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Abstract

Multiple-system accounts of category learning are now entrenched in the cognitive neuroscience literature. This entrenchment
sometimes seems impervious to behavioural evidence that contradicts or questions key assumptions of multiple-systems accounts. In
this brief article, I consider relevant sources of evidence (behavioural, neuropsychological, neuro-imaging) and argue that the
evidence from all sources is not as clear-cut as many multiple-system theorists often claim. More importantly, the review emphasises
that one needs to be sensitive to the desired level of explanation of category learning (psychological, biological, mathematical) when
considering the relevance of different types of data and the adequacy of proposed accounts.
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Imagine, just for the sake of argument that you had submit-

ted an article for publication that reported data which, in

your opinion, challenged the dominant perspective in a

particular area. Imagine that the area was category learning

and that the ‘challenge’ was to the much vaunted view

that multiple systems subserve this cognitive ability. Finally,

imagine that one of the reviews you received contained

something along these lines:

This manuscript completely ignores the neuroscience

evidence in support of multiple systems. In short, the

neuroscience evidence in support of multiple systems of

category learning is overwhelming. I think that nearly

every cognitive neuroscientist takes the existence of

multiple systems as fact, and those who are versed in

the category learning literature think the same way. The

verdict is already in, the existence of multiple systems is

decided and the field should focus on elucidating the

nature of these systems by understanding the ways in

which they cooperate and compete.

The review is of course a caricature which serves to illus-

trate the extremity of the position I want to examine; but I’d

hazard a guess that the opinion is not so very far from that

of some of my colleagues. What are the implications of

this view? Should those of us who have reservations about

multiple-system interpretations pack up and go home? Are

we wasting our time?

The aim of this brief article is to highlight some of the

reasons why, in my opinion, the issue of the existence of

multiple systems in category learning (and indeed many

other domains) is not as cut-and-dried as our hypothetical

reviewer might have us believe.

The article proceeds as follows: Section I examines what

is meant by a ‘system’; Section II reviews very briefly some

of the behavioural evidence that speaks ‘for’ and ‘against’

the existence of multiple systems in category learning;

Section III highlights some relevant neural evidence, and

Section IV asks how we might reconcile perspectives at

different levels of explanation. The coverage of these

issues is necessarily brief: The interested reader can find an

extended treatment of many of the topics in Newell, Dunn,

and Kalish (2011).

WHAT IS A SYSTEM?

This question turns out to be a very tricky one to answer. For

example, how does one reconcile the fact that the brain is

part of the single central nervous system, but that different

parts of the brain are specialised for particular functions

(e.g., the visual system)? One approach is to consider the

different ‘levels’ (of explanation) at which one might want

to describe something as an independent system. Ashby and

Ell (2002) suggest a hierarchy of criteria from mathematical

to psychological to neurobiological. At the mathematical

level, a system is defined as the mapping of input variables to

output variables via a set of parameters. For two systems to

be independent, there must be some set of parameter values

that make unique predictions for each system (i.e., the

systems must not be identical nor fully nested).

The psychological and neurobiological criteria in Ashby

and Ell’s framework map, roughly, on to the structural and
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brain levels, respectively in Keren and Schul’s (2009) recent

analysis. The structural/psychological level refers to ‘the

kind of processing they do [and] the type of representation

they use’ (Keren & Schul, p.536), or the psychological pro-

cesses that are required by a task (Ashby & Ell, 2002). For

something to count as a separate system at this level there

must be clear differences in the nature of the process and

representation being utilised. At the brain/neurobiological

level, the simple (simplistic?) idea is to show that separate

systems are mediated by unique structures or pathways in

the brain (e.g., Poldrack, 2010).

A final level, considered by Keren and Schul (2009) (but

not explicitly by Ashby & Ell), is the functional one (cf. Marr,

1982). A useful notion when considering the functional

level is that of functional incompatibility (Sherry & Schacter,

1987). This criterion is satisfied when a system has evolved

because the function that it serves cannot be performed by

any existing system within the organism. An example, pro-

vided by Sherry and Schacter (1987) is the dual visual

system that insects have developed to control orientation in

flight. Ocelli eyes (located frontally) can respond rapidly to

changes in average light intensity but have poor spatial reso-

lution. In contrast, compound eyes (located laterally) have

fine spatial resolution but respond slowly. Thus, the func-

tions that one ‘visual-system’ serves is incompatible with the

other—but both help stabilise insects against roll and pitch

in flight.

I think this notion of function is particularly useful when

it comes to category learning. A question one might ask

is the degree to which the functions of the two proposed

systems are incompatible with each other. For example,

would we have evolved functionally independent systems

for making ‘complex’ and ‘simple’ discriminations (e.g.,

discriminating X-rays that show/do not show tumours vs

discriminating circles from squares—see Ashby & Maddox,

2005)?

