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Abstract

One approach to understanding a complacess starts with an attempt to divide it imtodules
subprocesses that are independent in some sense vandiskiact functions. In this paper |

discuss an approach to the modular decomposition of neural and mental processas. Se
examples of process decomposition are preserifaa are of well-established and purely
behavioral realizations of the approach (signal detection theory applied to discrimination data; the
method of additie factors applied to reaction-time data), and lead to the identificative il
modules Other examples, leading to the identificationmaddular neural processgsgse brain
measures, including the fMRI signal, the latencies of electrophysiolog@akeand their
amplitudes. Sommeasures angure (reflecting just one process), while others @mposite

Two of the examples weal mental and neural modules that correspond. Attempts to associate
brain regions with behaviorally defined processing modules, using a brain manipulation
(transcranial magnetic stimulation, TMS), are promising but incompletgow why the process-
decomposition approach discussed here, in which the criterion for modulagéyasate

moadifiability, is superior for modular decomposition to the more frequently used task comparison
procedure (often used in cogméireuropsychology) and to its associated subtraction mefhiod.
demonstrate the limitations of task comparison, | describe the erroneous conclusion to which it
has led about sleep demtion, and she the interpretie dfficulties in an example wrolving

TMS.
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Modular Processes in Mind and Brain
Saul Sternberg

1. Modulesand Modularity

The first step in one approach to understanding a camppbeess is to attempt to divide it into
modules parts that are independent in some sense, areldsiinct functions Early in the last
century scientific psychologydominated by behaviorism, emphasized the directly observable
relations between stimuli and responses, andtdd little effort to describing the perception,
memory and thought processes that inteme. Duringhe second half of the century there was a
change in the kinds of questions that psychologists asked and in the acceptable answers. This
change was perhaps influenced by the growth of computer science, which persuaded
psychologists that programming concepts might be acceptable as precise descriptions of
information processing by people as well as by machines. And the software-hardware distinction
added legitimagto theories couched in terms of abstract information-processing operations in

the mind rather than only neurophysiological processes in the brain. In the "human information
processing" approach, complactivities of perception, decision, and thought, whether conscious
or unconscious, came to be conceptualized in terms of functionally distinct angelielati
independent ("modular") subprocesses responsible for separate operations such as input,
transformation, storage, retvi#, and comparison of internal representations — modules whose
arrangement was expressed in systematie dfwarts® A useful distinction that is encouraged by
comparing the brain to a digital computer is that between processors and the processes they
implement. Thexistence of functionally specialized processors (either localized or distributed)

is a sufficient condition but not a necessary one for functionally distinct processes, the concern of
the present paper.

The rise in the 1980s of parallel distributed processing might seem to conflict with the idea
of modular oganization of processes, but it need not: such models "do ngttdainthere is a
macrostructure," and are intended to "describe the internal structure of the larger (processing)
units" (Rumelhart, McClelland, & the PDP Research Group, 1986, p. 12). Furthermeore, e
starting with a relatiely unstructured neural network, there is reason to belteat over time and
with experience it will deelop functionally specialized processing modules, and hence,
functionally specialized processes (Jacobs & Jordan, 1992; Jacobs, 1999).

Toward the end of the centyiybecame possible (using fMRI, for example) to measure the
human brain in action with previously unattainable spatial resolution. Because functions of the
brain are often implemented by specialized neural processors that are anatomically localized,
these n&r measurement methods encouraged scientists to attempt the modular decomposition of
complex neural processes, just asyh®d been doing for complanental processes.

1. A module may itself be composed of modules.

2. Heuristic arguments for the modulagarmization of comple biological computations v& been advanced by
Simon (1962, 2005) and, in his ‘principle of modular design’, by Marr (1976). Marr (p. 485) argued that "Any
large computation should be split up and implemented as a collection of small sub-parts that are as nearly
independent of one another as therall task allavs. If a process is not designed in this waysmnall change in
one place will hee mnsequences in mawother places. This means that the process as a whole becomes
extremely difficult to debug or to impve, whether by a human designer or in the course of natuoalten,
because a small change to immrane part has to be accompanied by ynamultaneous compensating changes
elsewhere."
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In the present paper | describe an approach to the modular decompositiorkmidsvof
comple process, mental and neural, along withesal examples of its application from the
psychology and cognite neuroscience literatured mental-process module is a part of a
process, functionally distinct from other parts, anagstigated with behavioral measures. Such
modules will be denoteé, B, etc. A neural-process module is a part of a neural process,
functionally distinct from other parts, andsestigated with brain measures. Such modules will
be denotedr, B, etc.

The important distinction between processes and processors is sometrsked.
Procesesoccur aver time; their arrangement is described by avflchart. Incontrast, processs
(e.q., as described by Erickson, 2001; Goodale, 1996; Op de Beeck, Haulid@rvisher,
2008) are parts of a physical or biological device (such as the brain); their arrangement can
sometimes be described by a circuit diagram.

2. TheProcess-Decomposition Approach

2.1 Separatanodifiability , selective influence, process-specific factors, and
functional distinctness

Much thinking by psychologists and brain scientists about the decomposition of complex
processes appeals either implicitly or explicithstparate modifiabilitas a criterion for

modularity: wo (sub)processes andB of a compl& process (mental or neural) are modules if
and only if each can be changed independently of the b®wee. purpose of the present paper is

to explicate by example the notion of separate modifiability and the conditions under which one
can assert itTo demonstrate separate modifiability/fandB, we nust find an instance of
selective influenceThat is, we must find experimental manipulations (facterahdG that
influenceA andB selectvely, i.e., such thad is influenced by but is invariant with respect to

G, wherea® is influenced byG but is invariant with respect té-. Often one starts with

hypotheses about what the component processes are, and about corregpondssyspecific
factorsthat are likely to influence them seleetly. Alternatiely, the selectivity of effects may be
discovered in experiments with other goals. Separate modifiabilix ahdB is also evidence

for theirfunctional distinctnessnformation about what a process does is provided by the sets of
factors that do and darinfluence it; if two processes ha the same function tiyeare likely to be
influenced by the same factdrs.

2.2 Processes and their measures, paiend composite, and combination rules

How do we cemonstrate that a process is influenced by a famtanvariant with respect to it?

We know only about one or more hypothesizegasures I of processA, not about the process
as such. Depending on theaable measures, there areatways to assess separate modifiability
of A andB.

Pure measuresSuppose we ve pure measurebl, and Mg of the hypothesized modules:
A pure measure of a process is one that reflects changes in that proce&xamigles include
the durations of tw different neural processes (see Section 3), and the discriminability and
criterion parameters of signal-detection theory (which reflect sensory and decision processes; see

3. This criterion for modularity seems to be far weaker than the set of module properties suggested by Fodor (1983),
according to whom modules are typically innate, informationally encapsulated, domain specific, "hard-wired",
autonomous, and$t. Havever, domain specificity appears to imply separate modifiability.

4.  Such double dissociation of subprocesses should be distinguished from the more familiar double dissociation of
tasks (Schmidt & Vorberg, 2006), discussed in Section 9. Steyi@®@0d3) discusses this distinction.
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Section 5).To show thatF andG influenceA andB selectvely, we must demonstrate their
selectve influence orM, andMg. That is, we must slwothat M, is influenced by and
invariant with respect t@, and vice versa foMg . If F; has tvo leves, | =1, 2 theeffectof F
on M, is a difference:

effec(F) = Ma(F2) — Ma(F1) . (1)

Table 1°
Inferential logic for pure measures.

Joint Hypothesis

H1: Processe# andB are modules (separately modifiable).
H2: Ma, Mg are pure measures Af B.

Prediction
We may be able to find factofs andG that
influenceM,(A) and Mg(B) selectiely:
Pi: Ma « F, poi Mg & F, p3: Mg « G, ps: My 4 G.

Alternati ve Results

We find factorsF, G that
influenceM, and Mg selectvely.

We fail to find such factors.

Corresponding Inferences

Support for joint lypothesis Refutesne/both oH1, H2, or
H1+H2 we ddn’t look enough foF, G.

For factors with multiple leels the effect can be gerded as a vector of differences associated
with successie adered leels. Thelogic for inferring separate modules when we hypothesize
that we hge pure measures is shown in Tabl& The{p,} are four properties of the data;

Ma < F should be read adv, is influenced by "; Mg <4 F should be read asvi is not
influenced byF ". All four of the requirements are critical; the instances\ariance are
meaningful only if we also kwathat both factors are potent and both measures are gensiti
Unfortunatelyit is seldom appreciated that perswasevidence for inariance cannot depend
solely on failure of a significance test of afeef. sucha failure could merely reflect variability

5. Adapted from Table 2 of Sternigg2001) by permission.

6. When the hypotheses abduandB are sufficiently detailed to specify particular process-specific
factors that should influence them seled, this leads to an alternaéi formulation of the inferential
logic, in which the specification &f andG is included in the joint hypothesis, with the remainder of
the reasoning adjusted accordinghor a discussion of such alternas, see Sternbgr(2001, Section
A.2.3).
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and lav statistical power.

Table 2
Inferential logic for a composite measure
with summation as the combination rule.

Joint Hypothesis

H1: Processe#\ andB are modules (separately modifiable).
H3: Contributionsu,, vg of A, B to Mg(A, B) combine bysummation

Prediction
We may be able to find factofs andG that
influenceA andB selectvely:
pa_: Ua < F’ p'2 Ve o4 F’ p'3 Vg « G! p’4 Ua o4 G’
and jointly influence no other process.
If so, their effects oM g Will be additive

Alternati ve Results

We find factorsF andG with
additive effecton M pp .

We fail to find such factors.

Corresponding Inferences

Support for joint lgpothesis Refutesne/both oH1, H3,
H1+H3. or we didnt look enough foF, G.

Composite measureSuppose that instead of pure measures, we Aamposite measuril g

of the hypothesized modules — a measure to whighlibih contrilute. Examplesf composite
measures are theent-related potential (ERP) at a particular point on the scalp (which may
reflect seeral ERP sources in the brain), and reaction tiRiE (which may depend on the
durations of more than one process of intereBb) upport a hypothesis of selaaiinfluence in
this case we must also km@r haveevidence for a&combination rule— a gecification of hw the
contributions of the modules to the measure combiligh pure measures, factorial experiments
(rather than separate experiments for different factors) are desirable, becgyseiae

efficient tests of generality and promotevdiscoveries at little cost.With a composite measure

7. A common error of interpretation is to assert the nonexistence of an effect or interaction merely
because it fails to reach statistical significance.vhiuating a claim that an effect is null, it is crucial
to have d least an indeof precision (such as a confidence interval) for the size of thetefAn
alternatve is to ply anequivalence teghat reverses the asymmetry of the standard significance test
(Berger & Hsu, 1996; Rogers, Ward, & Vessg, 1993). Ineither case we need to specify a critical
effect size (depending on what we ttnand the particular circumstances) such that it is reasonable to
treat the observed effect as null if, with high probahilitis less than that critical size. The critical
size might be determined by the sizes of effects generated by plausible models. An example of
suitable caution about inferring a null effect can be found in Ghorashi, Enns, Klein, and Di Lollo
(2010).

8. Adapted from Table 3 of Sternigg2001) by permission.
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factorial experiments are essential, to assegsthe effects of the factors combine; unfortunately
such experiments are rare, despite their effigi€Bection 12.5).

The logic for inferring separate modules using a composite measure when we either know
or hypothesize that the combination rulsisnmatioris shown in Table 2 To understand Table
2 itis important to keep in mind what the effect of a factor is, and what it means for effects of
different factors to badditive To amplify the discussion, let us assume that there are two
factors, each with just twvlevds. Letu andv be the contributions of process®®ndB to Mjg.
If summation is the combination rulkl,g = u + v. If A andB are selectiely influenced by
factorsF andG,

Mag(Fj, Gi) = U(F;) + v(Gy) , (2)
whereu(F ;) is a function that describes the relation between the t& F and the contribution

of A t0 Mpg.

Now in general, we work with\aerages rather than individual valuesMfg, and we rgard u, v,
andM,g as random rather than deterministariables. UsingM, U, and v to indicate the means
of these random variables, it is eenient that with no further assumptiotf&q. 2 implies:

Mag(Fj, Gy) = 0(F;) + W(Gy) . 3)

In what follows, | treat the \@ls of factors as ordered, which permits describing changesgeh le
as increases or decreases. From Eq. 2 it is easyuotBht- andG areadditive factors the
combined effect oM g of increasing the ieels of bothF andG is the sum of the effect of
increasing onlyF and the effect of increasing ornB

effec(F, G) = Mag(F2, G2) = Mag(F1, G1) =[u(F2) + V(Gy)] —[u(Fy) + v(Gy)]
4
=[u(F5) —u(Fy)] +[v(Gy) — v(Gy)] = effec(F) + effec(G) . @
Eq. 2 also implies that the effect of each factor will bariant over levds of the other Thus,
effec(F | G = Gi) = Mag(F2, Gi) = Mag(F1, Gi) = [U(F2) + V(G = [U(F) + V(Gy)]

)
=[u(F,) —u(F;)], regardless of5y .

A given measure may be pure or composite, depending on the factors being varied and the
hypothesized modules of interest. This attribute of a measure is part of the joint hypothesis that is
tested as part of the process-decomposition apprdach.

2.3 Owerview of examples and issues

Much of what follows consists of descriptions of successful examples of the process
decomposition approach. Examples will be referred to by the section numbers in which
they are first discussed. Thus, the example discussed in Section 4.3 will be called "Ex.

9. Whereas propertiegpf} (Table 1) apply to observable quantities, the analogous propefigs {
(Table 2) apply to contributions to a composite measure that are not directly observable.

10. Matters may not be not so simple for other combination rules, such as multiplication; see Section 8.2.

11. The reasoning described in Table 2 is sometimes erroneously expressed as "If weHdsthene
additivity confers support ol 1." Thisignores the support that additivity also conferds
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4.3". With two exceptions, the successful examplesine factorial experiments with

two factors. Theexceptions are Ex. 3.1, in which the effects of the tactors are

studied in separate experiments, and Ex. 4.3, in which the effects of three factors are
considered. lrall cases the factors Yebeen selected because it is hoped that Wik

be "process specific": that theill selectvely influence only one of the twor more
processes that are hypothesized to underlie performance of the task. Three examples
(10.2, 10.3, and 10.4) are intriguing and tantalizing cases where the approach eeuld ha
been used but was not, because of incompleteness of design or analysis.

In Section 3 | discuss applications based on electrophysiological measurements
at the scalp from which pure measures arevderiIn both cases, tavneural modules are
identified: In Ex. 3.1, in which the modules are associated with encodingjfterent
aspects of the stimulus, there found to operate in parallel. In Ex. 3.2, in which the
modules are associated with preparation af different aspects of the response ythge
found to operate succegdy, as pocessing "stages". ThelRlata from Ex. 3.2 are
discussed in Section 4.1, where theiRtreated as a composite measure and shown to
lead to the identification of tsvmental modules that correspond to the neural modules
inferred from the electrophysiological data discussed eallgy "correspond to" | mean
that their durations are influenced sebegyi by the same factors and to the same extent.)
The inference from the'Rdata of Ex. 3.2 xemplifies the method of addie factors
(AFM), discussed more generally in Section 4.2, and applied in Section 4.3 to the
problem of locating the effect of a manipulation of interest (sleepwa@ipn) within a
pair of already established mental modules, one for encoding the stimulus, the other for
selecting the response.

As discussed in Section 5, signal detection theory has provided a widely applied
method for measuring sensory processes in tasks that abbeeidecision processes, but
has in general failed to isolate those decision processes from seadorg.f Ex5
illustrates a variant of the method that succeeds, and thereby demonstrates the modularity
of the sensory and decision processes, in an experiment with pigeons in which the
decision factor is not the traditional pafyofatrix.

To the extent that there is localization of function in the brain, so tleabitwore
modular processes are implemented in disjoint regions, and to the extent thad! thie le
activation in a region varies with changes in the process it implementsyvthefisuch
activation can function as a pure measure of the process. In Sections 6.3 and 6.4 | discuss
two examples in which fMRI (BOLD) signals in different brain regions were measured
for this purpose; in both cases, RTs were measured as well. In Ex. 6.3 (number
comparison), in which Rmeasurements in a similar experiment had already indicated
separate stages for encoding the test number and comparing it to the target, both the new
RT data and the fMRI data support this analysis, suggesting mental and neural modules
that correspond. Hower, the fact that the direction of the effect of the encoding factor
on the fMRI response differs in different brain regions raises interesting questions of
interpretation. IrEx. 6.4 (manual choice-reaction with four stimulus-response pairs) the
fMRI data support the hypothesis of modular neural processes for stimulus encoding and
response selection, but urdikarlier observations of effects & from several similar
paradigms, the effects of thedvactors orRT interact rather than being adsl#j raising
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guestions of interpretation. One important finding in this example is the additivity of
effects of the encoding and response-selection factors on the fMRI measure in the two
brain regions where both factors were found teehdf ects. Inthese regions the fMRI
signal is a composite measure.

