: 
the symbols are realized by nucleotide bases of DNA 
strands — adenine, cytosine, guanine, and thymine — 
which variously combine to code the proteins 
necessary for life. 

For these two memory systems, there is no 
vagueness as to how computation arises because we 
have mapped out the mechanisms in terms of their 
algorithms and the physical parts that realize them. 
As a result, we can wield our mechanistic 
understanding of these systems in powerful and 
creative ways, such as to predict disease and explain 
biological phenomena in the case of DNA, or to build 
computers and phones with ever-increasing storage 
capacity in the case of RAM3. 

 
Mechanistic understanding 
How to operationalize whether a system’s mechanisms 
have been understood? A litmus test for mechanistic 
understanding would demand not only an account of 
Marr’s levels, but it would also require that the 
offered description maps onto reality. 

One approach is to test to what extent our 
mechanistic descriptions can be leveraged to 
programmatically alter computation through 
interventions on the system. The reasoning here is 
that if it is true that we know how the physical parts 
interact to result in a certain computation or other, 
then we should be able to intervene on the system’s 
parts in such a way that output B obtains rather than 
output A. 
 A downside of this metric for understanding 
is that physically changing a system may not be 
feasible or desirable. In such cases, an alternative is 
to ask whether we can use our mechanistic 

 
3 We can also exploit our mechanistic understanding of DNA to build efficient memory systems (Goldman et al., 2013), which allow us, for 
example, to store Shakespeare’s Sonnets (Yong, 2013). 
4 As opposed to concentrating on whether abstract models devoid of implementational detail result in hypothesized computations. Here, 
the arena of validation is the physical system itself, not an abstraction of it. 
5 This touches upon the distinction between experimenter-as-receiver and cortex-as-receiver (de-Wit et al., 2016). When mechanism is taken 
as the goal for scientific explanation rather than prediction, this incentivizes the cortex-as-receiver view above the experimenter-as-receiver 
view. In other words, a mechanistic science defines information as information for a system (Buzsáki, 2019; Scharnowski et al., 2013; van 
Bree et al., 2021). 

descriptions to predict computation without 
impinging on the system itself — an approach hinted 
at earlier. Under this alternative, we look at the 
physical parts of the system, and, using our 
formulation of the rules by which they interact to 
implement algorithms, we try to approximate how a 
certain input will result in a certain output. And, at 
intermediary stages of computation where input 
representations have already undergone various 
transformations, we should be able to look at physical 
parts of the system’s current state and approximate 
how the system will continue on to transform the 
representations into a certain output4. 
 Importantly, using prediction in this way is 
fundamentally different from predictions based on 
brute-force statistical regularities (Katz, 2012) — an 
approach that is more common in neuroscientific 
practice (more on this later). The difference is that in 
the approach defended here, prediction is 
methodically confined to mechanism itself rather than 
to any detectable correlation in the system which may 
or may not be mechanistically relevant to the system5. 

In the upcoming sections, I will contrast the 
notion of mechanism and mechanistic understanding 
as has been set out thus far with how we think about 
these concepts in cognitive neuroscience. 

 
Usage of mechanism in neuroscience 
In cognitive neuroscience, the term mechanism is 
often invoked when merely a relation between a 
phenomenon in the brain and cognition has been 
observed. The phenomenon might involve specific 
parts of the brain — such as neurotransmitters, 
neurons, circuits, anatomical regions, or networks 
(Bassett & Sporns, 2017). Or it might involve a class 
of brain dynamics — such as event-related potentials 
(ERPs), travelling waves, or neural oscillations. 
Moreover, the brain-to-cognition relation is found at 
some level of warranted causal inference — ranging 
from low, such as when functional connectivity 
metrics are used (Mehler & Kording, 2020), to high, 
such as in brain stimulation studies (Dijkstra & de 
Bruin, 2016). 

