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Readers that are already familiar with state-trace analysis can skip the present 

section and proceed directly to the second section (3.2) where I present the results from 

a state-trace experiment investigating the processing components involved in semantic 

and episodic forms of processing. 

 

3.1 SHORT INTRODUCTION TO STATE-TRACE ANALYSIS 

 

3.1.1 The problem with dissociations in memory performance 

 A first approach to the study of memory interactions relies on examining 

behavioral dissociations across tasks and conditions that are associated with different 

types of memory (Balota et al., 2008; Tulving, 2002; Yonelinas, 2012). The logic of this 

approach is based on the reasoning that a double (or cross-over) dissociation of 

behavioural performance can only be explained by assuming an interaction between 

two variables such that the levels of one have significantly different effects on each of 

the levels of the other (Loftus, 1978; Loftus et al., 2004; Newell & Dunn, 2008; Prince et 

al., 2012a, Wagenmakers et al., 2012).  

 Following this logic an experiment aimed at measuring interactions between 

semantic and episodic memory systems could rely on the manipulation of levels-of-

processing (i.e. shallow vs. deep) and of task-set (i.e. lexical decision vs. recognition) 

since large differences have been found across semantic and episodic based tasks (Craik 

& Lockhart, 1972; McKoon & Ratcliff, 1979; Tulving, 1972). In such an experiment a 

single dissociation of performance across tasks could be reflected, for example, by a 

facilitatory effect in recognition for items and no effect in lexical decision.  Now suppose 

this holds only for items that were studied semantically (deep processing) whereas 

items that were studied perceptually (shallow) show the reverse pattern with a 

facilitatory effect in recognition and no effect in lexical decision. This pattern of results 

would constitute a double-dissociation of performance over task set and study type and 

would imply that the processes underlie behaviour rely on at least two dimensions, 

namely episodic and semantic memory. 

Double dissociations between lexical decision and recognition tasks are often 

taken as supporting evidence for a dual-system account of memory as they are tasks 

commonly associated with either semantic or episodic forms of processing, respectively. 
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For example, manipulations of normative or natural word frequency (a property 

associated with lexico-semantic memory) have been shown to produce behavioural 

dissociations across memory tasks (i.e. lexical decision vs. recognition) with recognition 

performance being higher for low frequency items and lower for high frequency items 

(Malmberg, Steyvers, Stephens & Shiffrin, 2002). This pattern then reverses in lexical 

decision with an advantage for high frequency items over low frequency items 

(Grainger, 1990). The inference then follows that two systems underlie observed 

memory performance, namely semantic and episodic memory.  

Another example comes from studies with amnesic patients. In these studies the 

fact that behavioural performance changes as a function of specific brain lesions, leading 

to different types of memory impairment (amnesia), is taken as evidence for a dual-

system account of human memory.  The inference is based in this case on the 

observation that specific brain lesions can selectively impair one type of memory 

processing while leaving the other fully intact. The difference between the inability to 

retrieve factual knowledge (semantic amnesia) and the inability to retrieve episodic 

events (anterograde or retrograde amnesia) shown by some patients has been then 

taken as evidence of two systems underlying declarative memory (Squire & Knowlton, 

1995).  

From a statistical standpoint, drawing inferences regarding the dimensionality of 

behaviour means assessing whether a first experimental variable (i.e. normative 

frequency or brain lesion) produces different effects for each of the levels of a second 

experimental variable (i.e. memory task-set); in other words whether behavioural 

performance doubly-dissociates over experimental variables.   

Simple analyses of dissociations in behaviour however can be misleading in some 

circumstances (Loftus, 1978) and lead to incorrect inferences especially when 

confronted with removable or non-crossover interactions between variables 

(Wagenmakers et al., 2012) or when the mapping of the theoretical construct (i.e. a 

variable or model) to behaviour is non-monotonic. An elegant and statistically sound 

approach to study how many dimensions underlie behaviour is offered by state-trace 

analysis (Bamber, 1979; Newell and Dunn, 2008; Prince et al., 2012a; see also 

‘dimensionality theory’, in Loftus et al., 2004).  
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3.1.2 Short history and recent developments of state-trace analysis  

Over the last decade studies in memory and vision have applied state-trace 

analysis to various classical experimental paradigms with the aim of investigating latent 

variables in behavior (Ingram, Mickes & Wixted, 2012; Loftus et al, 2004; McCarley & 

Grant, 2008; Newell & Dunn, 2008; Newell et al., 2010; Prince et al, 2012a). Bamber 

originally introduced state-trace analysis in 1979 as a non-parametric approach to the 

issue of dimensionality in the data but the approach was overlooked somehow for more 

than a decade. It was later on rediscovered in the field of experimental psychology as a 

mean to test if the observed data maps to a single underlying latent variable or 

dimension (Busey, Tunnicliff, Loftus & Loftus, 2000; Dunn, 2004, 2008; Haist, 

Shimamura & Squire, 1992; Hintzman, 2004; Jang & Nelson, 2005; Loftus & Irwin, 1998; 

Loftus et al, 2004).   

Crucial for the experimental applicability of state-trace analysis is a quantitative 

statistical measure of the goodness of fit of the state-traces. This means providing a 

statistical test of how well different models fit the observed data. This is a necessary 

requirement for a correct interpretation of the results as well as for the considerations 

regarding individual differences. So far two approaches have been developed for the 

quantitative estimation of state-trace analysis. The first approach is based on maximum 

log likelihood minimization techniques and provides interesting applications for 

multiple state-traces (more than 2 dimensions). See Newell, Dunn and Kalish for details 

(2010). The second approach is based on a Bayesian framework and it relies on Monte 

Carlo Markov Chain (MCMC) techniques to sample from the posterior distribution 

(Prince, Hawkins, Love & Heathcote, 2012b).  

As shown in previous studies, a distinction of memory systems based on pure 

task performance is problematic (McKoon et al., 1986; Ratcliff & McKoon, 1986) and a 

more reasoned approach is to assume that behavioural task performance is the result of 

a mixture of semantic and episodic memory processing components. In a modular view 

of memory the question of whether one or two systems underlie performance across 

tasks can be correctly recast as whether the configuration of the semantic and episodic 

memory modules differs across tasks.  

In the present thesis I decided to apply Bayesian state-trace analysis for two main 

reasons. First, I was interested in quantifying the amount of support provided by the 
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data in favour of a specific theoretical model (i.e. one-dimensional model of memory) at 

the individual subject level. Single-subject estimation of supporting evidence is 

particularly useful when there are large individual differences in the sample and when 

the analysis involves other measures of interest as well. Second, I was interested in how 

estimates of memory dimensionality (evidence in favour of multi-dimensional model) 

can be related to parametric descriptions of behaviour. Parametric descriptors of 

behaviour can be obtained by applying quantitative models of choice-reaction time data 

(Ratcliff & Smith, 2004) and when these parameters are combined with the estimates of 

memory dimensionality provided by Bayesian state-trace analysis, a theory of memory 

systems can be formally related with specific processing components underlying 

behaviour; therefore providing an appropriate and sound way to capture mixtures of 

memory processing components in behavioural performance. 

In the second section of the present chapter I will present results from an 

experiment where I looked at different interactions between semantic and episodic 

memory with a combined analytical approach involving Bayesian state-trace analysis 

and modelling of choice-reaction time data with the linear ballistic accumulator model 

(LBA). Differences between memory configurations were evaluated by assessing, on the 

one hand, the dimensionality of the process generating the data (Bayes factor for multi-

dimensional memory), and, on the other hand, the processing characteristic of the 

underlying memory components (i.e. parameters of the LBA model).   

 

3.1.3 Principles of state-trace analysis and its Bayesian formulation  

 In state-trace analysis inferences on the latent processes underlying behaviour 

are drawn by looking at how performance across the levels of one factor (i.e. task-set) 

changes as a function of the levels of another factor (i.e. levels-of-processing). Each pair-

wise set of measurements defines a data point of a state-trace (i.e. a trace of the latent 

system) and by manipulating a third factor (i.e. repetitions) state-traces can be unfolded 

to yield three (or more) data points. Inferences on the dimensionality of the processes 

underlying behaviour (one-dimensional vs. multi-dimensional account) are evaluated by 

testing if the collection of all the state-traces (i.e. a state-trace plot) is monotonic. A 

monotonic state-trace plot would entail a uni-dimensional processing account (a single 

source of variability, or dimension, is needed to account for the observed pattern across 
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tasks); conversely a non-monotonic state-trace plot would be supportive of a multi-

dimensional processing account (at least two sources of variability are needed to 

account for the observed data across tasks). In the context of Bayesian statistics these 

inferences can be quantified in Bayes Factors (Prince et al., 2012a), individual estimates 

of how much the observed data supports a theoretical model (i.e. one-system model), 

making this analytical approach an excellent tool for capturing individual differences in 

memory performance.  

