Special Issue: Cognitive Conflict Control

Interactive Activation and Competition
Models and Semantic Context:

From Behavioral to Brain Data

Markus J. Hofmann*"’ and Arthur M. Jacobs"

doi://10.1016/j.neubiorev.2014.06.011

Accepted Manuscript: This version will not exactly match the published manuscript

1. Experimental and Neurocognitive Psychology, Free University Berlin
2. General and Biological Psychology, University of Wuppertal

3. Dahlem Institute for the Neuroimaging of Emotion (D.I.N.E.)

* Correspondence to: M. J. Hofmann, Department of Psychology, General and Biological Psychology,
Room Z.01.11, Max-Horkheimer Str. 20, 42119 Wuppertal, Germany

e-mail: mhofmann@uni-wuppertal.de). Tel. +49 202 4392340; Fax: +49 202 439 2926




Highlights

A Interactive Activation and Competition models (IAMs) address implicit memory
A Associative Read-Out Model (AROM) simulates semantic processes in explicit memory
A TAMs can account for neurocognitive data in occipital, temporal and frontal cortices

A Semantic cohesion accounts for positive, but not negative valence



Abstract

Interactive activation and competition models (IAMs) can not only account for behavioral data from
implicit memory tasks, but also for brain data. We start by a discussion of standards for developing and
evaluating cognitive models, followed by example demonstrations. In doing so, we relate [AM
representations to word length, sequence, frequency, repetition, and orthographic neighborhood effects
in behavioral, electrophysiological, and neuroimaging studies along the ventral visual stream. We then
examine to what extent lexical competition can account for anterior cingulate cortex (ACC) activation
and the N2/N400 complex. The subsequent section presents the Associative Read-Out Model (AROM),
which extends the scope of [AMs by introducing explicit memory and semantic representations.
Thereby, it can account for false memories, and familiarity and recollection - explaining why memory
signal variances are greater for studied than non-studied items. Since the AROM captures associative
spreading across semantic long-term memory, it can also account for different temporal lobe functions,
and allows for item-level predictions of the left inferior frontal gyrus' BOLD response. Finally, we use
the AROM to examine whether semantic cohesiveness can account for effects previously ascribed to
affective word features, i.e. emotional valence, and show that this is the case for positive, but not for

negative valence.

Key words: word recognition, associative spreading, Multiple-Read Model (MROM), semantic

process model, episodic memory.
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1. Introduction

Back in 1981, the interactive activation and competition model (IAM) was a major step ahead in
cognitive modeling for several reasons. Sternberg’s (1969) seminal model of verbal working memory,
or Morton’s (1969) logogen model already had zoomed into the blackbox between stimulus and
response, breaking it up into specific serial or parallel stages of information processing (i.e., the famous
boxes and arrows of ‘boxological models’; cf. Jacobs and Grainger, 1994). The IAM combined features
of previous formal word recognition models by Broadbent (1967), Morton (1969), Rumelhart and Siple
(1974), or Treisman (1978) with pioneering “neural models” of the time (e.g., Anderson et al., 1977,
Grossberg, 1980). It was the first model that really zoomed into (the dynamics of) those ‘boxes’ and
allowed to simulate the time course of information processing in several parallel layers (i.e., feature,

letter, and word unit layer; Figure 1).

insert Figure 1

The IAM also implemented two neurally plausible features, connectivity (excitation and inhibition
allowing within-level competition) and interactivity (top-down feedback allowing between-level
memory effects on perceptual processing). Both features were disputed at the theoretical level by main
stream cognitive modelers favoring modular cognitive architectures at the time (e.g., Massaro, 1988;
Massaro and Cohen, 1991; Paap et al., 1982), but they were also experimentally testable (Jacobs and
Grainger, 1992; McClelland, 1991). By making the top-down feedback algorithmically concrete, the
IAM succeeded in elegantly simulating the word superiority effect (Figure 2). This corresponded to
Helmholtz’s idea of unconscious inferences, expressing his belief that sensory data are modified by

previous experience via ideas/concepts, before they become a true perception (Boring, 1950;



Grossberg, 1980). In the more modern words of Grossberg (1980) ,,sensory data activate a feedback
process whereby a learned template, or expectancy, deforms the sensory data until a consensus is
reached between what the data are and what we expect them to be. Only then do we perceive
anything®. In Friston’s (2010) unifiying principle of brain function, such feedback processes
(mathematically formulated within the frameworks of free energy and predictive coding) play a central

role and there is now ample evidence for its neural plausibility (e.g., Price and Devlin, 2011).

insert Figure 2

The IAM was perhaps the first model in this field that made all information processing steps between
input and output fully transparent, thus providing a comprehensive description of information
processing at the micro level, and -- achieving what can be considered a gold standard of model
evaluation criteria (Jacobs and Grainger, 1994) -- it predicted a new phenomenon which had previously
not been observed: the neighborhood frequency effect (cf. Jacobs et al., 1998). This effect was
experimentally confirmed (Grainger et al., 1989) and thereby fired further developments leading to
many successful extensions or variants of the basic interactive activation architecture, e.g. the model of
the Stroop task (Cohen et al., 1990), the Dual Read-Out Model (DROM; Grainger and Jacobs, 1994),
the Multiple Read-Out Model (MROM; Grainger and Jacobs, 1996) and its extension including
phonological processing units (MROM-p; Jacobs et al., 1998), the conflict monitoring theory (CMT;
Botvinick et al., 2001), the dual-route cascaded model (DRC, Coltheart et al., 2001), the connectionist
dual-process model (CDP++ ; Perry et al., 2007, 2010), or the recent AROM including an implemented
semantic layer (Hofmann et al., 2011), to name only a few.

While during the 80s and 90s IAMs were very successful in predicting behavioral data such as error

rates, or response time means and distributions in many different tasks, in 1995 only Jacobs and Carr
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(1995) speculated how they could be applied to neuroimaging data, and how functional neuroimaging
could be used to constrain computational models of cognition in general: (1) by providing information
about the neuroanatomical loci of different subprocesses and hence system decomposability and (2) by
delineating the temporal dynamics of the cognitive process(es) under investigation (cf. Barber and
Kutas, 2007). It took a few years until Botvinick et al. (2001) attempted to indirectly connect the output
of IAM simulations to neuroimaging data (hypothetical ACC activation; see 3.1 below). With regard to
brain-electrical data, Braun et al. (2006) were the first to account for N400 amplitudes from the output
of an IAM. However, in contrast to other cognitive models (e.g., Anderson et al., 2004), there still
appear to be no direct IAM simulations of hemodynamic activation functions (but see Taylor et al.,
2012, for a viable proposal in this direction).

In this review, we will address possibilities and limitations of IAMs as heuristic tools for better
understanding the functioning of mental processes at both the cognitive and neuronal levels. We
understand the term ‘heuristic' here in the sense of "useful for generating experiments, ideas, or
explanations" (e.g., Grainger and Jacobs, 1998; Massaro, 1989). As exemplified by the classical
definition of probability (Popper, 1935), or the first DNA models of Crick and Watson, hypotheses and
models can indeed be of great heuristic value. In terms of Popper's logic of research, heuristic
hypotheses and models are not meant to represent the truth, but they are a means to approximate it.
Therefore, as is the case for many computer models in general, and connectionist models in particular,
we see them as providing a sufficiency analysis (for an early appraisal of simulations as sufficiency
analyses see Miller, Galanter, and Pribram, 1960). That is, they show how something could function,
but not how it necessarily functions. In terms of the sufficiency of such computer models, Jackendoff
(1987) proposed the following hypothesis: “Every phenomenological distinction is caused
by/supported by/projected from a corresponding computational distinction™ (cf. Sun et al., 2005). In

other fields, computer-simulation models have become one of the most prevalent ways of discovering
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new insights. For example, they have yielded insights into how galaxies form spiral arms, or how
solids, liquids, and gases vibrate, flow, and change state. Wherever complexity makes exact analytical
solutions impossible, computer simulations can show us the way (Estes, 1975; Jacobs and Grainger,
1994). Our aim here is to show that this also holds for [AMs in cognitive neuroscience. As recently
demonstrated impressively by Taylor et al. (2012), cognitive models are relevant for interpreting
neuroimaging studies. Neuroscientific studies in turn can provide data relevant for advancing cognitive
models. However, for this enterprise to be really promising, section two presents a general framework
for building, testing, and evaluating computational models (Jacobs et al., 1998; Jacobs and Grainger,
1999) and connecting them meaningfully with neuroimaging data(Jacobs and Hofmann, 2013). This
framework will be demonstrated in the subsequent sections. Section three discusses the connectability
of [AMs to brain data, reviewing studies from posterior to anterior regions along the ventral visual
stream. Concerning cognitive conflict control, we then also test the hypothesis that competition
between lexical units can account for the N400. This reveals a major limitation of previous IAMs,
which lies in their failure to represent semantic information in an algorithmically concrete fashion.
Therefore, section four reviews work on semantic processes in word recognition and presents recent
progress in simulating these. As parsimony is an important model feature, we finally test whether
effects of the emotional valence of words can actually be explained by semantic cohesion in section

five.



2. Towards standards for developing and evaluating
neurocognitive models

“How would we look for a new law?

First, we guess it. ...
Then, we compute the consequences of the guess. ...

And then we compare these computation results to ... experiment ...

If it disagrees with experiment, it's wrong.

And that simple statement is the key to science.”

Lecture by Richard Feynman

(e.g., http://amiquote.tumblr.com/post/4463599197/richard-feynman-on-how-we-would-look-for-a-

new-law)

In the following, we elaborate on a general framework for building, testing, and evaluating
computational models, and then illustrate it using examples of IAMs. A rough guide to model
development is the five-step framework inspired by psychometrics and test theory proposed by Jacobs
et al. (1998; Jacobs and Grainger, 1999; cf. Collyer, 1985).

In step 1, the modeler examines the global appropriateness of the architectural assumptions. In classic
modeling approaches to behavior, this initial phase of model construction serves to uncover
fundamental flaws in the model architecture. This can be done by parameter tuning studies that identify

parameter configurations that, for example, produce catastrophic behavior. The global architecture of
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IAMs of reading, as exemplified in Figures 1 and 2, has been supported by numerous behavioral
studies, and we can safely continue to use it until a major falsification is published. Neurocognitive
data can provide additional information about the neurobiological plausibility of this architecture (Price
and Devlin, 2003; Taylor et al., 2012). Section 3 addresses the question whether this architecture fits
also with neuroimaging and electrophysiological findings.

In step 2, estimator set studies estimate model parameters from “important™ data such that the point in
parameter space is identified for which the model is “true.” In step 3, criterion set studies test model
predictions with parameters fixed (in step 2) against fresh data, using an explicit criterion (Jacobs and
Grainger, 1994; Perry et al., 2007). In step 4, strong inference studies involve formal, criterion-guided
comparisons of alternative models against the same data sets to select the best model. In this step, the
modeler actually computes the potential consequences, i.e. what empirical data should follow from
each model if it was correct. Particularly if the model predictions disagree with experiments, step 5 is
necessary and the model has to be refined or replaced.