But while brain-to-cognition relations can be 
useful, it is not until there is a detailed account how 
specific parts of the brain systematically interact to 
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produce cognition that mechanism itself is described 
(Hommel, 2020; Krakauer et al., 2017). Even if a 
brain-to-cognition relation proves causal, by itself it 
does not describe a neural mechanism because there 
is no meaningful synthesis between hardware and 
algorithm — there is little to no explanation as to how 
the system’s parts interact to implement algorithms 
to perform the computations of cognition.  

To flesh out these points, let us review how 
cognitive neuroscience research usually transpires, 
and what kinds of explanations are provided by its 
various stages. 

 
Stages of cognitive neuroscience research 
Cognitive neuroscience typically undergoes several 
stages of research. Usually, we start with the search 

for relations between neural phenomena on the one 
hand (such as brain regions, oscillations, or event-
related potentials) and the various sub-computations 
of cognition on the other hand (such as memory 
encoding, storage, and retrieval) — seeking brain-to-
cognition relations. Then, we may test whether these 
relations are causal, whilst at the same time supplying 
them with spatial and temporal detail. On top of that, 
we may describe how different brain-to-cognition 
relations link up together, detailing how cognitive 
processing unfolds in the brain. 
 These stages of research — which by no 
means always undergo the same order — provide pre-
mechanistic understanding (Figure 2). They establish 
with increasing certainty where and when neural 
mechanisms of cognition are to be found in the brain. 

Figure 2: Stages of research in explaining cognition in the brain 
A) Neural correlate stage. Cognitive functions can be decomposed into computations, which correlate with phenomena in 
the brain — such as a set of anatomical regions, event-related potentials (ERPs), or frequency bands of oscillations. B) 
Causal boundary stage. Causal studies can determine the boundaries of cognition in the brain, confining where and when 
mechanism resides. This stage may confirm, falsify, or adjust the overall model from the neural correlate stage. C) Causal 
pathway stage. A preliminary pathway of cognition might have been sketched so far by means of neuroimaging and brain 
stimulation. In the causal pathway stage, this sketch is scrutinized and adapted by means of, for example, time-resolved 
brain simulation, revealing the flow of computation. D) Neural mechanism stage. We enter the separate class of explaining 
neural mechanism only when there is a formulation how computation emerges from organized interactions between parts 
of the brain. This stage fills the mould of our causal pathways with mechanistic detail, offering a mechanistic explanation 
of cognition in the brain. The order presented here may vary within research programmes (across work on different 
cognitive functions) and between programmes, and stages may sometimes be skipped altogether or returned to later. 
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In the neural correlates stage, we specify what it is in 
the brain that relates to cognition (Figure 2A). In the 
causal boundary stage, we may use causal 
interventions to figure out the physical perimeters of 
cognition, establishing where in space and time 
mechanism likely6 resides (Figure 2B). In addition, by 
specifying the flow of computation across anatomical 
regions (or other neural phenomena), we obtain a 
causal pathway of cognition (Figure 2C). 

Critically though, at none of these stages do 
we explain a neural mechanism of cognition. What is 
missing is a formulation of how parts in the 
anatomical regions (or parts underlying ERPs or 
oscillations) realize computation (Figure 2D). What 
are the ways in which parts of the brain (such as a 
group of connected neurons) interact and how does 
this lead to computation? Can we look at the brain 
and apply a rulebook with algorithms to physical 
parts situated in the causal boundary to make any 
sort of prediction about the computation at hand? If 
the answer is no, then the stage of research is pre-
mechanistic. 

Let us take models of language processing to 
make these points more concrete (see Friederici, 2011 
for an overview) — though the argument holds for 
cognitive neuroscience research at large. At the neural 
correlate stage, a set of four anatomical regions might 
be found to correlate, in turn, with phonological, 
lexical, syntactical, and conceptual processing (these 
are examples of psycholinguistic computations). Next, 
when brain stimulation is applied to each anatomical 
region, it may be found that each region’s 
computation is impaired without affecting the other 
regions, suggesting the causal boundaries of cognition. 
Then, by taking neuroimaging findings on the 
temporal dynamics of neural activity across these 
regions, and by further testing exactly when brain 
stimulation interferes with different regions, the 
model can be enriched with the flow of computation, 
obtaining a causal pathway of cognition. 