 For the scope of the present thesis the distinction between memory process 

and memory system is irrelevant and we will interpret a dimension as one possible 

configuration of the underlying semantic and episodic memory modules. In this 

perspective a test of dimensionality across tasks means assessing whether the same 

memory processing components have been deployed across tasks, whether the 

configuration of memory resources is the same across tasks.  

 For the remaining part of this chapter I will refer to the one-dimensional 

account when the same processing components have been deployed across tasks (i.e. 

one dimensional model) whereas I will refer to the dual-dimensional account when the 

processing components deployed dissociate across tasks. It is important to note that this 

view does not divide memory systems along the classic semantic-episodic dichotomy 

but rather assumes a graded separation based on processing characteristics. This is in 

line with a modular conceptualization of memory where both semantic and episodic 

modules are seen as specialized processors of the same global memory system. In virtue 

of the fact that both modules are integrated in the same global network, behavioural 

memory performance (i.e. the output of the global system) can be seen as the result of 

both the local computations within each module and of their reciprocal interactions. 

Crucially, differences in performance between memory tasks, and thus inferences 

regarding the underlying memory system and its configuration, are drawn on the basis 

of the processing components deployed (i.e. processing characteristics of the memory 

modules) and not on the qualitative differences of the processing components per se (i.e. 

informational content of the memory modules).  

 In the Bayesian approach to state-trace analysis (BST), inferences on the 

dimensionality of the data are quantified via Bayes Factors which express at the 

individual subject level how much the data supports a particular model (Prince et al., 

2012a). Each model (i.e. trace model) is defined as a set of inequalities (i.e. 
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1rep<2rep<4rep) between the data points and the selection of the best model describing 

the data is assessed by evaluating the associated Bayes factors, namely the ratio 

between the marginal likelihood (i.e. evidence) for the alternative model (i.e. trace 

model) over the marginal likelihood for the complementary null model (i.e. no-trace 

model) (Klugkist, Kato & Hoijtink, 2005). 

 The crucial step in assessing the dimensionality of the data (i.e. uni-

dimensional vs. a dual-dimensional account) is establishing whether the state-trace plot 

is monotonic (Bamber, 1979; Loftus et al., 2004; Newell & Dunn, 2008; Prince et al., 

2012a). If the state-trace plot is monotonic, it follows that both state-traces may be 

considered as the product of a single latent system (or equivalently that the system 

assumes the same configuration across tasks). Conversely, if the plot is non-monotonic 

than it holds that at least two latent systems are responsible for the observed behaviour 

(or that the system assumes two different configurations).  

 State-trace analysis is diagnostic of dimensionality only when two conditions 

are met. First, each of the state-traces has to be monotonic meaning that the trace factor 

had a strictly increasing or decreasing effect on performance.  Second, the state-traces 

should overlap at least on one axis. When any of these two conditions is not met, state-

trace analysis is non-diagnostic of dimensionality and therefore it is common practice to 

test against the data four models corresponding to different constraints on the ordering 

of the conditions across tasks. For example the trace model could correspond to the 

constraint: 4 repetitions > 2 repetitions > 1 repetition. As part of the analysis a total of 

four models are tested against the empirical data: 1) the no-trace model (the state-

traces are not monotonic), 2) the no-overlap model (state-traces do not overlap on any 

of the two axes), the 1D model (the state-trace plot is monotonic), 2D (the state-trace 

plot is non-monotonic).  

 

3.1.4 Hypothetical state-trace experiment of human memory 

In state-trace analysis three factors are manipulated to obtain a trace of the 

underlying system, namely a state-trace. The first factor is termed state-factor and it 

represents the indicator variables chosen to measure the system(s) response.  The 

second factor is the dimension factor and it is a manipulation aimed at tapping into 

different dimensions or states of the underlying system(s). The third and final factor, the 
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trace factor, is an overall manipulation of performance meant to have a monotonic 

effect. Inferences on dimensionality (i.e. single-dimension vs. dual-dimension model) are 

then drawn by examining whether the state-trace plot, which is the plotted performance 

of one level of the state-factor (i.e. lexical decision) against the other level (i.e. 

recognition) for each of the levels of the dimension factor (i.e. high vs. low frequency 

words) and of the trace factor (i.e. one, two and four repetitions), is monotonic. The 

collection of data points for each of the levels of the dimension factor is called a state-

trace and the collection of these is called a state-trace plot. 

In relation to the study of semantic and episodic memory, an adequate choice for 

the state-factor is two behavioural tasks normally associated with semantic and episodic 

memory processing, respectively, lexical decision and recognition. For the dimension 

factor a manipulation of normative word frequency (high vs. low) would be appropriate 

since it has been shown to produce different (and sometimes opposite) effects in lexical 

and recognition tasks. Previous studies involving manipulations of normative word 

frequency during lexical decision have shown that lexical decisions (word vs. non-word) 

for high frequency words are faster and more accurate than for low frequency words  

(Balota & Chumbley, 1984; Forster & Davis, 1984; Grainger, 1990; Scarborough, Cortese 

& Scarborough, 1977).  Studies instead involving the recognition task have suggested an 

opposite pattern of results with a faster and more accurate processing of low frequency 

words over high frequency words (Guttentag & Carroll, 1997; Malmberg, Steyvers, 

Stephens & Shiffrin, 2002; Yonelinas, 2012,). Taken all together these results show that 

at the variation of normative word frequency different effects are observed in memory 

performance, thus suggesting the involvement of a latent memory system differentially 

sensitive to normative word frequency. Finally, for the trace factor a manipulation of 

repetitions would provide a monotonic increase in performance. A minimum of three 

levels for the trace factor is required for the analysis and careful tuning of the trace 

factor might also be needed to ensure that the state-traces overlap on at least one axis 

(i.e. dimension).  

 

3.1.5 State-trace analysis of simulated data  

To give a clear example of how the state-trace analysis rationale applies to 

behavioural memory data in the present section I report a series of simulations where I 
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applied state-trace analysis to artificially generated data (synthetic). The approach 

followed in these simulations is similar to previous work from Loftus et al. (2004) on the 

face inversion effect in recognition memory. These authors conducted a number of 

simulations along with behavioural experiments to investigate the finding that in 

recognition the inversion of a visual stimulus leads to significantly worse performance 

for faces than for other types of stimuli (i.e. houses) (Yin, 1969, 1970). The interaction 

between study type (upright vs. inverted) and stimulus type (faces vs. houses) is a 

perfect example of a dual-dimensional account, that is performance for faces and houses 

across both conditions (upright and inverted) is the result of two underlying sources of 

variability.  As mentioned earlier simple analyses of behavioural dissociations can be 

misleading and state-trace analysis provides an elegant and mathematically sound 

approach to assess the dimensionality of behavioural data. In the remaining part of the 

present section I will show some simulations of how this analysis might be applied to 

study the interactions between semantic and episodic memory.  