Examples 6.5 and 8.1 use the fMRI adaptation method; in both cases the measure,
whose magnitude increases with the dissimilarity between the current percept and
previous ones, is composite, raising the issue of the combination rule. Ex. 6.5, concerned
with the perception and memory of scenes, shows that different modular processes are
responsible for immediate and delayed adaptation effects in the parahippocampal place
area, which seems to require different short-term and long-term memory representations.

Perhaps because factorial experiments are vel\atiare in studies of brain
activation, we hae had little experience in considering the implications of the additivity
of effects on composite fMRI measures. It is tempting to infer that modular brain
processes are responsible. In Section 7 | consider the conditions under which inferences
from additivity to modularity are justified, for boRT (7.1) and fMRI (7.2).

In Section 8 | provide brief summaries of four additional examples of the process
decomposition approach, using different composite measures, thatrghdiversity of
applications. Ex8.1 uses the fMRI adaptation method to test the idea that perceptually
separable dimensions are encoded by different neural processes, whereas perceptually
integral dimensions are not. One reason for including Ex. 8.2, a classic study that
provides evidence for modular spatial-frequeagalyzers in visual pattern detection, is
that unlike the other examples that use composite measures, the combination rule here is
multiplication rather than summation, and the measure is the proportion of errors. An
outline of the inferential logic is included. In Ex. 8.3 the composite measure with a
multiplicative cmbination rule is the proportion of correct responses; the application is
to speeded lexical decisions. Ex. 8.4 uses the amplitude ofdéherelated potential at
multiple scalp locations as a set of related composite measures, powerful because of its
fine temporal resolution and multiple locations.

In Section 9 | contrast the process-decomposition approach witaste
comparisommethod. Hereinferences are drawn from the effects on different tasks of
various factors, together with theories about the processes used to accomplish those tasks.
Examples of factors that Y leen used are the presence versus absence of sleep
depriation and the presence or absence of a lesion in a particular hyain.rdo
illustrate limitations of the method | describe a comparison of the effects of repetiti
transcranial magnetic stimulation (rTMS) orottasks of tactile perception (Section 9.1).
One variety of task comparison is Donders’ subtraction method, originaijoged for
RT experiments, but, in recent years, applied to brainadn measures (Secton 9.2).
Unlike task comparison, which is often used in a way that requires various assumptions
(including modularity) to be made without test (Shallice, 1988, Ch. 11), the process-
decomposition approach incorporates such tests. In Section 9.3 | describe the conflict
between the conclusion from Ex. 4.3 that the effect of sleepvdipn is selectie, and
claims, based on task comparison, that the effect is global.

In Section 10 | briefly consider experiments in which the effects of transcranial
magnetic stimulation (TMS) on RTs in visual search and number-comparison judgements
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were measured. In these experiments, TMS of a brain region R is found to ifiRTease
without otherwise disrupting performance. The presence and absence of TMS in such a
region can be garded as tw levds of a factor,TMS. If this factor influenceRT, R is

inferred to play a role in performance of the task. Hauehe potential of TMS to

associate brain regions with modular subprocesses and to provide evidence about separate
modifiability is realized only wheMMSy is used together with oth@rocess-specific

factors, to determine which of their effects are modulated by TMS, and which are not.

While promising with respect to these goals, the studies discussed are incomplete.

The traditional task of cogmite reuropsychology is to learn about the cogmiti
functions of the normal brain by studying what happens to them when it is damaged,
typically by comparing the effects of brain damage in different tasks. Can brain damage
also be used in the process decomposition approach? This question is considered in
Section 11; seeral considerations lead to agaive answer Instead, the tegpproaches
can inform each other.

Several additional issues are considered briefly in Section 12.

In Sternbeg (2001), referred to beloas 'SM:<Section>", | discuss and defend the
process-decomposition approach in more detail, further discuss its inferential logic,
describe its antecedents, provide more detail about Ex. 3.1, 3.2, 4.3, 5, 8.2, and 8.4,
describe other examples using different species and different behavioral and neural
measures, discuss the treatment of data, and consider issues of experimental design.

3. DecomposingNeural Processes with the Lateralized Readiness Potential

3.1 FRarallel modules for discriminating two simulus features

Consider a trial in a choice-reaction experiment wheredternatve responses are made
by the two hands. Recalihat the part of the motor cortéhat controls a hand is
contralateral to that hand. When enough information has been extracted from the
stimulus to permit selection of the hand, but befosesagn of muscle activitythe part of
the motor corte that controls that hand becomes morevadhan the part that controls

the non-selected hand. This asymmetric activity can be detected as an increase in the
avaages wer trials of the difference between electrical potentials (ERPs) at the two
corresponding scalp locatiofsLet A,,(t) (an inde of motor-cortex asymmetry express
this difference as a function of time after stimulus onset (if "stimulus locked"), or as a
function of time before thevert response (if "response locked"A,,(t) is normally

zero, but is defined so as to become pasithen the (correct) response hand is selected,;
the increase of such asymmetry is calledateralized-readiness potentidlRP). The
onset time of the LRP is thus an estimate of the time at which the side of the response

12. As in some other brain measurements (e.g., fNER1), the poorS/N ratio often means that
aveaging wer trials is required for the measures to be interpretable. Here, the "noise" is due partly to
neural @ents unrelated to the task being performed, whose contributions are eliminated by combining
subtraction of the pre-stimulus baselineclavith an aeraging process thatveals only thoseents
that are consistently time-locked to the stimulus or the response.
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(left or right) has been selected.

Consider a situation in which ondifferent features of the same stimulus must be
discriminated to determine o respond. Arenodular neural processevaived in
doing so? And, if so, o are they organized temporally? Osman, Bashore, Coles,
Donchin, and Meyer (1992) devised aveteway to ask these questions, using the LRP.
On each trial, the visual stimulus hadtieatures. Itposition(left versus right, which
was rapidly discriminated) indicated which response to exlould a response be
required. Itscategory(letter versus digit, which was discriminated more slowly)
indicated whether this was a "Go" trial (on which the selected response should be
activated) or a "NoGo" trial (on which no response should be made). Under these
conditions, the LRP occursen on tials with no wert response, and with an onset that is
indistinguishable from the LRP on "Go" trials.

| shall use "Event 1" to mean the onset of the LRP; the laténof/Event 1 can
thus be used to indicate when the stimulus location has been discriminated and the
response selected. Let us denote id8ponse selectioprocess byr. Normally (on
"Go" trials) A,,c continues to rise until thevert response is initiated. If a "NoGo" signal
tells the subject not to respond, howr A, starts &lling. Thetime at which
Andt; NoGo diverges fromA,,,{t; Go) — the latencyl, of "Event 2" — can thus be
used to indicate when the stimulus category (the Go versus NoGo signal) is discriminated
and response preparation ceases. Let us denotatbgory discriminatiomprocess by

B.

Events 1 and 2 indicate the completion of proceasasd . Can response
preparation start when the location but not the category of the stimulus has been
discriminated? Andf so, can category discrimination proceed in parallel with response
preparation? @ answer such questions, Osman et al. examined the effects fddtors:

One (in Exp. 1) i$50-NoGo DiscriminabilityGND, which should influencg; it could
beeasy(letter and digit with dissimilar shapgsND,) or hard (similar shapesGND,).

The other factor (in Exp. 2) is the spatial compatibility of the stimulus-response mapping,
MC (mapping compatibility), which should influenae it could becompatible(respond

with the hand on the same side as the stimilg;,) or incompatible(respond with the

hand on the opposite siddC,).

Idealizations of the resulting,,(t) functions are shown in Fig. 1. Each of the four
panels shows the pafy,,(t; Go) and A,(t; NoGo for one condition. The twlatency
measures for a condition were ded in different ways from this pair of\,,(t)
functions: ThdatencyT; of Event 1 (onset of the LRP) is the time at whichsieof
the two A, {t) functions reliably exceeds baseline. The latéhcgf Event 2 (dvergence
of the Go and NoGo LRPs) is the time at which thdferencereliably exceeds zero. In
Exp. 1,GND influencedT, (by 43 ms) but nof; (compare Figs. 1A1 and 1A2), showing
thatGND influencedg but nota. (T; =170 ms on loth Go and NoGo trials-j Because
the stimulus influenced response preparation before both of its features were
discriminated, these findings from Exp. 1 demonstrate the transmission of "partial

13. The effect oNDonT,; was 25+ 5. 0ms; its effect ofT, was 43 + 14 ns; the difference between
these effects i41+11 ns (N =6; p=0.Q).
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information” from the perceptual process to the response process.

Al Bl
Stimulus EVENT 1 EVENT 2 Stimulus EVENT 1 EVENT 2

Compiatible
Mapping

Easy
Discrimination
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5 /|
> A2 e By . e
Hérd Incompatible
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Fig. 1. Schematic idealized asymmetry functiégg(t) from Osman, Bashore, Coles, Donchin, and Meyer
(1992). Eent1 is the LRP onset; Event 2 is the onset of tregiince ofA,,(t; Go) from A, (t; NoGO.
Panels A1 and A2: Asymmetry functions from Exp. 1, in wh@&b-NoGo Discriminabilitycould be easy
(GND = GND,) or hard GND = GND,). Panels B1 and B2: Asymmetry functions from Exp. 2, in which
the Stimulus-Response Mappioguld be compatible (mapping compatibilityMC = MC,) or

incompatible MC = MC,). (Fig. 3 of Sternberg, 2001; adapted by permission.)

In one of the conditions of Exp. 2, the stimulus-response mapping was incompatible, which
was expected to delay selection of the resporiBe ensure that stimulus location had an
opportunity to influence response preparation on NoGo trials in both conditions, it was important
to prolong the Go-NoGo discriminatidfiOsman et al. therefore reduced letter-digit shape
discriminability so as to increa3e from about 240 ms to about 350 ms. In this experimdrt,
influencedT; (by 121 ms) but not, (compare Figs. 1B1 and 1B2), showing th&E influenced
a but not B. (T, =350ms on both Go and NoGo triaf®)ncreasing the kel of mapping
difficulty from MC, to MC, thereforereducedthe interval between Event 1 and Event 2.

Taken togetherthe two experiments shw that MC andGND influenced the tew measures
T, andT, selectvely, supporting the hypothesis that thare pure measures of ewdifferent
modular processes (Table 1). The results alsw $lowv @ and g are arranged. Suppose they
were arranged sequentials sages. Prolonginthe first of two gages byAt ms should delay
completion of the second by the same amount: the prolongsttisimould bgyropagatedo the

14. ltis this requirement that wouldveamade it difficult to implement a suitable factorial experiment.

15. The effect oMC on T, was 121+17 mrs; its effect onT, was 3 3+ 8. 8ms; the difference between these effects is
118+21 ms (N =6; p = 0.QL).
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completion time of the next stage. If we assume equal delays between completion of each
process and its effect o, (t), then the order of process completions would be the same as the
order of Events 1 and®®.The finding (Exp. 2; Fig. 1B) that the effectMfC on T, is not

propagated t@, would then be sufficient to walidate a stage model. If we relax the equal-
delays assumption, permitting us to assume the opposite order of process completions, then the
propagation property requires thataffects onl, propagate td,, contrary to what was found
(Exp. 1; Fig. 1A) for the effect dBND. An dternative © a gages arrangement is thatand g
operate in parallel, such that tR& (on Go trials) is determined by the completion time of the
slower of the tw. Suchan arrangement is consistent with the further finding (from Exp. 2) that
the effect ofMC on RT (16 ms) is dramatically smaller than its effectler{121 ms). This can
happen becausegadless of hav much the duration ofr is shortened by decreasing thedeof

MC, response initiation on a Go trial mustait the completion ofB as well.

These findings abolRT contrast to those of Ex. 3.2, in which pure measures based on the
LRP provide evidence for a serial arrangement af raural processes. In that case, unlks
one, a composite behavioral measiR&)leads to a similar analysis of corresponding mental
processes, as we shall see in Section 4.1. In the present examplesrhbwe a measure of a
process (response selection, separated from respeesdien) for which there may be no pure
behavioral measure, and whose contributioRTomay be large or small, depending on thelle
of GND.

3.2 Serialmodules (stages) for preparing tw response features

The LRP provides an estimate of the time when the side of the response is selected; this makes it
possible to ask whether the neural process responsible for selecting the side of the response is
separate from the neural process responsible for preparing other aspects of the response. This
possibility was exploited in an experiment by Smulders, Kok, Kenemans, and Bashore (1995). It
was a wwo-choice R experiment with single-digit stimuli mapped on left-hand and right-hand
responses.wo factors were varied orthogonally across blocks of trials: stimulus qu&i@y: (
digit intact versus degraded) and response compleRiBy:(one keystroke — dmple — versus a
sequence of threeslstrokes — compbke— made by fingers of the responding hand). In addition
to the composite measulReT, Smulders et al. measured the onset time of the, bR$ed on
both stimulus-locked (LRJPand response-locked (LRPaveraging of theA, (t) functions. Let
the LRP onset times big; (measured from the stimulus, and using g)REndTgk (a ngaive
quantity measured from the response, and using,)Rend lefl; = RTj + Tgk. T and Ty
are then alternaté estimates of the same time point between stimulus and response, measured
from the stimulus; e[| be their mean’ Averaging wer the four conditionsRT][ f 416ms and

264ms. Ifa is the neural process from stimulus to LRP onset,@aigdthe neural process
from LRP onset to response, these values permit us to estimate their durations (pure measures of

a and B) averaged wer the four conditionsDa[ﬁ TIF 264ms andDﬂ[[H RT | TIH 152
ms.

16. T, would then be a composite measure, influenced by both factors, with summation as the combination rule.

17. When a mean is takewmen values of a subscript, that subscript is replaced by a dot.
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Fig. 2. Means eer 14 aibjects of data from Smulders, Kok, Kenemans, and Bashore (1995). The panels in
each pairA1-A2 and B1-B2, she the same values, plotted differentistimated duratio,, j of Stage

a, from stimulus presentation to LRP onset (Panels Al, A2); and duagiprof Stageg, from LRP

onset to response (Panels B1, B2). These are shown as functitimuifis Qualitf{SQ;, Panels Al, B1);
and ofResponse ComplexitiRCy, Panels A2, B2). Data in Panels Al and B1 are separated/éyofe

RC; those in Panels A2 and B2 are separatedu®y ¢¢ SQ Also shown in Panels B1 and A2 are null-
effect models. Main effects &Qon D, andD 4 (with +SE) are 3 +6 ms Panel A1) and & 7 ms Panel
B1); the main effects dRCon D, andD are 4+ 7 ms Panel A2) and21+ 6 ms Panel B2). The
interaction contrasts aretil3 ns (stagea) and -8+ 11 ns (stageB). TheRT data (discussed in Section
4.1) are shown in Panel C, together witlo fitted models. One (unbroken lines) is the best-fitting aditi
model (mean absolute deviation 0.5 ms); the other (dotted lines) is aneduitiel based on estimates of
process durations from the LRP data (mean absolute deviation 1.Fmn#)e RTs, the normalized
interaction contrast is 7.0%4(Fig. 15 of Sternberg, 2001; adapted by permission.)

Shown in the A and B panels of Fig. 1 are the estimated durations of progessgg separated

by condition: D, = [}, and Dgj = RTj — T[] . Becausély and Ty give smilar estimates

for effects of the tw factors orD, andD; , the estimates are based B The results show

that the tvo factorsSQandRC have lective dfects onD, andD4. This supports the

hypothesis that in this situation the LRP onset indeed defines a temporal boundary between two
neural modules that function sequentiaily sages, consistent with the reasoning in Tabi@ 2.

What ae dages? They are functionally distinct operations that occur during

18. For a dmensionless normalized measure of the interactiorxi gata, | express the interaction contrast as a
percentage of the geometric mean of the absolute values of the feata.eThisfacilitates comparison of the
interaction magnitudes associated with different measures. See Roberts & §t€rabay, Table 26.1.
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nonoverlapping epoché? In a process with twstages, the stream of operations between stimulus
and response can bat, separating StagA (the processes before the cut) from Stadthe
processes after the cut). AfandB are influenced selegBly by factorsF andG, respectiely,

this means that can hae an efect only before the cut, arté only after the cut. In most

analyses based on behavioral data, the cut is hypothetical, inferred from the additivity of factor
effects. Inthe neural process analysis discussed@libe cut corresponds to a particular
observable neuralent, and divides the neural process into swbprocesses whose durations are
selectvely influenced by the tavfactors. Thignore direct observation of processing stages
supports the inferences from th& Bata. Notethat by examining the effects of other factdks,

(or B) might be further decomposed into stages or non-stage modules, only one of which needs to
be influenced by (or G).