But a causal pathway of cognition is not a 
neural mechanism of cognition (Ross, 2021). Crucially, 
this model of language processing addresses 
mechanism only when there is a formulation of how 
the physical parts of implicated regions systematically 
combine to perform their computations. How is it that 
the neurons and synapses in the brain regions 
stipulated to process the phonological, lexical, 
syntactical, and conceptual content — say, of the 
word “dog” — interact to do so (Gallistel & King, 

 
6 Caution is warranted with this type of inference — the finding that cognition changes as a function of causal interventions can be explained 
by a plethora of confounders. For alternative explanations in brain stimulation, see Bergmann & Hartwigsen, 2021; Schutter & Hortensius, 
2010; van Bree et al., 2019. For alternative explanations in lesion studies, see Vaidya et al., 2019. 

2009; Poeppel, 2012)? What are roughly the rules of 
interaction by which one computation obtains rather 
than another? Undoubtedly, a full-fledged answer to 
these questions is difficult to achieve. But my point is 
that this is a separate class of inquiry that is about 
mechanism itself, rather than about where in the 
brain mechanism resides, the time at which it does its 
job, its slot in a sequence of multiple mechanisms, or 
any other context that can be given about it (Hommel, 
2020). 

A strict emphasis on the conjunction between 
how (algorithm) and where (implementation) tends to 
diverge with the usage of the term “mechanism” in 
cognitive neuroscience, where a correlational or causal 
relation between regions, ERPs, or oscillations and 
cognition often suffices (for a few examples in 
language processing, see Dröge et al., 2016; McNealy 
et al., 2006; Rodd et al., 2005; Zimmerer et al., 2019). 
Perhaps it is more appropriate to call a series of 
correlational findings neural correlates rather than 
neural mechanisms of cognition and to refer to 
findings in the causal realm as causal boundaries, or 
causal pathways if the flow of computation is specified.  

Regardless of language use itself, the more 
pertinent point is that mechanistic explanation is 
distinct from collating a series of correlational or 
causal findings and supplying them with spatial and 
temporal detail. Mechanistic explanation requires the 
specification of computing algorithms and physical 
parts of the brain that realize them. Seeing this as a 
distinct enterprise from pre-mechanistic work is 
important to ensure research programmes can 
ultimately reconcile their findings at the level of 
theory and scientific explanation. In this sense, 
mechanism sets a universal language to a pluralistic 
cognitive neuroscience. 
 
Mechanistic understanding in neuroscience    
Up to this point, I have focused on examples of the 
pre-mechanism stage in cognitive neuroscience, which 
is differentiated from the mechanism stage proper. 
What are some descriptions of neural mechanisms of 
cognition and what is it about them that exceeds pre-
mechanistic descriptions? To give one example of a 
well-specified mechanistic account, Mazurek et al. 
(2003) lay out a primate model of visual decision 
making (Figure 3). Here, just like in pre-mechanistic 
accounts, there is a sequence of brain regions with 
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associated computations, covering each step from 
stimulus processing to a decision on motion direction.  
What makes this account mechanistic7 is that there is 
a formulation of the algorithms that achieve the 
system’s representational transformations, with 
groups of neurons in extrastriate area MT and lateral 
intraparietal cortex empirically validated to 
implement these algorithms. 

 
7 Accounts are mechanistic when they explain which parts interact to produce computation and how they do so, but the level of detail 
across accounts may vary substantially. Perhaps this invites additional terms like mechanistic sketches and schemata for cases where only 
little detail has been provided (Machamer et al., 2000).  

