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Abstract

Computational modeling of the brain holds greanpse as a bridge from brain to behavior. To
fulfill this promise, however, it is not enough fimodels to be ‘biologically plausible’: models
must be structurally accurate. Here, we analyze tis entails for so-called psychobiological
models, models that address behavior as well &s tonaction in some detail. Structural accuracy
may be supported by (1) a model’s a-priori pladisihiwhich comes from a reliance on
evidence-based assumptions, (2) fitting existing,dand (3) the derivation of new predictions.
All three sources of support require modelers texgicit about the ontology of the model, and
require the existence of data constraining the mimegleFor situations in which such data is only
sparsely available, we suggest a new approachvéiral models are constructed that together
form a hierarchy of models, higher-level models barctonstrained by lower-level models, and
low-level models can be constrained by behavi@alures of the higher-level models. Modeling
the same substrate at different levels of reprasient as proposed here, thus has benefits that
exceed the merits of each model in the hierarchigsomwn.
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1. Introduction

Most psychologists and neuroscientists agree ligabtain produces behavior, and that ultimate
theories of behavior will be ones that spell o@t lihk between the two. One type of research that
can function as a bridge between brain and beh@/mymputational modeling of the brain. In

the ideal case, models incorporate brain anatordyphagsiology, and show us how humans or
animals solve tasks. Such models can then genaedéctions on both the physiological level
and the behavioral level. In practice, however agonity of computational models still focus on
one or the other. In neurobiological models, bedwarg often modeled—if at all—in a very
abstract way, precluding behaviorally testable jotémhs. In psychological models, the
connection to real brain processes is often soahito become irrelevant. This state of affairs is
not surprising. A ‘mindbrain’ model, one that istbh@dequate at the biological plane and specific
about behavior, must work at levels with widelyfeliént temporal and spatial scales. It must do
justice to neurons that take up about 80" liter and spike in less than a millisecond, but also to
behavioral tasks that involve the whole brain (X liter) and take seconds to minutes or more
(Anderson, 2002; Murre & Sturdy, 1995).

In recent years, however, more and more models heae proposed that are intermediate, being
neither purely functional nor tied with much préarsto brain anatomy (e.g., Bogacz, Brown, &
Giraud-Carrier, 2001; Botvinick, Braver, Barch, @&ar & Cohen, 2001; Deco & Rolls, 2002;
Gluck & Myers, 1993; Grossberg, 2001; Hasselmo5899ensen, Idiart, & Lisman, 1996;
Lengyel, Kwag, Paulsen, & Dayan, 2005; Li, 2003;dtée & Murre, 2004; Murre, 1996; Norman
& O'Reilly, 2003; Petrov, Dosher, & Lu, 2005; Patskel, & Schiller, 2004; Raffone &

Wolters, 2002; Rao, Zelinsky, Hayhoe, & BallardD2pUsher & Niebur, 1996; van der Velde &
de Kamps, 2001). They typically take inspiratioonfrbrain anatomy to model a particular set of
behavioral data, or a particular psychological fiorc For such models, we will use the term
psychobiological models. Some of these models gawnerated much enthusiasm, as they hold
great promise as a bridge from the brain to behmavio

Psychobiological modeling can have several goalsioflel can be presented as only one of
many possible instantiations of a verbal theorye §bal of the modeler is then to show that the
model produces the theorized behavior, as an existeroof that the mechanisms in the verbal
theory can work as proposed (e.g., Nadel, SamstipWRyan, & Moscovitch, 2000; Xing &
Andersen, 2000). Sometimes, models are said tovenocomputational limitations and tradeoffs,
making it possible to derive general principled er@ applicable to the brain’s computations
(McClelland, McNaughton, & O'Reilly, 1995; Ringopy, Demeter, & Simard, 1994), or they
make statements about the computations that drcerain area can perform (Treves & Rolls,
1994). A goal of modeling may also be to structia&a and tease apart components that underlie
superficial effects in the data (e.g., modeling@mnébn to uncover differences in forgetting rates,
Meeter, Murre, & Janssen, 2005; Rubin & Wenzel,6)9Most often, however, the aim of the
modeler is to explain existing findings and predietv ones.

There are two ways in which ‘explaining of findihgan be understood. A classic interpretation
of theorizing in general is that a theory summariaed systematizes observations, allowing
covering laws to be extracted from the data (Heni#85). This is not the view of most
modelers, who usually have the pretension that thedel corresponds to something in reality.
They will claim for their model what Webb (2001)shealled structural accuracy. Structural
accuracy refers to how well the model represemsdhl mechanisms underlying the target
behavior. If a model is structurally accurate,aed not reproduce the target data only because it
incorporates a covering law, it does so becausm#ahanisnproducing model behavior is
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equivalent to that producing the data in the madislébstrate. Most modelers will thus claim that
their model reproduces the data in a structuralggaiate way.

"Structurally accurate” is a predicate similar tau€”: one can never be 100% certain that a
model is structurally accurate, but the structaauracy of a model can be supported. For a
computational model, such support can take sef@mal. Traditionally, models are judged by
their ability to reproduce existing findings, anglthe predictions derived from the model that
turn out to be true. As models of behavior, psyablolgical models are most often not up to
standards set by formal models. For example, f@lobically-inspired network models of
memory have yielded quantitative predictions on mgnexperiments, something that had
already been achieved by functional, formal modelgloped in the seventies and early eighties
(e.g., Raaijmakers & Shiffrin, 1981). Many psychabgical models are also published long
before predictions they generate are proven corf@ciording to traditional criteria,
psychobiological models are thus not particuladgcessful.