In contrast tdD, andD, , which are hypothesized (and confirmed) to be pure measures,
RTj, shown in Panel C, is a composite measuhéth two stages contributing to the time from
stimulus to response, thd Reflects contributions from both. In Section 4.1 | consider the RT
data from this experiment andvadhe inferred stage& andB relate to the neural procesaes
and g inferred from the LRP data.

4. Mental Processing Stages Inferred From Reaction Times

4.1 Analysisof the reaction-time data in Ex. 3.2

The conclusion in Ex. 3.2 is that the time between the stimulus digit and the response (the RT)
can be partitioned into twintervals, from stimulus to LRP (durati@y,, influenced bysQbut

not RC), and from LRP to response (duratibp, influenced byRC but not SQ. Considefust

the mean reaction time, measured under the four factdrdembinations:

RTjc = Dgj + Dk = Do(SQ) + Ds(RG). (6)

Suppose we had only those data and not the LRP data. It follows from the partitioRihg of
shown in Eq. 6 that the combination rule for the contributions of neural proeessels is
summation. Agliscussed in Section 2.2, that and the sefledtiluence of factor§QandRC on

a and g imply that the effects cBQandRC on RT are additve. In general, factors that
selectvely influence the durations of distinct sequential components of thault hae additive
effects on the composite measure. Thus, if a hypothesis asserts thatinhe @rticular task is
the summed duration of tamodular mental processésandB arranged sequentially (as stages)
with durationsT 4, andTg, and selectiely influenced by factor§ andG, we should expect:

19. The error variance values reported by Smulders et al. (1995) and the SE estimates provided here are likely to be
overestimates (because balanced condition-order effects were treated as error variance); the data required to
calculate better values are no longegilable (F T. Y. Smulders, personal communication, Septemb@99).

20. ltis perhaps a confusion between time (process) and space (processor) that has led some commentators (e.g.,
Broadbent, 1984) to belie that a process whose modules agaoized in stages cannot include feedback
because it must be implemented by a "pipeline": an ordered set of processors through which information passes in
a fixed direction from input to output. Broadbest’pipelines" constrain the relation between process and
representation: later processes must operate on representationsehaemaprocessed more highly — that are
"further from the input". Stage models need not be constrained in this waynénely partition processing
operations into temporally successiiomponents. Thers no reason wha later stage cannot makse of new
sensory information (such as feedback) in (re)processing earlier sensory infornfratibarther discussion of
Broadbent (1984) critique of stage models, and definition of three kinds of stage (completion-controlled,
outcome-contingent, and data-dependent), see Stgr(i$84).
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RT(F;,Gy) = TaF;) + Ta(Gy).- @

The goodness of fit of the parallel unbroken lines in Fig. 2C confirms the expectation of additivity
for the RTs in the experiment by Smulders et al. and supports the joint hypothesis of Table 2.

(The interaction contrast &QandRC was a redigible 2+ 5 ms.) However, because in this case

we also hee measures of the durations of neural modules (from the analysis of the LRP data) we
can go further: we can ask whether the mental modulegeddrom the purely behavioral

analysis of the composite measure correspond to the neural modules inferred from the LRP-based
pure measures.

Thus, suppose that the mental modéleendB responsible for the addit RT effects are
implemented by the neural modukesand g, demarcated by the LRP'hen, not only should the
same factors influence them seledti, but also the sizes of their effects should be the same.
Agreement among the effect sizes can be examined by assuming that thetons indeed ha
perfectly selectie dfects ona and g, and by using the appropriate subsets of the LRP data to
"predict” the pattern of theRTj}. Thus,we should be able to use just the data in Fig. 2A1
(averaging over RC levels) to obtain the estimateB ,(SQ) and D,(SQ,). Similarly, we should
be able to use just the data in Fig. 2B2ZxXaging ower SQlevels) to obtain the estimates
D4(RG) and D4(RCy). If RT = D, + D; we hae the "predictions'RT), = D,(SQ) + D4(RCy)
for the four conditioné! The dotted lines in Fig. 1C sldhat the agreement is good:

RTj = RT’}k. Numerically the effects o8QandRC on the composite measuRS are $+3 ms
and 5+ 7 ms, close to their mean estimated effects (34 and 21 ms) on the pure mEgsamels
Dj.

Another illustration of the independent use obteasures is provided by Ex. 6.3: again,
pure measures to ask about the structure of a neural process, and a composite measure to ask
about the structure of a corresponding mental process.

4.2 Themethod of additive factors

The approach to decomposing compieental processes into subprocesses thateimglified by
the RI analysis described akie cepends on the observation that if a process can be partitioned
into subprocesses arranged in stages, thenTHe&mes an example of a composite measure
with summation as the combination rule; in this casedffactorsF andG changeRT but

influence no stages in common ("seleetnfluence"), their effects on mean reaction time should
be additve, as aescribed in Table 2. Coarsely, if the effects of factors andG onRT in a

process aganized in stages interact, so tiamodulates the effect @ rather than leaving it
invariant, thenF andG must influence at least one stage in common. Suppose thaveva ha
process in which Rmeasurements lia revealed two or more factors with addie dfects. This
supports the hypothesis that the process contains subprocesses arranged seduataigly,

with each of the factors seleadly influencing a different subproce$sThus one approach to
searching for the modular decomposition of a comptecess is the method of addéifactors
(AFM), which involves determining whether twor more factors hae alditive a interacting

21. This way of deriving the RT;} f orces their means into agreemeRe[[ ff R [the question of interest is
whether the differences among the four values agree.

22. Given a @nstraint on the durations of different stages that is stronger than zero correlation but weaker than
stochastic independence, the assumption of stages plusveelgtitience implies numerous properties of aspects
of the R distributions in addition to their means (Sternberg, 1969; Roberts & Sternberg, 1993), suchaes additi
effects on var(R). However, without the constraint, stages plus selecinfluence dort’require this property of
var(RT).
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effects on meanR See Section 7.1 for a discussion of the strength of such inferences. Example
4.3 illustrates hw it is possible to reeal more comple processing structures by combining
inferences from a pattern of addéiand interacting factor effects.

4.3 Selectiity of the effect of sleep depwation

One of the most prmcative gplications of the addite factor method is described by Sanders,
Wijnen, and Van Arkel (1982, Exp. 1), and leads to the ceasial conclusion that the effect of
sleep depriation is selectie (process-specific) rather than global. What follows is a simplified
description of their experiment and findings.

This example is especially powerful because of a feature that distinguishes it from the
others: the inclusion of more thanaviactors. Thestimuli were the single digits "2", "3", "4",
and "5"; the responses were their spoken names, "two","three", "four", aed "Fwur factors
were manipulated, each atawevds: Thefirst wasStimulus QualitfSQ); the digits, presented
as dot patterns, could rgact, or degradedby adding "noise" in the form of other dots. The
second was th®lapping Familiarity(MF) from digits to names; it could either bigh (respond
to each digit with its name) ¢ow (respond to "2", "3", "4", and "5" with "three", "four", "five",
and "two", respectiely). Thethird wasSleep Stat€SLP), which was eithenormal (data taken
during the day after a normal nightdeep) ordeprived(data taken during the day after a night
aw&e in the lab). Test sessions occurred in both the morning and afternoon, creating a fourth
two-level factor, Time of Day(TD). The2* =16 mnditions were run in separate blocks of trials.
For simplicity the data shown in Fig. 4 Y been aeraged @er levds of TD. The measure was
the RT for trials with correct responses.

Other studies (see Section 6.4) had already suggestesiQlaatd MF were likely to
selectvely influence tvo different stages of processing, stages that might be described as stimulus
encoding §) and response selectioR)*>

The results in Fig. 3 consist of tRT's from the 2x 2 x 2 =8 conditions. Rnels Al and
A2 shaw that at each el of SLPthere are addite dfects ofSQandMF on RT. This evidence
supports:

(1) Performing the task wolves at least tow modules, arranged as stages, and
(2) FactorsSQandMF influence no stages in common.

Panels B1 and B2 shothat at each el of SQthere are addite dfects onRT of MF andSLP.
That is, the extra time a subject takesxecate an unfamiliar S-R association rather than a well-
learned one is irariant over sleep states, rather than being increased by sleepvdégpni This
evidence lends further support to (1) and also supports:

(3) FactorsSLPand MF influence no stages in common.

Panels C1 and C2 shothat at each iel of MF there are interaaté dfects ofSQandSLP.
Increasing the leel of SLPhas a far greater effect & when the stimulus is degraded (98 ms)
than when it is intact (17 ms). That is, sleep degion modulates the effect of the difficulty of
stimulus encoding. This evidence supports

(4) FactorsSLPandSQinfluence at least one stage in common.

Taken togetherthe three pieces of evidence support a theory according to which the
process used to perform the task contains at leastwdules,S andR, these modules are

23. The conclusion th&QandMF influence separately-modifiable sequential processes, or stages, is further
strengthened by analyses of complRiedistributions (rather than juRT means) from similar experiments
(Sternberg, 1969, Sec; Roberts & Sternberg, 1993, Exp. 2).
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arranged as stages, and among the fa@@rsviF, and SLP, SQandSLPinfluenceS, while MF
alone influenceR. Itis reasonable to suppose that the stimulus is identified d8riagd the
response selected durig (This is suggested by the nature of the facR@sand MF that
influence them.) The AFM has thus led us to the surprising conclusion that wEefeas
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influences stimulus encoding, it does not influence response selection.
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Fig. 3. Data from Sanders, Wijnen, and Van Arkel (1982, Experiment 1.) Meanthe two levds of

Time of Day(TD). Thethree pairs of panels sivdhe same & 2 x 2 = 8 data points (unfilled squares,

broken lines), plotted differentlyEach point is the mean of about 3RTs from each of 16 subjects. A

fitted additve nodel is also shown in each of the top four panels. Mean absolute deviations of data from
model are 3.3 ms (Panels Al, A2) and 1.0 ms (Panels B1, B2). Because basic data are n@ilabiger a
values were obtained from Fig. 1 of Sanders e{#282). For the same reason, neither within-cell nor
between-subject measures of variability arg@lable. ThexSEbar was therefore determined by separating
the data by’ D, fitting a model that assumes the additivityMiF with SQ SLP, and TD, and using the
deviations (7 df) to estimat®E The normalized interaction contrasts for the six panels are Al: 8%, A2:
11%, B1: 9%; B2: 3%, C1: 88%; C2: 92%. (Fig. 14 of Sternberg, 2001; reprinted by permission.)
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Unlike ssme other applications of composite measures, the findings from this experiment
not only demonstrate separate modifiability and thereby permit us to divide the processes between
stimulus and response intoawnodules (here, stageSjandR (the former selectely influenced
by SQ the latter byMF); they also extend that analysis, providing an example of localizing the
influence of a third factoBLPin one of the identified moduleS, thereby further characterizing
SandR. And the additivity of the effects &LPandSQis of course further evidence for the
separate modifiability o andR.

5. Sensoryand Decision Modules Reealed by Signal-Detection Theory

Probably the most influential approach to deriving pure measure® gfdaesses underlying the
performance of a task is the one associated with signal detection, tHedr{Swets, Tannek
Birdsall, 1961; Macmillan & Creelman, 2004). At the heart of this approach is the recognition
that een ample psychophysical tasksviive decision processes as well as sensory processes.
Consider a psychophysical experiment in which types of trials are randomly intermixed, each
with a slightly different light intensityOn one type of trial the brighter lighg; (the target
stimulus) is presented; on the other type the dimmer 1§t (the non-target stimulus) is
presented. Thebservers task is to respond with eith&; ("it was the target”) oRyr ("it was

the non-taget"). Oneach trial, according to SDhe observer forms a unidimensional internal
representation of the stimulus; ktall these representatios and Xy, for Sy andSy.
Becauses; is brighterthan Sy, Xt will tend to be larger thaXyr. Itis dso assumed,

howerer, that because of external and internal no¥seand Xyt are random variables with
distributions, rather than being fixed constants, and that beSawsel Syt are similay these
distributions eerlap. Itis the werlap that creates the discrimination problem for the observer.

According to SDT the value of on a trial results from the operation of a sensory process
S; this value is then used by a decision pro¢ess select one of the twesponses, selectirigy
if X exceeds a criterion, and selectiRgr otherwise. Theubjects choice of criterion
determines the direction and magnitude of response bias.

The data from such an experiment can be described by four response proportions arranged
in a 2x 2 matrix, where the rows correspond to thetal typesS; and Syt and the columns
correspond to the twwresponsefR; andRyt. In the top rov are the proportions of the targed)
trials that elicited each response, which estinfafeR|S;} (the true positie a "hit"
probability), andPr{ Ryt|Sr} (the false ngative a "miss" probability). In the bottom voare
the proportions of the non-targey() trials that elicited each response, which estimate
Pr{ Rr|Syt} (the false positie a "false alarm" probability) an@r{ Ryt|Syt} (the true ngative
or "correct rejection” probability). From such a matrixptmeasures can be dezd: One isd’,
presumed to be a pure measure of the sensory prScass proportional toX; — Xyr, Which
increases with discriminabilityThe other is an estimate of the criterion, presumed to be a pure
measure of the decision procé&ks

Mary factors hae been used in attempts to influerfandD, some expected to influence
just a sensory process (sensory-specifis-factorg, and some expected to influence just a
decision process (decision-specificdefactorg. Stimulusfeatures such as the luminance
difference betwee; and Syt are examples of s-factors used to influence the medsgired'.
In studies with human obsems, 2x 2 payoff matrices, containing posit a negdive values
associated with the four possible outcomes on a triag been used as a factd?() to
influence the response bias associated Bittunfortunately selective influence byPM of D has
not been showr) is also influenced by &ttors. Havever, a few animal studies, including the
one described belg suggest that response bias is seleliinfluenced not by the conditional
probabilities described by the pafofatrix, but by the distribution of veards over the two
alternatve responses (sometimes described as the "reinforcement RiRp"RRcan be defined
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asPr{ Ryt|Reward, the proportion of the total number ofwerds (for both kinds of correct
responses) that arevgh for Ryq.

In a luminance-discrimination experiment with six pigeons, Mc@aatid Davison (1984)
used a linked concurrent pair of variable-interval (VI) schedules to cdRRolOn each trial in a
series, one of twlight intensities appeared on the ceniy & three leys; these tw trial types
were equally frequent. The correct response was to peck theyeRk) if the center &y was
"bright," and to peck the rightey (Ry7) if it was "dim." Correct responses were reinforced with
food, with a mean probability of about 0.37, controlled by the VI scheduigs factors were
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Fig. 4. Mean effects dReinforcement RaticRR = Pr{ Ryt|Reward (Panels Al, A2) and.uminance

Ratig, LR (Panels B1, B2) on criterion(Panels Al, B1) and on discriminabilid}y(PaneIs A2, B2) are

shown by unfilled points and broken lindRRandLR levels have been scaled so as to linearize their mean
effects onc?value andd'-value (Panels Al and B2). Filled points and unbroken lines in Panels A2 and B1
represent fitted models in whictandd’ are irvariant with respect to factolRRandLR, respectiely. The
dotted lines in Panel B1 represent a fitted model with a multiplecatieraction of the ta factors

(SM:7.2, SM:15.1), which is not statistically significant. B&E error bars reflect estimates of the
variability of each plotted point after removing mean differences between birds. Plotting symbols
correspond from top panels to bottom, but not from left to right; the plgtiedues are the same from left

to right. From McCarth and Davison (1984); basic data kindly provided by B. Alsop. (Fig. 5 of Sternberg,
2001; reprinted by permission.)

varied orthogonally: Théuminance ratioLR) of the two lights was varied by letting the dimmer
luminance be one of ianalues, including, for the most difficuliR level, a value equal to the
brighter luminance. Theeinforcement ratiq RR), described byPr{ Ryt|Reward, could be one
of three values, 0.2, 0.5, or #8There were thus %3 =15 onditions. Br each bird, each
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condition was tested for a series of conseeuthily sessions until a stability requirement was
satisfied; the data analyzed came from the laghssessions in each condition (about 1060 trials
per condition per bird).