The previously discussed metric for 
mechanistic understanding goes a long way here — it 
is through our understanding of how specific parts of 
the brain interact that prediction on the resulting 
motion direction decision is made possible. An 
external observer (in practice, a model wielding our 
mechanistic hypotheses) could look at stimulus input 
patterns or neural activity midway and predict — 

Figure 3: A mechanistic model of visual decision making in the brain 
Fixating monkeys were presented with random motion at a specific strength (coherence %) and 
direction. The animals indicated their decision on motion direction using an eye movement. A model 
specified the putative neural mechanisms behind this process, containing rules that operate over 
incoming neural activity (algorithm), as well as neurons of specific anatomical regions that realize 
them (implementation). The model accurately predicted decisions, reaction time, and neural activity 
of empirical data using three steps (Mazurek et al., 2003). First, direction-selective neurons in 
extrastriate area MT code sensory evidence about motion direction. Second, the difference in activity 
between left and right-selective MT cells is integrated and baseline-offset in the lateral intraparietal 
area (LIP). These operations cause left and right-choice LIP neurons to increase or decrease their 
activity over time as a function of motion direction. Third, a threshold determines when enough 
evidence has accumulated to categorize evidence as leftward or rightward, initiating the relevant 
motor programs to make an eye movement toward a target. Redrawn from Mazurek et al., 2003. 
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using an understanding of the system — which 
decision a primate will make on the question of 
motion direction. Indeed, the authors use their model 
to successfully predict behavioural and neural 
measurements (Mazurek et al., 2003). 
 It is worth reiterating that prediction here is 
only considered a means to an end. Applying a 
pattern classifier or related statistical techniques to 
the data will probably yield more accurate predictions 
about decision making and neural activity than using 
algorithms operating in parts of the system. However, 
to claim that this makes such predictive techniques 
superior to mechanistic models is conflating an 
instrument for scientific explanation with scientific 
explanation itself. Techniques geared to maximize 
predictions by indiscriminately capitalizing on any 
pattern in the data are both common and useful in 
neuroscience — they can for example help narrow 
down where computation happens in the brain. 
However, prediction should not be confused with 
mechanistic understanding8 (Kaplan, 2011). 
 
Mechanism is not an out of reach stage that 
comes only after detailing brain-to-cognition 
relations 
As I have discussed, cognitive neuroscience tends to 
concentrate on characterizing brain-to-cognition 
relations, with descriptions of mechanism itself as a 
separate stage that usually comes later or not at all. 
There are two normative claims I would like to offer: 
first, we should recognize this distinction in our work 
to facilitate unification across fields in the universal 
language of mechanism, conceiving of the mechanism 
stage as a distinct end goal. Second, we should expend 
more resources on the mechanism stage itself. 
Currently, most efforts are dedicated to providing 
ever more background detail as opposed to filling out 
the pre-mechanistic moulds we already have. But if 
mechanistic explanation is a central goal of cognitive 
neuroscience, this balance should shift. 

A response to the second claim is to argue 
that we first need to establish the context of 
mechanism before it becomes sensible to turn to 
mechanism itself. Put differently, perhaps the pre-
mechanism stage is simply necessary before we can 
even start to think meaningfully about mechanism. 
This would in turn suggest that cognitive 
neuroscience is entirely on the right track in its 
primary focus on detailing brain-to-cognition relations. 

 
8 In philosophy of science, there is a longstanding debate on whether prediction and explanation are two sides of the same coin or whether 
they are fundamentally different (Douglas, 2009; Hempel & Oppenheim, 1948). Regardless of the philosophical answer, in the present context 
they clearly represent two different approaches to neuroscience (Yarkoni & Westfall, 2017), with different evaluations on the merit of brute-
force statistical techniques. 

I do not believe that the pre-mechanism stage 
is required for the mechanism stage. While the two 
stages are clearly connected and mutually informative, 
one can be pursued without the other. We can think 
about how parts we know to exist in the brain (such 
as neurons, synapses, or neurotransmitters) 
implement algorithms to compute without knowing 
the contextual details of where and when this is 
carried out. In this sense, a stronger focus on 
computational modelling in cognitive neuroscience 
can help shortcut the road to mechanism by focusing 
on the algorithmic level — complementing the many 
brain-to-cognition relations we have so far found with 
mechanistic explanations as to what is happening in 
the implicated brain regions (Guest & Martin, 2021a). 