Though computing the logical consequences of a model provides many advantages, a computational
model is an implementation of a verbal-level theoretical rationale. The key hypotheses of the model can
often be tested without explicit computational simulations. Therefore, any empirical work that uses the
model to interpret data can be seen as a part of step 5. We refer to such a verbal-level theorizing as a
prequantitative model, because the next step should lie in refining the computational model (Jacobs and
Grainger, 1994). To illustrate the architecture of the model to researchers that focus their efforts on the
empirical work rather than the development of algorithmic models, it is also useful to represent the
verbal-level description of a computational model by boxes and arrows (Figure 1). However, models
that additionally provide a computationally concrete form can better be compared formally.

Among such computational or quantitative models, two major types can be discriminated:

Mathematical and algorithmic ones. The critical distinction between these two types of models is that
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the former consist of commonly accepted mathematical operations, only (+, -, *,/ ...). Using only laws
in such a closed-form expression allows to guide the selection of the best model by the Akaike
Information Criterion (AIC), or the Bayesian Information Criterion (BIC; cf. step 3 to 5). They provide
a quantitative heuristic to select the simplest model that accounts for a maximum of variance in the
data. Therefore, they penalize model complexity in terms of free parameters and reward the fit between
model and data. Minimum Descriptive Length (MDL) as the most recent mathematical model
evaluation criterion additionally takes into account the complexity of the functional form (MDL, Pitt et
al., 2002). This can be demonstrated best by an artificial example, in which we define a 'true' model,
that generates the data: Assume that a predictor x accounts for the data as a function f(x)=a*x +b +
error. When testing whether this model can better account for data generated by itself than by an
alternative model, say f(x) = x* + b*x + error, it is likely that the latter model accounts for more
variance, though both models have the same amount of free parameters (a, b). The reason for this is
that when x is taken to the power of a free parameter, the model can represent linear as well as several
types of curvilinear relations of x and f(x). Therefore, it can be more flexibly adopted to the data. Thus,
it more likely fits a considerable amount of error variance of the original model. This has been termed
'overfitting'; and overfitting makes it unlikely that the explained variance can be reproduced in another
test of the model (Pitt et al., 2002). Therefore, the functionally more complex model is less likely to be
generalized.

IAMs are an example of algorithmic models. This format allows not only closed-form expressions, but
everything that can be programmed down. This provides a more unconstrained expression of creative
theoretical ideas. On the downside, the aforementioned criteria can not always the straightforwardly
applied to algorithmic models, which makes model comparisons more difficult. We propose that for
algorithmic models, model evaluation should focus on the following four criteria (Jacobs and Grainger,

1994), expressing the very same principles of model evaluation (Pitt et al., 2002).
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(1) Descriptive adequacy. This provides a quantitative benchmark of how well the model fits the data.
The amount of explained item-level variance is the classic benchmark for algorithmic models (Spieler
and Balota, 1997), e.g. the model predicts which letter string elicits which mean response latency or
ERP amplitude, when averaged across participants (Spieler and Balota, 1997; Hofmann et al., 2008b;
Rey et al., 2009).

(i1) Generality. Vertical generality indicates a model's ability to generalize across different scales of the
modeled process (Jacobs and Grainger, 1994). This is particularly important for models accounting for
neurocognitive data, since they may not only account for the behavioral end product of a cognitive
process (e.g., response time), but also simulate the dynamics of stimulus processing to predict brain-
electrical or neuroimaging data (e.g., Braun et al., 2006; Hofmann, et al., 2008b; section 3.1).
Horizontal generality describes how well the model can be generalized across different tasks or novel
stimuli. However, the probability of overfitting the model to error variance in the estimator-set studies
of step 2 increases with model complexity. Therefore, it is more likely that simpler models are
generalized to novel stimuli, for instance (Pitt et al., 2002).

(111) Simplicity and falsifiability. A first rough approximation to this criterion is a count of the number
of boxes and arrows of the boxological, verbal-level representation of the whole model. This also
allows to quickly check the plausibility of the model, as illustrated by the following question (Jacobs,
2008): how many pure neuropsychological disorders predicts a boxological model with nine boxes and
fourteen arrows (a typical prequantitative word recognition model, as illustrated in Jacobs and
Grainger, 1994)? Answer: 9+14 = 23! Even if the clinical neuropsychological literature provided as
many fitting case descriptions, the question is whether a model that contains all logically possible cases
or outcomes is not a tautology. Note, however, that the boxological representation of the very same
model can be simpler or more complex (see Figures 1 and 4 below). Therefore, counting the number of

free parameters is a better heuristic. What makes model comparisons in this regard somewhat tricky,
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though, is that some parameters have a theoretical impact, and therefore they are less free to vary. Such
critical parameters can also turn out to be the strongest falsificator of a model, or to test the necessity of
particular theoretical assumptions in the simulation. As an example, the top-down excitation of the
orthographic word layer to the letter layer is scaled by a parameter, which was viewed to be necessary
to account for the word superiority effect, i.e. letter activation depends on orthographic word-level
activation (McClelland and Rumelhart, 1981). Jacobs and Grainger (1992) tested whether this top-
down excitation improves the prediction of lexical decision performance by setting the corresponding
parameter to zero. They found that the simpler model could equally well account for the data, thus
questioning the necessity of this parameter and the underlying assumption. Another way to determine
the simplicity of an algorithmic model is to take minimum descriptive length literally (Pitt et al., 2002).
The less words it takes to make readers understand how the whole model works, the better is the model.
Keep in mind that the reason for building algorithmic models is to understand how complex processes
interact with each other. The simpler the model, the more researchers can —in principle- evaluate the
model on a prequantitative level and therefore contribute to step 5 of model development. When many
researchers understand the model and use it to interpret their data, falsification probability should
increase (not withstanding extreme forms of confirmation bias). And, of course, falsifiability is a major
virtue of any model. The more constraints a model puts on observations consistent with the model, the
easier it is to falsify and learn from it (Pitt et al., 2002).

(iv) Explanatory adequacy. A tentative definition is: how close does the model come to reality (cf.
section 1 in Grainger and Jacobs, 1998). This is closely related to the success of a model to predict
novel phenomena. Feynman would perhaps define it as the amount of' computed consequences that
follow from the rationale of your model, which have successfully been 'compared to experiment'. For
instance, the model prediction of an inhibitory effect of a higher-frequency orthographic neighbor on

word recognition has been confirmed experimentally (Grainger et al., 1989; Jacobs et al., 1998).
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Explanatory adequacy is also closely related to the amount of ad-hoc assumptions, i.e. features of the
model architecture like a free parameter that only describe the empirical phenomenon for which they
were introduced, without any independent evidence calling for or other predictions following from it.
For example, the unequal variance model of recognition memory makes two ad-hoc assumptions
(Glanzer et al., 1999): First, the memory signal is greater for words learned in a previous study phase,
as compared to non-studied items (cf. section 4.3). Second, the memory-signal variance of studied
items is greater than the memory signal variance of non-studied items. This can describe two empirical
phenomena of recognition memory: First, more studied items are more likely to be classified as ‘old’.
Second, studied items have a greater memory signal variance than non-studied ones.

However, there are no other predictions that can be derived from this model that would allow to falsify
it, resulting in a low explanatory adequacy. The ad-hoc assumption of a greater memory signal in
studied items describes only the empirical phenomenon for which is was introduced. In section 4.3, we
will describe how ad-hoc assumption one and a few well-proven IAM assumptions can account for
both empirical phenomena (Hofmann et al., 2011; cf. Appendix A).

While it is still hard to offer an exhaustive operational definition of explanatory adequacy, a tentative
definition of the term 'explanatory value' could be useful: the number of empirical phenomena
(significant experimental effects) predicted by the model divided by the number of ad-hoc assumptions
of the model. Following this, the IAM has a higher explanatory value than the unequal variance model
of recognition memory, because implementing one novel assumption into the IAM accounts for two
novel phenomena (Hofmann et al., 2011).

More importantly, we can derive a test of how adequate the IAM's explanation of recognition memory
phenomena is. For instance, a longer study phase results in even greater memory signals, and therefore
the variance of longer-studied items is even greater than shorter-studied items (Glanzer et al., 1999;

Hofmann et al., 2011). We are optimistic, though, that the IAM's account of recognition memory
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phenomena will be falsified one day, because ,,All models are wrong, but some are useful for making
successful predictions (Box, 1979, p. 202; quoted from Wagenmakers et al., 2007). When finding out

why the previous model failed, the new model comes closer to reality.

3. Model-to-brain-data connections of IAMs

The issue of this section is to what extent IAMs can be connected to neuroanatomical or neuroimaging
data in a way that is fruitful for both the computational modeling and the mind mapping initiatives
(Jacobs and Carr, 1995; Jacobs and Rosler, 1999). We start with a review about brain regions that can
be associated with the basic visual-orthographic processes of IAMs. As the CMT played a pioneering
role in this respect, we then address the issue whether orthographic and/or semantic competition can
account for the hypothesis that the N400 can be considered a special case of an ACC-driven N2

generator (Yeung et al., 2004).

3.1. IAMs and the ventral visual stream

Ungerleider and Mishkin (1982) proposed that the ventral visual stream from occipital to temporal
regions is specialized for object perception and serves for identifying 'what' a visual object is. The [AM
framework can illustrate the cognitive processes leading to object recognition using the example of

visual word recognition (Norris and Kinoshita, 2012).

insert Figure 3 about here

The visual feature layer represents information in the visual cortex, while more anterior regions are

sensitive to the combination of such features (Figure 3). Letters are an example of such a greater chunk
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of information in more anterior regions (Miller, 1956). Finally, neurons that respond to coincidences of
letters have been located in the left posterior fusiform gyrus — in a region also termed 'visual word form
area' (Cohen et al., 2000; Petersen et al., 1988; but see Dehaene et al., 2002). Overall, the more anterior
a region is in this stream, the greater appears its level of abstraction (Vinckier et al., 2007), and IAMs
can well account for this based on three levels of grain size: visual features, letters and orthographic
word forms (Ziegler and Goswami, 2005; cf. Figure 1). This model-to-brain data connection hypothesis

can account for five effects in neuroimaging, electrophysiological, and behavioral data (Table 1).

insert Table 1 about here

The IAM can first account for word length effects in the ventral visual stream (Ziegler et al., 2001).
The longer a word is, the greater is the amount of its visual features. Therefore, occipital activation is
greater for longer letter strings (Mechelli et al., 2000; Schurz et al., 2010). While visual information has
been estimated to reach the occipital cortex about 50 ms after stimulus presentation (Jeffreys and
Axford, 1972), ERP and MEG studies suggest that occipital word length effects start around 60 ms
post-stimulus and can extend up to 125 ms (Assodollahi and Pulvermiiller, 2001; Hauk and
Pulvermiiller, 2004). For nonwords only, fMRI length effects extend to more anterior regions such as
the fusiform gyrus (Schurz et al., 2010). This suggests that top-down excitation from semantic
processes can take effect on these representations in word stimuli, and thus their activation is hardly

predictable by word length only.