For each condition and each bird, the data can be summarizedlydportions,
Pr{ R;|S;} and Pr{ R;|Sy7}. If the distributions oiX; and Xyt are Gaussian with equal
variances, ana(Dlis the z-transform of a proportion (thevanse Gaussian distribution function),
then the ("ROC") cur raced out whe(Pr{ R;|S;}) i s potted againsz(Pr{ R;|Syt}) as RRis
changed from 0.8 to 0.5 to 0.2, is expected to be linear with unit slope. Examination of the set of
thirty such curves (6 birds5 levds of LR) supports this expectation, and hence the equal-
variance Gaussian model. ¥&n such support for the model, suitable estimators for the
discriminability and criterion measures for each condition are
d' = z(Pr{Ry|Sr}) - z(Pr{Ry|Syr}) and ¢ = (- 3)[z(Pr{Rr|Sr}) + Z(Pr{Rr|Syr})]. Theorigin
for the criterion measure is the midpoint betwegp and X+; the sign of the criterion thus
expresses the direction of the bias. Meaws birds of these tw measures are shown in Fig. 4.

The left side of the figure shows that while the criterion responds strongly to Rietor
(Panel Al), the often-demonstratedldriance ofd’ with respect to d-factors is also persuasi
here (Panel A2): there is neither a main effed®Bfon d’, nor is there aym modulation byRR of
the effect ofLR. The invariance model fits well. Thus we V®eridence for the hypothesis that
while RRis potent, as shown by its influence on the critec@inence orD), it leares invariant
our measurel’ of discriminability (and hence @&). Effects ofLR are shown on the right side of
the figure. Panel B2 shows the orderly effect bR on d’; discriminability ranges widelyfrom
d' =0tod =3.6 Panel B1 shows that to a good approximation the criterion is uninfluenced by
LR.

6. Neural Processing Modules Inferred from Brain Activation Maps

6.1 fMRI signals as pue measures

Suppose there is localization of function (see, e.g., Op de Beeck et al. 2008, but also Haxby,
2004), such that tavneural processes and g are implemented by different processgysandb;

in non-overlapping brain region®, andR;. The search for such processes has sometimes been
stimulated by behavioral findings that support the existence of modular mental précassks

that are influenced seleatly by factorsF andG. Because of their effeetness in assessing the
level of activity in localized brain regions, PET and fMRI are good techniques for such searches.
Then, because processshould be influenced seleadly by F, the actvation level of regon R,,

a pure measure, should vary wikh but not withG, and comwersely for regionRﬁ.25 Thus, the
existence of regions whose fMRI signals are influenced sedhchly F andG provides evidence

for modularneural processes that correspond to the modumantalprocesses inferred from the
behavioral data. If such regions were found, it would support the modular decomposition inferred
from the behavioral data, and would also support the conclusion that the processors that
implementA andB are anatomically localized.

24. If Pr{Ryt|Reward = 0.2 for example, for eachwerded Ryt response there are fouwarded Ry responses,
encouraging a liberal (low) criterion féty.

25. Such tests require no assumptions about whether a change in fattauses an increase or decrease in
activation. Thiscontrasts with the assumption, sometimes used to infer modular neural processors (Kanwisher,
Downing, Epstein, & Kourtzi, 2001), that stimuli more prototypical of those for which a processor is specialized
will produce greater actétion.
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For examples 6.3 and 6.4, it was the modular decomposition ird@twcessing stages
inferred from R data that suggested amexperiment that would incorporate fMRI
measurements to search for corresponding neural processes. And in both experiments, concurrent
RT data were taken, along with the fMRI data. While tfledgta in the first example confirmed
earlier findings, results in the second example did not, probably because of paradigm differences,
which raises interesting questions about the fMRI findings.

6.2 ThefMRI signal as a composite measure

If @ and B are implemented by different neural processBysindP; (or by thesameprocessor
P,5) inoneregion, R, 5, then the actiation level in R, ; is a composite measure that depends on
botha and 8. To test separate modifiability we must knor show how their contributions to

the actvation measure are combine8or example, if the combination rule gimmation
(sometimes assumed without justification) and if fackoendG influencea and g selectiely,

then the effects df andG will be additve. Finding such additivity in a factorial experiment
would support the combination rule in that brain region, as well as selédluence. (If
summation were assumed erroneousdiective influence might be obscured: the effect of each
factor would appear to be modulated by thesllef the othe’®) Additivity was found in
examples 6.5 and 8.1, both of which used fMRI adaptation, as well as of the brain regions
examined in Ex. 6.4. Some of the evidence that bears on the combination rule for fMRI signals is
discussed in Section 7.2.

6.3 Modular processes in number comparison

In an experiment by Pinel, Dehaene, Rigieand LeBihan (2001), subjects had to classify a
sequence of visually displayed numbels, &s being greater or less than 65. One factor was
notation(N): the number& could be presented as Arabic numerals (e.g. ‘68’) or number names
(e.g. ‘SOIXANTE-HUIT’). Theother waswumerical proximityP), defined as the absolute
differencelk — 65|, and grouped into threevels. Theinteresting phenomenon here is the
"symbolic distance effect" (Moyer & Landayué®67): the smaller the value Bf(the closer the
proximity), the slower the responsA.similar experiment (Dehaene, 1996) had shown aditi
effects ofN andP on RT; this was interpreted to indicatedwnodular subprocesses arranged as
stages: encodin@E), influenced byN, which determines the identity of the stimulus and is
slower for number names than numbers, and compar@piinfluenced byP, which uses the
stimulus identity in performing the comparison and is slower for closer proximities. In the new
experiment, in which fMRI as well asTRnmeasurements were taken, most of the sixteen brain
regions examined whose a@tion was influenced b or by P were influenced significantly by
only one of them, consistent withdveeparately modifiable neural procesgesndy that are
implemented by separately localized processors. Whervevage absolute effect sizes and SEs
over the regions of each type, we find that for the ilisensitve regons theN effect was

0.17 £ 0. ®% (medianp-value = 0.01), while the effect was 006 + 0. B%; for the sgen P-

sensitve regons theP effect was 032 + 0. 10% (medianp-value = 0.01), while th&\ effect was

0. %4 + 0. 4%.

The fMRI data from three well-beted regons are shown in Fig. 5, Panels B, C, and D.
The concurrently collectedRdata (Fig. 5, Panels A) replicated the earlier stedggesting that
we associate the neural modukeandy with the mental modules andC,; it is important that
the mental and neural modules were seleltinfluenced by the samadtors. Havever, while
the direction of the effect d® was the same in all the brain regions it influenced, the direction of
the effect ofN was not: the change from numeric to verbal notation (which increR3gd

26. For an eception, see Ex. 8.3.
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Fig. 5. Reaction-time and selected braination data from Pinel, Dehaene, Rireeand LeBihan (2001).
The same data are plotted on the left as functiofs(pfoximity, where "high" means closer), with
(notation) the parameteand on the right as functions df, with P the parameterMeans ger nine

subjects of mediaRTs for correct responses are shown in Panels A, with a fitted\aditdel. The

three levels of P have keen scaled to linearize the main effecPasn RT; this effect, from lav to high P,

is 159+ 24 ms while the main effect oN is 204+ 34 ms (SEs are based on variabilityes the nine

subjects.) Thelifference across Wels of N between the simple effects Bffrom low to high (a measure of
interaction) is a rgligible 4+ 20 ms (The SE may be inflated by unanalyzed condition-order effects.) The
normalized interaction contrast, based on the four corners ofxRel8sign, is 4%. Mean awtition

measures from three sample brain regions, weldtian ntertrial baseline, are shown in Panels B, C, and
D, accompanied by fitted null-effect models in Panels B2, C1, and D1. Shown in Panels B1, C1, and D1,
the main effects o (from low to high, using fitted linear functions) ae2 + 0. 0% (p = 0. ),

- 0.B+0.®B%, and Q00+ 0. ¥%. Shown in Panels B2, C2, and D2, the main effectd afe

-0.06+0.06%, 016+ 0.®% (p=0.a), and-0.15+0. ®% (p = 0. ®). (Fig. 6.2 of Sternberg, 2004;
reprinted by permission.)
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increased actation in some regions (e.g. Fig. 5, Panels C) and decreased it in others (e.g. Fig. 5,
Panels D)2’

6.4 Modular processes for stimulus encoding and response selection

A common finding has emerged fronveel studies of choice-reaction time (one of them
discussed in Section 4.3), using various experimental arrangements and various realizations of the
factors SQ(stimulus quality) and stimulus-response mapping difficulty (eikhier mapping
familiarity, or MC, spatial mapping compatibility): these studieyéahown that stimulus

quality and mapping difficulty v additive dfects onRT, consistent with the idea that there are
two processes, arranged in stages, that are sadigamfluenced by theseattors. (Thesstudies
include Biederman & Kaplan, 1970, after a session of practice; Frowein & Sanders, 1978;
Roberts & Sternberg, 1993, Exp. 2; Sanders, 1977, Exp. II; Sanders, 1980, Exp. 3; Sanders,
Wijnen, & Van Arkel, 1982, Exp I; and Shwartz, Pomerantz, & Egeth, 1977, Exp. 2.) The notion
is that in initiating a response to a stimulus, the stimulus must first be identified (on&xstage,
then, starting with the identitthe response must be determined (a second fage,

Using a choice-reaction task with their version&@fandMC, Schumacher and
D’Esposito (2002) measured’Rnd, concurrentlymeasured fMRI in six brain regioffdn their
task, the stimulus was awaf four circular patches, one patch brighter than the others. The
response was to press one of foeyk depending on which of the patches was the brighter one.
The two factors, each at mlevds, were the discriminability of the brighter patch from the others
(SQ), and the spatial compatibility of the patch-eykrapping MC). Eachsubject was tested
under all four combinations of factowks. Unlike Ex. 6.3, in @ery region where a factor had an
effect on the fMRI signal, the "more difficult"vie of that factor — the kel that produced the
longerRT — aso produced the larger fMRI signal. Figures 6.1 and 6.%/shat in one of the
regions, onlySQhad a reliable effect (Panels A), indwf the regions onlyMC had reliable
effects (Panels B and C), indwegons both factors had reliable effects (Panels D and E), and in
one region neither factor had a reliable effect (Panels F). The geldtécts found in three of
the regions (where the fMRI signal was influenced by one of the factors but not the other) are
consistent witls andR being implemented, at least in part, by anatomically distinct populations
of neurons®?

27. Without requiring it, this finding invites us to consider that there anegalitatively different encoding
processeg, one for each notation, rather than ‘one’ process whose settings depBhdTdis possibility is
supported by the observation that "the notation factor affects the circuit where information is processed, not just
the intensity of the activity within a fixed circuit” (S. Dehaene, personal communication, September 29, 2006). If
so, we hae a @se where a change in thedeof a factor (hereN) induces a task change (one operation replaced
by another; see Section 12.1), but evidence for modularity emerges nonetheless: the proximity efgenis in
across the tovtasks. Basedn the idea that the processes implemented by different processors are probably
different, the (multidimensional) agttion data from such a simple (two-factor) experiment can support a claim
of operations replacement. In contrast, dnelRperiment that alone could support such a claim has yet to be
devised.

28. Extrastriate cortewas expected to respond3$q) previous studies had implicated the remaining fagons (see
Fig. 6) in response selection.

29. ltis notevorthy and requires explanation that in each of the fizses where an effect is not statistically
significant, it is nonetheless in the same direction as in those cases where the effect is significant. Is this because
the neural populations that implement 8andR processes are incompletely localized, or because the measured
regions dort' correspond to the populations, or for some other reason?
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Fig. 6.1 & 6.2. Brain actgtion data relatie © a fixation baseline for the six regions measured by
Schumacher and D’Esposito (2002). Mean main effaaisrine subjects (eight for anterior cingulate) of
Stimulus Discriminability and S-R Mapping in each region, with null effect models shown for each non-
significant effect.
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Fig. 6.1 & 6.2. Brain actation data relatie © a fixation baseline for the six regions measured by
Schumacher and D’Esposito (2002). Mean main effaasrine subjects (eight for anterior cingulate) of

Stimulus Discriminability and S-R Mapping in each region, with null effect models shown for each non-

significant effect.



Sternbeg Modular Processes in Mind and Brain - 8/19/2010 Page 27

Anterior Cingulate

O--0 pata A

=——=a Additive Model

o

w

=
1

Mean Percent fMRI Signal Increase
o
)
=

T
700r O--0 pata C
=—=a Additive Model
0.20[ b e
Interaction Contrast = -0.002; §
‘ SE =0.041 E600f i
Easy Hard g
Stimulus-Response Mapping -
o
g 5001 1
___Lateral Premotor &
- c
0.45F O DDatg' B | 8
=—=a Additive Model s
4001 Interaction Contrast = 29.2;
0.40- i SE =8.4;, p=0.008
L 1

Easy Hard
Stimulus-Response Mapping

Interaction Contrast = 0.001;
0.30F SE =0.048 ‘ 4

Mean Percent fMRI Signal Increase

Easy Hard
Stimulus-Response Mapping

Fig. 7. Panels A, B somean simple effects of the dwactors on the brain agttion measure, in the two
regions where both main effects were significant in Schumacher and D’Esposito (2002). Also shown are
fitted additve nodels, and the interaction contrasts that measure the badness of fit of these Reeééls.
shows simple effects of the tfactors onRT, and the corresponding interaction contrast. The normalized
interaction contrasts are A: 4%; B: 1%; C: 25%. (The mean effect of discriminabilRf avhen the

mapping was easy versus hard is 64 versus 94 ms, reshecti
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The additivity found in earlier experiments suggests that there is no process influenced by
both factors. Buin two brain regions (Panels D and E), both factors were foundue digects.
One possibility is that these regions each containgpcialized populations of neurons, each of
which is influenced seleegtly by a different one of the wfactors. Ifso, the total amount of
neural activity in each of these regions would be influenced eggiby the two factors.
Alternatively, if SandR are sequential, as suggested by thal&a from the earlier experiments,
the same neural processor in the same region could contribute to the implementation of both
processes, and again it is plausible that the summed neural activity would be influencedyadditi
by the two factors. Asshown in Fig. 7, Panels A and B, the effect$@andMC on the fMRI
signal were remarkably close to being perfectly adeliti

Additive dfects on the amount of neural activity by itself does not imply addiffiects on
the fMRI signal; the supplementary assumptions required for this implication are discussed in
Section 7.2. Gien these assumptions, the additivity of the effectS@andMC on the fMRI
signal supports additivity of their effects on the amount of neural actwiigh in turn supports
the idea that separate processes within the regions shown in Panels D and E contribute to the
implementation of botl$ andR.

In contrast to the earlier findings with various experimental arrangements mentiomed abo
the effects of the twfactors orRT in the Schumacher-D’Esposito task were unfortunately not
additive; as iown in Fig. 7C there was a reliable interaction: the effect of raisingudeofeeach
factor was greater when thevé of the other factor was higher (anv@additive" interaction);
such an interaction was found in the data for eight of the nine subjects. This finding seems
inconsistent with the fMRI data, all of which support the idea that no neural process is influenced
by both fictors. Ongoossibility is that there is such a process, but it happens not to be localized
in ary of the six regions that were examined, which suggests that stronger inferences require
sampling more brain regiori8.3!

6.5 Modular short-term and long-term memory processes in scene perception

Consider the process used to to recognize a scene awedarpaigement about it. This process is
influenced by the observsifrevious experiences with the same scene and with other views of

the same place. Epstein, Parkaed Feiler (2008) asked whether there are different subprocesses
influenced seleately by such previous experiences, depending on whether the experiences are

very recent ("short-interval" — within 2 sec) or less recent ("long-interval" — separated by about

a half hour). Students at the Usmrsity of Pennsylvania (Penn)wsawo sries of visual scenes,

Series 1 before their brains were scanned, Series 2 while being scanned. During Series 1, all the
scenes were from Penn, and subjects had to judge which half of the campus each scene was from.

Two scenes were presented sucaahgion each trial in Series 2, with onsets separated by
1.2 sec.For two thirds of the trials, both scenes were from Penn; for the remaining third (whose

30. Schumacher and D’Esposito (2002) suggest that such a process might occur only under the stress of a subject’s
being in the scanngand not under normal conditions. On the other haffdd#&a from the practice session,
outside the scanneshowed a non-significant interaction of about the same size and in the same direction. It is
also of interest that a whole-brain analysis of the fMRI data did wedlrary additional task-sensite regons
(E. Schumachepersonal communication, Nember 27, 2006).