 For ease of reading, the simulated data is assumed to be generated by a 

hypothetical experiment as described in section 3.1.4 and highly similar to the real 

experiment reported in the second section of this chapter. To recap, the experiment is 

aimed at testing the interactions between semantic and episodic memory systems 

therefore a logical choice for the state and dimensional factors is as follows. The state 

factor is task-set and has two levels with an episodic based task (recognition) and a 

semantic based task (lexical decision). The dimension factor is normative word 

frequency with two levels (high and low) since it is has been shown by previous research 

to yield different effects in each task for low and high frequency items.  We also need to 

manipulate the number of item presentations to have multiple data points. To generate 

synthetic data we first define a simple linear structure for memory strength, S, and then 

relate this to behaviour (e.g. proportion correct) via probabilistic mapping functions. : 

   Equation (1) 

    Equation (2) 

With  representing the intercept per subject, representing the main effect of 

word frequency for the i condition (e.g. high vs. low frequency),  the main effect of item 

repetitions for the j condition (e.g. one, two, four repetitions) and  the word 

frequency X task-set interaction term for task-set k (e.g. lexical decision vs. recognition).  
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In all of the following reported simulations memory strengths were generated following 

equation 1 and were then related to the proportion of correct measure via mapping 

functions. We also assumed that the mapping functions for each task might differ from 

each other and a total of three types of mapping functions were used in the simulations: 

linear functions, monotonic functions and non-monotonic functions. For each simulation 

we generated data for a uni-dimensional model (1D) and for a multi-dimensional model 

of memory (2D). The 1D model is defined by equation (1) when the  interaction term 

is null for every k. This means that there is no interaction between normative frequency 

(e.g. high vs. low) and task-set (e.g. lexical decision vs. recognition), in other words the 

same underlying memory process generates performance in both tasks for both 

conditions (i.e. the underlying process is uni-dimensional). The 2D model of memory is 

instead captured by an interaction effect  defined in the present context as an 

increase in performance for the low frequency items and a decrease in performance for 

high frequency words during recognition but not for lexical decision. This interaction 

effect models the assumption that two systems underlie behaviour and that they are 

differentially affected by manipulations of word frequency and by the task set used.  

An important requirement for state-trace analysis is that the mapping from 

memory strength to behaviour is monotonic. When this mapping is non-monotonic, the 

analysis is non-diagnostic of dimensionality. To illustrate this point in the reported 

simulations both monotonic and non-monotonic mapping functions were used to relate 

memory strength (generated by either a 1D or 2D model) to proportion of correct 

responses.  

 

3.1.6 Simulation 1: Linear mapping  

In the first simulation the mapping function relating memory strength to 

performance was assumed to be a linear transformation for both tasks (e.g. scalar 

multiplication). Bayesian state-trace analysis was then applied to test whether the state-

trace plot is monotonic (see Figure 1).  Since these simulations are meant for an 

explanatory purpose, data were simulated assuming perfect measurements (no noise). 
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Figure 1: State-trace plots for 1D (left) and 2D (right) models with 

linear mapping functions. 

 

A principled and robust approach to test whether a state-trace plot is monotonic is 

to conduct a quantitative analysis of how a particular theoretical model (e.g. monotonic 

model or 1D model) fits the data. In state-trace analysis a theoretical model corresponds 

to a particular ordering of data points across conditions and tasks. For example, the 

monotonic model is defined as the inequality Y4>Y2>Y1 where Yj corresponds to a pair of 

measurements points (a data point of the state-trace plot) for the j repetition condition. 

As part of the analysis four theoretical models are tested against the data: the no-

trace model (no effect of the trace factor), the no-overlap model (state-traces do not 

overlap), the 1D model (state-trace plot is monotonic) and the 2D model (the state-trace 

plot is non-monotonic. The likelihood of observing the data given the model is quantified 

per participant by the posterior model probability (p) and individual subjects estimates 

can be averaged across participants to yield group-level estimates (gp).  

In all of the reported simulations the posterior model probabilities p estimated at 

the individual subject level for all of the four models are reported in graphical format 

(panels) with estimates for individual participants being indexed by their respective 

subject number. Group level estimates, gp, are instead reported in the title of each panel 

(rounded at the first digit).  

For simulation 1 the analysis correctly identifies a 1D or 2D model as the best 

fitting model for, respectively, the uni-dimensional case and the dual-dimensional case 

(see Figure 2 & 3).  
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Figure 2: 1D linear mapping function case, in each of the four diagnostic 

models (panels) the posterior model probabilities for each participant are 

denoted by their participant number. Group level posterior model probabilities 

are plotted as a heavy dashed line.  
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Figure 3: 2D linear mapping function case, in each of the four diagnostic 

models (panels) the posterior model probabilities for each participant are 

denoted by their participant number. Group level posterior model probabilities 

are plotted as a heavy dashed line. 

 

3.1.7 Simulation 2: Monotonic mapping  

In the second simulation data were generated assuming a linear mapping 

function for one task (scalar multiplication) and non-linear mapping function for the 

other (cubic function) (see Figure 4). The goal of this simulation was to show an 

important property of state-trace analysis. State-trace analysis is invariant over 

measurements scales and this is reflected in the fact that as long as the mapping 

functions are monotonic, either linear or non-linear or a combination of both, state-trace 

analysis is diagnostic of dimensionality (see Figure 5 and 6).   

 

 

Figure 4: State-trace plots for 1D (left) and 2D (right) models with 

monotonic mapping functions. 
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Figure 5: 1D monotonic mapping function case in each of the four diagnostic 

models (panels) the posterior model probabilities for each participant are 

denoted by their participant number. Group level posterior model probabilities 

are plotted as a heavy dashed line. 
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Figure 6: 2D monotonic mapping function case, in each of the four diagnostic 

models (panels) the posterior model probabilities for each participant are 

denoted by their participant number. Group level posterior model probabilities 

are plotted as a heavy dashed line. 

 

3.1.8 Simulation 3: Non-monotonic mapping  

This last simulation is a sort of proof of concept since it shows that when the 

mapping from memory strength to performance is non-monotonic, state-trace analysis, 

as well as its Bayesian formulation, is non-diagnostic of dimensionality. For this 

simulation the data were generated using a non-linear non-monotonic mapping function 

for one task (the sinus defined over the range [-1,1]) and a linear monotonic mapping 

function (scalar multiplication) for the other task (see Figure 7). The analysis was non-

diagnostic due to the severe non-monotonicity of one of the mapping functions. This led 

to the violation of the monotonicity assumption (e.g. the no-trace model is rejected), 

which is crucial for the diagnosticity of state-trace analysis (see Figure 8 & 9). 

 

 

Figure 7: State-trace plots for 1D (left) and 2D (right) models with non-

monotonic mapping. 
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Figure 8: 1D non-monotonic mapping function case, in each of the four diagnostic 

models (panels) the posterior model probabilities for each participant are 

denoted by their participant number. Group level posterior model probabilities 

are plotted as a heavy dashed line. 
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Figure 9: 2D non-monotonic mapping function case, in each of the four diagnostic 

models (panels) the posterior model probabilities for each participant are 

denoted by their participant number. Group level posterior model probabilities 

are plotted as a heavy dashed line. 
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3.2 STATE-TRACE EXPERIMENT OF SEMANTIC AND EPISODIC 

MEMORY 
Parts of this chapter will be submitted for publication as Neville, D. A., Raaijmakers, J.G.W., Van Maanen, L. 

Dimensionality of human word memory: Novel insights from Bayesian state-trace analysis and the LBA model.  

 

ABSTRACT 

 

In the present study we were concerned with the expression of human 

declarative memory for words; that is the ability to recognize whether a word has been 

encountered previously (episodic memory) and whether a given string of letters is a 

grammatically valid word  (semantic memory). More precisely, we wanted to investigate 

how the variability in behavioural memory performance across individuals and tasks 

would reflect the contribution of different underlying memory resources (semantic and 

episodic). To answer this question we tested participants’ memory with both lexical 

decision and recognition tasks and then analysed behaviour with a combination of two 

analytical approaches. On the one hand we applied Bayesian state-trace analysis to 

assess how many memory resources (i.e. dimensions) best explained behaviour and to 

quantify the evidence provided by the data.  On the other hand, we applied reaction time 

modelling with the Linear Ballistic Accumulator model to obtain a parametric 

description of the processing components deployed in each task. Goal of this combined 

approach was to test whether changes in memory resources would couple with changes 

in the same processing component (i.e. drift rate). 

Results of Bayesian state-trace analysis showed strong support for a multi-

dimensional explanation of the data indicating the recruitment of at least two memory 

resources across lexical decision and recognition tasks. Reaction time modelling with 

the Linear Ballistic Accumulator model further revealed that multi-dimensionality of 

memory was associated with changes in the rate of evidence accumulation (i.e. drift 

rate) and changes in the amount of evidence needed for a response (i.e. threshold).  

Overall the results of this experiment show a direct mapping of memory 

dimensionality to processing components. The relevance of these findings is discussed 

in relation to the previous studies from the literature. 