Second, the IAM can account for cross-trial sequence effects that can cause top-down driven excitation

of the lowest levels of visual feature processing. For example, Kuchinke et al. (2011) found that items
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following word stimuli yield greater occipital activation during lexical decision than items following
nonwords. Words apparently engage expectations about other words. In another study, Dambacher et al.
(2009) found that word predictability from sentence context can affect ERPs as early as 50 ms after
stimulus presentation (cf. Penolazzi et al., 2007; Sereno and Rayner, 2003; Skrandies, 1998). A recent
optical imaging study using the same experimental design confirmed the hypothesis that this results
from occipital cortex activation (Dambacher et al., 2009; Hofmann et al., 2014). A potential
explanation is that expectations generated at a semantic level feed activation back to the lowest level of
feature representations in the occipital cortex (cf. McClelland, 1993; Price and Devlin, 2011; Rauss et

al., 2011; Rey et al., 2009).

A third effect that can be explained by IAMs is the word frequency effect (McClelland and Rumelhart,
1981). The model predicts that words are lexically accessed faster when they represent high-frequency
words, because orthographic units of a high-frequency word have a greater resting-level activation in
the orthographic word layer than the units coding low-frequency words. Thus, high-frequency words
reach a critical level of activation earlier and are responded to faster than low-frequency words
(Grainger and Jacobs, 1996; Kronbichler et al., 2004; McClelland and Rumelhart, 1981). This early
access to orthographic representations occurs between 100 ms and 200 ms post-stimulus, as indicated
by greater ERP amplitudes to low than to high-frequency words in this time frame (Dambacher et al.,
2006; Hauk and Pulvermiiller, 2004; Sereno et al., 1998). Likewise, visual information reaches the
fusiform gyrus around 100 ms (Hofmann et al., 2009), as also indicated by the finding that transcranial
magnetic pulses start to disrupt lexical decision performance in a region including the fusiform gyrus in

a time frame of 80-120 ms (Duncan et al., 2010).

A fourth key effect concerns the orthographic overlap between a prime and target, which facilitates

word recognition. This behavioral effect that can be simulated by an IAM (Grainger and Jacobs, 1993).
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In accordance with our proposal that orthographic layer activation is reflected by fusiform gyrus
activation, orthographic priming reduces the activation in this region (Devlin et al., 2006), and results
in early ERP effects (Huber et al., 2008). Such priming effects, however, vanish as soon as the
orthographic similarity is accompanied by a semantic relation between the prime and the stimulus. This
lead Devlin et al. (2006) to conclude on the primary function of the fusiform gyrus as a hub to higher-

order processes (Hofmann et al., 2009; Price and Devlin, 2003).

In an IAM, however, the seemingly contradictory views concerning the fusiform gyrus to either
represent orthographic word forms or to be a hub to higher-order functions can be reconciled (Cohen
and Dehaene, 2004; Price and Devlin, 2003): Orthographic representations are computed by help of
this region, but the interactivity principle commands that it interfaces with other regions subserving

higher order functions (McClelland and Rumelhart, 1981; McClelland, 1993).

A fifth key effect that was successfully simulated by IAMs at the behavioral level is the orthographic
neighborhood effect (Grainger and Jacobs, 1996; Jacobs and Grainger, 1992). Orthographic neighbors
differ from the target word with respect to one letter (cf. Figure 4 below). IAMs predict that such
orthographically similar items are co-activated by the stimulus. This increases the total activation in the
orthographic lexicon and thus facilitates word recognition (Grainger and Jacobs, 1996). While there
were successful quantitative IAM simulations of the N400 for nonword but not for word stimuli (Braun
et al., 2006; Hofmann et al., 2008b; cf. 4.2 below), Binder et al. (2003) tested whether an increase in
hypothetical lexical activation is accompanied by greater hemodynamic responses in the fusiform
gyrus. They found no effects in this region — a zero finding that has been replicated (Fiebach et al.,
2007). This seems to falsify the idea that the fusiform gyrus straightforwardly reflects activation in the
orthographic word layer of the IAM (Grainger and Jacobs, 1996; McClelland and Rumelhart, 1981).

However, for the temporal cortex, Binder and colleagues (2003) found an inverted orthographic
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neighborhood effect: Words with fewer neighbors elicited greater activation in the temporal cortex.
They suggested that a harder identification at the orthographic level leads to compensatory semantic
activation, and thus temporal cortex activation is greater for words with fewer neighbors (cf. Klonek et
al., 2009). Thus, Binder et al.'s (2003) results suggest a model revision of the classic three-layered
IAM, which is in line with Price and Devlin's (2011) proposal that the fusiform gyrus acts as a hub to

higher-order processes: IAMs need to take semantic processes into account.

IAMs can quantitatively account for all but the sequence effects at a behavioral level (cf. Grainger and
Jacobs, 1996; Huber et al., 2008; McClelland and Rumelhart, 1981; Ziegler et al., 2001). At the level of
electrophysiological data, there are at least three examples for a direct simulation by an IAM (e.g.,
Braun et al., 2006; Hofmann et al., 2008b; Huber et al., 2008). In contrast, so far [AMs have only
'qualitatively' accounted for neuroimaging findings. We can not yet compute a hypothetical fusiform
gyrus activation at the item-level, which could then be directly compared to BOLD data. Testing for the
descriptive adequacy of the model is not yet possible, because the expansion of the IAM that accounts
for neurocognitive data is still at step 1 of model development, i.e. checking the global appropriateness

of the architectural assumptions.

To gain neurobiological plausibility for this type of model, we have to ask how the BOLD response can
be predicted by IAM units, which tentatively represent a neuron or an assembly of neurons in the brain
(Hofmann et al., 2011). For instance, how can the temporarily greater orthographic unit activation of a
high-frequency word be reconciled with the finding of a lower BOLD response in the ventral visual
stream (Kronbichler et al., 2004)? A straightforward answer is provided by the model-to-fMRI-data
connection assumption of the ACT-R (Anderson et al., 2004). It predicts greater BOLD responses to
low-frequency words, suggesting that the longer a stimulus is processed, the greater is the

corresponding hemodynamic response. We propose that in each processing cycle, the amount of model
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activation is proportional to the measured relative hemodynamic activation (cf. Jacobs and Carr, 1995).
As it takes less cycles to reach the response criterion for high-frequency words, a lower amount of
hemodynamic activation would sum up. Thus, the hemodynamic response gradually decreases with the
frequency of occurrence of a word in natural language (Kronbichler et al., 2004). This notion of model-
to-data connection is compatible with a computational model of the hemodynamic response proposing
that the longer a stimulus is processed, the greater is the hemodynamic response (Buxton et al., 2004).
A second possibility for why hemodynamic responses are lower for high-frequency words is the earlier
activation of high-frequency word units in [AMs, which also start to inhibit other word units earlier
than low-frequency words. Thus, we would expect that overall less units become active for high-
frequency words until a response is given. Low-frequency words, in contrast, take longer to become
active and due to a lack of early inhibition, it is more likely that other (orthographically similar)
orthographic units gain a chance to become active, thus increasing their BOLD response (Botvinick et
al., 2001). We suggest that these two mechanisms - the rapid rise of a high-frequency word’s activation
and the resulting greater inhibition of other units - are well in line with Taylor et al.'s (2012) model-to-
data connection proposal suggesting more effortful processing when stimuli do not match model

representations.

However, future work still must provide explicit simulations of fMRI data to test which model-to-data
connection option offers the best solution: If simulated reaction times predicted BOLD responses best,
this would suggest that the time-based model-to-data connection is most appropriate in accounting for
hemodynamic responses. If the competition in a representational layer, however, was a more suitable
functional explanation, this could be formally addressed within the framework of Botvinick et al.’s

IAM (2001), as will be addressed in the next section.
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3.2. Lexical competition, ACC activation and the N400/N2 complex in
language processing

The CMT proposed that a keener competition between representational units should lead to activation
in the mediofrontal and anterior cingulate cortex (ACC; Botvinick et al., 2001). While most research on
the CMT focused on competition between response units (Teodorescu and Usher, 2013), Botvinick et
al. (2001) illustrated that also competition between lexical units leads to ACC activation. The typical
IAM contains three implemented layers of different size and function (McClelland and Rumelhart,
1981; cf. Grainger and Jacobs, 1996; Figure 4; cf. also Figure 1). Each of these layers contains one type
of representation. The first layer represents visual features, such as “|” as a straight line at a particular
position, e.g. in the left part of the first letter. The second layer contains letters, which are activated by
visual features. For instance, “F” is composed of two vertical and two horizontal features. When these
become activated, they likely activate the letter representation of “F”. The third layer represents

orthographic word forms, such as “BLUR”, which receive activation from certain letters at particular

positions.

insert Figure 4 about here

Botvinick et al.’s (2001) IAM simulations predicted that the bigger the competition between
orthographic word units is, the stronger should be ACC activation. Competition was quantified by
Hopfield energy, i.e. the sum of the activation products of each possible activated word pair. For
instance, when BLUR, BLUE and SLUR have been activated (Figure 4), Hopfield energy equals the
activation of the orthographic word units BLUR * BLUE + BLUR * SLUR + BLUE * SLUR. A later

extension suggested that the CMT can be tested using event-related potentials (ERP) and behavioral
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data (Yeung et al., 2004): a greater amount of competition predicts not only a greater amount of errors
and slower response times, but also a more negative N2 component, which is likely generated in the

ACC.

Hofmann et al. (2008b) tested whether orthographic competition IAM can account for ERP responses:
300 nonwords were presented to the model, and the orthographic competition of the items was
calculated by Hopfield energy. Using three levels of low, medium and high orthographic competition,
they found that the keener the competition was, the larger was an N2 negativity. As predicted by Yeung
et al.'s (2004) CMT extension, this negativity had a frontal maximum, and source localization
suggested that ACC activation also gradually increased with the amount of conflict. Moreover,
increasing levels of conflict resulted in longer RTs and more errors (Yeung et al., 2004). Since the N2
showed a striking similarity with the N400 component (Kutas and Hillyard, 1984), Hofmann et al.
(2008b) proposed that the N400 reflects the competition of lexical information and therefore can be
considered a special case of an N2 (cf. Polich, 1985). There are several reasons for this proposal. First,
the N400 as a language-based N2 is obtained in a typical N400 time frame starting as early as 200 ms
after stimulus exposure (Kutas and Federmeier, 2011). Second, the maximum difference at posterior,
centroparietal electrodes speaks of a classic N400. Third, the maximum frontal negativity pointed at an
FN400, which is functionally not distinct from the N400 (Kutas and Federmeier, 2011). Fourth, fMRI
studies that investigated effects of orthographic neighborhood size support the conclusion that lexical
competition drives ACC activation (Fiebach et al., 2007), which is the psycholinguistic variable that is
most highly correlated with Hopfield energy (r = 0.72). And fifth, Hofmann et al. (2008b) tested
whether the Hopfield energy elicited by each item could account for a significant portion of item-level
variance in the N2/N400 amplitude. Since the simulated amount of conflict predicted ERP amplitudes

of single items, the very same computational mechanism that accounted for conflict effects in Yeung et
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al.'s (2004) averaged ERP amplitudes here predicted fine-grained gradual increases of the N2/N400.
The computed amount of orthographic competition accounted for 12% of the ERP variance of the

N2/N400, and thus descriptive adequacy can be quantified for brain-electrical data.