There are thus two traditional sources of modepstpfitting data and making predictions that
turn out to be correct, and many psychobiologicatiels are not excelling on them. Such
deficiencies are often said to be compensatedtbiycavirtue, a high ‘biological plausibility’.
This should make the model a priori plausible —cliis how we will refer to this third source of
support for a model. This paper can be read asagsas of the claim of biological plausibility.
We will first present a framework to understand eictructure, and use this to argue that for a
model to be a priori plausible, it must not so maohtain many biological details, as much as
not contain assumptions that violate biologicalwleaige. Then we will argue that tying the
model to biology also makes it more testable, Inly when the modelers are specific on the
ontology of their model.

There are cases in which too little data is avélad constrain the model. As a solution to this
problem, we will propose a new approach to modelimgt of constructing a model hierarchy.
Such a hierarchy of complementary models may opérttie way data is incorporated into the
model, and could bridge the gap between the sedymimgonnected levels of biology and
psychology. Models in the hierarchy can also camstwne-another, and pose restrictions on
modeling where behavior and physiology pose too few

In a first part of this paper, we discuss the $tmecof computational models, and the three
sources of support for models mentioned above skcand part, we argue that considerations of
model support suggest two strategies for buildisgchobiological models: being sparse and
mining biology. In a third part, we discuss modielrarchies.

2. Model structure and model support

Computational modeling of the brain is the attetogtuild a structure that is in some way an
abstraction of the brain. Characteristics of thecfioning of this abstract structure can then be
derived or established through simulation. Usuach a simulation produces model behavior
that can be compared to empirical data. The terad&hbehavior’ should not be taken to imply
that it can only be compared to behavioral dathaB®r of neurons in a model can, for example,
be compared to behavior of recorded neurons indetad brain area.

The abstract structure of a model may be thoughsaf collection of assumptions that together
specify a model. In an analytical, mathematical elpthese assumptions are the formulas used,
the representation of the data that goes intodiradlas, and parameter values. In neural
networks, they may be the rules governing the bieha¥ the nodes, the subdivisions of the
network, the connection schemes incorporated iméteork, the number of nodes and other
parameter values (see Figure 1 for examples).
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Some assumptions going into the model may be stgapby evidence from the brain and
behavioral sciences. We will call these evidenceeaassumption#&\n example in Figure 1 is
the assumption in the third model that inhibitiarai brain area is a function both of the input to
that area (feedforward inhibition), and the neailvity within the area (feedback inhibition).
Assumptions may also concern unsupported idead @baitn or behavior. These assumptions,
which could possibly be true of the brain, we wélfer to as untested assumptioBsme of these
may reflect the bold new theorizing of the modele;will refer to these as hypothesAs.
example in Figure 1 is the assumption, of the top@h that memories are copied from one
memory store to the next in proportion to the nundfeopies in the previous store. Another
untested assumption could be the value of a freenpeter; it could, in principle, be true that the
parameter or some counterpart in the brain hashtbgsen value, but it has not been tested (if the
value was backed up by data, it would be an evieldyased assumption).

To build a working model, it is usually not enouglonly abstract away from the brain (in fact, if
all mismatch with biology would refute a model, 9@#all models would have to be rejected).
Assumptions have to be added that do not modehangyin the brain and are not meant to be
hypotheses about the brain, but that allow the inModeroduce behavior. An example is, in the
second model in Figure 1, that all neurons in tippdcampus are assumed to be connected with
one another (known as the assumption of “full catimity”). Few would say it is biologically
plausible, but it features in many models as agy'eaay to overcome the limitations of having
vastly fewer neurons in the model than there atheérbrain. Other examples are hard winner-
take-all dynamics (assuming that at any moment bnkyurons are firing), nonoverlappig input
patterns (assuming that neurons cannot be parocg than one input pattern), clamping of input
patterns (assuming that nothing changes to theitgdth an input layer while the network
computes an output), error backpropagation lear@ng ‘empty brains’ (i.e., all connections at
zero or random weights) at the outset of the sitrmlaSuch assumptions, which are in all
likelihood counterfactual, we will refer to as histic assumptiongsimilar use of the term is
found in economics, where demonstrably false asanmgof rationality and full information are
defended as heuristic devices). Untested and hielassumptions together will be referred to as
unsupported hypothesddgure 2 gives more examples of each type ofraptan in one model

of the hippocampus.

We will use the analysis above to discuss threecgesiwof support for models: A priori

plausibility, fitting data, and making predictiotigt turn out to be correct. These sources are not
specific to computational work - verbal theories also evaluated on how they explain data, on
the fate of their predictions, and on how plausibky are. Presenting a theory in the form of a
computational model has advantages over verbalitieg, in that it makes hidden assumptions
explicit, and makes it easier to detect fudges)@dassumptions and inconsistencies between the
assumptions underlying the model. This explicitmasges it relatively easy to see what the

model predicts when it is applied in new ways @nbal theorizing, what counts as a prediction

of the model is sometimes more hotly debated thamptedictions themselves).

2.1 A priori plausibility

Outsiders would rather believe a model with assionptthat they know to be true, than one with
assumptions that they have to accept without backig a priori plausibility of a model is thus a
function of having its assumptions supported by ieicg evidence. Adding biological features in
itself does not make a model more likely to becttrrally adequate, however. If certain features
are unimportant for the modeled behavior, to absaaay from them does not threaten structural
accuracy. It is not the presence of biologicaldesg per se that renders a model plausible, but the
presence of the relevant features as well as thenalk of assumptions not in agreement with
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biology. This can be seen from an analysis of teegss of model behavior derivation. In a
technical sense, producing model behavior to tia dgasimilar to deriving a theorem from a set of
postulates. The derived behavior allows the sesetimptions to be tested against data. By what
is known as the Duhem-Quine thesis (Quine, 195dWelver, a single hypothesis or set of
hypotheses can never be tested in isolationaitiays tested together with the unavoidable
background of theory and auxiliary hypotheses: laoghnecessary for the derivation of a
concrete prediction. In the case of a model, tiredade the heuristic assumptions that are
necessary for concrete model behavior, but aré likelihood counterfactual. If it turns out that
only the specific heuristic assumptions chosematiee model to produce target behavior, then
the model is not structurally accurate (it doesproduce the behavior with the same mechanisms
as the brain). Deriving predictions from a modeistinvolves what one could call a meta-
assumption of no commission: that the heuristicmggions made are not critical for the model
behavior used to derive a prediction. If this metaumption is true, many different sets of
heuristic assumptions would, if combined with thalence-based assumptions and hypotheses,
lead to the same model behavior.