As discussed before, this does not give the full 
story by itself. Neural mechanisms require an account 
of specific parts of the brain, meaning the 
computational models must turn to brain data 
eventually. But computational modelling work offers 
a frequently neglected ingredient to our goal of 
characterizing neural mechanisms of cognition: it 
generates hypotheses on the algorithms we can expect 
to find in the brain regions we are inferring 
mechanism must be residing in. 

 
What neural mechanisms do not need to be 
A neural mechanism of cognition is a series of physical 
parts in the brain that interact in systematic ways to 
implement algorithms that result in computation, and 
describing them requires an adequate account of 
Marr’s levels. To some, this perspective may appear 
restrictive, with a sense that little in the brain can 
meet these demands. To defend against this potential 
criticism, it may be helpful to highlight several 
properties mechanisms do not necessarily need to have, 
hinting at the heterogeneity of mechanism. 

Typically, when we think of a mechanism, we 
think of lawlike operations where activation of one 
part necessarily causes an interaction with another — 
such as when a gear turns its neighbour to change the 
arms on a watch. This analogy works for relatively 
deterministic systems like RAM and DNA, but not 
for the highly stochastic brain. The brain does not 
work like clockwork — there is randomness 
everywhere (Deco et al., 2009; Rolls & Deco, 2010). 
To give one elementary example, the release of 
neurotransmitter vesicles from cells occurs over 
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probability distributions — and this principle likely 
holds for any mechanism to be found in the brain. 
 This adds a layer of difficulty in the search 
for neural mechanisms of cognition, and it partially 
explains why brain-based predictions of any kind are 
imperfect. Nevertheless, the presence of randomness 
in any system does not dissolve mechanism (Craver, 
2007; Craver & Tabery, 2015), nor does it mean that 
describing them becomes an insurmountable task. To 
see why this is so, imagine we inject RAM and DNA 
with ample randomness. This would have sweeping 
effects on computation, but it does not turn 
mechanism into non-mechanism because there are still 
design principles at work that govern the interaction 
between system parts. Similarly, if we take a machine 
that works on interacting gears, and we shave the 
ridges to curve slightly — causing each gear to turn 
its neighbours only sometimes — this does not 
dismantle the core mechanistic architecture9. 
 Another common intuition about mechanisms 
is that they are about what happens at the level of 
small parts in the brain. This is exemplified by the 
cherished catchphrase underlying neural mechanisms, 
which, if consistently used, points ever downward. 
But a special status of the microscale does not follow 
from either the philosophical conception of 
mechanism, or from Marr’s levels (Krakauer et al., 
2017). Certainly, any mechanism can be further 
decomposed into smaller mechanisms (Love, 2021). 
For example, a car realizes driving by the organized 
interaction of its engine, drivetrain, steering wheel 
and brakes, but each part of this mechanism has its 
own mechanisms, which in turn have its own (Bechtel 
& Richardson, 1993). Nevertheless, a macroscale 
neural mechanism is valid in its own right, even if 
there is a bottoming out process to be pursued where 
— for example — the biophysical mechanisms 
underlying neuronal activation are specified as well 
(Machamer et al., 2000). Indeed, the previously 
discussed model of visual decision making operates at 
the scale of neurons and above but meets the high bar 
of mechanism. And to cite another example, Hasselmo 
et al. (2002) specify how subregions of the 
hippocampus systematically interact to promote 
either memory encoding or retrieval. 
 In the final segment of this contribution, I 
will discuss what needs to be considered once we have 
characterized a neural mechanism of cognition, before 
wrapping up with some concluding remarks. 
 

 
9 The question addressed in this paragraph is whether the concept of mechanism holds up in random systems. This should not be 
confused with the question of whether randomness itself can figure in mechanism (which it can; see Harris & Wolpert, 1998 for a seminal 
example). 