31. There is an unresolved puzzle about these data that suggests that it would be valuable to replicate this experiment,
using a procedure known to produce aaditifects onRT. The large SEs associated with the very small mean
interaction contrasts for the data shown in panels A and B reflect the fact that the variability of the interaction
contrast er subjects is quite large — so large relatio the mean that the reported F-statistics in both cases
were 0.00. Indeed, rela# o the variability the reported mean interaction contrasts were significaptty @ 05)
too small.
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data were discarded), one or both scenes were not from Penn. Subjects had to judge whether both
scenes were from Penn, and make speeded manual response to the second scene if so, the

other response if not. Primary interest was in thieaRd in the fMRI signal in the

parahippocampal place area (PPA) on each trial when both scenes were from Penw,thadeho
measures were influenced byotarthogonal factors: thehort-interval relation between the

second scene and the first, andltmg-interval relationbetween the second scene and scenes

that had been displayed during Series 1.

fMRI Adaptation(also called "repetition suppression”; Grill-Spector & Malach, 2001) was
expected both from Series 1 and from the first scene on each trial in Sefliedhz extent that a
stimulus is similar to one shown earlilre neural response to that stimulus is reduced. (One can
also think ofrecoveryfrom fMRI adaptation as a melty effect: to the extent that aspects of a
stimulus to which the measured neurons are seasig novel, their response is greater.)
Because the fMRI signal in the RBs well as the R vary with both short-interval and long-
interval relations, theare both composite measures. Answering the question whether short- and
long-interval fMRI adaptation in the RRs generated by a single process or by swparate
processes therefore requires determining tiwir effects on the neural response combine.
Because the Rundoubtedly depends on other brain regions in addition to the PPA, analysis of
the two measures might lead to different answers.

There were three possible short-interval relations between the first and second scenes on a
trial: they could be identical (second scene = pldce old view), similar (second scene = old
place newview), or different (second scene = nplace. Similarly, there were three possible
long-interval relations: the Series 1 scenes could include one that was identical to the second
scene, or one that was simjlar none that was either identical or simildrhe ingenious design
permitted these tavkinds of relation to vary orthogonallyor the analysis presented here, the
data were partitioned so as to separately examine (Y)aheffect the effect of increasing
novelty by showing a different vie of a previously seen place rather than the same,\déad (2)
theplace effectthe effect of increasing melty by showing a n& place rather than repeating a
previously seen plac®.Thus there are tashort-interval factors (sameness or difference of view
and place) and twlong-interval factors (sameness or difference ofinaad place), each with
two levds. Inasking hav the effects of short-interval and long-interval factors combine, we can
ask hav each of the tw short-interval factors combines with each of the tang-interval
factors, giving us four separate tests.

32. Suppose that the fMRI analysis leads to the conclusion thatdHadiors influence separate modules within the
PRA. Thiswould not preclude their having interaaidfects on the meanlR This could happen, e.g., if the
processes that contribute to th€ iRclude one or more processes, other than the one(s) implemented by the PPA,
that are influenced by bothdtors. Oiit could happen if the processes that contribute to Thar&selectrely
influenced by the terfactors, but are arranged in parallel rather than as stages. On the other hand, suppose that
the fMRI analysis leads to the conclusion that there is a single module influenced by thetdvs. Then,
unless the P®does not play a role in generating the response, additivity of Treff &cts of the tw factors
would be unexpected.

33. Inthe present analysis of the effects of place change, the data for same place were codiaihsedeay factor.
This analysis differs from that of Epstein, et al. (2008).
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interval and long-interval n@lty, from Epstein, Parkeand Feller (2008). The normalized interaction

contrasts are A: 11%; B: 5%; C: 29%; D: 7%.
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Fig. 9. Combined effects dRT of two kinds of short-interval and long-interval veity, from Epstein,
Paker, and Feller (2008). The normalized interaction contrasts are A: 11%; B: 3%; C: 18%; D: 64%.

Means of the PPfMRI signal strengthswer the sixteen subjects are shown in Fig* all
four of the main effects are significant, wiph< 0. GL. Ineach case the long- and short-interval
effects are remarkably close to being additiWhereas the long- and short-interval place effects
are similar in magnitude (Panel B), with the former slightly gre#tierlong-interval vier effect
is substantially smaller than the short-intervalwesfect (Panel A). Indeed, the difference
beween the long- and short-interval main effects of the féetor is significantly greater than the

difference between the main effects of the place fasfth p < 0.0L. Inaddition to its

34. These are means of the BOLD signal strengths in thedtjons of the two hemispheres.
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significance leel attesting to the remarkably high precision of these data, this three-way
interaction supports the idea that the long-interval adapting effect is more "viewpaiidnt!'
than the short-interval effeét.

Means of the R data are shown in Fig. 9. There is one substantial interaction (in Panel D),
but it is not statistically significant. The additivity in Panel A should probably not be taken
seriously because the long-interval vieeffect is small (just as in the fMRI data) and, for the RT
data, not statistically significant. As in the fMRI data, lengthening the interval reduces the view
effect more than the place effect in the dta; indeed, it ierses the effect in theTRlata. Itis
interesting to consider whether the differences between short- and long-interval effects of view
and place changes would alone argue that the short- and long-interval effects are generated by
different processes. (See the discussiodiféérential influencen Section 12.4.)

To the extent that summation is a plausible combination rule for effects on fMRI (see
Section 7.2), the additivity of the effects of short-interval and long-interval factors is consistent
with their being generated by separate modular processes.vetpthe fMRI data alone don't
tell us whether these processes are concurrent (resulting from the activity of different neural
populations in the same region) or sequential. The fact that no brain regions were found in which
just one process appeared to be operating seems to argue against their being implemented by
different neural populations. Both of the neurophysiological accounts suggested by Epstein et al.
(2008) are consistent with the processes being sequential. If the additivity df gfed&s were
more persuage, we would hare evidence for tvo processes being arranged as stages. Mewe
as mentioned alve, we cdon’'t know the relation between RRactivity and the processes that
generate the response. Whatetheir temporal arrangement, if bandependent (modular)
processes mediate the effects of the same experience, dependinglondiago it occurred, this
seems to require separate short-term and long-term memory representations.

7. Modular Explanations of Additive Effects: How Strong is the Inference?

The inferences from composite measures to modular processes in Sections 4 and 6 based on RT
and fMRI data hee made use of the reasoning described in Table 2v ptysuasie is auch

reasoning? Supposeat we mak an dservation — of the additivity of the effects ofafactors

on a measure — that is consistent with a theory according to whichdHadters influence a

particular pair of processing modules selagyi. Given the observation, lvecredible is the

theory? Thigdepends on the plausibility of the theahe plausibility of alternatie nodular

theories, and the plausibility of single-process (i.e., non-modular) theories that are also consistent
with the observation (Howson & Urbach, 2006).

7.1 Inferences from reaction-time measurements

Let us first consider the case where the measR& isnd where the observation is of the
additivity of the effects of tewfactors. Whenhe additve-factor method was first proposed
(Sternberg, 1969), there was a highly plausible and historically significant modular explanation:
stages plus selees influence, with the combination rule (summation) inherent in the concept of
stages. Andhere were no well-known plausible altermesi, either modular or non-modular.

35. In a whole-brain analysis, reliable long- and short-interval effects were found yrothanbrain rgions. There
was no fersuasie evidence that anregon had just one of thesefefts. Furthermorehe number of regions in
which the interaction of the meffects was significant (twamong 21 tests) can be explained as being the result
of type | error Thus, no regions were found that provided pure measures of either effect, and additional evidence
was found of additivity of the tw efects on the fMRI signal.
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Since then, it has been diseted that under some conditions, other models, quite different in
spirit from stage models, can also generate such aelditects. (Ashby1982; McClelland,

1979; Miller, van der Ham, & Sanders, 1995; Roberts & Sternberg, 1993). In all these cases, the
prediction of means additivity deas from modularity plus selee# influence; hence, from the
viewpoint of discoering modular processes (but not ofahthese processes are arranged in time)
the existence of these alterwatjpossibilities does not weaken the argument outlined in Table 2.
Their discaoery, howeve, decidedly weakens the inference from the additivity of factor effects on
RT to the oganization instages of the corresponding processes.FElp distinguish among such
modular alternaties ane can sometimes use other aspects of Thdal (e.g., Roberts &

Sternberg, 1993) or brain measurements. (Examples of the use of brain measurements are the
pure measures of stage durations in the electrophysiological data of Ex. 3.2, and
neurophysiological data; see Schall, 2003, and references therein, and Woodman, Kang,
Thompson, & Schall, 2008.) As for non-modular theories, hkobno gausible way in which

what is truly a single process cangiise to additie dfects of tvo factors on mean® This

could of course change, as we learn more about mental and neural processes.

7.2 Inferences from fMRI measurements

Suppose that we obserthat the effects of tawfactors on the fMRI signal in a brain region are
additive. Itis tempting to conclude that théenfluence different neural processes in that region.
To do 0, two propositions should be true:

Proposition 1 Summation is the combination rule for their contribution to the BOLD signal
(B) of different processes in that region, either concurrent and implemented by different neural
populations, or successi (Only then can additivity of effects support the inference of setecti
influence.) ThigequiresB to be linear in the total amount of neural activity in the region.

Proposition 2 Factors that influence tteameneural process doot have alditive dfects
on the amount of neural activitylf they did, andB satisfied the linearity requirement, then
additive dfects could be produced by factors that influence the same neural process.) This leads
to a requirement aforlinearity for neural activity.

To e wly these propositions are critical, consider what is required to correctly conclude
in favar of modular processes in a region, anavivee could be misled.

Different neural populations implement modular proces&gpose first thar and g,
modular processes sele@y influenced byF andG, are implemented by tadifferent
populations of neurons in the measureglor. Letus writeN, = N,(F;) and Nz = N4(Gy) for
the levels of neural activity in those ypopulations, and assume that the fMRI sigBadlepends
on both N, andNy,, but possibly to different dgees. Assumturther thatB is alinear function
of N, andNg: B(N,, N7E) = By + aN, + bN;, whereB; is a baseline iel, anda andb are
nonngaive mnstants’ We @an then write:

Bjk = B(Fj, Gk) = Bg + aN,(F;) + bNg(Gy). (8)

Because changes iinfluence only the second term, and changé&3 imfluence only the third
term, the effects of ; andGy on By, must be addivie, whatever the form of the functions,( )

36. Inthe most popular detailed Rodel, the diffusion model (e.g., RatEiff Smith, 2010), the most natural way
in which a factor has its effect is by changing the rate of evidence accumulation vé\d@iécts on this rate
produce effects oRT that are geradditive.

37. These constants would depend, for example, on the mean proximities af fhgotations to the center of the
brain region in which the fMRI signal is measured, and on the time relation betweeo do¢ivetions.
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andNg(). The inferential logic for this case is described by Table 2, and, as described in that
table, the observation of additivjtgs in Ex. 6.4, 6.5, and 8.1, supports the hypothesis that factors
F andG influence different modules seladly, together with the hypothesis that the
contributions toB of the two populations combine by summation, which in turn dependB on
being linear in the leel of neural activity.

One neural population implements successive modular proceBseause the fMRI signal
reflects neural activity that occursep a period of seconds, if processesand 8, selectvely
influenced by andG, are implemented successdly and sufficiently rapidly by the same
population of neurons in the measured regiory Weuld both contribute to the fMRI signal.
With one provisc® even if temporal summation were imperfect (e.g., Dale & Bucki®97), an
equation lile Eg. 8 would apply; the failure of perfect temporal summation would be reflected
only in the parameters andb.

Additive effects from a single procegss summarized in Table 2, the observation of
additive dfects of tvo factorsF andG supports the joint hypothesis consisting-f and H3.
An alternatve explanation for such a finding is that there is a single proaessfluenced by
both factors that operates in such a way that their effecié 0R, G) are additve. In evaluating
the plausibility of this alternate we reed to consider what would be required of the process for it
to have this propertyand hav the requirement could be testegor this purpose it is helpful to
consider the idea déctor-level strength Suppose tw factors,F andG, each at tvo levds, in a
2 x 2 factorial design, and a composite meaddre M(F, G). Associatea factor-lesel strength,
& ands, with each leel of each factor; let the strengths fBy, F,, G; andG; beq, g +r, u, and
u+v, respectiely. To make it dear thats; ands, need to be specified only up to arbitrary
multiplicative mnstants, we can write, for total factowdestrength tFLS = bs + CS- Then for
the four conditions in thexperiment, £, Gy), (F1, G,), (F2, G1), and F,, G,), the total factor-
level strengths ardag + cu, bg+ cu+ cv, bg+ br + cu, and bqg+ br + cu + cv, respectiely.
Subtractingoq + cu, they become Ogv, br, and cv + br, which makes it clear that the factox4k
strengths in the four conditions are additi Because the total strength is additia recessary
and sufficient condition for the effects of theotfactors onM (F, G) to be alditive is thatM is a
linear function oftFLS:

M(F,G) = M(tFLS) = M(bs +cg) =a+b'ss +C's; 9)

To the extent that such linearity is plausible or valid, ivpnés us from confidently inferring
modular processes from adu#idfects onM. Applying this reasoning to fMRI, and assuming
thatB, is linear inN,, B, is linear intFLS if (and only if) N, is linear intFLS:

N, (bs +cg) =a+b's +C's. Thus, only to the extent that the linearitydfin tFLSis
implausible or inalid does the finding of additivity of factor effects Brsupport the hypothesis
of modular processes.

In short, to justify the inferences in Ex. 6.5 and 8.1, and those based on theeaffditts
in two of the brain regions in Ex. 6.4, weusa believe thatB is (approximately) linear i,
and thatN is nonlinear inFLS. These requirements appear not teehkeen recognized by some
investigators.

Evidence for linearity of BN) (Proposition 1) and nonlinearity df (Proposition 2).The

38. If the duration of either process is changed sufficiently by the change in faetsoléat the temporal
distribution of neural actgtion in the region is altered, additivity coulalf However, the findings in Ex. 6.4 are
perhaps reassuring: Despite the fact thaRMealata (Fig. 7C) indicated substantial effects on the durations of
both processes of interest, the additivity of the fMRI effects in both of the regions influenced by both factors was
remarkably good. Apparently these duration changes are smakledtathe sluggishness @.
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neural basis of the BOLD response is covdrsial, as is its relation to different types of neural
activity (e.g., Ekstrom, 2010; Logothetis & Wandell, 2004; Goense & Logothetis, 2008). That
B(N) is linear has been concluded from comparing the effects of motion coherence (Rees,
Friston, & Koch, 2000) and contrast (Heedduk, Geisler& Albrecht, 2000) orB in humans

with their effects on the single-cell spikate in monkys. Predictiondrom a linear transform
model for the effects of certain visual stimulus variation8arere largely confirmed for area

V1 in an influential study by Boynton, Engel, @ and Heeger (1996); see also Dale and
Buckner (1997). The failures of linearity in such studies (such as failures of temporal
summation) generally dortell us whether it is the neural respoéeor B(N), or both that are
nonlinear (Boynton & Finng 2003, Miller, Luh, Liu, Martinez, Obata, et al., 2001; Soltysik,
Peck, White, Crosson, & Briggs, 2004). Generalization is problematic, because different brain
regions may differ in linearity (Horner & Andrews, 2009, Soltysik, et al. 2004). The authors of a
study in which electrophysiological as well as fMRI measures were taken concluded that the
source of nonlinearity in V1 ibl, not B(N) (Wan, Riera, Iwata, Takahashi, Wakabahyashi, &
Kawashima, 2006). Hower, Miller et al's (2001) finding of a nonlinear relation between
cerebral blood flev and B in primary visual and motor cortes hard to explain unlesB(N) is
nonlinear And Boynton and Finrye(2003) conclude that whereas some of the nonlinearity in
higher visual areas is neural, some may bB(iN). Taken togethethe aailable evidence seems

to permit us to treat the linearity B{N) only as a tentate working hypothesis.

Also, because pure measures of each factor were found in some brain regions in Ex. 6.4, it
seems reasonable that the finding of effects of both factoroiather regions should be
explained by those regions containingotpopulations of neurons. These and other instances of
additive dfects onB(N) provide evidence of its linearitynless there are compensating
nonlinearities inB( ) andN( ), which is unlikely.

Evidence, including that mentioned abpindicates that in response to contrast, duration,
number of pulses, and number of trials, neural responses change nonlinearly (Albrecht,&eisler
Crane, 2003; Carandini & Heegd®94; Geisler & Albrecht, 1995; Heeget d., 2000; Li,

Miller, & Desimone, 1993; MeetdWyers, & Gluck, 2005). This reduces the plausibility of a
single neural process producing additdfects by responding linearly t6LS. If we assume

this, and therefore associate adaitéfects of tvo factors in a brain region, as in Ex. 6.4, 6.5, and
8.1, with their influencing different modules seleely, then such addite dfects increase the
support for the linearity oB(N) for those regions and under the conditions of those experiments.