There are, of course, also sins of omission. Abstrg away from biological features may also
ruin structural accurateness, if the elementsolgfin the abstraction turn out to be causally
relevant for the modeled data. If a model reproduagget data, however, it can be concluded
that the model contains at least enough featurpsottuce that data. This is not to say that all
relevant assumptions are true: the model may peth&behavior thanks to its heuristic
assumptions. If a model fits data, sins of omissiam thus only be present in the presence of sins
of commission: if the right feature is not in thedel, it takes a wrong feature to make up for it
and still produce the right behavior. There is tansasymmetry, where sins of commission have
worse consequences for structural accuracy tham$iomission. A priori plausibility therefore
hinges strongly on the absemmfeunsupported features, not the presesfcipported ones.

2.2 Matching data

Reproduction by the model of empirical data isagittonal standard for evaluating a model. It is
referred to as the extent to which the behaviaghefmodel ‘matches’ the to-be modeled data sets
(Webb, 2001), or how well it ‘fits’ the data, or‘descriptively adequate’ (Chomsky, 1965;
Jacobs & Grainger, 1994). How well a model fitsadatthe domain of a vast technical literature,
which we will not attempt to summarize here (sdée Riyung, & Zhang, 2002; Zucchini, 2000).
One important aspect to mention, however, is thatmis only impressive in an inflexible model
(Roberts & Pashler, 2000). Flexibility refers te taimount of possible data patterns that a model
could fit. If it could fit any conceivable data pamn, it is not a virtue that it can fit the truatad.

In simulation models, flexibility is often hard g@auge. Traditionally, it has been estimated as the
number of free parameters in the model, althoughribw well established that this is a not a
foolproof measure of how many data patterns a moalefit (Pitt et al., 2002). In
psychobiological models it is usually not clear wbaunts as a free parameter and what not. For
example, free parameters are often hidden in #reskation of model behavior to target behavior.
Consider time: much data has the form of a timelm (e.g., reaction times, interspike
intervals) or is set in time (e.g., a learning @nin a computational model processes take up a
number of cycles or events, but the correspondbeteeen such ‘model time’ and real time is
usually addressed only in the scaling of graphsghaw the fit between model and target
behavior. Model time is fixed only in some low léwadels, where it is bound by
neurophysiology (e.g., Hodgkin & Huxley, 1952).

Even a model with no free parameters may have twlegred with until it produced the required
behavior. That is, extra flexibility may be hiddarthe structure of the model, although it is
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impossible to quantify how much. It is clear, hoeeuthat a sparsmodel, one with few
assumptions, cannot have been tinkered with asgxtdy as a complex model. Moreover,
assumptions that are bound to evidence also aitoited tinkering. We therefore suggest that the
number of assumptions not bound by evidence (heugsd untested assumptions, the latter
including free parameter values) may be a roughsaorezof the flexibility of the model. This
suggests that sparseness, as a proxy for infléyibg an essential asset for a model that is
judged on its ability to match data.

What level of sparseness is required may deperideonumber of data patterns explained by the
model. Free parameters and heuristic assumptiagist iné forgivable in a model that explains a
large number of independent data patterns. An ebaim@ model of the hippocampus and
adjacent cortical areas (Norman & O'Reilly, 2008)hough the model is not very sparse, this is
made up by the fact that the model explained mapgmte findings in the memory literature.

2.3 Deriving predictions

The strongest support a model or theory can redgitreat daring predictions it made are proven
to be correct (Popper, 1934; Roberts & PashlerQR0the word ‘prediction’ has been subject to
some inflation: many modelers call any model betvaziprediction, even when the data they are
fitting has already been around for a long timel@&ts & Pashler, 2000). Here, we mean by a
prediction something derived from the model behagfavhich the modeler did not know
whether it was the case. More suspicious mindsspagk of predictions only if nobody knew, at
the time that the model was presented, whethgpribgtiction was true or not.

Computational models of the brain are seldom ptesleonly after daring predictions have been
proven to be correct (exceptions are Dehaene, Se&«&hangeux, 2003; Rokers, Mercado,
Allen, Myers, & Gluck, 2002). Many papers presegtinnew model, however, close with a long
list of predictions. These are then left open fgerimentalists to confirm or refute (e.g., Bogacz
et al., 2001; Hilgetag, 2000; Meeter & Murre, 20B4&ffone & Wolters, 2002; Rolls & Deco,
2002). Sometimes presentation of the model isigbb by papers proving daring predictions
correct (e.g., Frank, 2005; Frank, Seeberger, &R 2004 — where, publication lags hide the
earlier acceptance of the modeling paper). Althadighe are examples of models that made
daring predictions and were supported through thkere are unfortunately also examples of
predictions along the line of “More errors will beade in the difficult that in the easy condition.”
Of course, this is not the kind of model supporthage in mind.

The likelihood that a model makes truly risky pitidins is greatest if not only the modeler, but
also others can derive predictions from the modélether this is possible is a function of how
tightly the model is bound to its original domaihodelers present their model as applied to one
or more domain, such as a set of psycholinguiatkg, a particular type of neuronal responses, or
activity levels in a brain region generated by @ertasks. A good model is not bound to this
‘native’ domain, but is able to generate predictiontside it.