Keywords: State-Trace, memory, dissociation, LBA 
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INTRODUCTION 

 

 The strength with which memories are formed and retrieved is not a fixed 

quantity but rather something that varies with the context in which the memory was 

formed and possibly with the person forming the memory.  Two recent studies on 

subjective memory strength (Criss, 2009, 2010) have shown that the strength with 

which an item is stored in memory (e.g. subjective memory strength for word tiger) is 

dependent on the quality of the encoding of the overall study episode (Criss, 2009). It is 

well known by now that two memory systems are particularly crucial for the encoding, 

storage and retrieval of information in long-term memory: semantic and episodic 

memory.  

 Episodic memory is generally described as a system for the storage and 

retrieval of spatial, temporal and perceptual information (i.e. features) from single 

events or episodes (Eichenbaum, 1997; Tulving, 1972, 2002). Being rooted in our 

perceptual experience, episodic memories are generally described as being rich in 

contextual information (details of when a specific memory was formed) with strong 

allocentric and autobiographical components (Tulving, 1972, 2002). Semantic memory 

in contrast is often described as a complex network (or space) of abstract 

representations that are detached from specific contexts such as facts, rules and 

concepts (Collins & Frank, 2013; Griffiths, Steyvers & Tenenbaum, 2007; Landauer & 

Dumais, 1997; Lund & Burgess, 1996; McRae, 2005; Tulving, 1972).  

 A crucial tenant of the multiple memory systems view is that interactions 

between semantic and episodic memory systems can take place selectively during both 

the encoding and the retrieval of information in long-term memory. A prime example of 

such an interaction is the levels of processing effect ( Craik & Lockhart, 1972; Craik & 

Tulving, 1975; Craik, 2002). It has been shown many times now that words which have 

been processed semantically are better remembered in a later recognition memory test 

than words which were studied only perceptually. The fact that semantic processing 

during encoding yields a robust advantage for the subsequent retrieval of episodic 

information at test is an indication of the interactions between memory systems latent 

in behaviour, namely a system for the processing of semantic information and a system 

for the processing of episodic information.  

 The goal of the present study was to test the hypothesis that differences in 
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memory performance across tasks and/or individuals reflect different contributions of 

the underlying semantic and episodic memory systems. 

 The study of how different systems combine to generate behavior is a 

fundamental topic for many fields of research in cognitive science (Ashby, Alfonso-

Reese, Turken & Waldron, 1998; Balota, 1983; Cohen, Poldrack & Eichenbaum, 1997; 

Eichenbaum, 2000; Forster & Davis, 1984; McKoon et al., 1986; Raaijmakers & Shiffrin, 

2002; Squire & Zola-Morgan, 1996; Squire, 1992). Researchers are often confronted 

with the question of whether one or two processes (or systems) underlie behavior and 

memory research is a field where dual-process and single-process accounts are 

particularly pitted against each other (Ingram et al., 2012; Loftus et al., 2004; McCarley 

& Grant, 2008; Newell et al., 2010; Yonelinas, 2002).  

 Laboratory tasks such as lexical decision and recognition are commonly used 

to investigate the memory processes associated, respectively, with semantic and 

episodic memory. In order to answer the question of how many memory systems (or 

dimensions) underlie behaviour, a theory is needed to specify how the two systems 

differ from each other and how they combine to generate behaviour (Mckoon et al., 

1986; Ratcliff & McKoon, 1986). This argument is based on the fact that classic 

behavioural priming effects used to measure memory performance (I.e. repetition 

priming) are composite effects in the sense that they map to different memory 

processing components (Forster & Davis, 1984; Ratcliff et al., 1985). Hence a perfect 

empirical separation of memory systems based on pure task performance can be 

problematic and unreliable (McKoon et al., 1986).  

 Using a combination of formal analytical methods, namely state-trace analysis 

and reaction time modeling, we designed and conducted an experiment to investigate in 

a quantitative manner how many memory dimensions underlie behavior across task and 

whether changes in memory dimensionality yield changes in the same processing 

component (e.g. drift rate).  

 The remainder of the present article is structured as follows. First, we will 

discuss in turn each one of the two analytical approaches used, namely Bayesian state-

trace (BST) analysis and reaction time modeling with the Linear Ballistic Accumulator 

(LBA) model. Next we will describe the experiment we conducted along with the results 

revealed by each analytical method and their combination. Finally in the concluding 

section we’ll discuss the results of the present investigation in relation to current 
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theories of memory and relevant studies from the literature.  

 

BAYESIAN STATE-TRACE ANALYSIS 

 

  The classic approach to the study of interactions between memory systems 

relies on examining dissociations in behavioral performance across tasks and conditions 

that are thought to be associated with different types of memory (Balota, Yap, Cortese & 

Watson, 2008; Tulving, 2002; Yonelinas, 2002). The logic of this approach is based on 

the reasoning that a double (or cross-over) dissociation in behavior can only be 

explained by assuming an interaction between two latent variables such that the levels 

of one have significantly different effects on each of the levels of the other (Loftus, 1978; 

Loftus et al., 2004; Newell & Dunn, 2008; Prince et al., 2012a; Wagenmakers et al., 

2012).   

 Following the logic of dissociations an experiment aimed at testing interactions 

between semantic and episodic memory could involve, for example, the manipulation of 

task-set with a first task relying more on semantic information (e.g. lexical decision) and 

a second one relying more on episodic information (e.g. recognition). Moreover such an 

experiment would also require the manipulation of some property of the stimulus (e.g. 

word frequency) that is expected to have a different (or differential) effect on behavioral 

performance across tasks. In this example a double-dissociation of performance could 

be represented by an increase in performance in lexical decision and a decrease in 

recognition for high frequency words in comparison to low frequency words. The cross-

over interaction between task-set and word frequency would hence suggest that two 

variables (or dimensions) are responsible for the observed behavior.  

 Simple analyses of dissociations in behavior however can be misleading in 

some circumstances (Loftus, 1978) and lead to incorrect inferences especially when 

confronted with removable or non-crossover interactions (Wagenmakers et al., 2012) or 

when the mapping of the theoretical construct (e.g., a variable or model) to behavior is 

non-monotonic. An elegant and statistically sound approach to study how many 

processes underlie behavior is offered by state-trace analysis (Bamber, 1979; Newell & 

Dunn, 2008; Prince et al., 2012a).  

 In state-trace analysis inferences on the latent variables (or dimensions) 

underlying behavior are drawn by looking at how performance across the levels of one 
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factor (e.g., word frequency) changes as a function of the levels of another factor (e.g., 

task-set). These two factors are respectively termed dimensional factor and state factor 

since they represent manipulations of the dimensionality of the underlying system(s) 

and of the state under which the system is measured. Each pair-wise set of 

measurements defines a data point of a state-trace (i.e., a trace of the latent system). 

Finally, by manipulating the overall level of performance (e.g., repetitions) state-traces 

can be unfolded to yield three (or more) data points. The crucial step in assessing the 

dimensionality of the data (i.e., uni-dimensional account vs. multi-dimensional account) 

is then carried out by testing whether the state-trace plot is monotonic; that is whether 

the data points follow the same ordering across conditions on both measures (i.e., levels 

of the state factor) (Bamber, 1979; Loftus et al., 2004; Newell & Dunn, 2008; Prince et al., 

2012a). If the state-trace plot is monotonic, it follows that both state-traces are the 

product of a single latent dimension. Conversely, if the plot is non-monotonic it holds 

that at least two latent dimensions are responsible for the observed behaviour.  

 State-trace analysis is diagnostic of dimensionality only when two conditions 

are met. First, each of the state-traces has to be monotonic (either increasing or 

decreasing) and second, the state-traces should overlap at least on one axis and 

preferably on both (Bamber, 1979; Loftus et al., 2004; Newell et al., 2010; Prince et al., 

2012a). When any of these two conditions is not met, state-trace analysis is non-

diagnostic of dimensionality. It is therefore common practice to test against the data a 

total of four theoretical models: 1) the no-trace model (state-traces are non-monotonic), 

2) the no-overlap model (state-traces do not overlap on any of the two axes), 3) the 1D 

or uni-dimensional model (the state-trace plot is monotonic) and 4) the 2D or multi-

dimensional model (the state-trace plot is non-monotonic). In the present experiment 

we decided to apply the Bayesian extension of state-trace analysis since the amount of 

support in favor of (or against) each theoretical model can be quantified per participant 

by means of Bayes Factors (Prince et al., 2012a), making this analytical approach an 

excellent tool for capturing differences in memory performance both at the group and 

individual subject level. 