8. Brief Accounts of Four Additional Examples

8.1 Modular processes for perceptually separable dimensions

In Section 6.5 an application of fMRI adaptation was considered. Another example is a study by
Drucker, Kerr, and Aguirre (2009). Suppose a set of visual stimuli that vary along two
dimensions that aneeurally separablgin the sense that there evaduated by different modular
neural processes (possibly implemented by different populations of neurong§. anetS, be
successie gimuli, and letF; andGy be their proximities along the tsndmensions. Thergiven

Eq. 8, the adapting effect & on the fMRI response 8, will be the sum of the adapting effects
on the tvo processes, which in turn will depend addiy on F; andGy. In an eperiment to test
this idea, Drucker et al. usedawifferent sets of outline shapes, each varyinegr seveaal levels

of each of tvo dmensions. Br one stimulus set the bwdimensions were expected to be neurally
separable because yhere perceptually separable in the sense of Garner (£87@)the other
stimulus set thewere expected to beeurally integral that is, @auated by a single process,
because theare perceptually integral, and were therefore expectedve &kapting effects on
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the two dmensions that would interact rather than being agffl

Applying a singledf global measure of interaction to each subgedita for each stimulus
set, thg found results that supported theyplotheses. Unfortunatelthey provided no
breakdown of the multiple separate tests of additivity that their data permit, no comparison of
measures of interaction with corresponding main effects, and no way to be sure that the global
measure in the addit ase was not the resultant of multiple interaction contrasts of opposite
sign. (Theirtest is analogous to representing all the information about the combination of effects
in Fig. 8 as a single numberOneappeal of this study is that the same experimental and analytic
methods and the same subjecteaded contrasting fMRI effects, addié and interactie, for the
two sets of stimuli. Another appeal is that the results support an ateaetiral theory of
perceptual integrality and separability.

8.2 Evidencefor modular spatial-frequency analyzers from the detectability of
compound gratings

Consider a task in which a subject says "yes" when either or botlo aetection processes
respond, and says "no" if neither process responds. (For the present discussion we ignore the
complication introduced by "guessed" yes responses that may occur when neither process
responds.) Ithe behavior of the tavprocesses is uncorrelated, then the probability of neither
process responding is the product of the individual nonresponse probabilities for the two
processesPr{"'no"} is thus a composite measure of theotdetection processes, with a
multiplicative mmbination rule, sometimes called "probability summation".

To describe the consequences of a multiphietombination rule for a composite measure,
it is helpful to introduce the idea of a proportional effec.effect We saw in Section 2.2 that
theeffectof a factor on a measure is defined a#farence(for a factor with tvo levds), as in Eq.

1, orcan be defined as a vector of differences (for a factor with multipts)e Similarly, the
p.effect of a factor on a measuvk, is defined as gatio (for a factor with tvo levds):

Ma(F2)
Ma(Fy)

or a vector of ratios (for a factor with multiplests). Supposeve have a ©®mposite measure
with a multiplicatve cmbination rule:

Mag(Fj, G) = u(Fj) x v(Gy) . (11)

To derive the equvalent of Eg. 3 from Eq. 11 requires us to assume that the contributemgv
from processef andB to M,g are uncorrelatedf In that case, it follows from Eq. 11 that

p. effec(F) = (10)

Mag(Fj, Gi) = U(F;) X W(Gy) . (12)
By analogy to Eq. 4, it can then be shown that
p. effec{F, G) = p. effec(F) x p. effec(G) . (13)

If the p.effects of the factors are multiplicegias in Ej. 13, this supports the joint hypothesis that
processe# andB are separately modifiable, that their contributionMjg combine by

39. Fortwo perceptually separable (integral) dimensions, variation in one does not (does) interfere with making
decisions based on the othard perceptual distances gt dty-block (Euclidean) metric. See also, e.g., Ashby
and Maddox (1994).

40. While viewing each sequence of shapes, subjects reported on the position of a bisecting line.

41. This is a weaker requirement than stochastic independence, but may nonetheless be important.
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multiplication, and that their contributions are uncorrelated. The inferential logic in this case is
outlined in Table 3.

Table 3%
Inferential logic for a composite measure
with multiplication as the combination rule.

Joint Hypothesis
H1: Processe#\ andB are modules (separately modifiable).
H4: Contributionsu,, vg of A, B to M 55(A, B) combine bymultiplication
H5: Contributions ofA andB to M 5g are uncorrelated.

Prediction
We may be able to find factois andG that
influenceA andB selectvely:
pPiiupy « F, po:vg &+ F, p3ivg « G, paup 4 G,
and jointly influence no other process.
If so, theirproportional effect®n M pg will be multiplicative

Alternati ve Results

We find factorsk andG with
multiplicative p.effecten M pg.

We fail to find such factors.

Corresponding Inferences

Support for joint lgpothesis Refutesne/more oH1, H4, H5,
H1+H4+ H5. or we didnt look enough foF, G.

This observation was exploited in a famous experiment in which the detectors were hypothesized
spatial-frequenganalyzers sensite o different frequeng bands. Sachdyachmias, and Robson
(1971) independently varied the contrastsG) of widely separated frequencies in a compound
grating whose presence subjects had to detecy. fblued that reducing the contrast of one of the
frequencies in the compound caustdnon-detect} to increase by a constant factonsistent

with Eq. 13, thus supporting the joinggothesis. Thisnodel failed badly when the component
spatial frequencies in the compound were closer togeffigrse findings provided important
early evidence for modular spatial-frequg@nalyzers and for the multiplicag cmbination

rule** One reason whthis experiment was especially persuass that whereas one of the two
gratings was either present or absent, the contrast of the other grating waswersesiaal

levels.

More formally let S, andS,; represent the behavior of theadwinodular subprocesses, here
detection processes, wi8) =1 indicating success (detection) &8d- 0 otherwise, and assume
thatS, andS; are uncorrelated. In the present case, the combined process is successful (a "yes"
response) ieitherof its subprocesses is successful. Under these conditions (and if the success of
the two processes is uncorrelated) it is the probabilitphafisuccesé'nondetect") that is related
to the subprocesses by a multipligattombination rule:

Pr{nonsuccegs = Pr{S =0and S =0} = Pr{S =0} x Pr{S, =0}. (14)

Shawv (1980) showed that Eq. 14 was a conseqguence of the attention-sharing version of the

42. Adapted from Table 4 of SternggR001) by permission.
43. See SM:13, SM:A.13 for more details.
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independent decisions model, and Mulligan andv§{i&80) found that this model (and neither
of two dternative nodels) described the behavior of three of their four observers detecting
simultaneous auditory and visual signals inxa2experiment in which each signal was either
present or absent.

8.3 Modulesinferred from multiplicati ve dfects on the accuracy of lexical decisions

In contrast, suppose a situation in which the combined process is successful if antathlgfif

its subprocesses are successful. (This could occur if the output of the first is the input of the
second.) Undethese conditions it is the probability sficcesshat is related to the subprocesses
by a multiplicatve cmmbination rule:

Pr{succesp = Pr{S =1and S =1} = Pr{S =1} x Pr{S, =1}. (15)

Equations 14 and 15 generalize, in the obvious wegomplex processes in which more than

two subprocesses are manipulated. One note of caution: If effecislditerzewithin each of

several subsets of the data (such as data from different subjecisjyithalso be additie in the
mean data. (Additivity is preserved by the arithmetic mean.) Mew# effects are
multiplicativewithin data subsets, and angeged using ordinary means (rather than geometric
means, or arithmetic means after transforming logarithmically), effects in the mean data may
deviate from being multiplicate. (Multiplicative relationship may not be preserved by the
arithmetic mean.) Pooling data from different subjects or from differgaislef practice is also
likely to induce correlation. Hence, when effects might be multiplieatine units of analysis
should 249 homogeneous subsets of the data, and experiments should be run so as to provide
stability:

In an important papetchweickert (1985) showed that effects of factordPofiCorrect} in
three dverse experiments satisfy a multiplicaicmbination rule.For example, one of the data
sets (Schuberth, SpoeldrLane, 1981, Exp. 2) are the accuracies of the lexical decision process
in a speeded task with orthogonal variation of three twe-factors: legibility of the test word,
frequeny of the word in English, and semantic congruity of the word with a sentence context.
Schweickert found that a multiplice¢ cmbination rule is consistent with the effects of these
factors onPr{Correct}, supporting theories in which the three factors influence three different
modular processes, all of which must succeed for a correct response. Because the error rate in
these data mer exceeded 8%, a multiplicae nmodel for Pr{Correct} is virtually
indistinguishable from an addi# nodel for Pr{Correct}, as Schweickert noted (which is
eguialent to an additie nodel for Pr{ Error}); the mean absolute difference between fitted
values of percent correct for multiplicadi and additve nodels is a negligible 0.02%. This is a
problem for inference only if a plausible additinodel is &ailable, which at this writing it
appears not to be.

For precise tests of models f&r{ Correct}, more data are needed than in the Schuberth et
al. experiment. Ier these data, with 672 observations per condition, the SEs of the mean
Pr{Correct} f or the eight conditions are large (0.3% to 1.0%)emgihe main effects of 1.6%,
2.3%, and 2.9%.

8.4 Evidencefrom ERP amplitude for modular processes in semantic classification
At ary particular time, the ERP at mipoint on the scalp is a composite measure of all the neural

44. Numerical experiments shlidghat under some plausible conditions, Eq. 12 is well approximaeedaden the
contributionsu andv to M »g are highly correlated.
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processors ("sources") in the brain that arevactithat time. Furthermore, the physics of

volume conduction tells us that the combination rule is summé&tigience, unlile most other

cases, the combination rule is not a part of the hypothesis that must be tested. Suppose two
modular neural processesand g, implemented by processds andF;, and factorsF andG

that influence them seleedly. It follows that the effects d&f andG on the ERP amplitude will

be additve & al scalp locations. Furthermore, B andP; are at different locations in the brain,

the topographies of the effectsofandG (the way their sizes vary with location on the scalp)

will differ. Because of the simplicity of the hypothesis and the richness of the possible tests, as
well as the fine temporal resolution of the ERIB approach is especially powerful.

Kounios (2007) exploited this in a study of the effects of priming on the semantic
classification of a sequence of spoken nouns. Most of the words required no response, while 5%
were targets (names of body parts) that called for a manual response. The words consisted of
primesandprobes The factors (tw levds each) were the semantic relatedn&dsL{ of the
probe to the preceding prime, and the semantic satig®iam) (of that prime (number of
immediate repetitions of the prime before the probe). The data were the ERPs elicited by the
non-target probes at\s&al locations on the scalgh composite measuril, ; is defined for each
location as the mean ERP amplitude at that location during the epoch from 600 to 800 ms after
probe onset. Consider the following theomth three components:

H1 (Subprocesses): The comyplarocess of recognizing the probe as a non-target contains (at
least) tvo subprocessesy and B, carried out by different neural processdesandF;.

H2 (Selectve Influence): a and B8 are selectiely influenced bySAT and REL, respectiely.

H3 (Combination Rule): Each process is an ERRBrce physics tells us that at grhocation the
combination rule for sources ssimmation
This theory implies that the effects BATandREL on M, ; will be additive & al scalp locations.
Kounios found such additivity: The mean main effect®BL. andSATwere 13+ 0. 21V and
2.1+ 0. 4uV, respectiely, while the mean interaction contrasasv0QL + 0. 3i/V, making the
normalized interaction contrast 0.6%= 36). Thisfinding supports the abe theory and hence
the modularity ofe and 8 during the 600 to 800 ms epothAlso, the topographies of the two
effects (their relatie szes across locations) differ markediydicating different locations in the
brain for B, andP;, which adds to the evidence against a single-process explaffation.

9. Process Decomposition versus Task Comparison

The applications alve exenplify a process-decomposition approach whose goal is to divide the
complex process by which a particular task is accomplished into modular subprocesses. The
factor manipulations are not intended to produce ‘qualgatihanges in the compigrocess

(such as adding meoperations, or replacing one operation by another), which may be associated
with a change in the task, just ‘quantiationes that leze it invariant. Thetask-comparison

method is a more popular approach to understanding the structure of x@noglesses. Here

one determines the influence of factors on performance in different tasks, rather than on different
parts of the compleprocess used to carry out one task. The data pattern of interest is the

45. This follows from the electrical linearity of brain tissue (Nunez & 8a8@n, 2006, Ch. 1.5).

46. Support for the theory is support for all of its three components. ovbecause the combination rule isei
by physics in this application, there is no need to test compétint

47. In this application, modularity appears to change time: During an earlier epoch (400 to 600 ms after probe
onset) the tw efects had similar topographies, butytteteracted substantiallgee SM:14 for more details.
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selectie influence of factors on tasks, i.e., the single and double dissociation (Schmidt &
Vorberg, 2006) of tasks. (A classical factor used in brain studies is the amount, usually presence
versus absence, of damage in a particular region, which may affect performance in some tasks
and not others. See Section 11.) Although it may &eléher goals, task comparison is inferior

to process decomposition for disedng the modular subprocesses of a compl®cess or for
investigating their properties: The interpretation usually requires assuming a theory of the
comple process in each task, and the method includes no test of such theories. In contrast,
process decomposition requires a theory of only one task, and, as illustrated by the examples
above, incorporates a test of that the6fy.

9.1 Comparisonof two tactile perception tasks

An elegant example of task comparison, but one that is subject to its usual limitations, is provided
by Merabet, Thut, MurrgyAndrews, Hsiao, and Pascual-Leone (2004) in their experiment on the
effects of repetitie ranscranial magnetic stimulation (rTMS) of different brain regions on
subjectve rumerical scaling of te tactile perceptual dimensions. Both tasksived palpation

by the fingers of one hand of a set of tactile dot arrays with varying dot spacings. The judged
dimensions were roughnesy (n one task, and distance between ddjsirf the other Where

rTMS had an effect, it reduced the sensitivity of the obtained scale values to the differences
among dot arrays. One measure of retatensitivity is the slopeh, of the linear regression of
post-rTMS scale values on non-rTMS scalkues. Ifthere were no effect we wouldvea

b =1.0 if there is an effect, the value lofs reduced, so the effect of rTMS can be measured by
1-b. Means ger the 11 subjects indicate that performance in the roughness-judgement task is
influenced by rTMSof the contralateral somatosensory coifie-b,s =0.21+0.07; p = 0. @),

but nedigibly by rTMS, of the contralateral occipital coré€l — b,, = 0. @ + 0. ), while
performance in the distance-judgement task is influenced by §TMS,, = 0.16+ 0. 07,

p= 0.484), but negligibly by rTMS (1 - bgs = 0. B + 0. 04), a double dissociation of the two

tasks:

Plausible theories might include, for each task, processes for control of stimulus palpation
(a), for generation of a compigercept B), for extraction of the desired dimensigr)(and for
conversion of its value into a numerical respondg. (Any or dl of these processes might differ
between tasks. The striking findings indicate that one or more of these processes artakbksw
depend on different regions of the cartdn addition to specifying these four processes, a weak
pair of task theories might also assert paandy, depend on occipital and somatosensory
cortex, respeotely. Howevae, if nothing is said about the other processes, this would be
insufficient to predict the result#\ stronger pair of task theories might add the assumptions that
ay = a, = a are identical, thaBy = B, = B are identical, and thay = 8, = 4 are identical.
This pair of theories would predict the results, which, together with the absence of effects in two
of the conditions, would then also imply that none of procass¢gs or d is sensitie D dther
rTMS; or rTMS;; this in turn would suggest that thare implemented by processors in neither of
the stimulated gions. Unfortunatelyhe findings do not bear on the validity of such
hypothesized task theories, weak or strongyven®n he question whether the operations in
either task can be decomposed into modular subprocesses scfi,g6 and d; inferential

48. See SM:A.1.

49. Subscriptsl andr refer to the tw tasks; subscriptsando refer to the tw gimulated brain rgions. SEsre
based on between-subject variabili§iso supporting the claim of double dissociation, the differebges b,
andbys — by, are significantly greater than zero, wigh= 0. @ and p = 0. 04, respectiely. Howeve, because non-
rTMS measurements were made only before rTMS, rather than being balgecpdactice, straightforward
interpretation of the slope values requires us to assume that effects of practice on those values were negligible.
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limitations such as these characterize the task-comparison method.

9.2 Donders’subtraction method: Task comparison with a composite measure

Perhaps the most venerable version of the task-comparison method is Dealgegtion
method(Donders, 1868/1969; Sternberg, 1998b, Appendix 2) fortasks with measures

M; = RT; andM, = RT,. The joint hypothesis consists, first, of a pair of task theories that
specify the constituent processes of each task, and second, a combination rule:

H1 (Task Theory 1):Task 1 is accomplished by procesgwhich may consist of more than one
modular subprocess).