Jacobs and Grainger (1994) distinguish two wayshith such extension of the model can
occur. Horizontal generality refers to the abitifymodels to be applied to new tasks, behavioral
measures, or circumstances, vertical generalitgg@bility of a model to account for the
behavior of the modeled system at different scalédferent temporal scales or at different
levels. For example, if a psychobiological modehwfmory links certain processes to particular
brain regions it can generate novel predictiontheroutcome of brain lesions (Gluck & Myers,
1993; Norman & O'Reilly, 2003). This will of coursaly work if the modeler is specific about
what part of reality the whole model refers to.el®ilure of a model prediction can be
disavowed on the basis that the model was misuttaetsind did not really make the prediction
that was tested. Such discussions do, in fact,rondbe literature.
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3. Modeling: the good, the bad, and the ugly

To summarize, models can be supported by a priauispbility, their match to empirical data, or
the generation of daring predictions.

For a priori plausibility, as few assumptions asgible should lack support of empirical
evidence.

For a model to be supported by its match of tha,dashould be sparse, making it
inflexible relative to the quantity of data fittethis may be the case because the model
either contains few assumptions, or because aflaory assumptions are evidence-based
(i.e., bound by biology).

For the model to be testable via the derivatiopreflictions, it should be vertically and
horizontally general. For that, the ontology of thedel should be clear.

From this analysis, two strategies for producingwiacing models immediately become
apparent. The first would be to build a sparsdexilfle model that can be genuinely tested
against data using techniques that punish the nfodééxibility (Pitt et al., 2002; Zucchini,
2000). The second would be to build a more complegel, but to bind as many assumptions as
possible to biological evidence.

3. 1 Good modeling 1: sparse models

Sparse, inflexible models abound in the mathematicalel literature (Cherniak, Changizi, &
Kang, 1999; Chessa & Murre, 2002; Raaijmakers &ffj 1981; Shiffrin & Steyvers, 1997),
and, for example, in low-level models of neuronsdbkin & Huxley, 1952; Kistler, Gerstner, &
van Hemmen, 1997; Volny-Luraghi, Maex, VosdaggebB&Schutter, 2002). There are also a
few psychobiological models that explicitly strilgr sparseness (Botvinick et al., 2001; Lengyel
et al., 2005; Meeter, Myers, & Gluck, 2005). Boteket al.(2001), for example, added only one
node to existing models, and with that small addifitted several new data patterns.

The sparseness strategy is especially appropdataddels that are used to analyze data or as an
existence proof. For example, some abstract madelssed to derive forgetting functions from
assumptions about the brain, These are then bttethta, and used, for example, to analyze
differences in forgetting between older and yoursgkrits. Since forgetting data can be fitted by
functions with just two free parameters, only vsimple, sparse models can be used for such
analysis. More in general, data analysis via a agatfpnal model is always only appropriate if
the model is transparent and simple, so that théoe between the empirical data and the model
outcome is clear. An existence proof is valid inglegient of its complexity or the support for its
assumptions. Nevertheless, an existence proofiie nwnpelling when it is transparent, and
when few assumptions are necessary to produceigihedvfor behavior. Transparency also
makes it easier to link the model to brain and bima

3.2 Good modeling 2: binding to biology

For many psychobiological models, the sparsenesiegy is not plausible, however. They are
too elaborate and flexible, precisely because tjmat is broader than fitting only behavioral data
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or only brain data. The second strategy, whichlapsrpartly with the first, is to bind as many
aspects of the model as possible to biology, bygusvidence-based assumptions and by making
the ontology of the model explicit. With this sedastrategy, modelers cannot rely on the match
with data to support their model (although not ogjoicing existing data would of course falsify
the model). Instead, modelers will have to relyagoriori plausibility, and on the ability of the
model to generate testable predictions. This sestrategy thus allows the natural strength of
psychobiological models, their vertical generalftybe played out by generating hypotheses at
different levels.

In an extreme case, all assumptions are evidersedbahis would make the model’s behavior
plausible as a prediction independent of any fiteafl data. This is no fata morgana. In fact, all
models that purport to show computational constsaralid for the brain must follow this
reasoning. If, for example, the memory capacitthefhippocampus can validly be inferred from
the model of Treves and Rolls (1994), it must edhse that the model is wholly structurally
accurate and contains all relevant assumptionsyvalidity of constraints derived by such a
model critically depends on the meta-assumptiomoodommission and omission described
above, that no heuristic assumption is criticaltfar behavior and no relevant assumption is left
out. If these meta-assumptions are not true, thgatkbconstraint may only apply to the model,
not to the brain.

3.2.1 A requirement: ontological clarity

For the second strategy (binding assumptions @) datbe plausible, it must be clear what counts
as an evidence-based assumption and what not. Aathot assumptions are supported can
only be ascertained when it is clear what the mosfers to in reality. If modelers are vague
about what modules in their model stand for, it lddae disingenuous to claim support from
neuroanatomy for the architecture of the model.il8ity, if modelers are vague about the time
scale of model events such as spiking, it wouldibegenuous to claim that the inclusion of
complex spike-time dependent learning rules makesriodel plausible. For model assumptions
to garner support, it is thus crucial that modesesclear about the ontology of their model. This
is even more true for generality: predictions caly de unambiguously derived from a model if
it is clear to outsiders what it is a model ofit i clear what a model refers to, on the othermha

it can be combined with other theories of the saniestrate, and/or with any nhumber of
conjunctive hypotheses, leading to an in principibounded number of predictions that can be
derived (Devitt, 1997). Whether or not these priéains can be tested with present techniques is
of course another matter.