However, IAMs failed to account for ERP variance in word stimuli (Braun et al., 2006; Hofmann et al.,
2008b; but see Holcomb et al., 2002), thus questioning the horizontal generality of the ERP predictions
across different types of stimuli. Moreover, also low orthographic neighborhoods can show greater
ACC activation (Binder et al., 2003; Fiebach et al., 2007). As the critical distinction between words and
nonwords is that words carry semantic information, we suggest that decisions to words are also affected

by a semantic level of representations, which was, however, not yet implemented in [AMs at that time.

insert Figure 5 about here

Higher-level features such as semantics had been proposed but not implemented in the broader,
(prequantitative) theoretical framework of McClelland and Rumelhart (1981; Figure 5; Rumelhart and
McClelland, 1982). Also, Coltheart et al. (2001) proposed a non-implemented semantic layer to
account for deep dyslexia, in which semantic-associative confusions between words are frequent
(Coltheart et al., 2001). Botvinick et al. (2001) also discussed that a verb generation task can elicit
competition at a semantic-associative level, which leads to ACC activation. To define semantic
associates, Thompson-Schill et al. (1997) used human performance in a free association task:
participants named the first words that come into mind in response to a target word. When a later task
required other participants to generate a verb, given such a noun stimulus, ACC activation was greater

when two verb responses were prevalent in comparison to a single predominant verb response.
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To address the question whether the 'classic' N400 reflects semantic competition during sentence
processing, semantics is typically defined by cloze completion probabilities (Kutas and Hillyard, 1984).
For instance, 'He posted the letter without a ..." is completed by nearly all participants with 'stamp'. In
contrast, "The police had never seen a man so ..." allows for plenty of viable completions (Bloom and
Fischler, 1980). Thus, much as Botvinick et al. (2001) took free association performance to define the
amount of completions during verb generation (Thompson-Schill and Botvinick, 2006), we suggest that
sentence completions can be used to address the issue of competition between pre-activated 'semantic’
candidates. If the N400 was a conflict-N2, access to long-term knowledge of an unequivocal and
expected word should lead to a low N400, while for an unexpected word more lexical candidates may
have become active, giving rise to a greater N2/N400 complex. And indeed, the greater the amount of
typical completions of a sentence fragment, the greater is the N400 (Dambacher et al., 2006; Kutas and
Hillyard, 1984). The idea that competition may be a functional constituent of the N2/N400 complex is
also supported by an fMRI study in which semantically anomalous words elicited greater ACC

activation than expected words (Kuperberg et al., 2003).

While competition between orthographic units could be simulated quantitatively by [AMs (Hofmann et
al., 2008b), however, these IAM accounts of verb generation and N400-sentence-level effects were still
at a prequantitative level of theorizing (Thompson-Schill and Botvinick, 2006). However, we think that
the TAM’s algorithmically concrete approach to orthographic processing provided some advantages.
Most importantly, no pre-experiments were required to define the units of competition. Second, a
performance-free definition of associations may better account for the functional overlap in verb
generation and sentence processing than defining semantics either by human free-association or cloze-
completion performance (Grainger and Jacobs, 1996). Third, cloze completion probabilities may not

only represent semantic processes. Rather, they may also contain morpho-syntactic factors constraining
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the words to be completed, as hypothesized in the unification model (Hagoort, 2003). Fourth, a
performance-based definition of “association” can serve well for proof-of-concept studies, but it can
hardly reflect all potential associative relations. Horizontal generality across different stimulus sets,
however, is necessary when descriptive adequacy at the item-level should be testable for any stimulus
set (Perry et al., 2007; Spieler and Balota, 1997). Consider that each word pair can have a semantic
relation. So checking for the potential associations between 100 words means testing 100 * 100 =
10,000 potential associations, which is practically impossible by performance-based association
measures. Therefore, one big remaining challenge for IAMs was to ubiquitiously define semantic
representations, which have been postulated, but not yet implemented (e.g., Coltheart et al., 2001; Perry

et al., 2007).

This theoretical deficit of IAMs becomes even more apparent when considering other, less successful
tests of the hypothesis that the N400 is a special case of an N2 during language processing. While
[IAMs predicted N2/N400 amplitudes to nonwords (Braun et al., 2006; Hofmann et al., 2008b), they
failed to predict electrophysiological responses elicited by an undefined mixture of orthographic and
semantic sources of information (cf. Briesemeister et al., 2009). This can be demonstrated in a stem
completion task, in which participants are exposed to a word stem, such as 'com...", and are required to
complete it to a whole word, such as 'completion'. Botvinick et al. (2001) predicted “that stem
completion should engage the ACC more strongly when the stem presented is associated with several
completions than when the stem is associated with one strongly preferred response” (Botvinick et al.,
2001, p. 633). However, falsifying this hypothesis, Klonek et al. (2009) observed a stronger N400
negativity to word stems with only one possible completion as compared to word stems with multiple
completions (Kutas and Federmeier, 2011). They interpreted this result by the following mixture of

processes: Word stems with many completions are orthographically much more familiar, which can
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well be simulated by the MROM (Grainger and Jacobs, 1996; Klonek et al., 2009); and this available
orthographic information makes it easier to semantically associate appropriate completions allowing to

perform the task.

In sum, conflicts at the level of orthographic representations can be quantitatively simulated in an [AM
for nonwords, while effects hypothetically due to semantic representations can be addressed by
exemplary associations from free association performance, and not yet by a fully quantitative approach
for all possible associations. We suggest that N400 evidence can contribute to the discussion about
conflicting representations, or a general role of the ACC in violated predictions (Alexander and Brown,
2011; cf. paper in this special issue), or expected reward or value (cf. 4.; Holroyd and Coles, 2002;
Shenhav et al., 2013). However, as soon as multiple sources of information mix-up to generate a non-
trivial decision, ERP amplitudes are hard to predict, at least by a simple lexical conflict. Which levels
of representation contribute to what extent to which task performance remains under strategic control
(Dilkina, McClelland and Plaut, 2010). Therefore, we agree with Taylor et al. (2012) that the activation
of particular brain regions can inform about this relative reliance on a particular code. However, we
think that there is a sufficient amount of falsifying evidence against a generally applicable IAM without

a computational definition of the most important feature of a word: its meaning.

4. Associative Read-Out Modeling of semantic information

While the visual-orthographic processes of [AMs could account for some neurocognitive data, their

predictive power was generally limited, because of their lack of implemented semantic units. Another
problem was that they accounted for tasks in which memory processes contributed implicitly, but not
for explicit memory performance. How to bridge the gap between modeling single-word features and

semantic associations between all possible words in a hypothetical lexicon, and likewise capture major
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findings of studies on explicit memory?

4.1. Quantifying semantics in IAMs

Most research on semantics used the results of pre-experiments to define word associations. For
instance, in the free association task a stimulus word is presented - e.g., chair - and participants name
the first words that come to mind - e.g., table, sit, legs (Jung, 1905). In an episodic memory task,
another group of participants typically learns these associates and when they erroneously remembered
'table' as having been studied (Deese, 1959), this was termed the 'false memory effect' (Roediger and
McDermott, 1995). Already Jung (1905) conceptualized free associations as a type of human
performance elicited by cognitive and neural processes. Thus, using such performance measures (i.e.,
dependent variables) as an independent input variable to the model is somewhat circular, when trying
to explain how neurocognitive processes leading to free associations. It also undermines a clear
strength of IAMs: They provide a computational definition of cognitive processes that is independent
from human task performance (Hofmann et al., 2011; McClelland and Rumelhart, 1981; Perry et al.,
2007). IAMs typically use non-subjective measures of word corpora to define cognitive processing as a
chain of causes that elicit responses as an effect. A second reason against using free associations for
operationalizing lexico-semantics was provided by McKoon and Ratcliff (1992): They found that
processing of a target word can be facilitated by a preceding prime word that is not among the first
ones produced in a free association task. Rather, words that occur often together can define even weak
associations (McKoon and Ratcliff, 1992). Third, such coocurrence measures can nicely account for
free association performance (Rapp and Wettler, 1991). Finally, the selection of words controlled for all
sorts of single-word features is limited by using ‘performance to account for performance’. Using
coocurrence measures, in contrast, makes no such constraints on factorial experimental designs.

Therefore, they are already widely applied in models of semantics (Andrews et al., 2009; Griffiths et
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al., 2007; Landauer and Dumais, 1997; Shaoul and Westbury, 2006). These models compute latent
variables to distribute the meaning representation of a word across several non-symbolic variables,
much as in PDP models (e.g., Harm and Seidenberg, 2004; Seidenberg and McClelland, 1989). The
IAM, however, as the prototype of a localist connectionist model uses local variables to represent one
concrete real-world entity (Page, 2000), as in the examples of Figure 4.

Representing one meaningful entity by one representation variable allows to simulate human
performance in a deterministic and fully transparent fashion. Thus, rather than targeting “semantics” by
some abstract latent dimensions that do not refer to a single meaningful entity, local representations
offer an epistemically translucent approach: During each step in the computations, users can evaluate
whether the processes that act on the symbolic representations provide face validity. There are no
hidden or abstract factor representations that have no meaning by themselves. This allows users to
subjectively evaluate whether the temporarily activated symbolic units reflect a phenomenologically
plausible experience (Ranganath, 2010), that has elicited the empirical effects. To keep the [AM's
strength of fully-transparent symbolic representations, Hofmann et al. (2011) used the direct
cooccurrence of two words instead of dimension-reduced latent variables as an index of association in
the AROM (Figure 6). While it is also not clear whether dimension reduction provides a significant
advantage in predicting human performance (Bullinaria and Levy, 2007; Griffiths et al., 2007) or brain
activation patterns elicited by them (Bullinaria and Levy, 2013; Mitchell et al., 2008), this approach
also saves a large portion of the computational resources required, and is therefore applicable to larger
and more representative word corpora (Gamallo and Bordag, 2010). Finally, such symbolic
representations can be directly related to specific brain regions: For instance, words that are associated
with motor representations may be represented in motor regions of the brain in an 'embodied' fashion
(Pulvermiiller and Fadiga, 2010; Schrott and Jacobs, 2011; but see Mitchell et al., 2008).