H2 (Task Theory 2): Task 2 is accomplished by proce&sasdB, whereA is identical, at least
in duration, to the corresponding process in Task 1. (That is, addit®satisfies a "pure
insertion" assumption.)

H3 (Combination Rule): Contributions= T, of A andv = T of B to M, = RT, combine by
summationas in Bble 2, and as implied by Donders’ assumptionAhahdB occur
sequentiallyin stages.

Given these hypotheses, it follows tHdj = RT; is an estimaté, of the mean duration &,

RT, is an estimatd@, + Tg of the sum of the mean durationsfofindB, and therefore, by
subtractionTz = RT, — RT, provides an estimate of the mean duratioB oft is a ®rious

limitation of the subtraction method that it usually embodies a test neither of the combination rule
nor of pure insertion. That i$2, and H3 are assumed but not tesf8P*However, if these

hypotheses are correct, thénandTg are pure measures of procesdesndB. One way to test

the hypotheses is to find factors that influence tienbeasures seleotily.>> Another way to test

them is to extend them by finding Tasks 3 and 4 that siti$fifask 3 is accomplished &y and

C) and H5 (Task 4 is accomplished I8y, B, and C), and to include&C in H3. Theextended set of
hypotheses can then be tested by confirming its predictioiRthat RT; = RT, - RT;.>3

An analog of Donders’ method, sometimes called "cogniibtraction”, has frequently
been used with brain agttion measures (e.g., Petersen, Fox, Podtieton, & Raichle, 1988;
Cabeza & Nyberg, 1997; Lie, Specht, Marshall, & Fink, 2006). If localization of function were
perfect, and if one could design pairs of tasks that were accomplished by processes such as those
required by Task 1 and 2 al® differing by just the inclusion of one known subproc&ghen

50. Tasks in which the number of iterations of the same process can be controlled, as in some search tasks, provide a
special case of the subtraction method in which it is easier to validate the required assumptions. If the numbers of
iterations in three variations of the same taskgre,, and n;, the test is the linearity d&®T(n;); the slope of the
function is an estimate of the duration of the iterated process.

51. Tests of the imariance of the response process across tasks are provided by Ulrich, Mattews, and Miller (1999).

52. The test would require finding factdfsandG such that in a factorial experiment using Task 1 there would be an
effect of F but not of G, and in a factorial experiment using Task 2 the effedt @fould be equal to its effect in
Task 1, and be addite with the effect ofG. The inclusion of Task 1 in such a study could add to what was
learned from Task 2: it would test the pure insertion assumption as well as permitting estimbgiemd 5,
rather than just of the effects on these quantities.example, if we define the Smulders et al. (1995) experiment
discussed in Section 3.1 and 4.1 as Task 2 (analogous to Donders "b"), with target stimuli for the left and right
hand, one could add a Task 1 (analogous to Donders "c") in which the subject would respond with a single
keystrole with the right hand if the right-hand target appeared, ancemeakesponse otherwise. One test of pure
insertion would be to determine whether the effec$Qion RT in Task 1 was equal to its effect &T in Task 2.

53. This use of te related pairs of tasks is similar to the "cogr@tmonjunction” method for brain agttion
experiments introduced by Price and Friston (1997), except thagtipear to hee poposed no analogous test.



Sternbeg Modular Processes in Mind and Brain - 8/19/2010 Page 42

brain mapping would benefit greatly from the resulting sets of pure measures. Unfortunately,
neither of these requirements is typically satisfied. The method has been criticized (Friston,
Price, FletcheMoore, Frackwiak, & Dolan, 1996; Sartori & Umilta2000), and alternates

proposed (e.g., Friston, et al.,1996; Price & Friston, 1997; Price, Moore, & Friston, 1997), but the
alternatves usually also depend on task comparison withexified task theories, as has been
recognized (Caplan & Moo, 2004; Sartori & UmjI2900). Exen some critics of "cognite

subtraction™ in brain imaging rely on task comparison witbetified task theories (Jenning,
Mclntosh, KaparTulving, & Houle, 1997; Sidtis, Strotheknderson, & Rottenberg, 199%).

9.3 Findingthe ‘mechanism of action’ of a manipulation

It was in the context of the evidence for stages selbginfluenced bySQandMF that the
interaction ofSLPwith SQand its additivity withMF was interpreted in Ex. 4.3. The

implication — that sleep depsdtion has effects that are process specific — contradicts the
conclusions of othersi-or example, according to Dinges and Kribbs (1991, p. 117), there is "a
generalized effect of sleepiness on all cogaifunctioning”, and according to Balkin, Rupp,
Picchioni, and Wesensten (2008, p. 654), sleep loss "impairs some essential capacity that is basic
to cognitve performance in general”. (See also Lim and Dinges, 2010y bdsed their

conclusion not on the process-decomposition approach (which would lead to askisigem
deprivation modulates the effects of process-specific factors) but on the finding, from dozens of
studies using task comparison, that sleep dajoh impairs performance in a wide range of

tasks. Ifthey were correctSLPshould influence botB andR. Increasing the el of SLP

should therefore exacerbate both kinds of difficulyP should interact with botSQandMF by
amplifying the effects of both, contrary to what Sanders et al. fekifide problem for the task-
comparison method in this application is perhaps the high likelihood that all tasks in which
performance can be measuredolne some perceptual operations, i.e., processes ak to

Process-decomposition might be more fruitful than task-comparison als@stigating
the mechanism of action of different drugs, for similar reasons: Even if a drug influences
processes in clagsand not in clasB, for mary classesA and B it may be difficult to find any
task that does notinlve processes in both classes. This may bg, \fidr example, in a study
that used task comparison to determine which processes are affected by clonidine versus
temazepam (known to ta dfferent pharmacological mechanisms) in which 11 tasks were used,
each drug produced statistically significant effects on all except one of the tasks (Tiplady,
Bowness, Stien, & Drummond, 2005). The process-decomposition approach might be more
helpful. Supposdpr example, that processAsandB in a task are known to be seleety
influenced by factor§ andG, respectiely. Now suppose that processAsandB were also
selectvely influenced by Drugs 1 and 2, respeely. Then, whereas both drugs would affect task
performance, the effect &f on that performance would be modulated only by Drug 1 and the
effect of G only by Drug 2.

54. An alternatie goproach (sometimes called "parametric design"xénplified by variation of attentional load
ove six levels by Culham, Caanagh, and Kanwisher (2001), the use of the same working-memory task with five
retention intervals by Haxbyngerleider Horwitz, Rapoport, and Grady (1995), and the use of a different
working memory task with four sizes of memory load byvBraCohen, Nystrom, Jonides, Smith, and Noll
(1997).

55. Electrophysiological evidence that confirms the selectivity of the eff&itPhas been found by Humplyre
Kramer and Stang (1994).
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10. Transcranial Magnetic Stimulation (TMS) and the Search for Modules

10.1 Anideal experiment

It was recently disogered that gen a sngle pulse of TMS at certain times and in some brain
regions can prolong thelRn some tasks without reducing accwya@ry much (Walsh &
Pascual-Leone, 2003). Repetisi TMS (rTMS) either before or during performance of a task has
produced similar results. This opens the intriguing possibility of employing TMS within the
method of additie factors, just as sleep demiion was used in Ex. 43.By using TMS of

regionR (TMSR) in a factorial experiment, while varying thevis of other factors that are
believed to influence different processing stages salelgti and determining which effects of the
other factors ofRT are modulated byMSg, it may be possible to learn whethRiis involved in

the implementation of arof those processing stageSor example, suppose there is a task in
which we find that factors andG have alditive dfects onRT, from which we infer separate
stagesA (influenced byF) and B (influenced byG). Now we adld TMS; as a third factgrand

ask whether it interacts with or G or neither In the ideal results of such an experimamilS;
would (1) hare an éfect on R, (2) interact with (modulate the effect of) one of the other factors,
say,G, and (3) not interact with (he an effect that was addite with) the effect of the other

factor, say, F. We would then hae evidence that regioR is involved in the implementation of

B, but not of A. The selectivity of the effect would strengthen the inferences made without TMS
about the existence of modular processemdB, and would also associate regi®with one
processB) and not the othet’

At this writing there appear to @ been no satisfactory experiments of this kind. The
primary outcome of manTMS experiments has been to associate a brain region with a task
rather than with a subprocess; the goaigehat included using TMS as a tool for process
decomposition,\n when doing so would not require a larggperiment. Althougthe
examples belw include ones where TMS is shown to modulate effects generated by interesting
processes, and hence to influence those processes, its influence has not been shown to be
selectve.

10.2 Msual search and parietal TMS

In visual search for a conjunction of features, it is usually observed thaftfer both present

and absent responses increases approximately linearly with the number of elements to be
searched (the display siZBS), suggesting a process of serial (or capacity-limited parallel)
comparison of the search target with the displayed elements. If a linear function is fitted to such
data, the slope of the function is sometimes interpreted to reflect the time per comparison, while
the intercept reflects the summed durations of residual processes whose durations are not

56. An important advantage of TM&aw measures of brain aetition (Section 6) in determining which brain regions
are irvolved in implementing a process is that whereawvaiin of a region in conjunction with process
occurrence does not mean that suchvatitin is necessaryor that process, interference with a process by
stimulation of a region does indicate the necessity of that region for the process to occur nashalydoes
interference by a lesion in that region (Chatterjee, 2005).

57. If the effect ofTMS; is time specific, as is likely with single-pulse TMS or a burst of rTMS after the trial starts,
the interpretation of its interactions with other factors may not be straiglatfonahusjn the present example,
suppose that it is region R that implements proBesad thatB follows A. Because effects on the durationfof
influence the starting time &, and hence the time of TMS relfedi o B, a change in the kel of F might
modulate the effect dfMS; on B, and hence its effect oRT. The resulting interaction afMS; with F would
lead to the erroneous conclusion that region Rvislved in the implementation &. This argues for using
rTMS before the task is performed in such studies, rather than using one or more TMS pulses during the task.
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influenced byDS.>8 In search for a single feature, urikearch for a feature conjunctioR

may increase very little or not at all wilhS, and the intercepts may also differ from those for
conjunction search. Thus, feature and conjunction search appear to differ in residual processes as
well as in the comparison process. The subprocess of most interest is the comparison process,
whose measure is the slope of the funcRIf{DS) that relateRT to DS. To determine whether

TMS influences the comparison process we need towdisadether it modulates the effect of
DS—i.e., changes the slopeRT(DS). If TMS interferes with the comparison process in
conjunction search, what effect would wepect? Ifthe process is one of serial comparison, the

time per comparison and hence the slopRHDS) function should increase. If the process is
limited-capacity parallel, the capacity should decrease, which would also increase the slope.

In one of the first studies using TMS teéatigate visual search, Ashbridge, Walsh, and
Cowey (1997) examined the effect of single-pulse TMS of the right parietalxcduting feature
and conjunction search. In a preliminary experiment in which TMS was not usBb lds
varied, along withSeach Type(feature versus conjunction), their observations conformed to the
description abee. Howeva, in the experiment in which tigespplied TMS, thg studied only one
level of DS.%° They found TMS to interact with search type, having an effect on conjunction
search but not on feature search. Hesvethey missed an opportunity: If tlyehad variedDS,
thus obtaining a measure of its effect (the slop@TDS)) with and without TMS, their findings
could tell us whether TMS produces its effect on conjunction search by influencing the
comparison process, the residual processes, or Wdtiout varyingDS, we do rot knov which
subprocess is responsible for the effect of parietal TMS on conjunction search.

There may be seral differences between the compl@ocesses that underlie conjunction
search and feature search. Thus, while finding that TMS influences one type of search but not the
other is probably telling us something important, it is not clear which difference between
processes is responsible. Because theories for th&asks are not detailed enough to specify
exactly hav the associated compl@rocesses diffeiinterpretation of the differential effects of
parietal TMS on performance of thedwasks (and the inference, from this, of the role of parietal
cortex in the comparison process in conjunction search) requires speculation.

Unfortunately among 15 later attempts to determine the effects of TMS on RTs in visual
search published during the past dozen yda$syas varied in only two, those by Ellison,
Rushworth, and Walsh (2003, Exp. 3) and Rosenthal, Walsh, Mannan, Anderson, Hawken, and
Kennard (2006). In both studies, rTMS of the right posterior parietal>xceideting with
presentation of the search array was found to increase the siBfé®).%° More studies in this
promising direction are needed.

10.3 Numbercomparison and rTMS of the angular gyrus

In Ex. 6.3 subjects had to classify numbers as being greater or less tHah BBasurements,

58. Which intercept is appropriate depends on details of the search process, and may differ for target-absent and
target-present trials.

59. (O’Shea, Muggleton, Coweand Walsh (2006, p. 948) say that "a single set size was used because adding a set
size doubles the number of trials ... ". This reason is valid if a specifidafgrecision is desired for the effect
of TMS for each lgel of DS, but not if the goal is to achie a pecified leel of precision for the main effect of
TMS, unless variability accelerates wifbS. (But in their data, botlSD and SD? decelerate witDS.) Thus,if
one runs 50 TMS trials each wilS = 4 and DS =12, instead of 100 trials witDS =8 (and likewise for the
control condition), the precision of the estimated main effe€tfi; (which depends on the meansoDS
levels) would be about the same, and, at no added cost one wouldssam lestimate of the effect dDS, and
therefore an estimate of the extent to which TMS modulates that effect.
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supported by fMRI data, indicated that performance in this task depends on (at least) two
processing stages, one (encodigginfluenced by notatiori\l) to derive the identity of the
comparison stimulus, and the other (comparishrinfluenced by numerical proximitg) to
compare the dered identity to the criterion. The processing stage of particular inteZest,that
which produces the effect & slower responding for stimulus numbers that are closer to the
criterion. GoebelWalsh, and Rushworth (2001) found that rTMS applied to the left or right
angular gyrus influences the RTs in such a task. Do these effects mean that the angular gyrus is
involved in implementingC? Alternatively, it might be irvolved in some other process that
contributes to the R such asE. They varied two ather factors in addition tdMSg: the

magnitude and the sign of the difference between the stimulus number and the criterion.
Measures to assess the effecPafould be the slopes of the (approximately linear) functions for
positive and neaive dfferences k > 65 and k < 65) that relateRT to the diference,k - 65. To
determine whetheFMS; influencesC, we reed to knav whether it changes either or both of
these slopes. Effects ®M S on theheightsof these functions might reflect its influenceor

on other processes.

In principle, the data to answer this question were collected in this dBudyocused tests
of the effects o MS; on the relgant slopes were not conductedle thus hae a @se where the
design of the experiment seems ideal for examining whether andiidS modulates the
proximity effect, which might indicate an effect @nbut the appropriate analysis was not
reported.

10.4 Numbercomparison and rTMS of the intraparietal sulcus

Cappelletti, Barth, Fregni, Spelke, and Pascual-Leone (2007, Exp. 1) recognized the importance
of determining whetheFMS; modulates the effect of numerical proximitgr evaluating the

relevance of a brain region t6. Using the same task as in Ex. 6.3, but with Arabic numerals

only, they found that relatie o sham TMS, rTMS of the left intraparietal sulcus (IPS) increased

the effect ofP, showing that this region iswolved in the implementation &. Howeve, in this

study a dfferent opportunity was missed:or findings such as these to contribute to process
decomposition, we need to kmamot only which subprocess a brain region implements, but also
which subprocesses it does not implement. Such functional specificity is also important to
properly interpret the association of brain regions with subprocesses, one of the primary goals of
such studies. In addition t©, the left IPS might be important for other processes used to

perform the task. And for this task there is a wealth of evidende, fegparate fronC, dong

with a factor (\) known to influence it selestily (Ex. 6.3). It would be helpful to use TMS to
confirm thatE andC are implemented in different brain regions, as suggested by fMiRhout
enlarging the experiment, the stimuli on half of the trials coule laen number names
("SIXTY-EIGHT") rather than Arabic numerals, thus includingtlievds of N. Given auitable
balancing, data from the tnsubsets of trials could ke keen aeraged to estimate the effect [f

under TMS and control conditions. But in addition, by telling us whether the efféttsof

modulated by rTMS of the left IPS, such an experiment would also permit asking whether that
region is also important fdg. Ideally it would answer ngetively, demonstrating the functional
specificity of the left IPS by showinguariance of the effect olN across leels of TMS;.