 In summary we applied Bayesian state-trace analysis (BST) to test whether 

memory performance across tasks was supportive of a multi-dimensional model of 

memory (i.e. semantic - episodic memory) and to quantify individually the amount of 

support provided by the observed data for each model. 
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 Next we applied reaction time modeling with the scope of obtaining a 

quantitative profile of the processing components underlying behavioral performance. 

The goal of this combined analytical approach was to obtain parametric descriptors of 

behavior and combine them with the individual estimates from state-trace analysis in 

order to relate across participants differences in multi-dimensionality with differences 

in processing components.  

 

LINEAR BALLISTIC ACCUMULATOR ANALYSIS 

 

 Computational analyses of reaction time data with the diffusion (Ratcliff, 1978) 

model or the linear ballistic accumulator model (LBA) (Brown & Heathcote, 2008) can 

yield important insights on the processing components underlying behaviour (Donkin, 

Brown & Heathcote, 2011). Previous studies have shown that changes in the underlying 

psychological processes can be captured by changes in the parameters of the LBA model 

(i.e. decision and non-decision processes, Van Maanen et al., 2012a; Van Maanen, 

Grasman, Forstmann & Wagenmakers, 2012). Similarly it was also shown that changes 

in subjective memory strength for recognition are reflected by changes in the 

parameters of the diffusion model ( i.e. drift rate, Criss, 2010). 

 The LBA model is the simplest model of choice reaction time data (Brown & 

Heathcote, 2008) and has been very successful in the analysis of a number of behavioral 

tasks. In this model the process of producing a behavioral response (i.e., ‘word’ during 

lexical decision) is described by a total of five parameters and proceeds as follows.  

 An accumulator is assumed for each response that linearly accumulates 

evidence over time (i.e., an accumulator for the ‘word’ response and one for the 

‘nonword’ response for lexical decision). The rate and variability at which information is 

accumulated is captured by the drift rate (v) and the inter-trial variability (s) parameters 

that determine, respectively, the mean and standard deviation of the accumulation 

process. Once the amount of evidence accumulated crosses a specific boundary, the 

response associated with the accumulator is produced. The starting point of the 

accumulation process and the boundary value are parameters of the model and they are 

respectively termed response threshold (χ) and starting point of uniform distribution (A). 

The fifth and last parameter estimates the contribution of non-decision processes and 

thus is referred to as non-decision time (t0) (for details see Figure 1, A).   
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    For each set of values of the model parameters the LBA model predicts a well-

specified reaction time distribution and in the present study we applied this model to 

estimate the model parameters that best predicted the observed reaction time 

distributions for each task. The estimates thus obtained constitute a parametric 

description of the processing components deployed in each task; therefore capturing 

different contributions of semantic and episodic memory to behavioural performance. 

 To summarize: our experimental approach relied on measuring memory 

performance on two tasks associated, respectively, with semantic and episodic memory 

processing. We analyzed the data with BST analysis to quantify multi-dimensionality at 

the individual subject level and the LBA model to obtain a parametric description of the 

processing components present in each task. Finally we combined both approaches to 

look at how differences in multi-dimensionality translate to differences in processing 

components.  

 

 

Figure 1: A: The linear ballistic accumulator model with two 

response accumulators. B: Theoretical models for state-trace 

analysis. Left, uni-dimensional model (1D); Right, multi-dimensional 

model (MD). Single-edged boxes represent experimental factors, 
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double-edged boxes latent variables and greyed boxes observed 

variables. 

 

EXPERIMENT 

 

  In the framework of state-trace analysis two alternative theoretical models are 

usually tested against the observed data to investigate how many dimensions underlie 

behavioral performance. In the present study the uni-dimensional model (1D) 

represents the hypothesis that behavior is explained by a single memory resource, in 

other words the memory system underlying behavior processes information along a 

single dimension (i.e. memory strength). The multi-dimensional model (2D) instead 

represents the hypothesis that two independent memory resources underlie behavior, 

in other words the memory system processes information along two dimensions (i.e. 

semantic memory strength and episodic memory strength). 

 Previous studies involving manipulations of normative word frequency during 

lexical decision have shown that lexical decisions (word vs. non-word) for high 

frequency words are faster and more accurate than for low frequency words (Balota & 

Chumbley, 1984; Forster & Davis, 1984; Grainger, 1990; Scarborough et al., 1977).  

Studies instead involving the recognition task have suggested an opposite pattern of 

results with a faster and more accurate processing of low frequency words over high 

frequency words (Guttentag & Carroll, 1997; Malmberg et al., 2002; Yonelinas, 2002). 

Taken all together these studies show that at the variation of normative word frequency 

different effects are observed across tasks suggesting the involvement of a latent system 

with two dimensions (semantic and episodic memory processing).   

 In the present experiment we manipulated normative word frequency to tap 

into different dimensions of the underlying memory system (dimensional factor). Lexical 

decision and recognition tasks were then used to measure how the underlying system 

processes, respectively, semantic information and episodic information (state factor). 

Stimuli were then repeated either once, twice or four times to obtain state-traces with 

three data points, (trace factor) (for details see Figure 1, B). 

 Given the nature of the recognition test, a prior task is needed to present 

participants with the study items. In the present experiment participants were first 

presented with a familiarity rating task followed, after a 5 minute brake, by a 



208263-L-bw-Neville208263-L-bw-Neville208263-L-bw-Neville208263-L-bw-Neville

CHAPTER 3 105 
 

 

recognition test on novel words and words from the familiarity task. Stimuli were 

repeated during lexical decision and familiarity rating but not during recognition. 

Participants were not informed beforehand that the items of the familiarity task would 

be the targets of a later recognition test and were tested in either one of two task 

sequences, depending on whether lexical decision was administered before the 

familiarity rating or after the recognition test. We explicitly did not include a familiarity 

rating before lexical decision because we wanted to minimize any influence of episodic 

encoding since it was shown that previous presentations can lead to an attenuation of 

word frequency effects in lexical decision (Scarborough et al., 1977) and that during 

encoding the processing components underlying recognition memory are partially inter-

dependent (Yonelinas, 2002).  

 

 

Methods 

Subjects. 36 students (mean age, 21.6 years; SD, 2.6 years; 25 females) from the 

University of Amsterdam participated in the experiment for course credit or monetary 

compensation.  All participants were non-dyslexic native Dutch speakers with normal, 

or corrected-to-normal, vision. 

 

Materials. A total of 360 Dutch words were selected from the CELEX (Baayen et al., 

1993) and WebCelex (Max Planck Institute for Psycholinguistics, 2001) databases. From 

this three lists of words (List A, List B, List C) were constructed with each of them 

consisting of an equal amount of high and low frequency items. For list A, the word 

length of high frequency items (HF) varied between 4 and 6 letters (M=4.78, SE=0.11) 

and the frequency per million varied between 40 and 649 (M=134.70, SE=17.46). For 

the low frequency items (LF) of list A, the word length varied between 4 and 6 letters 

(M=5.45, SE=0.10) and the frequency per million varied between 0 and 5 (M=0.3 

SE=0.13). For list B, the word length of HF items varied between 4 and 6 letters (M=4.75, 

SE=0.10) and the frequency per million varied between 40 and 734 (M=133.70, 

SE=17.27). For the LF items of list B, the word length varied between 4 and 6 letters 

(M=5.52, SE=0.08) and the frequency per million varied between 0 and 2 (M=1.08, 

SE=0.13). For list C, the word length of HF items varied between 4 and 6 letters (M=4.93, 

SE=0.11) and the frequency per million varied between 41 and 273 (M=99.54, SE=7.33). 
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For the LF items of list C, the word length varied between 4 and 6 letters (M=5.62, 

SE=0.08) and the frequency per million varied between 0 and 2 (M=0.17 SE=0.06). A 

filler list of 120 non-words was also constructed for the lexical decision. 

 

Apparatus. Stimuli were presented on a CRT monitor at a frequency of 100Hz and 

resolution of 1024x768 via Presentation® software (Version 0.70, www.neurobs.com). Font 

size was 25 points of the arial type. Participants were seated approximately 70 cm from the 

screen and were tested individually. 