A useful notion here is that of the ‘level of repeatation’ of a model. Several lists for such Isvel
have been proposed, for example one consistingeafi¢uron, network, map, system, and whole-
brain level (Sejnowski & Churchland, 1993). In Bejtup such lists, there is usually no claim that
each level has a distinct ontological status, at fihenomena at those levels are independent of
one-another. Rather, each level is its own desonpif the same organ, the brain, that is the
focus of research in neuroscience and psychologi& & den Dulk, 1999). What counts as a
level is often hard to decide, however. Size, tliterion used to discern levels in the list above,
does not readily create levels of entities thadrantt with one another (e.g., Bechtel, 2007).
Another approach would be to construct lists ofpnological levels, in which each level is
addressed by different epistemological technigtygsoally a discipline, as in the ‘biological’

and ‘psychological’ levels). These are then somesiimeld to be independent of one another
(Putnam, 1973). Such a carving-up of levels dd#ds fjood in the brain sciences, however,
where interdisciplinary research is common. Suskasch would presumably either fall in
between levels or create infinite new shadingeotls.
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In the brain sciences, ontological and epistemabigionsiderations can reinforce one another in
deciding on levels. First, by giving a model a agrontology, a modeler is also declaring the
model vulnerable to testing with certain techniqu&se cannot, for example, claim to model a
brain part and then disavow predictions about vaagpens when that brain part is lesioned.
Second, epistemological considerations can heipaéfvels in an ontologically motivated list.
Table 1 gives an example of a list of ontologieakls driven by epistemological considerations.
For each level, it specifies the entities modeled,also the kinds of data that are addressed at
that level. It identifies a behavioral, neuropsyol@al, circuit, neurophysiological and a
biophysical level. The brain part sets a level (tkaropsychological level), and not for example
the cortical column. This is because the brain igdfte level at which a set of scientific methods
applies (i.e., those of neuropsychology, animablestudies,and functional imaging), and this is

not the case for the cortical cortical column.

Table 1: Example of a list of modeling levels,wior each level the substrates modelled, the
data that is addressed at the level, and some dgsimippublished models at that
level.

level what is modeled? data addressed examples
. behavior whole . Shiffrin & Steyvers (1997);
behavioral organism behavioral Bundesen (1990)
neuronsvehol- functions of patient studies, animal  Gluck & Myers (1993); Mozer,
o icalp y identifiable brain lesion studies, fMRI (1999); Mozer et al. (1997);
9 parts findings Norman & O'Reilly (2003)
r0ss brain anatom Deco & Rolls (2002); Fincham et
processes in gFOS field otentia)I/s' al. (2002); Grossberg (2001);
circuit identifiable brain ! P Roelfsema et al. (2002);; Xing &

in electrophysiological

parts recordings

neurons at specified fine brain anatomy,

neurophysiol- location, and electrophvsiolo

ogical dynamics of those neuro hgr%acol%y’
neurons P 9y

biophysiological components of real, physiological data at

identifiable neurons subcellular level

Andersen (2000); Li (2003); Frank
(2005)

Brunel & Wang (2001); Dehaene et
al. (2003); Hasselmo et al. (2002);
Szabo et al. (2004)

Hodgkin & Huxley (1952); Volny-
Luraghi et al. (2002); Polsky et al.
(2004)

In determining at what level a model is, one opi®to look only at elemental units in the model
that are said to correspond to something in reditye level of these elements can then be given
as the level of the model (Haefner, 1996). We psepbroader approach, in which every level at
which the model purports to model something isvallef the model. If a model, for example,
includes model neurons in a model hippocampus anddel hypothalamus, it would be at the

! There are computational models that operate detla of cortical columns, but these have
generally failed to get traction; perhaps becadisernismatch with available empirical

techniques.
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neurophysiological level because it models neurand,also at the circuit level because it models
the physiology of brain parts. If it would also nebdome behavioral task, it would additionally
be at the behavioral and neuropsychological leagklie model then also must predict what
would happen to behavior if one of the two modeddctures were lesioned). A

psychobiological model is one that is situatedadhthe behavioral level, and at least one level
below it. The more levels of representation a mb@esl, the more data can refute the model.

Psychobiological modelers are often not very cédavhich levels they see their model — whether
or not, for example, their units can be seen astke of real neurons, or whether or not fMRI
can falsify their model. The imprecision may comctire structures modeled (e.g., stating that a
model stands for the ‘Medial Temporal Lobe’ or tvisual system’ without specifying what
belong to these regions or systems). Second, fielassumptions can invalidate the comparison
of the behavior of model parts with activity in theain regions modeled. For example, if model
nodes in a neural network have both positive amggtive activations (as in the Hopfield
network), it becomes difficult to compare node ation with neural firing in the target structure
(Hasselmo, 1995b). Such heuristic assumptions mag/make derivation of predictions at a low
level impossible. Imprecision can also be aboubtiganism modeled (e.g., a model matches
only human behavior, but the underpinning of itsuasptions come from animal physiology).
Although it can be claimed that a model is trué¢heftarget structure in several related species,
such generality cannot be taken for granted or ciedifrom similarities in behavior (see Treves
& Samengo, 2002 for a counterexample). Third, thirecision may concern aspects of the
events modeled, for example if the time scale efsiimulation is unclear.

An interesting example of prediction outside of tleenain of the model, despite ontological
vagueness of all three kinds, is offered by a mofleuman recognition memory (Norman &
O'Reilly, 2003). This model consists of a fairly lked-out hippocampal model, and a simple,
quite abstract neocortical module that is iderdifigth the ‘medial temporal lobe neocortex’. In
this last module, patterns are stored in a setedghits between an input and an output layer. If a
pattern is presented for a second time, it leadisgioer activity in the ‘winners’ in the output
layer of the neocortical region, which is interpabais a familiarity signal.