Each cooccurrence measure requires a higher-order entity in which the words cooccur. Previous
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cooccurrence-based approaches selected the common occurrence of words in documents (Landauer and
Dumais, 1997). Following visual features, letters, and orthographic word forms, Hofmann et al. (2011)
chose sentences as the critical level for defining meaning relations between words. To allow for a
maximum theoretical compatibility of the AROM with models in computational linguistics,
associations were defined by the log-likelihood based standard cooccurrence measure (Evert, 2005):
Two words were defined 'associated' when they occur significantly more often together in a sample of
43 million sentences than to be expected from their single occurrence frequency (Quasthoff et al.,
2006). This statistical approach reflects a symbolic version of Hebbian-learning to define associations:

Items that occur often together are likely to be associated (Hebb, 1949).

insert Figure 6 about here

In the AROM, the semantic unit for a word obtains activation from its corresponding orthographic unit.
As soon as a semantic unit crosses the activation threshold of zero, it excites all associated units. This
excitation is scaled by a cooccurrence-based connection weight, which represents the relative strength
of association between two words. Such semantic associations represent two important functions. The
first is representing the meaning of a word. Though this is often referred to by Firth's quote "you shall
know a word by the company it keeps” (Firth, 1957, p. 11; quoted from Andrews et al., 2009), this idea
can probably be traced back even further (cf. Biemann and Riedl, 2013). According to Harris' (1951,
pp. 15) 'distributional hypothesis', the meaning of a word can be defined by "the total of all
environments in which it occurs". Therefore, each associate can be considered a semantic feature of the
word. There can be two types of semantic relation within this structure. Either two words are associated
directly, which is also termed first-order cooccurrence; or, two words may have many common

associates, i.e. second-order cooccurrence. The amount of common semantic features thus can be
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defined as the meaning overlap of two items. In computational linguistics, the amount of common
associates is used to find paradigmatic relations (Rapp, 2002). This implies that these words can
substitute each other (e.g., synonyms like 'wedding' and 'marriage'; Biemann and Riedl, 2013; de
Saussure, 1959). The direct association or first-order cooccurrence, in contrast, reflects the syntagmatic
relation of two words that can occur together in a sentence (‘inventor' and 'fame'; Hofmann et al., 2011;
Rapp, 2002). If this was the whole story, the AROM would be just another representational model of
semantics — though it would be the first computational model implementing all potential associative
long-term associations between symbolic units (cf. Griffiths et al., 2007). Steyvers and colleagues
(2006) suggested, however, that future models of semantic memory should additionally define the
cognitive processes that act on these representations. Therefore, the second equally important function
of the semantic layer is to algorithmically capture the cognitive processes that occur between these
units while solving a particular psycholinguistic task. This function of a process model has been the
traditional role and strength of IAMs since their initial proposal. In sum, the novel level of semantic
representations in the AROM extends IAMs of visual-orthographic processing by the mechanism of
associative spreading of activation between semantic word units (Anderson, 1983; Collins and Loftus,
1975): If there is enough excitation from associated items or common associates in the experimental

context, a word unit can become pre-activated (Hofmann et al., 2014).

4.2. False and veridical recognition in explicit memory

An initial test of the AROM's cooccurrence-based definition of association replicated McKoon and
Ratcliff's (1992) finding that the association to an immediately preceding word facilitates lexical
decisions (Kuchinke et al., 2010; Hofmann et al., in prep.; Lucas, 2000). Thus the AROM can account

for semantic priming effects in an implicit memory task, which is the classic domain of [AMs: They
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were successfully used to account for perceptual identification, lexical decision, naming, stem
completion or even natural reading (Grainger and Jacobs, 1996; Klonek et al., 2009; McClelland and
Rumelhart, 1981; Perry et al., 2007, 2010; Reilly and Radach, 2006). Because IAMs were not able to
account for explicit memory, however, the AROM was designed to answer the challenge set by Gallo's
(2006) exhaustive overview of the false memory literature: He suggested that the major challenge
consists of a theory that bridges both semantic priming in implicit and false memories in explicit
memory tasks (Chen et al., 2008) — a challenge that would best be taken by a process model (Gallo,
2010). In our initial approach, we included one associative unit for each word appearing in the context
of a study-test recognition memory task (Hofmann et al., 2011). While an increased resting level
activation at cycle 0 represented the experimental manipulation that an item had been learned at study,
the activation in cycle 1 becomes larger for items with many strong semantic associations to the rest of
the stimulus set. Though associative interactions between context words can occur at this time, bottom-
up information from the feature layer feeds to the letter layer in cycle 2, to the orthographic word layer
in cycle 3, and reaches the associative layer in cycle 4 (Figure 7). From thereon, the presented item
interacts with the associations to the stimuli available from the context. Therefore, the AROM predicts
that the more associated items are in the context, the stronger becomes the activation of the presented
item, thus accounting for the false memory effect: Associated items in the context elicit false responses
to non-studied items. For studied items, in contrast, the model also successfully predicts a memory
boost that is elicited by many associates in the stimulus set (Hofmann et al., 2011) — a finding that was
reproduced with other stimuli (Kuchinke et al., 2013).

Since predicted amount of item-level performance is a major evaluation criterion of descriptive
adequacy (Spieler and Balota, 1997; Perry et al., 2007), we also tested the AROM’s ability to simulate
the recognition probabilities of the individual items. In studied words, the associative layer's activations

accounted for 10% of the variance in yes-response probabilities of a recognition memory task, while in
y P p g ry
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non-studied words, the AROM accounted for 14% of the false memory variance. Thus, in studied and
in non-studied words, the AROM can predict which word is remembered with which probability.
Moreover, the activations in the orthographic layer accounted for an additional 14% of unique variance.
For simplicity, the AROM was implemented without top-down excitation from the semantic to the
orthographic word layer (see Jacobs and Grainger, 1992). Therefore, the lower three layers of the
AROM consisted of an unchanged MROM (Grainger and Jacobs, 1996). Since we also showed that the
MROM can predict human performance in an episodic memory task, the horizontally more general
expansion of the MROM is confirmed for exactly those processes for which it was designed: Predicting
word recognition to non-re-studied words (Grainger and Jacobs, 1996). In sum, the AROM is the first
computational model that can answer Roediger, Balota, and Watson's (2001) challenge to predict false
memories by both, orthographic and semantic similarities to the other words in the context (cf.

Hofmann et al., 2011; Jacobs and Grainger, 1996; Perry et al., 2007, 2010).

insert Figure 7 here

Finally, localist representations allow to test whether the AROM's associative processes are plausible at
an intuitive level of phenomenological analysis (Ranganath, 2010). Figure 7 shows exemplary
association functions for the word 'wedding' supporting the AROM’s face validity (Hofmann et al.,
2011). The AROM suggests that this word elicited more false memories because of strongly co-
activated items such as 'marriage’, 'throne', and 'widow'. Such associates increase the activation of the
non-studied item 'wedding', and therefore increase the probability for a false memory of this word.
Moreover, 'marriage’ and 'wedding' can be considered as synonyms. This suggests that the most
strongly co-activated items have a tendency to reflect a semantic relation to the presented items in the

narrowest sense of the word.
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4.3. Familiarity and recollection in IAMs

Yonelinas (1994) determined familiarity by assuming that normally distributed memory signals of
equal variance are apparent in studied and non-studied items, while a high-threshold signal increases
the 'yes' response probability in studied items due to recollection. Because Receiver Operating
Characteristics (ROC) contrast the distribution of 'yes'-response probabilities for non-studied items on
the x-axis with those of studied items on the y-axis, the slope of the z-transformed ROC (z-ROC)
indexes the relative contribution of familiarity and recollection: Pure familiarity can be characterized
by a slope of 1, while additional recollection should tilt the z-ROC's slope down (Hofmann et al., 2011;
Jacobs et al., 2003, Yonelinas, 1994). The alternative unequal-variance model assumes Gaussian
distributions with greater signal variance for studied in comparison to non-studied items (Glanzer et al.,
1999; Green and Swets, 1966). However, recent trends in neurocognitive theorizing suggest that such
measurement models and their relation to neural observables is of limited use (Malmberg, 2008;
Ranganath, 2010). Rather than only measuring them, neurocognitive models should better predict
which stimuli and experimental factors elicit which cognitive processes, which in turn cause
familiarity-like or recollection-like data patterns. Although additional model-to-data connections allow
to relate the behavioral measures of recollection and familiarity to neurocognitive data (Kuchinke et al.,
2013; Wixted and Mickes, 2013, Yonelinas et al., 2005), process models such as [AMs can more easily
be falsified than both of these measurement models (Jacobs and Grainger, 1994; Malmberg, 2008).
When aiming to constrain the notions of familiarity and recollection by processing assumptions,
Gillund and Shiffrin's (1984) 'Search of Associative Memory Model' proposed that familiarity can be
defined as the sum of evidences of all memory trace activations. In accordance with this, familiarity in
the MROM was determined as the sum of all orthographic word unit activations (Jacobs et al., 2003).
To design a task in which lexical decisions are based on familiarity only, Jacobs et al. (2003)

introduced a process-purity assumption (cf. Wixted, 2007). They assumed that very short stimulus
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exposures make the full recollection of a particular stimulus very unlikely. This was confirmed by the
resulting z-ROC slope of 1. The defining feature of familiarity was simulated by the MROM: An
increase in familiarity for words as compared to nonwords indeed increased the total familiarity signal
strength level, but not its variability (Glanzer et al., 1999; Paap et al., 1999; Yonelinas, 1994). Jacobs et
al. (2003) thus defined the experimental conditions under which familiarity-like responses can be
modeled as a response to particular stimuli, rather than just measuring its contribution.

That familiarity plays a role in lexical decision tasks was also proposed by Yonelinas (2002, p. 445),
who suggested that “familiarity is assumed to support not only recognition memory performance, but
also performance on implicit memory tasks". As “familiarity and recollection (...) support memory for
perceptual and semantic (or meaning-based) information, respectively” (Yonelinas, 2002; p. 444), we
suggested that activation in the semantic layer elicits a recollection-like data pattern (Hofmann et al.,
2011). Gillund and Shiffrin (1984, p. 55; Mandler, 1980) simulated the recollection-like search process
by the associatively cueable activation of a single memory trace (Yonelinas, 2002, p. 445). In
accordance with Gillund an Shiffrin (1984), the AROM assumes that the recollection-inducing source
of information is the semantic activation of a single item.

For bridging the gap between process models in which memory is only required implicitly (Berry et al.,
2008) and models of explicit memory, however, an additional assumption was required that decides
whether an item was studied or not. This assumption was borrowed from the unequal variance model
(Glanzer et al., 1999). To describe a z-ROC, this measurement model made two ad-hoc assumptions
(e.g., Green and Swets, 1966): First, the memory signal is greater for studied than for non-studied
items, and, second, the memory signal variance is greater for studied words.

When implementing this first assumption into the semantic layer, the second ad-hoc assumption of
unequal variances automatically resulted (Hofmann et al., 2011). Irrespective of the choice of the free

parameters, the semantic activation variance was greater for studied than for non-studied items. It was
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then discovered why the AROM's IAM-based architecture was capable of predicting unequal item
variances without additional assumptions (McClelland and Chappel, 1998; Shiffrin and Steyvers,

1997): This is demonstrated in Figure 8 and Appendix A.

insert Figure 8 here

The AROM provides the advantage of a falsifiable mechanism that predicts particular z-ROC slopes
dependent on task and stimulus features, in contrast to Glanzer et al.s, (1999) and Yonelinas' (1994)
models (Malmberg, 2008). For instance, the assumption of stronger memory signals for studied items
can be used to test the rationale of the model: The stronger the memory signal of the studied items is,
the greater should be the variance when compared to the weaker memory signals of non-studied items.
Thus, when we assume that longer study time further increases the memory signal of studied items,
even greater variances should result. This assumption was confirmed by Glanzer et al. (1999), who
repeatedly showed that the slope of the z-ROC was even lower when words were studied for a longer
time (Shiffrin and Steyvers, 1997; McClelland and Chappell, 1998). A stronger initial resting level
activation and the resulting greater memory signal variance for longer-studied items can explain this:
Greater episodic pre-activation increases the variances of particular memory traces that are recollected
from semantic long-term memory.