 

Design. A Latin square design was used in the present experiment to ensure that each of 

the three lists was used in each of three task-set conditions: lexical decision (test items), 

recognition (test items) and recognition (novel items). To counterbalance for task-order 

related effects between test tasks (lexical decision and recognition) half of the 

participants completed lexical decision first, followed by the familiarity rating and then 

recognition whereas the other half completed the familiarity rating first, then 

recognition and finally lexical decision. 

The manipulation of word frequency had two levels: high frequency and low frequency. 

The state factor was task set with two levels: lexical decision and recognition. The trace 

factor was item repetitions with three levels: one, two and four item repetitions.  

 

Procedure. For recognition, items were first presented and repeated (once, twice and 

four times) during an initial study phase involving a semantic judgement task (i.e. 

familiarity rating) and subsequently they were tested with a single presentation in 

recognition. For lexical decision there was no study phase and items were presented 

multiple times (once, twice or four times) at test. Participants were randomly assigned 

to either one of two task-orders in the present experiment. In one condition, 

participants completed first the familiarity rating task followed by the recognition test 

on the words presented in the previous familiarity task and novel words.  Afterwards 

they were presented with lexical decision task involving a completely different set of 

items. In the second task order, participants completed first lexical decision followed by 

familiarity rating and then recognition.   

For all of the tasks, instructions were provided on screen and subsequently 

repeated by the experimenter. After each task, a short brake interval of 5 minutes was 
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administered were participants played the classic version of the Nintendo SUPER 

MARIO videogame (see Figure 2 for details). In lexical decision, subjects were first 

presented with a fixation cross for 1000ms, followed by a forward mask1 for 300ms and 

lastly the target item presented for 1000ms or until a response was made. Word and 

Non-word responses were expressed by using the left and right ‘SHIFT’ keys, 

respectively. In recognition, the task structure was identical. The only difference was 

that subjects had to evaluate if the presented word was old or new. Response mappings 

were kept consistent across tasks. For the familiarity rating the task structure and 

timings were similar to lexical decision and recognition with the only difference being 

the response modality since subjects had to evaluate how familiar the presented word 

was on a scale from 1 to 7. Seven equally sized response boxes were presented on 

screen together with the target and subjects expressed their responses by pressing 

twice the appropriate numerical key. After a first key press, the corresponding box 

would be highlighted to give participants the option of changing their answer. A second 

key press would confirm the highlighted answer. At the end of the experimental session 

subjects were given a short exit questionnaire and debriefed regarding the nature of the 

experiment. 

 

BST analysis. BST was applied to the accuracy data from both lexical decision and 

recognition tasks using the package ‘StateTrace’ (Prince et al., 2012b) for R (R 

development core team, 2007).  For all of the analyses reported the results were 

obtained by sampling from the posterior distributions 10000 times with 5000 iterations 

of burn-in. 

 

LBA analysis.  Analyses with the LBA model were run in R (R development core team, 

2007) using customized scripts. To constrain the parameters of the LBA model we 

imposed that the drift rates estimated for the correct and incorrect accumulators sum 

up to 1. For each of the LBA analyses reported in the present study, we fitted the LBA 

model to the data using quantile maximum likelihood estimation (Heathcote, Brown & 

Mewhort, 2002) with 1000 iterations. The quantiles were 0.1, 0.3, 0.5, 0.7 and 0.9 of the 

RT distributions for correct and incorrect responses. For the data from lexical decision, 

                                                        
1 The forward mask was presented for consistency with other tasks being tested during the same session, however it is 
irrelevant for the present study.  
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we noticed from a first analysis using an unrestricted LBA model (all parameters are 

free to vary across all conditions) the presence of a word bias in the data. Since very low 

frequency words were used in the present experiment it could be that participants 

formed a bias for recognizing low-frequency words as non-words. Bias effects are 

typically captured in the LBA model by estimating separate thresholds for each response 

accumulator (Forstmann, Brown, Dutilh, Neumann & Wagenmakers, 2010) and in the 

present study we followed this approach by estimating separate response threshold 

parameters for each response accumulator (i.e. word/nonword in lexical decision; 

old/new in recognition).  

 

 

 

Figure 2: Task structures for lexical decision, familiarity rating and 

recognition tasks. 

 

Behavioural Results 

Analysis of behavioural data from linguistic experiments is often confronted with 

potential confounds due to individual differences between participants and between 

word stimuli. In linear mixed effect regression analysis (LME) these potential confounds 

are taken into account in the form of random effects which are entered in the regression 

analysis along with the fixed effects of the experimental manipulations (Baayen et al., 

2008; Brysbaert, 2007). In the present experiment we applied LME analyses2 to analyse 

behavioural data from all three tasks. Results from the best fitting model are reported in 

                                                        
2 For all of the LME analyses we used the lmerTest package (Kuznetsova et al., 2014) which performs standard linear mixed 
effect regression analyses (Baayen et al., 2008) with calculation of p-values and degrees of freedom for the denominator of the F-
statistic based on Satterthwaite approximation method (Schaalje et al., 2002).  
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the main text and for a complete list of models fitted and model comparisons tests see 

the appendix.  

 

Familiarity rating. Regarding the analysis of performance during familiarity rating, 

mean scores and standard errors were computed for each level of the item repetition 

manipulation for both low frequency and high frequency words. Mean rating scores and 

standard errors for high frequency (HF) words were 6.83 (SE=0.05), 6.85 (SE=0.03) and 

6.83 (SE=0.03) with mean reaction times and standard errors of 1010ms (SEM=73ms), 

928ms (SEM=62ms) and 911ms (SEM=71ms), respectively, for items repeated once, 

twice and four times. Similarly for low frequency items (LF), mean scores and standard 

errors were: 4.02 (SE=0.46), 4.23 (SE=0.34) and 4.32 (SE=0.24) with mean reaction 

times and standard errors of 1902ms(SE=154ms), 1715ms (SE=112ms) and 1500ms 

(SE=94ms), respectively, for items repeated once, twice and four times. Results of the 

LME analysis conducted over rating scores (see appendix, table 1.1) revealed a main 

effect of repetition (βrepet =0.03, F(1, 9800) =3.88, p<0.05) and of word frequency (βwfreq =-

2.68, F(1,9800)=376.86,p<.0001)  indicating that participants rated low frequency items 

significantly lower than high frequency items and that over repetitions the ratings 

slightly increased. The effect of repetitions however was marginally significant (p<0.05). 

Similar analyses ran for the reaction times (see appendix, table 1.2) revealed main effects 

of List (βlist =363.9, F(1, 9800) =5.70, p<0.05) , Repetitions (βrepet =-25.14, F(1, 9800) =82.03, 

p<0.05) , Word Frequency (βwfreq =989.7, F(1, 9800) =367.18, p<0.0001) with an interaction 

between repetitions and word frequency (βwfreq*repet =-94.79, F(1, 9800) =35.36, p<0.001). 

These results indicate that low frequency items were rated significantly slower than high 

frequency items and with an overall decrease in reaction time over repetitions. The 

marginal effect of list could be attributed to the fact that low frequency items, even 

though matched for normative word frequency, still present a certain degree of 

variability (less homogenous) and therefore different lists might be processed with 

different speeds. In summary these results indicate that the manipulation of word 

frequency had an effect with participants clearly discriminating between low and high 

frequency words (see Figure 3).  
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Figure 3: Mean ratings (A) and reaction times (B) with 

normalized standard errors for Familiarity Judgement 

task (Loftus & Masson, 1994). 