BEHAVIOURAL EVIDENCE

The majority of multiple (mostly dual) system models in the

category learning literature are described in terms of their

psychological properties. One system, variously termed

explicit, declarative, verbal or rule-based relies on working

memory, hypothesis testing, and the application of simple

rules (Ashby & Maddox, 2005; Minda & Miles, 2010).

The other, described as implicit, procedural, non-verbal or

similarity-based does not involve working memory or atten-

tion and learns associations between (motor)responses and

category labels (Ashby & Maddox, 2005; Minda & Miles,

2010).

This characterisation leads naturally to a number of pre-

dictions about the impact of various task factors on category

structures claimed to be learned by one or other system. For

example, several studies have argued that tasks solved via

simple rules are affected by the addition of cognitive load

tasks during learning, whereas more complex tasks, ame-

nable to learning via the implicit system, are not (Foerde,

Knowlton & Poldrack, 2006; Waldron & Ashby, 2001;

Zeithamova & Maddox, 2006). However, in each of these

cases, there is reason to question the selective effects of load

(Newell, Dunn, & Kalish, 2010; Newell, Lagnado, & Shanks,

2007; Nosofsky & Kruschke, 2002; Nosofsky, Stanton, &

Zaki, 2005) suggesting that the proposed dissociation is not

clear-cut.

Likewise, experiments that have emphasised the facilita-

tive effect of working memory for rule-based tasks and its

detrimental effect for non-rule-based ones (e.g., DeCaro,

Thomas, & Beilock, 2008) have been re-evaluated (Tharp

& Pickering, 2009) or have not been replicated (e.g.,

Lewandowsky, 2011).

Moreover, although the product of learning from the

‘implicit’ system is often assumed to be unavailable to

awareness or impossible to verbalise (Ashby, Alfonse-Reese,

Turken, & Waldron, 1998; Knowlton, Squire, & Gluck, 1994;

Minda & Miles, 2010), several studies show levels of aware-

ness in ‘signature’ implicit tasks that are sufficient to account

for participants’ performance (e.g., Lagnado, Newell, Kahan,

& Shanks, 2006; Newell et al., 2007; Speekenbrink &

Shanks, 2010). Such findings leave little room for the con-

tribution of an implicit system.

Quite apart from the ‘to-and-fro’ of behavioural evidence

variously interpreted as favouring dual or single system

accounts, there are some deeper concerns about the whole

enterprise of relying on functional dissociations for deter-

mining the dimensionality of data (Newell & Dunn, 2008).

Put simply, finding that variable A (e.g., cognitive load) has

a detrimental effect on task X but no effect on task Y tells

you precisely nothing about whether task X and task Y

are subserved by qualitatively different systems. Even if

task X is detrimentally affected while task Y is simulta-

neously facilitated—a ‘double dissociation’—this still does

not allow—logically—conclusions to be drawn regarding the

number of systems (or independent processes) producing

the data (Dunn & Kirsner, 1988).

It is beyond the scope of this brief article to discuss the

details of why the dissociation logic is flawed. Perhaps the

simplest way to intuit the problem is to realise that dissocia-

tion logic requires one to be sure that a given variable has

absolutely no effect on a task—and this is impossible (Dunn,

2003). We have advocated an alternative approach based

on state-trace analysis (Bamber, 1979) which allows one to

examine the dimensionality of data without relying on dis-

sociation logic. Our applications of this approach to category

learning tasks has, so far, led us to conclude that a single

system is sufficient to account for performance (see Newell &
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Dunn, 2008; Newell et al., 2010, 2011 for details of the

analysis and results)1.

In summary, at the behavioural level, the status of

multiple-system explanations is not clear: Can the neuro-

science evidence clarify the picture?

NEUROSCIENCE EVIDENCE

As our caricatured reviewer reminds us the real action

in determining the nature of category learning lies at the

neural level: What does the overwhelming neuroscience

evidence look like? Two classes of evidence can be

distinguished—(1) neuropsychological studies showing that

different patient groups (e.g., schizophrenics, Parkinson’s

Disease) are impaired/not impaired on implicit/explicit

versions of category learning tasks (e.g., Knowlton, Mangels,

& Squire, 1996; Price, Filoteo, & Maddox, 2009); and (2)

neuro-imaging data of ‘normal’ participants suggesting the

involvement of separable systems in implicit and explicit

tasks (e.g., Nomura & Reber, 2008; Reber, Gitelman, Parrish,

& Mesulam 2003).

In line with the behavioural evidence, although the neural

data is often portrayed as overwhelming (e.g., Poldrack &

Foerde, 2008) there is reason to be cautious with both these

sources of evidence.