In sum, the AROM can define the experimental conditions and computational mechanisms that lead to
the data patterns of familiarity and recollection, rather than just measuring them. Therefore, the AROM
can more easily be falsified than measurement models such as the model of recollection and familiarity

or the unequal variance model.
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4.4. Semantic processes in the temporal lobe

The semantic layer of the AROM represents associations in a long-term memory structure.
Complementary learning systems theory suggests that such outlearned associations are distributed
across the cerebral cortex and therefore can not always be associated with a particular neural region
(McClelland et al., 1995). A general issue, however, is the embodiment proposal that words are
represented in those neural regions, which also represent their referent (Pulvermiiller and Fadiga,
2010). Thus, for instance, an arm-related word may activate the same brain region in the sensorimotor
cortex that is also activated by arm movements. However, these embodied constituents of word
meaning usually form a network with temporal cortex regions, where semantic information converges
(Pulvermiiller and Fadiga, 2010).

For instance, lesion evidence suggests that particularly the posterior medial and inferior temporal
cortex represent semantic knowledge (Binder et al., 2009). Thus, semantic activation may lead to a
temporally increased neural activation in the posterior middle temporal gyrus (Hofmann et al., 2009). A
lower BOLD response to associatively primed items can be explained by the fact that these are
recognized faster (Rossell et al., 2003). Thus, when summing up the required neural energy over the
whole time frame of recognition, the energy demand is lower (section 3.1.). In addition, when semantic
activation crosses a response criterion early, the associatively triggered search is also terminated early.
Therefore, fewer other associates become activated. When a presented word matches an associative
prediction, reduced temporal cortex activation may index lower semantic competition, which may also
contribute to a decrease of the N400 (Lau et al., 2008; section 3.2).

But also the anterior temporal pole seems to be engaged in processing semantic representations.
Patterson, Nestor und Rogers (2007) propose this region to be a hub that integrates the semantic
features of a concept. This is supported by results from intracranial studies that point at the role of

anterior temporal regions responding to semantically unexpected words during lexical decision and in
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sentence context (Bohrn et al., 2012; Nobre and McCarthy, 1995; McCarthy et al., 1995). In terms of
the AROM: if the unit corresponding to an expected word was activated by a previously presented
associated one, temporal cortex activation drops with the amount of semantic pre-activation (cf. Rossell
et al., 2003; Wible et al., 2006).

Complementary learning systems theory also proposes a second associative mechanism, which can be
found deep inside the medial part of the temporal lobe and particularly the hippocampus (McClelland
et al., 1995). In 'recall mode', the hippocampus may re-activate consolidated long-term knowledge
(Kumaran and McClelland, 2012). Therefore, greater hippocampal activation in words with a greater
amount of long-term associations to the items in the episodic context can be expected. Kuchinke et al.,
(2013) confirmed this assumption: Hippocampus activation was greater for items with many associated
words in the stimulus set of an episodic memory task. They also tested the proposal of Yonelinas et al.
(2005) that recollection leads to hippocampus activation, which can also be explained by strong
memories eliciting a high confidence that the item was studied (Squire et al., 2007). This prediction
was confirmed for words with a high amount of associations in the stimulus set, but not for items with
only a few associations to the stimulus set. In this case, hippocampus activation was equally high for
items eliciting a no-memory decision of high confidence that the item was not studied (Kuchinke et al.,
2013). This finding is difficult to reconcile with the Glanzer et al. (1999) and Yonelinas et al. (2005;
Squire et al., 2007).

A complementary learning systems approach to hippocampus function, on the other hand, likely
suggests that in surely non-studied items with few associations, novel associative representations are
generated in the hippocampus (Kumaran and McClelland, 2012). While greater hippocampus activation
in words with many associations suggests that the AROM can be considered a special case of this
hippocampus model in the 'recall mode' (Kuchinke et al., 2013), it can not learn novel representations

or their connections. Extending the AROM by Kumaran and McClelland's (2012) fully localist
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conjunction layer, however, would enable it to do just this, thus implementing a neurobiologically
plausible model feature, given that new neurons can be generated in the hippocampus (Eriksson et al.,
1998).

Eichenbaum, Yonelinas und Ranganath (2007) proposed that the hippocampus binds perirhinal item-
information to the context represented in the parahippocampal gyrus. Because Kuchinke et al.'s (2013)
result of greater activation to associatively wired words in the hippocampus was accompanied by
stronger parahippocampal activation, this also supports the AROM which proposes that false memories
are elicited by associations to the items in the experimental context.

In sum, different regions in the temporal lobes may represent different recency levels of information
with an inside-to-outside temporal gradient: While semantic-associative long-term knowledge is
represented in the outer cerebral cortex (e.g., McClelland et al., 1995), parahippocampal regions may
represent an episodic context and thus temporally more adjacent events (Eichenbaum et al., 2007). The
hippocampus, however, either re-activates this knowledge, or it generates new representations that may

wander to the outer regions when often re-activated in time (Kumaran and McClelland, 2012).

4.5. Association strength predicts left inferior frontal gyrus activation

For presently activated memory traces, Thompson-Schill et al.'s (1997) lexical selection hypothesis
states that the primary function of the left inferior frontal gyrus (IFG) is the selection of an appropriate
semantic representation from multiple, pre-activated long-term representations. The more
representations are active, the larger is semantic competition and thus IFG activation (cf. 2.1;
Thompson-Schill and Botvinick, 2006; but see Martin and Byrne, 2006). This can account for the effect
of word frequency in the IFG (e.g., Fiebach et al., 2002; Hofmann et al., 2008a), because low-
frequency words are identified more equivocally. Thus, selection demands would be higher when many

units are active and in competition. Since we mentioned above that previous [AMs failed to predict

38



brain responses to word stimuli (3.1) because of the lack of semantic representations, here we would
like to test whether IFG activation can reliably inform about the activity in the theoretically postulated
semantic layer (Hofmann et al., 2011). We assume that the weaker association strength between two
words is, the greater should be semantic competition and thus IFG activation (Wagner et al., 2001). To
test this hypothesis, we performed a re-analysis of recent neuroimaging data by Forgécs et al. (2012; cf.
Appendix B for details). In this study, participants identified noun-noun compound words and indicated
whether they are familiar or not. The concurrent presentation of two words was optimally suitable to
address the influence of each single association. In particular, we tested whether the AROM's
association strength parameter of the 48 associated noun-noun compounds was a reliable predictor of
IFG activation (cf., Hofmann et al., 2011, formula 2). This prediction was confirmed: Even after a full
Bonferroni correction for more than 90.000 statistically independent samples, 109 IFG-voxels
surpassed a significance threshold of p < 0.05 (t(39) > 5.95), and the most significant voxel was
significant at a full Bonferroni-corrected level of P < 0.005 (t(39) = 8.23; Talairach x/y/z = -40/22/-5;

cf. Figure 9).

insert Figure 9 about here

In sum, the AROM responds successfully to the challenge of providing an "explicit framework in
which the effects of manipulations such as association strength can be (...) formally assessed.”
(Thompson-Schill and Botvinick, 2006, p. 402). While a previous computational model did so for
experimentally induced associations (Danker et al., 2008), the AROM allows to define long-term
associations between each possible word pair in a steadily growing amount of languages (230 at
present), because the measures used by the AROM were taken by the multilingual Leipzig Wortschatz

Project (http://corpora.informatik.uni-leipzig.de; Quasthoff et al., 2006). The evaluation of the
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descriptive adequacy of computational models at the item-level became a major criterion in 1997 for
behavioral data (Spieler and Balota, 1997; Perry et al., 2007), and was applied to ERP data in 2008
(Hofmann et al., 2008b; Rey et al., 2009). Finally, the present paper shows that fine-grained

quantitative predictions at the item-level are also possible for fMRI data.

4.6. Functional, neurobiological and phenomenological analyses of brain
connectivity

The prediction of IFG data by parameters of the AROM appears to be based on the idea of cognitive
modules in the brain (Anderson et al., 2004; Fodor, 1983; Newell, 1990). Since the IAM is based on the
principle of interactivity, however, the reverse is the case. The IAM layers are connected and the
excitation and inhibition parameters were often ‘handwired' to account for behavioral data (McClelland
and Rumelhart, 1981). This leads to a continuous exchange of information between the different levels
of representation. Since the activation of the IAM layers can be associated with regions in the ventral
visual stream (section 3.1), and the associative layer can be associated with temporal gyrus and the IFG
(sections 4.4. and 4.5.), these information exchange parameters can be taken as a theoretical proposals
of connectivity between these brain regions.

We propose that data-driven neuro-functional connectivity analyses provide evidence that allows to test
for the appropriateness of the relative size of these parameters. For instance, when McClelland and
Rumelhart (1981) simulated performance in the perceptual identification task, they proposed that the
orthographic word layer delivers greater top-down excitation (0.3) than it receives bottom-up excitation
(0.07). During word recognition, in contrast, Jacobs and Grainger (1992) found that lowering the top-
down excitation from the orthographic word layer does equally well account for human performance.
When testing this hypothesis by connectivity analyses of brain regions, several dynamical causal
modeling (DCM; Friston et al., 2003) studies show that the bottom-up excitation of the fusiform gyrus

is stronger than its top-down excitation during word recognition (Richardson et al., 2011; Schurz et al.,
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2013). Therefore, they support the initial proposal of Jacobs and Grainger (1992), which was based on
IAM simulations of behavioral data. To our knowledge, however, there is no study that would test
McClelland and Rumelhart's proposal (1981). If their explanation of the word superiority effect was
correct, we would expect a stronger top-down connectivity to words than to perceptual identification of
letters in nonwords. Such an index of the amount of top-down excitation should also be lower during
lexical decision than during perceptual identification — as proposed by Jacobs and Grainger (1992).
While for neuroimaging, DCMs or Granger causality are two methods that provide empirical data
allowing to evaluate parametric connectivity assumptions between IAM layers (Friston et al., 2003;
Goebel et al., 2003; Smith, 2012; Woolrich and Stephan, 2013), the (lagged) phase synchrony of the
electrophysiological responses of two brain regions may inform about the relative weight of
connectivity between two representation layers (Bar et al., 2006; Fell and Axmacher, 2011; Jacobs and
Carr, 1995; Lachaux et al., 1999). However, we do not know any study that addresses such IAM
predictions by EEG data yet.

While previous approaches to the cognitive function of information exchange between differential
representation layers were constrained to behavioral data, data-driven connectivity methods offer the
possibility to test for the neurobiological plausibility of an IAM's theoretically proposed connectivity
assumptions at the level of brain regions. At the level of single neurons, in contrast, the symbolic
representations of IJAMs seem to have a limited neurobiological plausibility (Bowers, 2009, 2010; Plaut
and McClelland, 2010; Quiroga and Kreiman, 2010): there is probably no single neuron that
exclusively codes the appearance of a single symbol such as a grandmother. On the other hand, IAMs
allow to deterministically compute the consequences of a stimulus set presented to the model. These
can be compared to experimental data. Therefore, they offer not only the advantage of a testable model-
to-behavioral-data connection (Grainger and Jacobs, 1998), but also a model-to-brain-data connection

(Jacobs and Hofmann, 2013). As a consequence, the neurobiological plausibility can be addressed in
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terms of decriptive adequacy (4.5). In addition, symbolic representations allow to likewise test for the
phenomenological plausibility (Figure 7, Ranganath, 2010), i.e. is it plausible that 'marriage' is more
likely to be remembered erroneously, because 'wedding' was presented earlier?