60. The first study used neither sham TMS nor TMS of a different brain region as their control condition. The
authors, who reported only data from the target-present trials, in which the mean slope increased from 18.5 to
22.4 ms/item, claimed that thead found no effect of TMS on the slope, buytheport neither a test of the
slope difference nor a confidence intdrvinthe second studin which TMS of a different brain region was the
control condition RTs were shorterdopes were smalleend the effect of TMS on the slope was greater.
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11. Process Decomposition and the Effects of Brain Damage

Can localized brain damage (i.e., presence vs absence of lesions in particular locations) permit the
demonstration of separate modifiability ofotwr more subprocesses that underlie performance of
atask? Consideathe hypothesis that a particular task is accomplished by a coprpleess
consisting of modular subprocesgeandB. Suppose there is localization of function, such that
a lesion in regiorR, influences process, while leaving procesB invariant, and suppose that it
does not replaca with a qualitatvely different process. Define laesionR, factor that has two
levels, no lesion and lesion. And suppose there is a fa@tdhat influences proce&but not

A% Given pure measureM , andMg we would need to shwthat LesionR, influencesM

while leavingMg invariant. Given a @mposite measuril .5 We would need to shwothat the

effects ofLesionR, andG on that measure are addéi In a nore compl& scenario, our

hypothesis might include the idea ti#ats also selectiely influenced by non-lesion factér. We
would then also expedtesionR, to modulate the effect &f on M or M gg.

If the required seleaté influence could be shown, it would support the hypothesis.
However, showing this faces tavimpediments.

(1) Inadequate precision to demonstrate invariar®eppose first that we & pure measures and
that the data are sufficiently precise so that the effelceésibnR, on proces#\ could be
persuasiely shown, by comparin/ , in a group of one or more patients with the lesion to a
control group without the lesion. Unfortunateilyis unlikely that the inariance ofMg across
levels of LesionR, could be persuagly demonstrated. The difficulty in showing the absence of
an effect is that there is virtually ver any pre-lesion measuremeft,®3which precludes within-
subject comparison; ggn the ubiquity of individual differences among "normals", the sample
size necessary for persuasidemonstration of equality dflz between groups of patient and
control subjects is likely to be impractically laffeNext consider the case where weda
composite measud 5. For example A andB might be processing stages, and the measure
might be mean reaction timRT. Assuming that.esionR, influencesRT, additivity requires

that the effect o6s on RT is invariant across leels of LesionR,. As in the case of pure
measures, the required precision would almosays require a between-groups compari&on.

(2) Likelihood of qualitative charggof the process under studyhe process-decomposition
approach depends on measuring a corjmecess that is qualitatily the same (i.e., that

61. This factor could, but need not, be the presence or absence of a lesion in Rgegithiin which proces8 was
carried out.

62. This problem need not arise when the lesion is produced surgasaityFarah, Soso, and Dashieff, 1992.
However, because such lesions are produced to ameliorate some other patbabgs epilepsyhey may be
associated with more than one effect.

63. Crawford and Garthwaite(2006) methods are concerned with showing the presence of an effect in a single
patient, not its absence.

64. There is a sharp distinction between perseasidence of inariance and the failure to find a significant effect.
In some papers it is concluded that brain damage has no effect merely from the fact that the test of the effect
proves rot to be statistically significant. Often no confidence intervals or other measures of the effect are
provided that would permit one to decidenhiarge an effect would ke o be, for significance. One such
example can be found in the interesting study of lateral prefrontal damage by Gehring and Knight (2002).

65. If the second factor was a lesion in regRy) and only a composite measure wasilable, then a test of the
hypothesized combination rule would require some patients who had lesions in both regions.
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consists of the same set of subprocesses) under different conditions (i.e., with diffeteiaff le
factors that influence those subprocesses). The effect of changingdhaf kefactor cannot be

SO great as to pvent the process that it influences from working; this would require that if the
task is to be accomplished at all, it would require a quaigtdifferent comple process. Nor

can the effect of changing thesékof a factor be sufficiently great so as to induce the patient to
learn wer time to adopt a different "strategy" — a different compeocess — from the normal
one. Butbrain damage can sometimesdaich effectS® These impediments perhaps suggest
the use within cognite neuropsychology of task-comparison with its more limited goals, rather
than process-decomposition.

It is possible that TMS mayercome the difficulties described al®o First, TMS
sometimes appears to be agient to a rgersible lesion, which enables within-subject
comparisons, hence greater precision. Second, the fact that the magnitude of TMS can be
adjusted may mean that it can be arranged to modulate the process that it influences, rather than
preventing it from functioning altogetherAnd third, because the functional lesion produced by
TMS is presumably shortviéd (rather than chronic) as well as beingansible, it may be less
likely to lead to a change in the "strategy" by which a task is accomplished.

What should be the relation between traditional cogmiteuropsychology (i.e., making
inferences about normal cogniirocesses from the effects of brain damage) and the process
decomposition approach with normals? One goal thare is the identification of separately
modifiable processes of the normal brain. | suggest that each can inform theTotheask
theories, modular processes, and processor locations inferred or hypothesized on the basis of
effects of brain damage can be tested by using the process-decomposition approach, the modules
and task theories tested by using factors that vary the task, the processor locations by using fMRI
or TMS. This seems to be close to thewexpressed by Gurd and Marshall (2003, p. 194):

"Double dissociations help us to negtausible conjectures about the functional architecture of
mind, conjectures that can then be further explored with . . . ‘process-decomposition’ methods . .
" It also appears to be close to thawexpressed by Shallice (2003, p. S148): "Consider

cognitve domains in which the functional architecture is poorly understood. Even today this
includes nearly all the underpinnings of thought . . . For such poorly understood domains, the use
of dissociations was essentially viewed as a d@sygrocedure, which needs a@nging

evidence other than the dissociation per se in order to support the existence of an isolable system
specifically impaired in the refant patients." And the task theories and modular processes

inferred from the process-decomposition approach in normals (along with the inferred processor
locations, if process decomposition is augmented with fMRI or TMS) can be used to inform the
interpretation of the effects of brain damage.

66. Other impediments to using brain damage as a factor in process decomposition are:
(3) The victims of strokes often Yewidespread cerebvascular diseaseTraumatic head injuries tend to
produce widespread minor damage, as well as localized major damage. This maydaenate that appears to
be localized seems often to produce at least small effects gnforations.
(4) Even where functionally distinct brain regions are spatially distinct there is no reason to expect that the region
of damage due to a str@iwhich is determined by the braimascular oganization) corresponds, so as to be
functionally specific. Indeed, the localized effects of a sty be to damage nexwacts that project to many
brain regions.
(5) It may be difficult to find undamaged control subjects witlrall levels of performance that are poor enough
to be comparable. One approach is to increase the difficulty of the task for these subjects, but such increases may
themselves he dfferential effects on different aspects of performance. Another approach is to select the better
performing among the brain damaged subjects, but such selection is also a potential source of bias.
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12. Additional Issues

12.1 Quantitative vesus qualitative task changes

As shown by Ex. 6.3, the distinction between process decomposition (wibidarce of task
changes) and task comparison can be subtle. In that example, the fMRI data suggest that the
effect of the notation factor is probably better thought of as queditetiher than quantitatt —

as replacing one encoding process by anpth#rer than influencing the settings or parameters of
the "same" encoding process. Nonetheless, because o¥dharne of the effects of proximity

on both R and brain actiation, the findings in that example provide evidence for modular
processes. In general, qualitatiask changes should beoaled because tlggeduce the

likelihood of such imariance, and hence the likelihood of identifying modules. Hawye

evidence is required to assert qualitatiask irvariance. Oneind of evidence is the pattern of
factor effects: for each factogach change in &l should influence the same operations anddea
the same other operationva@nant. Theusefulness of such evidence is one ks reasons for
using factors with more than twevds (SM:A.2, SM:A.9).

12.2 Specializegrocessors and modular processes

Does the existence of a localized neural processor that implements a particular process imply the
modularity of that process®o address this question, consider one kind of evidence used to
establish the existence of the processpand T, are two dasses of tasks, such that brain region

R, is actvated during T, but not during T, and such that we are willing to assume that all tasks

T, require procesa to be carried out, whereas none of tagkddl Whileit may seem plausible,

such task-specificity dR, does not imply that the procegghat it implements in a gén task is

a modular subprocess in the sense of being modifiable separately from other subprocesses in that
task. Supposdor example, thatr provides a motiational or attentional resource that is required

by one or more other procesgethat differ across tasks.TA change ine would then induce a

change iry, so hey would not be separately modifiable.

12.3 Relationbetween mental and neural modules

Consider modular mental processes in a task, supported by behavioral evidence, and modular
neural processes in that task, supported by brain measurements. Does either of these imply the
other? Orwhich psychophysical-physiological ‘linking propositions’ (Tell&984) does the

answer to this question depend? It would be helpful e hare studies (such as Exs. 3.2, 6.3,

6.4, and 8.1), in which both brain and behavioral measures are taken, both directed at process
decomposition. Onstarting point would be to tekeases where behavioral data already exist that
persuasiely favar a modular decomposition, as was done in Exs. 6.3 and 6.4, and ask whether
there is a corresponding decomposition based on brain data into modular neural processes that are
influenced by the same factors, andaimant with respect to the same othactors. Inthis

respect Ex. 6.4 backfired: although the fMRI data supported the expected modularity of stimulus
encoding and response selection, thiedRa did not. In general, fMRI measures in some subsets
of regions might she modularity (selectie dfects on pure measures, additdfects on

composite measures), but because other regionsvaledd, the mental processes might not be
decomposable.

12.4 Differential influence as a criterion for modularity

Is separate modifiability too strong or too weak to be a useful criterion for partitioning a process?
What are the relate nerits of alternatie aiteria for modularity and alternatre goproaches to

module identification? Is the wealkdifferential influencenore useful than seleet influence®’

It is helpful to be precise about the meaning of differential influence in a way that clarifies its
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relation to selectie influence. Assumthat factor leels are assigned so that an increasevd le
produces an increase in the measure of the corresponding process, consider the case where both
measures of interest change in the same direction, aRd &etdG, be numerical factor {e!
strengths of factors with tevds. Let M A(AF) = M a(F2) — M a(F;) represent the effect of a
change in factoF on a measure of proce8setc. Thenselectie influence can be described as
the combination of four properties 5(AF) > 0, Mg(AG) > 0, MA(AG) =0, andMg(AF) = 0.

The first two properties shw that factorsd= andG are both potent and that measukés andMg
are both sensite. If measuresM , andMg were measures of trsameprocess, the second pair
of properties would therefore be impossible. In this terminglddfgrential influence is satisfied
if either M A(AF) > M A(AG) and Mg(AF) < Mg(AG), or if M A(AF) > Mg(AF) and

M A(AG) < Mg(AG).®8 Suppose that we are willing to assume that the functions reldtinand
Mg to factor levels differ by at most addite and multiplicatve mnstants:

Mg(x) = gMa(x) + h. (16)

Then differences in sensitivity or potgnzan explain neither of these pairs of propertis; and
Mg must be measures of different processes. Wemvaithout that assumption, such pairs of
properties could result from differences between measures of the same ftothsther
constraint (16) is plausible or valid depends on the natukéodnd M.

12.5 Ractorial experiments: Verification plus discwery

Despite R. A. Fishes'(1935) explanation of the advantages of factorial experimenisatle

used too seldom with behavioral or brain measurements, and are then usually limited to two
factors. Factorial experiments are efficient: there is virtually no loss of precision from adding a
second orthogonal factor to a one-factor experiment, or a third factor to a two-factor experiment,
for example, without adding trialaVith composite measures wevhaeen that factorial
experiments are essential for determiningvteff ects combine, which is theoretically critical. By
including subsidiary factors with those of primary interest (as in "fishing expedition") it is
possible to combine diseery with verification. Inblocked designs the resulting increase in the
number of conditions adds to the difficulty of balancing conditions acreds t&# practice, but

even this issue doesharise in random designs, such aséfg-related” fMRI eperiments. Br
examples of missed opportunities to learn more by including additional factors in TMS
experiments without increasing their size, see Sections 10.2 and 10.4.

When it is possible to define more tharotievds of a factorthis should be considered. As
well as having other advantages (Section 12.1; SM:A.9), multipésipermit more powerful
tests of interactiod? and permit focused tests of monotone interaction, the interaction of most
interest. (SM:7, SM:15)

67. If one variety of differential influence obtains, one can find faét@edG such that both factors influence both
processeé andB, but for A (B) the effect ofF (G) is the larger (Kanwisheet d., 2001). Whether differential
or selectve influence characterizes modular process contraversial (Haxby 2004; Reddy & Kanwisher,
2006).

68. With suitable normalization, these pairs of inequalities arevaqui.

69. For example, suppose thi 5(x) = x> andMg(x) = x, wherex is the lerel ("strength”) of a factorLet F; =1. 4
F,=1.6G; =0.3 andG, = 0.6 Then both of the alve pairs of properties are satisfied.

70. For example, a % 2 design, with four conditions, provides only one df for interaction, whereas3d@sign,
with nine conditions, provides four df.
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12.6 Implicationsof brain metabolism constraints

The metabolic requirements of brain activity are large redab the available energy supplywith
the implication that, gen the spile rates of actie reurons, no more than about 1% of the
neurons in the brain can be concurrentiyvacfiennie, 2003). Implications of thesevere
metabolic limitations for the plausibility and possibility of altermatirocessing architectures,
and for the modularity of processorsyba be onsidered.

13. Conclusion

Considerable evidence has accumulated, some of it documented here, for the existence, within
complex mental and neural processes, of modular subprocesses that are separately modifiable and
that carry out distinct functions. The identification of such subprocesses is only a first step, of
course, in the understanding of the compglmcesses to which thdelong; it needs to be

followed by detailed understanding ofviheach of the modules works, sometimes in the form of
guantitatve nodels, and about the relationship of the neural and mental modules. The success
thus far across a range of cogrétibmains encourages further searching, and raises questions
about hav best to do so.

Related Discussions

For Hadley’s defense of the existence and plausibility of mental modules against attacks by Fodor
(2000), Kosslyn (2001), and Uttal (2001), see Ha@€03). For other discussion of the

properties that Fodor (1983) ascribed to modular processes, see Coltheart (1999) and Jacobs
(1997). For discussions of double dissociation of tasks, as in the task-comparison method, a good
place to start is with Schmidt and VorQ€R006). For more on the process decomposition

approach see Sternlgg2001) (described in Section 2.3) and references theFeinthe method

of additive factors and numerous examples of its application, see SM:16, SM:A.16, Roberts and
Sternbeg (1993), Sternbey (1998a), Sanders (1998), and references therein.
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Listed here are the main abbreviations used, the numbers of the sections whame the

introduced, and brief definitions.

AB
Amdt)
B

B(N)
BOLD

C

c

D

d

d', d-prime
d-factors
DS

D,, Dy
D,
o]

E

ERP

F,G

fMRI

Fi
GND

H1
LesionRy

LRP
LRP;, LRP.

Pr{nonsuccegs
Py, Pg

ap

processes: mental

motorcortex asymmetry as a function of time
level of the BOLD fMRI signal
functionrelating B to amount of neural activityyl.
blood-oxygen-leel dependence (fMRI signal)
processcomparison

criterion

process: decision

distancelimension to be judged
discriminability measure

factors that are likely to influence the decision process
fctor: display size

duration®f processew, g

duratiorof @ whenSQ= SQ andRC = RC,
mearduration ofa, over levds of SQandRC

processencoding

event-related potential

factors

functional magnetic resonance imaging
Factor F at ledl |

factor: go-nogo discriminability

hypothesis 1

factor: presence or absence of a lesion in reBion
lateralized-readiness potential
stimulus-lockd LRP response-locked LRP
factor: mapping compatibility

factor: mapping familiarity

(pure)measure of procegs
compositeéneasure to whiclA andB contribute
factor: notation

amounbf neural activity in populations that implementand 8

factor: numerical proximityk|— 65
proportionakffect

positron emission tomography

factor: payofmatrix

parahippocampallace area

probabilityof nonsuccess

neuraprocessors that implemeat g
neuraprocessor that implements bathand 8
processtesponse selection
roughnesdimension to be judged

factor: response complexity

factor: semantic relatedness

factor: reinforcement ratid®r{ Ryt|Reward
brainregions that contaiR,, P,

brainregion that containB,, 4

target and nontarget responses

repetitve ranscranial magnetic stimulation
reactiortime, mean reaction time
processstimulus encoding, or process: sensory
factor: semantic satiation

factors that are likely to influence the sensory process
factor: sleep state

reference to Sternbg 2001)

factor: stimulus quality

target and nontarget stimuli

factor: time of day

transcranial magnetic stimulation

factor: presence or absence of TMS of brain region R
contritutions ofA andB to M 5

target and nontarget representations
processes: neural

processneural that implement&
processneural that implements
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