With regard to the neuropsychological evidence, several

studies suggest that adopting a one-to-one mapping of defi-

cits in category learning with functionally discrete learn-

ing and memory systems in the brain is naive (cf. Palmeri

& Flanery, 2002). Purportedly diagnostic dissociations in a

variety of patient populations have been challenged by

several authors (e.g., Kinder & Shanks, 2003; Nosofsky &

Zaki, 1998). The most enduring alternative explanation

is that all participants, whether brain function is compro-

mised or not, adopt an explicit hypothesis testing approach

to learning tasks often characterised as ‘classic’ implicit

tasks (e.g., the ‘weather prediction task’—see Speekenbrink,

Channon, & Shanks, 2008; Speekenbrink, Lagnado,

Wilkinson, Jahanshahi, & Shanks, 2010).

Reconsideration of the neuropsychological literature

also suggests that drawing inferences from the aetiology of

certain conditions (e.g., degeneration in dopamine contain-

ing cells in Parkinson’s disease sufferers) to observed deficits

on category learning tasks is naive for at least two reasons.

First, tasks that are often grouped together as generic

‘explicit’ and ‘implicit’ tasks may be affected differently by

manipulations that are predicted to have similar effects

(Price, 2005). Second, there is clear evidence that patients

on and off medication behave very differently and in ways

that are often at odds with proposed dissociations (e.g.,

Jahanshahi, Wilkinson, Gahir, Dharminda & Lagnado, 2010;

Swainson et al., 2006; Wilkinson, Lagnado, Quallo, &

Jahanshahi, 2008).

It is also the case that neuropsychology relies—par

excellence—on dissociation logic (Dunn, 2003); but when one

applies alternative approaches—such as state-trace analysis,

data patterns that appear under dissociation logic to support

differential involvement of systems, no longer necessarily

lead to such a conclusion. For example, Newell et al. (2011)

used the principles of state-trace analysis to examine cat-

egory learning data from Parkinson’s Disease patients,

Huntington Disease’s patients, and normal controls (data

originally collected by Filoteo, Maddox, & Davis, (2001)

and Filoteo, Maddox, Salmon, & Song 2005). This re-

examination demonstrated that, contrary to the original

interpretation, the data did not provide strong evidence

against a single-system interpretation (see fig. 7, p.195 in

Newell et al., 2011).

The remit of the neuro-imaging studies is to demonstrate

that region X subserves an ‘implicit’ task while region Y is

involved in an ‘explicit’ task. Traditionally, studies have indi-

cated that the X is the basal ganglia system (primarily the

striatum), and Y is the medial temporal lobes, in particular

the hippocampus (e.g., Squire, 1992). But how specific and

pure are these mappings between regions and tasks?

Evidence from category learning tasks increasingly shows

the involvement of both systems in both kinds of tasks (e.g.,

Dickerson, Li, & Delgado, 2011; Foerde et al., 2006; Poldrack

et al., 2001). Thus, the debate in the neuro-imaging litera-

ture has shifted to questions of how the two systems inter-

act: Do they compete with one another (e.g., Poldrack et al.,

2001) or operate in parallel (e.g., Dickerson et al., 2011)?

These are important questions, but they can be answered in

different ways depending on the level of explanation that one

subscribes to.

For example, Dickerson et al. (2011) conclude from a

neuro-imaging study that used a variant of a commonly used

category learning task that ‘these results suggest that distinct

human memory systems operate in parallel during probabi-

listic [category] learning, and may act synergistically . . . to

jointly contribute to learning and decision-making’ (p.266).

However, at the level of observed behaviour (i.e., accuracy in

category learning) Dickerson et al. found that a task diffi-

culty variable had statistically identical effects on pur-

portedly explicit and implicit versions of their task. The

functional neuro-imaging identified regions of interest

(ROIs) in the striatum and the hippocampus that showed an

effect of task difficulty and found that these ROIs displayed

similar patterns of BOLD responses irrespective of task type

(i.e., ‘implicit vs explicit’). Furthermore, these regions were

functionally correlated. Thus, the evidence that the systems

are distinct appears to come purely from their distinct ana-

tomical location in the brain (i.e., one interested region is in

the basal ganglia, and one is in the medial temporal lobe)

and not from their functional contribution to category learn-

ing. Such a conclusion begs the question of when two
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systems that operate in parallel are functionally correlated

and contribute ‘synergistically’ to the same patterns of

observable behaviour become one system.

Consistent with the behavioural data, neuroscience evi-

dence does not appear to point unequivocally to indepen-

dent, qualitatively, and/or functionally different systems.

And yet, the multiple-systems interpretation remains perva-

sive. Is there any way to reconcile multiple and single-

system perspectives?