In their presentation of this model, Norman and €llR note an apparent contradiction between
this mechanism and data from cell recordings fromeague perirhinal cortex. Xiang and Brown
(1998) showed decreased firing for familiar patsamperirhinal neurons. The explanation
offered by Norman and O’Reilly for this contradaiiis less remarkable than the fact that they
felt compelled to comment on it. Their model iggEted at human behavioral data, is rather
abstract, and does not include activity measuresncexplicit time scale. The fact that Norman
and O’Reilly see monkey electrophysiology as ratevar their model implies that they see their
model as situated on at least the circuit levdldble 1, and describing both the human and the
macague perirhinal cortex. Given that they derisectessful predictions at the behavioral and
neuropsychological levels, their model enjoys cadeisble vertical generality.

3.3 Modeling, the ugly

The analysis of model support does not only showysvita which computational modeling can be
good, but also its corollary: ways in which modglioan be bad. A complex model that explains
little data is clearly not one that we will learrualm from. But is such model automatically such a
bad one that it does not deserve to be put ot@®mtellectual market place? Modelers may
sometimes not be able to construct a model sugbbsteand explaining lots of data. To base
oneself on and explain empirical evidence, thadewte must also be there. At low levels, data is
often available for this purpose (e.g., many patamealues in the Hodgkin-Huxley formalism
can be extracted from experimental data). At hidgnegls, however, there is no abundance of
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restricting data. Both neuropsychological and imggiata is still relatively sparse, imprecise,
often disputed and not well understood. At thesel&e modeling is a relatively free,
unconstrained activity (Murre, 2002). The stagggnariety in published computational models
at these levels attests to this freedom.

Should modeling in these areas then not just wiit mnore data is available? We would argue
that there is a case for models that are not hadubly’: psychobiological models that are not
tied very neatly to biology, nor are very spars®,explain that much data, but that are the first i
their area and a stab in the right direction onhaibe fronts. Such models can function as a seed
for further efforts. For example, in the area @& tonsolidation of long-term memory, the first
computational model was that of Alvarez and Sq(iiB94). It was not very close to biology, nor
very sparse, and explained only a single datarnpattiee gradient often seen in retrograde
amnesia after damage to the medial temporal Idbmjertheless, this model made a hitherto
vague verbal theory — that memories are consolidaten the hippocampus to the neocortex —
explicit, and provided a start for later modelsjehhexplained more data and were often closer to
biology, to build on (McClelland et al., 1995; Mee& Murre, 2005) or argue against (Nadel et
al., 2000).

4. If all else fails: Model hierarchies

For modelers that attempt to explain behavior flwain mechanisms, it may be tempting to
retreat to lower levels where evidence is more dboh However, incorporating low-level data
into a model that must also provide explanatiomd&havior may make the model unwieldy.
Consider what would have happened if Norman andeMiR2003) had set out to change their
memory model to account for the electrophysioldgileda provided by Xiang and Brown (1998).
It is very unlikely that assumptions needed to aixpheurophysiology would be of much help in
explaining the data targeted by Norman and O’R€dB303), such as mirror effects in recognition
memory. They would have needed one set of assungptioexplain the phenomena at the
neuronal level, and then another set to explaimtiehal effects. Possibly, yet a third set of
assumptions would have been needed to bridge thieriadiate levels. Because for many
assumptions there would have been no data for syppis would have made their model top-
heavy with heuristic assumptions. In such casesnvgiausible biological underpinnings are not
available or their inclusion requires the addittdrmany untested and heuristic assumptions, it
may be preferable to disregard some facts in dodeonstruct a simpler model (following the
first strategy). This, in fact, was done by Nornaauad O’Reilly (2003).

There is an alternative, however, to falling bankan abstract model remote from biological
reality, or to building a complex, unconstrainedlbgical theory that needs many untested and
heuristic assumptions to work. One may tear theptexn unconstrained model apart into several
simpler models at different levels. In this wayierarchy of models is created, where each
model is a more or less detailed elaboration oktrae idea. Models in the hierarchy could then
constrain one-another and pose restrictions whetnavior and neurobiology pose too few. This
is the essence of what we call the model hieraagpyoach.

4.1 A model hierarchy

The central idea of model hierarchies is that ahes not implemented in a single model, but in
several models at varying levels of representatiomer-level models in this family are
concretizations of higher-level models, and higieee! models are abstractions, simplifications
of the lower-level models. An example of such riela, outside of computational modeling, is

10
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the classical theory of optics, which describeltligropagation in terms of rays, and the theory of
electromagnetic radiation, describing propagatioterms of electromagnetic waves. The wave
theory is more correct, but classical optics iseMidegarded as useful at a macro level,
explaining, for instance, how light is reflectedbant at the interface between two dissimilar
media. There is thus added value to having twaahihically organized versions of the same
theory. Another example, to which we will returridwe, is the relation between the biochemistry
of DNA and behavioral genetics.

The relations between models at different levekh@proposed hierarchies are similar to those
between different levels in the hierarchy of Mdr8§2) — either between the implementation and
algorithmic levels, or between the algorithmic aothpetence theory levels. A lower-level
model can, for example, be an algorithmic impleragon of a higher-level model, with the
higher-level model specifying the competences efithwer-level model. In Marr’s view the
levels are independent, whereas relations betweelelin the hierarchy imply that no
assumption in one model may be in contradictiomagsumptions or behavior of the others.
Ideally, all higher-level models would in princigbe translatable into the framework of lower
level models, without loss of function. For examjileé modeler had unlimited time and
unlimited computational resources, all elementsisnor her behavioral level model could be
replaced by the most low-level biologically-groudd#ements simulated at a millisecond scale,
and the model would still be able to simulate bébrav phenomena occurring at a scale of
minutes and hours. Although this is usually an tai@éble ideal, given that any model needs
heuristic assumptions to work, it is one with foritexcludes the use of some heuristic
assumptions that preclude translation of the mipdellower-level one, such as the use of
negative activations, negative weights, and eroorecting learning.