 

Recognition. Out of the 36 subjects tested, one participant was detected as statistical 

outlier due to relatively low accuracy performance in both lexical decision and 

recognition tasks and it was therefore excluded from all of the following analyses. Over 

the remaining participants the mean proportion of correct responses (i.e. hits) for high 

frequency items were .62 (SEM=0.04), .73 (SEM=0.04), .78 (SEM=0.04) with mean 

reaction times of 676ms (SEM=14ms), 665ms (SEM=12ms), 656ms (SEM=12ms), 

respectively, for items repeated once, twice and four times. For low frequency items the mean 

proportion of correct responses were .64 (SEM=0.03), .74 (SEM=0.03) and .80 (SEM=0.04) 

with mean reaction times of 724ms (SEM= 7ms), 703ms (SEM= 7ms), 687ms (SEM= 6ms), 

respectively, for items repeated once, twice and four times. For the novel condition, the mean 

proportion of correct responses was .69 (SEM=0.03) with a mean reaction time of 699ms 

(SEM=6ms). A model with fixed effects of word frequency (low, high) and of repetitions 

(one, two and four repetitions) and random effects for participants and items was 

identified as the best fitting model for the accuracy data (see appendix, Table 1.3). Results 

of the analysis yielded only a main effect of repetitions (βrepet =0.05, F(1, 4200) =91.62, 

p<0.001). For the analysis of reaction time data for correct word responses (see appendix, 

Table 1.4), results indicated main effects of word frequency (βfreq =64.31, F(1, 3011) =44.58, 

p<0.001) and of repetitions (βrep =-5.40, F(1, 3011) =30.11, p<0.001) and their interaction 

(βwfreq*rep =-8.244, F(1, 3011) =5.66, p<0.05). Overall these results indicate that subjects were 

faster in processing high frequency items compared to low frequency items with no 
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significant differences between high and low frequency items in terms of accuracy (see 

Figure 4.A for details).  

 

  
Figure 4: Mean scores with normalized standard errors for 

recognition (A) and lexical decision (B) tasks (Loftus & 

Masson, 1994) 

 

Lexical Decision. Similar to the recognition task, the same subject was excluded from 

the analysis due to extremely low performance. For lexical decision, the mean 

proportions of correct word responses for high frequency items were .96 (SEM=0.01), 

.96 (SEM=0.01), .96 (SEM=0.01) with mean reaction times of 556ms (SEM=7ms), 543ms 

(SEM=7ms), 526ms (SEM=8ms), respectively for items repeated once, twice and four times. 

For the low frequency items the mean proportions of correct word responses were .39 

(SEM=0.03), .43 (SEM=0.03), .59 (SEM=0.02) with mean reaction times of 678ms 
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(SEM=11ms), 657 (SEM=8ms), 601ms (SEM=8ms) respectively for items repeated once, 

twice and four times. For the non-word items, the mean proportion of correct responses was 

.89 (SEM=0.01) with a mean reaction time of 599ms (SEM=9ms) (see Figure 4.B for details). 

A model with fixed and interaction effects of word frequency (low, high) and of 

repetitions (one, two and four repetitions) and random effect for participant was found 

as the best fitting model (see appendix, Table 1.5). For the analysis of accuracy data, main 

effects were found for word frequency (βfreq =-0.60, F(1, 9800) =370.98, p<0.001) and its 

interaction with repetitions (βfreq*repets =0.05, F(1, 9800) =38.42, p<0.001). For the analysis of 

reaction time data for correct word responses (see appendix, Table 1.6), results revealed 

main effects of word frequency (βfreq =147.92, F(1, 7255) =340.19, p<0.001), of repetitions 

(βrepets =-9.94, F(1, 7255) =228.49, p<0.001), of list (βlist =33.34, F(1, 7255) =6.95, p<0.05) with an 

interaction between word frequency and repetitions (βwfreq*repets =-16.57, F(1, 7255) 

=47.52,p<0.001). Overall results indicate that subjects were faster and more accurate in 

processing high frequency words compared to low frequency words and that the overall speed 

of processing for correct word responses increased over item repetitions. The effect of list as 

in the familiarity task is to be expected even when normative frequency has been controlled 

due to individual differences between stimuli. Consistently with the view that lexical decision 

and familiarity rating both tap into semantic based processing, in recognition task no effect of 

list was observed which is suggestive of an episodic style of processing. 

 

BST analysis results 

The first question of interest for the present experiment was to test if behaviour across 

lexical decision and recognition tasks was supportive of a multi-dimensional account of 

memory performance; that is behaviour is best explained by multiple memory resources 

(semantic and episodic memory). In Bayesian state-trace analysis the evidence in 

support of a specific model (e.g. the multi-dimensional model) is quantified by means of 

posterior models probabilities or Bayes Factors (Prince et al., 2012a) therefore 

providing a robust and stringent way to assess how much the observed data supports a 

given hypothesis (e.g. one-dimensional memory vs. multi-dimensional memory) both at 

the subject and at the group level. Posterior model probabilities (p), that is how likely it 

is to observe the data given a model, were first computed at the single subject level and 

then were combined in group level estimates (gp).  We also calculated BFs to quantify 

the evidence provided by the data in favor of a specific model. Bayes Factors were 
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calculated as the ratio between the likelihood that a given model (e.g., 1D model) 

generated the data over the likelihood that the encompassing model generated the data. 

The encompassing model is a model that makes no assumptions regarding the ordering 

of conditions and therefore can explain any data (all of the orderings of data points 

across conditions are equally likely). 

 The likelihood (evidence) for each model was obtained by sampling from the posterior 

distribution via Markov Chain Monte Carlo methods.  

Out of the 36 participants analysed, 9 subjects were found to support the no-

overlap model (pno-over> 0.75) and 2 subjects to support the no-trace model (pno-trace> 

0.75). Since BST is non-diagnostic of dimensionality when either the state-traces do not 

overlap on any of the axes or when the state-traces are non-monotonic, these 

participants (n=11) were excluded from the rest of the analysis. Results for the 

remaining 25 participants revealed that at the group level both the no-trace model and 

the 1D dimensional model were unlikely predictors of the observed performance with 

gp1D =0.03 and gpno-trace=0.05. For the no-trace model, posterior model probabilities 

indicated that some of the subjects’ data support this model with a  gpno-over =0.21. 

Across all subjects the multi-dimensional model was found to be a good predictor of the 

data with a gp2D =0.71 (see figure 5 and figure 6 for a summary the posterior model 

probabilities). The fact that across participants the data supported a multi-dimensional 

model of memory and that for some participants the data also supported the no-overlap 

model was further confirmed by the estimated Bayes Factors with BFno-trace=0.98, BFno-

over=10.54, BF1D=4.19, BF2D=30.60 indicating strong evidence for the multi-dimensional 

model and positive evidence for the no-overlap model (following the interpretation of 

BFs provided by Kass and Raftery, 1995)  

Looking at the individual subject level, it is clear that participants differ in how 

well a multi-dimensional account explains their data, with roughly a high or probability 

group (p2D > .75) and a low probability group (p2D < .75) consisting, respectively, of 13 

and 12 participants (see Figure 5, multi-dimensional). Crucially, for the low probability 

group, the no-overlap model also shows a higher posterior probability (pno-over>.25) 

indicating an increasing failure of state-trace analysis to detect dimensionality in this 

group. Overall the results seem to indicate that across subjects the data is supportive of 

a multi-dimensional account of memory (BF2D=30.60). However some of the subjects’ 

data provides also some evidence for the no-overlap model (BFno-over=10.54), thus 
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making state-trace analysis non-diagnostic of dimensionality for those subjects. We will 

address this aspect of the data after discussing the results of the LBA analysis.  

 

 

Figure 5: For each of the four diagnostic models (panels) the posterior model 

probabilities for each participant are denoted by their participant number. 

Group level estimates are instead plotted as a heavy dashed line and reported 

in the panel titles (rounded to the first digit). 
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Figure 6: Posterior modes with confidence intervals (0.68) of 

predicted posterior probabilities (state-traces) for accuracy 

measures in lexical decision and recognition tasks. 

 

LBA analysis results 

Where BST provided us with a tool to assess quantitatively the number of 

dimensions underlying memory performance, analysis of reaction times with the LBA 

model (Brown & Heathcote, 2008) gave us the opportunity to investigate the processing 

components involved in each task and therefore test for potential differences due to 

multiple memory dimensions (i.e. semantic and episodic memory). 

Analysis with the LBA model proceeded in two steps. First, we fitted to the choice 

reaction time data for high and low frequency words from both tasks LBA models with 

different combinations of fixed/free parameters across conditions. The models were 

chosen as follows. First we fitted a theory-free LBA model where all of the parameters 

were left free to vary over both conditions. Next, we selected other relevant models on 

the basis of the results from the theory-free model by fixing those parameters that were 

non-significant across either one or both conditions. The best fitting model was then 

identified by comparison of BIC scores computed per participant and averaged for each 

model. A model with v and χ free to vary across both word frequency and repetitions and 

A, t0 and s free to vary across only word frequency was found as the best fitting model for 

both tasks (model 1, see Table 1). For ease of reading mean parameter estimates of the 
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best fitting LBA model are reported in graphical format alongside model predictions 

averaged across participants (see Figure 7 for details).  