In sum, we agree with Ranganath's (2010) proposal that the explanatory adequacy of a model can be
critically evaluated at three levels of plausibility: the functional, e.g. by implementing the cognitive
mechanisms of information exchange across differential representations, the neurobiological, e.g. by
using this for testing computational predictions about the activation and connectivity of brain regions,
and the phenomenological, by simulating which word units elicit associative activation in which other

word units.

5. Can semantic cohesion account for emotional valence effects?

Maratos et al. (2000) proposed that much of the behavioral and neurophysiological variance accounted
for by affective word features can actually be explained by the word's higher semantic-associative
cohesiveness. This hypothesis can be traced back to a conference proceeding by Phelps and LaBar
(1997), showing "that effects of valence on memory can be eliminated by varying the inter-item
associations" (p. 534; Phelps et al., 1998). This hypothesis is testable by using the AROM. An
affectively positive word like 'wedding' — when presented to the AROM — often elicits the strongest co-
activation in word representations like 'marriage’, which are semantically close to the stimulus (Figure
7). But do affectively loaded words have a larger amount of semantically related items in terms of the
AROM? To answer that question, we checked whether there is a relationship between the valence of a
word and its number of associates (NOA) in the 2901 unique word forms of the Berlin Affective Word
List — Reloaded (V0 et al., 2009).

To examine whether a confound between valence and semantic cohesion can make the AROM explain
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valence effects, we tested whether NOA can predict the absolute value of the emotionality of words,

irrespective of its positive or negative sign (Kuchinke, 2007). We found a very small but significant

influence (R2 =0.0035; F =10.23; P=0.0014; emotionality = 1,01 + 0,00039* NOA), which provides
only moderate evidence for the semantic cohesiveness hypothesis in its original formulation. Testing

whether signed emotional valence can be predicted by semantic cohesion revealed a somewhat stronger

effect (R2 =0.063; P <0.001; emotional valence = -0,315 + 0,0030 * NOA; Figure 10). Overall, these
small effects make it unlikely that NOA in terms of the AROM can account for all of the variance
accounted for by affective word features (e.g., Briesemeister et al., 2011a,b; 2012; 2014; Citron, 2012;
Kuchinke et al., 2005; Recio et al., in press). The strongest relationship between semantic cohesion and

signed valence was rather unexpected: The more positive a word is, the more associated items it has.

insert Figure 10 about here

In contrast, Maratos et al. (2000) found support for the semantic cohesiveness hypothesis of affective
word processing in their ERP findings for negative words that revealed a remarkable similarity to false
memory effects in a recognition memory task. Critically, they found the same increase in false alarm
rate for negative words as for false memories (4.3). In a subsequent study, Windmann and Kutas (2001)
controlled for semantic cohesion, and still found an increase of false alarm rate to negative words, thus
rendering the explanation unlikely that negative valence variance can be totally absorbed by semantic
cohesion. However, in Talmi and Moscovitch (2004), participants learned negative and neutral words,
and an additional category of neutral words with a high semantic cohesion to the stimulus set. They
found that both, semantic cohesion in neutral words, as well as negative valence increased false recall —

while the neutral cohesive and the negative words did not differ from each other. They suggested that
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associations play a similar role as the classic valence effect in memory tasks. Using the same stimulus
categories in a recognition memory task, McNeely et al. (2004) found no increase in false alarm rate to
neutral words of high semantic cohesion, but an increase for negative valence. Moreover, their ERP
findings suggested differences between semantic cohesion in neutral and negative words. While arousal
was not taken into account in this study, valence and arousal were confounded in Talmi and Moscovitch
(2004). Therefore, it is questionable whether the observed effects were due to negative valence itself or
to the confounded manipulation of arousal (Bayer et al., 2012; Hofmann et al., 2009; Maratos et al.,
2000; Windmann and Kutas, 2001). None of these studies, however, included a control category of
negative words of low semantic cohesion.

To test whether semantic cohesion and negative valence provide independent contribution to false
memories, we next present the results of a study-test recognition memory experiment crossing the
experimental factors of negative valence (neutral/negative), and NOA in the stimulus set (low/high; cf.
Appendix C for experimental details), while keeping all sorts of single-word features constant, such as
arousal, imageability, word length, number of orthographic neighbors, as well as letter, bigram, and

word frequency.

insert Figure 11

We found significant effects of negative valence (F(1,28) =46.06; P <0.001), and NOA on false
memories (F(1,28) = 18.08; P <0.001; Figure 11). Moreover, both factors yielded a significant
interaction (F(1,28) =5.92; P <0.05).

Since both factors increased false alarm rate, this suggests that both semantic cohesion and negative
valence can cause false memories. Such negative valence effects occur even in the absence of a

confounded manipulation of arousal (Windmann and Kutas 2001), and the semantic cohesion main
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effect replicates the result that the AROM can predict false memory effects (Hofmann et al., 2011). The
interaction, however, could best be explained in terms of the interplay between bottom-up driven
affective evaluation (Kuchinke, 2007), and a top-down-driven activation boost from associations in the
language context (Hofmann et al., 2011).

To further investigate a hypothesis suggested by our surprising corpus analysis finding - i.e. a
relationship between positive valence and semantic cohesion — the experimental factors of positive
valence (neutral/positive) and NOA (low/high) were crossed in a second recognition memory

experiment (N = 34; cf. Appendix C for method details).

insert Figure 12

The NOA (F (1,34) = 6.22; P < 0.05), but not positive valence, increased false alarm rate (F = 1.00;
Hofmann et al., 2011; Figure 13), and there was a nonsignificant trend towards an interaction between
valence and NOA (F(1,33)=3.51; P=0.07). In this experiment, a strong version of the semantic
cohesiveness hypothesis was straightforwardly confirmed for positive words (Maratos et al., 2000;
Talmi and Moscovitch, 2004): As positive valence and semantic cohesion are typically confounded,
positive valence effects can thus be explained by semantic cohesion only. The stronger the associative-
semantic connectivity to the other words of the experiment, the more likely was the erroneous
recognition of a word as having been studied. False alarm rate did not further increase as a function of
positive emotional valence, suggesting that the AROM offers a parsimonious explanation of effects of
positive valence - without the need of an additional affective evaluation mechanism (Kuchinke, 2007).
In sum, our corpus analysis provided no evidence in favor of the possible confound of negative valence
with (a larger) amount of inter-item associations, at least not for the German language. Rather, our

recognition memory findings suggest that negative valence engages an evaluative mechanism that
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affects word recognition (Kuchinke, 2007); and mere semantic cohesion does not appear to be
sufficient to explain false memories attributed to negative valence manipulations (Windmann and
Kutas, 2001).

Effects previously ascribed to positive word valence, in contrast, may have actually been due to a
confound between positive valence and associations: First, there is a confound between positive
valence and the NOA; second, false memory effects due to positive valence can more parsimoniously
be described by inter-item associations in the AROM (see 4.; (e.g., Kuchinke et al., 2006). Thus, not
only the horizontal generality of the AROM was increased by showing that semantic cohesion can
account for an effect of positive valence, but also its explanatory adequacy, by accounting for an

additional effect by the same model mechanism of semantic cohesion.

6. Conclusions
The preceding analyses allow us to conclude that [AM-type models can favorably be evaluated by the

criteria of descriptive adequacy, generality, falsifiability and simplicity, and that IAMs can adequately
explain numerous phenomena at the functional, phenomenological, and neurobiological levels. The
IAM layers of visual features, letters and orthographic word forms appear sufficient for simulating
activations in the ventral visual stream from the occipital to the left posterior fusiform regions in
implicit memory tasks. Competition between orthographic units can account for N2/N400 effects,
while semantic competition effects can be addressed by cloze completion probabilities or free
association performance. It is questionable, however, whether one can really ‘explain’ human
performance by other human performance measures. The AROM remedies the disadvantages of
previous IAMs due to the lack of a semantic layer by providing a convenient modeling framework that

integrates implicit and explicit memory. In recognition memory tasks, it accounts for orthographic and
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semantic influences on false memories. While familiarity was defined at the orthographic level,
recollection likely resides in the semantic layer, where greater memory signals to studied items elicit
greater signal variances than non-studied items, i.e. a z-ROC slope < 1. The AROM’s long-term
associations can be related to neurocognitive data elicited by the temporal cortex. Contextual
associations can be related to the parahippocampus, which facilitates hippocampal associative
processing in recall mode. When two words are presented together in a noun-noun compound, the
AROM's association strength between the nouns further allows for item-level predictions in the IFG.
Finally, false memory effects were replicated in two experiments in which negative and positive word
valence was manipulated. While negative valence provided an additional increase in false memories,
effects of positive valence on false memories could be explained by an increased number of

associations in positive words.
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Appendix A

Hofmann et al. (2011) implemented the first ad-hoc assumption of increased memory signals for
studied items into the semantic layer. For this purpose, the initial resting level activation a for studied

items s was increased in comparison to non-studied items n in the semantic layer:
a; > a, (1)

47



To be neurobiologically plausible, each connectionist model requires an assumption of nonlinearity that
scales activation between a maximum activation of 1 and a minimum activation of m = -1 (Grossberg,
1978). This assumption is neurobiologically plausible, because physical limitations of neurons that
cause a maximum and minimum firing rate (McClelland, 1993), and implies that the summed
excitatory and inhibitory input can not be translated into the activation change of a unit in a linear
fashion. Rather, net-input n and effect e (activation change) must be described by a nonlinear, typically
sigmoid activation function (McClelland, 1993). In the IAM, nonlinearity is implemented in a simple
manner. If the excitatory and inhibitory activation change sum up to a negative inhibitory signal, the
activation change of the unit can be calculated by the following formula (McClelland and Rumelhart,

1981, p. 381):

e=n*(a-m) 2)

After the learning phase of a recognition memory task, many items are active, i.e. many word units
strive for activation, because they 'want' to be remembered. This causes a great amount of inhibition for
each unit. Therefore, each unit gains an inhibitory net input, and thus formula 2 applies. To calculate
one distribution of all effect changes E for all the studied items E; and one distribution for all non-
studied items E,, this formula has to be applied repeatedly. For the simplicity of this demonstration, we

keep the distribution of the net inputs N constant for non-studied and studied items.

E;=N*(a -m);and E,=N *(a, -m) (3)

As aresult, a greater initial memory signal a, for studied items than for non-studied items a, (1) will
automatically scale up the variance var() of the effect changes E; for studied as compared to non-

studied items E,.

var (E;) > var (E,) (4)
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It follows that the greater the resting-level difference between the two distributions, the greater is the
variability of the studied as compared to the non-studied item activation variance. The resting level

implements the memory signal strength increase to learning in the study phase.