Incidentally, the idea of replacing all elementadfigher-level model by elements of a lower-
level model was used by Putnam (1973) to supperintiependence of levels, a claim also
defended by Marr (1982). Putnam’s example was adendoard with two holes. The task was
to explain why a peg goes through one and nottter oThe correct explanation, he said, was
that one hole was shaped right and one was nan@ty improve on this explanation by going
down, through the molecules in the wood, to quarttueory would, even if feasible, only be
silly. In similar fashion, explanations for psycbgical phenomena should reside at the
psychological level, not try to go below it. Theloetionism that Putnam was arguing against
(trying to reduce psychology to natural sciences)aw daily practice. Nevertheless, part of his
argumentation, that trying to explain a high lepleénomenon from a low-level phenomenon
leads to unwieldy complex accounts, is exactlyptablem that led us to suggest model
hierarchies.

What advantages do model hierarchies have that thake better than Putnam’s solution of
rejecting reductionism and sticking to one levelPriany cases, they come down to that a
wooden peg with holes is a particularly bad metaptiothe scientific issues in psychology.
Serious questions in psychology often do not hdeonis answers at the psychological €.

the answer to many of these questions involvebithia, as many psychologists assume, a
psychobiological model that connects brain and ehanay be called for. In case where the
data gap occurs, there are too few biological afthbioral constraints to develop either abstract,
testable models or elaborate theories. In suchscas@odeling hierarchy may allow the
development of a coherent framework that formsable theory. By splitting up the model in a
model hierarchy, each model in that hierarchy easitmple and transparent, and data at all levels

Even when they do the answers are usually stileied of an explanation. For example, memory
decay may be part of the psychological answerdg#ychological question of why we forget, it
is still an interesting question how that decayusscTo that question a psychological answer is
unlikely.

11
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can be incorporated in or accounted for by the mhd@khavior of the lower level model may
feature as an untested assumption in the highef+tegdel. Without the lower level, this would

just be one of possibly many assumptions that aésider just has to accept or reject. With the
lower-level model, the plausibility of the untestskumption can be assessed. Moreover, support
for the lower level model would strengthen the liglevel model, and rejection of the lower-

level model would mean at least a reconsiderinfp@higher-level model.

Above, it was mentioned that replacement by elemehhigh-level model structures by lower-
level structures is usually an unattainable ida&tiempting to translate the higher-level model
into the lower level model will usually uncover dihiaconsistencies between thério go back

to an example outside of the modeling literatune,rhethods of behavioral genetics assume that
there is no change in genes when they are passadofirent to offspring. Meanwhile the
biochemistry of DNA has enlightened us on all softshanges that occur in DNA as it is passed
on. The claim that behavioral genetics and theH@pustry nevertheless stand in a hierarchical
relation entails the further claims that the ingstescies are insubstantial, and that when they
arise the lower-level model is always right. Botl elearly beliefs of behavioral geneticists, who
will readily admit that biochemistry has the lagirdron DNA, but believe that mutations are
sufficiently rare not to invalidate their methodéatin, Boomsma, & Machin, 1997; Plomin,
DeFries, McClearn, & McGuffin, 2001).

So what, in the end, makes two models stand imtdby to one-another? Both models must be
of the same substrate, with the lower-level modbke modeling exactly the same part of the
brain as the higher-level model, or an identifigtédet of the higher-level model. Second,
assumptions of the one model may not be in sulistaantradiction with the other model. Third,
the lower-level model must explain untested assimmpiof the higher-level model. Whether this
is the case is in first instance a matter of theleher claiming that this is so. In second instance,
his or her claims are empirical (they relate tofdwual relations between models), and can be
criticized by other scientists.

4.2 Examples of hierarchies

Several examples of such hierarchies have alreaely presented in the literature. In the
literature on retrograde amnesia (remote memow) ldological information only weakly
constrains modeling, and the target behavioral dataists of a qualitative pattern of just two
curves (the decreasing forgetting curve and inangdRibot curve of graded retrograde amnesia).
Here, accounting for empirical data while at thexedime presenting a more basic model has
been accomplished with two hierarchies of modelsChlland et al. (1995) presented a
backpropagation network as an existence prootar tentral mechanism, interleaved learrfing.
With a mathematical abstraction of the same prothey fitted several retrograde amnesia
curves to show how their process would apply inrda world. Meeter and Murre (2004; 2005;
Murre, 1996) presented another neural network motiemnesia, TraceLink. The assumptions
underlying TraceLink were also included in a coacimathematical model of learning and
forgetting (Murre, Meeter, & Chessa, in press).filging this model to curves from the amnesia
literature, the theory is explicated on the behalievel, leading to, for example, estimates of
the time course of consolidation.

This is generally the case for theories that dieedhe same phenomena at two levels, as the
debate on reductionism has shown (e.g., Schaffi9&7; Sklar, 1967).

Interleaved learning refers to mixing learningisifor new patterns with repetition trials for old
already stored patterns.

12
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Moreover, TracelLink contains two untested assumptabout learning that were, at the level of
the TraceLink model, not testable (the neuropsyadioal level in Table 1). It assumes that
hippocampal codes are independent of the neoclotes (i.e., if two patterns have similar
neocortical representations, they will neverthelesge orthogonal hippocampal ones), and that
modulation of learning produces high learning rédesovel patterns in the hippocampus, and
low learning rates for old patterns. Both assunmsiwere fleshed out in separate, lower-level
models, the first in a model of the parahippocangyalis (Talamini, Meeter, Murre, Elvevag, &
Goldberg, 2005), the second in a model of cholilwargpdulation of the hippocampus (Meeter,
Talamini, & Murre, 2004) inspired by ideas of Hds®® (e.g., 1995a). In both cases, the lower
level model makes explicit what needs to be the éaisthe higher-level TraceLink model to be
true. Moreover, they turn an untested —and untksstassumption of TraceLink into testable
behavior of a lower level (see Figure 3).