The scope of neural mechanisms 
In cognitive neuroscience, statistical reliability is 
taken as the arbiter of what makes or breaks a 
putative neural mechanism of cognition. When our 
hypothesis that tests a neural mechanism is 
consistently left unrejected, we gain confidence in the 
mechanism, and we allow it to figure in theories of the 
cognitive brain. But it is one thing to establish that a 
neural mechanism of cognition exists, and it is another 
to establish how big of a role it plays in cognition. 
This raises the question, how is the scope of a 
candidate mechanism currently estimated by the 
field? 

It seems that the scope of mechanism is 
mostly estimated by conceptual analysis, where we 
consider how large of a conceptual gap is filled by a 
putative mechanism. Does it explain large swathes of 
how a cognitive function (such as decision making) is 
implemented by the brain? Or does it offer 
comparatively parochial answers, such as how reward 
is coded (which is only a subcomponent of decision 
making)? In short, it seems a putative neural 
mechanism is taken to figure centrally or peripherally 
in explanations of the cognitive brain through a 
process of conceptual analysis (which can be more or 
less explicit). 

I argue that effect size should be an additional 
consideration in our process of estimating explanatory 
scope. Effect size quantifies how much variance of 
cognition a specific neural mechanism explains. As 
such, it offers an independent source of information to 
approximate the scope of mechanism. Specifically, 
whereas conceptual analysis offers deductively derived 
insights, effect size yields a data-driven estimation of 
explanatory scope that matters as well. Effect size is 
usually not considered or explicitly communicated in 
cognitive neuroscience, which instead focuses on p-
values in its statistical reporting (which does not 
inform us of explanatory scope). 

Let us call on the previous mechanistic model 
of visual decision making to illustrate why effect size 
matters. Imagine a hypothetical experiment that tests 
part of our putative neural mechanism of visual 
decision making (Figure 4). The model maintains that 
one group of neurons in area MT code sensory 
evidence for leftward motion, while another group 
codes rightward motion (Figure 4A). Now, we may 
build an experiment where, across conditions, we 
independently manipulate the activity for each group 
of neurons (using for example microstimulation), 
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perhaps also including a condition where we target a 
control group of neurons thought to code for neither 
direction (Figure 4B). If our mechanistic model is 
correct, we expect visual decision making — 
operationalized here as the difference between left and 

right target choice — to change depending on which 
neurons we stimulate. 

For this individual study, the kinds of 
interpretations that are justified towards the 
mechanistic model from which our hypothesis 
originated depend on obtained effect sizes — not just 

Figure 4: The explanatory scope of a mechanism is tailored to effect size 
A) The mechanistic model by Mazurek et al., 2003, assumes that one group of neurons in 
extrastriate region MT represent sensory evidence towards leftward motion, with another group 
representing rightward motion. If that is true, then decision making is expected to change as a 
function of which group we activate. B) In a hypothetical experiment, we may use intracortical 
microstimulation to independently activate the two neuron groups. We may also include a 
control condition where we stimulate a group of neurons thought not to represent motion 
direction (to further eliminate potential brain stimulation confounds). Our dependent variable 
might be the difference in the number of trials where left or right targets are chosen (note: we 
have the same number of trials for each condition). This difference yields an index of visual 
decision making. C) If the hypothetical results warrant a rejection of the null hypothesis, this 
provides grounds to support part of our mechanistic model. Crucially, effect size — which is 
usually neglected in cognitive neuroscience — provides information on the explanatory scope of 
our mechanism beyond how much we think a mechanism explains through conceptual analysis. 
All else equal, large effect sizes (right) suggest the postulated mechanism shares a larger 
theoretical share in explaining visual decision making in the brain compared to small effect sizes 
(left). Note that this hypothetical experiment serves to illustrate a point on effect size and is 
not purported to be an optimized design to comprehensively test the mechanistic model. 
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our conceptual analysis of the modelled mechanism 
(Figure 4C). Namely, if we have a statistically 
significant result but a small effect size, it would be 
unjustified to speculate that we are tapping into a 
central mechanism of visual decision making — the 
data speak against this interpretation (Figure 4C; 
left). Now contrast this with a scenario where we find 
that our model explains ample variance in target 
choice. In this case, we are empirically justified to 
make proportionally stronger claims about the 
explanatory power of our model and to raise more 
ambitious hypotheses for future studies to pursue. 