Appendix B

To determine whether the AROM's association strength can predict IFG activation, we selected the 48
compounds from Forgécs et al. (2012) for which both nouns provided a significant cooccurrence in the
German Leipzig Wortschatz Corpus (taken from Hofmann et al., 2011; Quasthoff et al., 2006).
Moreover, all compounds existed as commonly used word forms in the corpus. In Forgacs et al. (2012),
they were taken from the experimental conditions of literal combinations (e.g., 'Taxifahrer'; i.e. taxi
driver), or dead metaphors (e.g., 'Erfolgsrezept'; i.e. recipe for success). Please confer Forgasz et al.
(2012) for further details. In the analysis provided in Figure 9, we used Brain Voyager to test whether

the association strength of the AROM provides a significant predictor of IFG activation.

Appendix C

In the experiment crossing negative valence (neutral/negative) and NOA (low/high), 29 participants
took part (average age = 25.62; SE = 0.89; 17 female). All had corrected or corrected-to-normal vision,
had no known language disorders, were native speakers of German, received course credits or were
paid. 128 words were learned in a study phase, which had to be discriminated from the 128 non-studied
target words in a test phase. Three non-associated words were presented before and after the target
stimuli in the study phase to prevent primacy and recency effects. In both phases, stimuli were
presented in a random sequence and preceded by five non-associated practice stimuli. In the study and
the test phase, a 500-ms fixation cross was followed by the stimulus for 1500 ms. In the study phase,

five hashmarks appeared until a response was given. In the test phase, a 6-point rating scale appeared at
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which 1 to 3 indicated 'sure non-studied' to 'unsure non-studied', and 4 to 6 indicated "unsure studied' to
'studied'. The former and latter categories were collapsed to 'no' and 'yes' responses to analyze the
recognition memory decision, while this assignment was reversed in a random amount of participants.
The four stimulus categories consisted of 32 stimuli, respectively, and did not differ with respect to
arousal, imageability, word length, number of orthographic neighbors, mean lemma-based letter and
bigram frequency (token), and frequency class (Fs < 1; Hofmann et al., 2007; Quasthoft et al., 2006;
Vo et al., 2009). High NOA words had at least 5 associates in the stimulus set, and low NOA words
had 4 or less. Negative words had a valence score lower than -0.5, while neutral words ranged between
0.5 and -0.5. There was no significant valence difference between low (mean =-1.02; SE = 0.07) and
high NOA (mean =-1.09; SE = 0.09; t < 1) negative words, but the number of associates differed
(mean =2.5; SE=0.23 vs. mean = 7.75 ; SE=0.5; t =9.52, P <0.001). Likewise, there was no
significant valence difference between low (mean =-0.05 ; SE = 0.05) and high NOA (mean = -0.06 ;
SE =0.05 ; t < 1) neutral words, but NOA differed (mean =2.13; SE =0.23 ; vs. mean = 8.75 ; SE =
0.55;t=11.13, P <0.001). Moreover, valence differend significantly between the neutral/negative
cells within both NOA categories (both ts > 10; Ps < 0.001).

In the experiment crossing positive valence (neutral/positive) with NOA (low/high), 34 native
speaking Germans participated (mean age: 28.16; SE = 1.84; 20 female). They had no known reading
disorder, normal or corrected-to-normal sight, and participated voluntarily, received course credits, or
were paid. In all, 216 stimuli were presented, while a quarter of these were contained in each condition.
For each participant, half of these 54 stimuli were chosen randomly for the study phase. The remaining
27 served as non-studied target words in each stimulus category. Pupillary responses were concurrently
measured using a video-based [View X Hi-Speed eyetracker (SensoMotoric Instruments, Germany),
which revealed no significant effects. Each trial started with the presentation of a fixation cross that

remained until pupil dilation varied for less than 0.01mm for 150, but maximally for 3 seconds. Stimuli
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were presented for 1500 ms. In the study phase, five hashmarks appeared until a response was given. In
the test phase, stimulus presentation was followed by a blank screen of 1500 ms. Participants were
required to make a binary yes/no recognition decision within the 3000 ms after stimulus exposure that
was used for the analyses. It was followed by a rating scale (cf. previous experiment). Before each
phase, five practice stimuli were presented to familiarize the participants with the task. The four
stimulus categories did not differ with respect to arousal, imageability, word length, number of
orthographic neighbors, mean lemma-based letter and bigram frequency (token), and frequency class
(Fs < 1; Hofmann et al., 2007; Quasthoft et al., 2006; V3§ et al., 2009). High NOA words had at least 17
associates in the stimulus set, and low NOA words had 16 or less. Neutral words had a valence score
0.5 or lower, while positive words had a valence of at least 1. There was no significant valence
difference between low (mean = 1.57; SE = 0.06) and high NOA (mean = 1.52; SE=0.06;t< 1)
positive words, but the number of associates differed (mean = 11.44; SE = 0.41; vs. mean = 23.87 ; SE
=0.95; t=12.07, P <0.001). Likewise, there was no significant valence difference between low (mean
=0.07; SE = 0.04) and high NOA (mean = 0.10 ; SE = 0.04 ; t < 1) neutral words, but NOA differed
(mean = 11.35; SE = 0.48; vs. mean = 23.89; SE = 0.82; t=13.27, P <0.001). Moreover, valence
differed significantly between the neutral/negative cells within both NOA categories (both ts > 10; Ps <

0.001). In both experiments, approximately 10 minutes passed between the study and test phases.
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Figures

—p EXCItatiOn === Inhibition

Orthographic
Word Layer
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Figure 1. Architecture of the classic IAM. For each letter position, there are visual feature units in a
feature layer. For instance, if a ,,T* is presented to the model at the first position, the visual

|“and ,, “ activate the unit ,, T* at the letter layer, which in turn activates all units at the

features ,,
orthographic word layer starting with a T, e.g. trip or take (Figure taken from McClelland and

Rumelhart, 1981).
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Figure 2. Example simulations that account for the word superiority effect. Perceptual identification of

1.00, .

- E in READ

0. 60

activation
=)
S

-G

0 10 20

a letter is faster, if it is contained in a word. The classic IAM can account for this by the letter
level activations shown at the y-axis. The x-axis represents model cycles. When the identified
target letter obtains excitation from the orthographic word unit ,READ", its activation becomes
greater than when the letter is presented in isolation. While greater activations indicate greater
evidence that the letter has been presented, the IAM accounts for a faster and less error-prone

identification of letters in words (Figure taken from McClelland and Rumelhart, 1981).
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Figure 3. Target
regions of [AMs. Visual features are represented in the occipital cortex (red). Bottom-up driven
neural activation then propagates to more anterior regions, which represent greater levels of
abstraction (e.g. Vinckier et al., 2007). The posterior fusiform gyrus represents orthographic word
forms (yellow). Finally, semantic units are represented in the temporal lobe (blue), and semantic
competition is represented in the left inferior frontal gyrus (cf. sections 3.4 and 3.5 below; Figures

generated by sSLORETA, Pascual-Marqui, 2002).

75



Orthographic
L (FLUR) (BLURJ (SLUR) {5 Layer
@ ‘ @ Letter Layer
[T

I- I I I I- I Feature Layer
1 L Ll

> Excitation

—® [Inhibition

Figure 4. Sketch of an IAM. Stimuli are presented to the feature layer. For each letter, there is a letter
unit. The first letter of the English nonword FLUR activates the units 'F', 'B', and 'S, because they
share several features. Therefore, the orthographic word units 'FLUR', 'BLUR' and 'SLUR' all

become activated.
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Figure 5. The broader VISUAL INPUT ACOUSTIC INPUT

conceptual framework of IAMs. While the original simulation model only implemented
orthographic and visual representations (cf. Figure 1), it also sketched the role of phonology, as

well as “higher level input” (taken from McClelland and Rumelhart, 1981).
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Figure 6. Sketch of the Associative Read-Out Model (AROM). The lower three layers correspond to an
IAM. The semantic layer receives input from the orthographic word layer. The semantic unit of
the presented word activates associated units, which feed activation back. Therefore, semantic

associates in the context increase the activation of a target word unit (adopted from Hofmann et

al., 2011).
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Figure 7. An example simulation of a stimulus with a high number of associates. The x-axis shows
simulation cycles, and the y-axis displays the relative activations of semantic word units. When
'wedding' (red) is presented to the model, the most strongly co-activated items in the stimulus set
are 'marriage' — a non-studied item (blue dashed) — and the studied items 'throne' and 'widow'
(green). These associates drive the activation of the target word unit, and thus account for false

memory effects (adopted from Hofmann et al., 2011).
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4 Test-Phase Presentation:

Nonlinearity:
Activation Change ~

marriage

-Z*

Time

Activation

Figure 8. Illustration of the IAM's functional mechanism that accounts for a greater memory signal
variance for studied than for non-studied items in the test phase of a recognition memory task. The
x-axis represents time and the y-axis shows relative activation of the memory traces, i.e. the
semantic layer units. To the left of the y-axis is the time period before the test-phase presentation
of the studied example item 'wedding' (red, cf. Figures 6 and 7). The AROM shares the first ad-
hoc assumption with the unequal variance model of recognition memory. Therefore, it represents
learning in a study-phase episode by setting a greater resting level (orange line) to studied than to
non-studied items. A critical process that causes between-item variability is inhibition from
studied (green) and previously presented non-studied items (blue). Such inhibition is obtained for
studied and non-studied items alike. The inhibition is summed (-) ) before the well-established
assumption of nonlinearity causes the actual activation change of the semantic unit of the

presented word. This nonlinearity assumption predicts that the activation change of one item is
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proportional to the product of the summed net inhibition (-)) and the resting level (orange).
Because the resting level is greater in studied items, the first activation change in cycle 1 (violet)
is greater for a high-resting-level studied item than for a low-resting level non-studied item. Thus,
if the distribution of net inhibition across all items remains constant, the greater variability of
studied-item variances can be predicted by the resting-level difference: Every item distribution is
scaled by the resting level. In consequence, the AROM predicts greater memory trace variability
from studying an item. That is, the semantic layer's resting level logically results in greater
memory signal variances for studied items. The second ad-hoc assumption of the unequal variance
model of recognition memory can be predicted — and thus can be saved (cf. Appendix A for a

formal demonstration).
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Figure 9. Association strength and left IFG activation. In this region, the association strength of the

AROM was a Bonferroni-corrected significant predictor at the item-level.
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Figure 10. Relationship between the number of associates of a word and emotional valence in the

0.063), there is a

BAWL-R. Though this only accounts for a minor portion of variance (R2

highly significant effect (P < 0.001). The more positive a word is the larger is its amount of

associates.
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Figure 11. False alarm rates (SE) as a function of negative valence and semantic cohesiveness. The left
bars correspond to neutral words, the right bars to negative words. Words with a low number of
inter-item associations (NOA) are given in white bars and high-NOA words in black ones. There

were significant main effects of negative valence and NOA, as well as a significant interaction.
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Figure 12. False alarm rates (SE) as a function of positive valence and semantic cohesiveness. The left
bars correspond to neutral words, the right bars to positive words. Words with a low number of
associations in the stimulus set (low-NOA) are shown in white bars and high-NOA words are in
black. There was a significant main effects of NOA, but neither a main effect of positive valence,

nor an interaction.
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