With these two hierarchies, not much data was abklto constrain modeling. In more
developed areas, model hierarchies can also plagfal role by allowing a modeler to combine
the virtues of abstract, high level models withsthof an inclusive, vertically general model-as-
theory, much like the approach taken in other domaf science, such as optics or genetics. An
example is a mean-field derivation of firing raf@sit & Brunel, 1997; Brunel & Wang, 2001),
which determines the average discharge rate oflatipuos of spiking neurons in a network,
simplifying its calculations. Another example i ttelation between detailed modeling of spike
generation allowed by the very complex Hodgkin-Hyxlormalism (Hodgkin & Huxley, 1952),
and the much simpler formalism of spike responsdetiso Both model currents and spike
formation in neurons, but the Hodgkin-Huxley formeal does this in more detail and at a smaller
time scale than the spike response model. By shpthigt these models produce approximately
the same behavior, Kistler et al. (1997) showedtti®mequations of their spike response model
approximate the behavior of the Hodgkin-Huxley mad®iron. The authors could then use the
validity of the Hodgkin-Huxley model to argue ftweir own equations, changing them from
untested assumptions to supported assumptiong. Whsei allows modelers to use these neuron
derivations, enjoy their lower computational load aeduced set of parameters, and still have the
same structural accuracy as when they had usaatitieal Hodgkin-Huxley model neurons. In
this way, the virtues of an explicit, low-level tirtg and a sparse, simple model can be combined.

5 Conclusion

Computational models of the brain hold great prenais a bridge between biology and
psychology. Many models that attempt to bridgeghg, those that we referred to as
psychobiological, have already been proposedelaéhmodels are to fulfill this promise,
however, they will have to be structurally accur#tenodel layers stand for cortical regions
without there being a clear relation between ldgravior and that region, what can we learn
from such a model? That the model can generatetget behavior while the brain works in
some mysterious other way is surely not a worthsviegson.

Structural accuracy is the goal of the model, motething that can be ascertained beforehand.
Three ways to support the structural accuracy Wmaissed. A model may be a priori plausible
because of its use of evidence-based assumpttanaylalso be supported by its fit of existing
data provided the fits are not caused by an exafefsxibility in the model. Finally, it may be
supported by the confirmation of risky predicti@generated by the model. For all three sources
of support, it was argued that models need to b@addo biology. As ‘biological plausibility’ is
more often claimed than substantiated (Jacobs &nGeg 1994), such a claim is not enough.
Instead, modelers must be explicit about the ogtotaf their model, and use assumptions
supported by data.

13
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In some cases there may not be data availablgfmsiassumptions. We have suggested a
strategy for avoiding the construction of unconegd cathedrals of speculation. In this strategy,

a hierarchy of models is developed that all shia@esame assumptions, and higher-level models
could in principle be translated into the formaliefrthe lower-level models. In a sense, such a
hierarchy incorporates the goals of classical redoism, where constructs of a high level are
identified with entities on lower levels. Theserarehies of models allow the development of
theory without unrestricted dabbling in theoreticalaland. Moreover, they may allow a
combining of the virtues of sparse, testable modetkvertically general, biology-rich models.
Modeling the same substrate at different levelepfesentation, as proposed here, may thus have
benefits that exceed the merits of each modelarhtararchy on its own.
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Figure 1:

New
info

Figure Captions

Examples of three psychobiological modeld the behavior they produce. (a.) The
Memory Chain Model (Murre et al., in press) is &asteact model of the structure of
models that can fit forgetting curves. The modelctre consists of a set of chained
stores, from which memories (circles) are copiefiitther stores or are lost. The
example of model behavior is a quantitative fitlata from Frankland et al. (2001)
showing rapid forgetting in mice with a gene resgible for LTP knocked out in the
hippocampus. (b). The TraceLink model (Meeter &Mu2005; Murre, 1996) is a
neural network model of corticohippocampal intei@et. Model behavior consists
of qualitative reproduction of patient data, shdveme for the typical pattern seen in
retrograde amnesia, with preferential loss of recegmories after damage to the
hippocampus. (c.) A low-level neural network modkethe hippocampus (Meeter et
al., 2004), with as typical model behavior theattiproduced in different
subregions of the hippocampus when a new memamokuced.
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Figure 2:

Examples of the different kinds of asstiams underpinning computational models.
The neural network model of the hippocampus (aisave in Figure 1c) reproduces
many features of hippocampal anatomy, such asthtwve numbers of principal
neurons in parts of intrahippocampal connectisnported assumptiongOther
features of the model are clearly counterfactualefample of sucheuristic
assumptionss that LTP occurs in the model only if postsymappiking follows a
few milliseconds after presynaptic firing, whilense LTP occurs even for lags of
30-50 milliseconds. An example of antested assumptipwhich could be true, is
that there is no substantial plasticity in the ctions to and from basket cells on
the time scale of the model. Some untested assongptoncerned inhibitory
interactions between the hippocampus and the meejlm. These assumptions,
the hypotheseswvere the focus of the paper in which the modd pr@sented model
(Meeter et al., 2004).



Figure 3:

Example of a model hierarchy of three atpdf hippocampal involvement in
memory (also shown in Figure 1). Features thatiatested assumptions at higher
levels are fleshed out at lower levels. The twawgxas shown are the assumption
that memories are copied from an MTL store to ecadical store, fleshed out in the
Tracelink model, and the assumption of a modulasgsgem controlling plasticity in
the hippocampus, fleshed out in the more detailedahof the hippocampus and its

interactions with the medial septum.