At the theoretical level, effect size is even 
more important to consider. The decision process by 
which neural mechanisms collected across research 
programmes are selected to figure centrally, 
peripherally, or not at all in holistic neuroscientific 
theories of a cognitive function is usually implicit and 
through conceptual analysis alone. By quantifying 
how much variance candidate mechanisms explain 
across studies, they can be rank-ordered, making the 
decision process more objective. By having effect size 
weigh in on theory formation, we are no longer placing 
all eggs into the basket of our own — potentially 
flawed — thinking. 

This proposal comes with some difficult 
questions. How do we decide what is a small or large 
effect size in neuroscience? What even is the upper 
limit of explained variance of a mechanism in a 
stochastic system like the brain? Even if these 
questions prove practically unanswerable, the basic 
point that effect size is a variable to consider still 
stands. At minimum, we can compare the effect size 
of competing neural mechanisms for a single 
computation against each other. If mechanism A 
consistently explains more variance than mechanism 
B in studies that employ the same paradigm, then —
all else equal — mechanism A probably plays a larger 
role in cognition. Since no external reference frame is 
required for direct comparisons, the aforementioned 
difficulties are sidestepped. 

In short, as it stands we rely mostly on our 
conceptual analysis to estimate the scope of 
mechanisms. By factoring in how much variance in 
the data is explained by a putative mechanism, we 
are giving nature an extra seat at the table. 

 
Concluding remarks: towards unification 
This contribution echoes the sentiment that linking 
cognition to segments of the brain does not give 
adequate explanations for cognitive neuroscience. 
Mechanism is needed, that much is agreed upon. But 
how the term is used varies substantially within and 

across research programmes. While variation in 
language use does not have to be a problem by itself, 
it does point to a lack of agreement on what properties 
a neural mechanism has and how we should go about 
explaining them. This runs the risk of hindering 
convergence at the theoretical level, where fruits 
harvested across programmes need to be integrated. 
Less allegorically, if each programme employs a 
different format of scientific explanation, a unified 
cognitive neuroscience is hard to reach. 
 In this contribution, I have argued that 
combining Marr’s framework with recent 
philosophical work on mechanisms in science offers a 
unifying lens through which we can formalize the goal 
of explaining how the brain realizes cognition. The 
short version is that we need a specification of the 
brain’s design principles and the parts that realize 
them to produce computation. Such an account leaves 
significant heterogeneity on what in the brain can 
make for a mechanism, while offering clear limits on 
what cannot. 

For example, neural mechanisms can involve 
parts of the brain below the scale of neurons, or above 
it. All neural mechanisms are causal, but not all 
causal relations in the brain are neural mechanisms. 
Also, neural mechanisms do not need to be 
deterministic — while the brain is stochastic, there is 
still an underlying mechanistic architecture of 
cognition to be carved out at the joints. Finally, to 
meet the bar of neural mechanism, parts of the brain 
must be subject to computing algorithms rather than 
simply activate in an algorithmically impoverished 
sequence, such as in a causal pathway. 

Cross-programme unification involves 
building a mosaic of all established findings. I have 
argued that in building this mosaic, our decision 
process on what fits in the centre and periphery can 
benefit from considering the explained variance of 
candidate neural mechanisms. Finally, mechanistic 
understanding can be quantified by the degree to 
which formulated algorithms applied to brain data 
help predict cognition — testing whether description 
maps onto reality. Together, these reflections 
hopefully serve to invigorate a mechanistic approach 
to cognitive neuroscience that cuts across research 
programmes. To end with the obligatory mantra then, 
more research is needed to understand the neural 
mechanisms of cognition. 
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