RECONCILING DIFFERENT LEVELS OF EXPLANATION

In a recent set of articles, Poldrack (2010) and Shimamura

(2010) discuss the ‘what’ and ‘where’ strategies that

researchers can adopt in investigating a phenomenon. For

category learning, the ‘what’ strategy might be a general

question like ‘What is category learning?’ As Shimamura

notes, to answer such a question, one needs to describe

mental events in terms of their psychological processes—

i.e., the structural level of explanation. Such explanations

can be entirely agnostic about underlying brain processes—

they can explain our capacity to categorise without being

concerned about how this capacity is achieved at the

neural level (cf. Bennett & Hacker, 2003; Trigg & Kalish,

2011). Importantly, the quality of such explanations can be

assessed (independently of neural evidence) by their ability

to explain behavioural data or to lead to computational

models that can successfully implement verbal theories

and predictions (e.g., Lewandowsky & Farrell, 2010). Thus,

explanations of the ‘what’ question are by no means

diminished (indeed they are unaffected) by the absence of

neural specification because this is not what they aim to

explain.

The question then is whether the ‘where’ strategy—

questions that attempt to define the neural correlates of a

psychological phenomenon—aid our understanding. Does

knowing where category learning occurs improve our under-

standing of what category learning is? This is where the

debate heats up. Our caricatured reviewer clearly thinks the

answer is yes: More than that, he/she thinks that ‘where’

evidence should take precedence over apparently contradic-

tory ‘what’ evidence. But what is the basis for such a hier-

archy of evidential value? A response might be that brain

activity must be the basis for psychological processes, and

thus if one’s theory ‘gets the brain bit wrong’, then it must

also have the psychological explanation wrong. Such an

argument is, of course, flawed however not least because

given our current understanding of brain science, it is highly

unlikely that a neural explanation is entailed by a psycho-

logical one (Newell et al., 2011).

Shimamura (2010) suggests that a possible way forward is

for cognitive neuroscientists to ask the ‘How’ questions—

e.g., how does the striatum contribute to category learning?

He argues that doing so will necessitate considering broader

neural circuits and ‘whole brain interactions’ (p. 774). This is

a useful recommendation and would, as Shimamura notes,

allay some of the ‘narrow localisation’ critiques often aimed

at cognitive neuroscience. Following such advice, however,

will require extremely careful experimentation and clear

thinking about exactly what functions we are measuring at

the various levels of analysis.

A good example of the erroneous conclusions that can be

drawn when there is confusion about the relation between

brain-level and structural (psychological)-level explanations

comes from a recent neuro-imaging study by Gureckis,

James, and Nosofsky (2011). Gureckis et al. (2011) followed

up a study by Reber et al. (2003) in which it was claimed

that participants learning a classification task under explicit

(intentional) or implicit (incidental) conditions relied on

separable implicit (striatum) and explicit (hippocampus)

neural systems. Although Gureckis et al. observed similar

differences in neural activity in their participants; the

authors were able to demonstrate that the differential activ-

ity was more readily interpreted as due to differences in the

specific stimulus-encoding instructions given to participants

in the implicit and explicit conditions than to the recruit-

ment of distinct neural systems. In other words, careful

thinking about the structural level of explanation (the

psychological processes engaged in mediating learning)

led to a re-evaluation of the brain-level explanation.

This re-evaluation emphasises the need for caution when

drawing strong conclusions on the basis of evidence from

neuro-imaging, especially given that the Reber et al. result

had previously been cited as one of the strongest pieces of

evidence for the involvement of separable systems (e.g.,

Poldrack & Foerde, 2008).

CONCLUSION

Some researchers have accused those who have reservations

about multiple-system interpretations of category learning as

‘protecting [their] central assumptions and attacking results

from the MMS [multiple memory systems] approach rather

than inspiring novel findings’ (Poldrack & Foerde, 2008,

p.202). Such claims are inaccurate and unhelpful—in much

the same way as the blinkered caricature reviewer who

admits no room for argument. If we are to understand cat-

egory learning, we need first to identify the level of expla-

nation that we desire—what, where, how, functional—and

acknowledge that different types of evidence pertain to dif-

ferent levels. To suggest that one type of evidence is privileged

or precludes consideration of other types will only lead to

continued acrimony of the kind exemplified in the Poldrack

and Foerde, 2008 quote. Once, we are clear with each other
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about what it is that we are trying to explain, I am optimistic

that we will be able to employ the appropriate methodological

and conceptual analyses to reach a clearer understanding of

how we (and our brains) categorise our world.

NOTE

1. It should be noted that if state-trace analysis finds evi-

dence for more than one latent variable or underlying

parameter varying across conditions in a dataset, this is

not necessarily inconsistent with ‘single-system’ models.

State-trace analysis is agnostic with respect to what the

dimensionality of the data represents—additional dimen-

sions could be equally consistent with multiple-system

models or single-system models that might predict variation

in more than one parameter across conditions.
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