In the second step of the analysis we wanted to test which experimental factors 

had an effect on the LBA parameters and thus we conducted a regression analysis of the 

parameters of the LBA model by the factors of the state-trace design. For each of the LBA 

parameters in each task we fitted three linear models corresponding to different main 

and interaction effects of the word frequency and repetitions. Model selection was then 

carried out by multiple chi-square tests on pairs of models of increasing complexity (see 

appendix). The results of the best fitting model are reported in the main text (for a 

complete list of models fitted and model comparison tests see appendix, section 2).  

 

 

Table1: Bayesian Information Criterion (BIC) scores computed per participant 

and then averaged per model for lexical decision (LD) and recognition (RC). 

 

 

 

 

 

  
Parameters fixed in 

 
  

Model 
Free 

parameters 
All 

conditions 
Word 

frequency 
Item 

repetitions 
BIC-LD BIC-RC 

1 v,  χ  
 
 

A, s, t0 132 132 

2 v,  χ 
 
 

s A, t0 137 137 

3 v,  χ , s t0  
 

A 147 147 

4 v,  χ , s  
 
 

A, t0 152 151 

5 v,  χ , s 
 
 

t0 A 156 156 

6 v,  χ , s, t0  
 
 

A 171 171 

7 v,  χ , s, t0 
 
 

A  175 175 

8 v,  χ , s, A  
 
 

t0 171 171 

9 v,  χ , s, A 
 
 t0  176 175 

10 v,  χ , s, A, 
t0 

 
 
 

 190 190 
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Recognition  

Drift rate. ANOVA of the results showed main effects of word frequency (βwfreq =0.25, t(1, 

159) =5.26, p<.001) and of repetitions (βrepet =0.07, t(1, 159) =3.71, p<.001). Overall results 

show that participants accumulated evidence towards a response faster for high 

frequency words compared to low frequency words and this increased over multiple 

item repetitions. 

  

Threshold. For the response threshold parameter results showed a significant main 

effect of repetitions (βrepet =-24.28, t(1, 159) =-2.05, p<.05) indicating that the amount of 

evidence needed to produce a response decreased over repetitions leading to 

progressively faster responses. 

 

Non-decision time, Drift rate standard deviation and Start point range. No 

significant effects were found for the remaining parameters of the LBA model (p>0.3). 

 

Lexical Decision 

Drift rate.  ANOVA of the model estimates revealed a main effect of word frequency 

(βwfreq =-0.35, t(1, 158) =-3.39, p<.001) and an interaction between word frequency and 

repetitions manipulations  (βwfreq*repet =-0.08, t(1, 158) =-2.14, p<.05).  

This shows that participants were slower in accumulating evidence toward a response 

for the low frequency words compared to the high frequency ones and that repetitions 

had a different impact on each frequency condition. 

 

Threshold. For the response threshold results revealed a main effect of word frequency 

(βwfreq =358.73, t(1, 159) =12.07, p<.001) and a main effect of repetitions (βrepet =-48.57, t(1, 159) 

=-4.08, p<.001). Overall these results indicate that the amount of evidence needed to 

produce a response was higher for low frequency words compared to high frequency 

words with a general decrease over repetitions. 

 

 Non-decision time. For the non-decision time a main effect of word frequency was 

found (βrepet =32.47, t(1, 160) =3.14, p<.01).  
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Drift rate standard deviation. Similarly to non-decision time, a main effect of word 

frequency was also found (βrepet =0.01, t(1, 160) =3.97, p<.001). 

 

Start point range. No significant effects were found for this parameter (p>.5). 

 

The results of the LBA analysis clearly show that different processing components 

underlie behaviour in each task.  A first important result is the clear interaction between 

word frequency and task-set, with a double dissociation of drift rates across conditions. 

This result is in line with the result of BST that indicated a multi-dimensional 

explanation of the observed data. To further look at the relationship between multi-

dimensionality and processing characteristics we then combined both measures in one 

final analysis where we looked at which factors of the state-trace experiment would 

explain the changes in the LBA parameters. 

 
Figure 7: A, mean data (black) and model predictions (red) for correct (solid 

lines) and incorrect (dashed lines) accumulators for lexical decision (A) and 

recognition (B) tasks.  



208263-L-bw-Neville208263-L-bw-Neville208263-L-bw-Neville208263-L-bw-Neville

CHAPTER 3 119 
 

 

Figure 8: Mean estimated LBA parameters with standard errors of the mean 

(SEM) for high frequency items (black) and low frequency items (red) in lexical 

decision (A) and recognition (B) tasks.  

 

Combined analysis 

As previously mentioned, the main goal of the present combined analysis was to 

test which parameters of the LBA model would reflect changes in memory 

dimensionality.  

The results from Bayesian state-trace analysis have shown that in the present 

experiment there are strong differences across participants in how much the data 

supports a multi-dimensional explanation. Following the interpretation of Raftery 

(1995) of posterior model probabilities, values higher than p=0.75 can be regarded as 

positive evidence favouring the model and in the present data the estimated group 

probabilities for the multi-dimensional model, gpMD, clearly highlight the presence of 

two groups, respectively above and below the value of 0.75. Since a gpMD between 0.25 

and 0.75 reflects equivocal evidence, we divided the participants in two groups based on 
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their pMD scores. The positive support group was composed of 13 participants with a pMD 

>0.75 and the equivocal support group of 12 participants with a 0.25< pMD <0.75.  

 For each of these two groups we then computed the associated BFs to better 

estimate the amount of support provided by the data of each group for all of the models, 

in particular for the multi-dimensional and the no-overlap models.  

The Bayes factors for the positive support group indicated strong support for a 

multi-dimensional model and minimal support for the no-overlap model with BFno-trace 

=0.98, BFno-overlap=2.61, BF1D=0.55, BF2D=32.22. For the equivocal support group, the 

Bayes Factors indicated instead positive support for the no-overlap model and strong 

support for the multi-dimensional model with BFno-trace =0.98, BFno-overlap=18.65, 

BF1D=9.45, BF2D=22.20. Since an increasing support for the no-overlap model means an 

increasing failure to detect multi-dimensionality in the state-trace experiment, we 

excluded subjects from the equivocal support group from the final combined analysis.  

For the subjects of the positive support group we then conducted a regression 

analysis of the LBA parameters by the factors of the state-trace experimental design 

(word frequency, repetitions, task-set). Goal of this combined analysis was to investigate 

which processing components would reflect changes in memory dimensionality, that is 

an interaction between the word frequency and task set factors of the state-trace 

experiment. As in previous regression analyses, only the results of the best fitting model 

are reported in the main text (for a complete list of models fitted and model comparison 

tests see appendix, section 3).  

 

Drift rate. The ANOVA results showed main effects of word frequency (βwfreq =1.61, t(1, 

152) =10.88, p<.001) and of task-set (βtask =1.45, t(1, 152) =9.80, p<.001) and their 

interaction (βwfreq*task =-0.96, t(1, 152) =-10.27, p<.001)  

 

Threshold. The analysis revealed main effects of word frequency (βwfreq =-683.38, t(1, 151) 

=-7.08, p<.001), repetitions (βwfreq =67.11, t(1, 151) =3.59, p<.001) and of task-set (βtask =-

700.96, t(1, 151) =-7.26, p<.001) and an interaction of word frequency with task-set 

(βwfreq*task =354.98, t(1, 151) =5.8, p<.001).  
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Non-decision time. For this parameter the analysis indicated a main effect of word 

frequency (βwfreq =35.55, t(1, 153) =2.35, p<.05) and of task set (βtask =43.98, t(1, 153) =2.91, 

p<.01). 

 

Drift rate standard deviation. The analysis revealed main effects of word frequency 

(βwfreq= 0.051, t(1, 153)=2.74, p<0.01) and of task-set (βwfreq= -0.01, t(1, 153)=-3.32, p<0.01).  

 

Start point range. Analysis on the A parameter indicated a main effect of task set  (βtask= 

49.42, t(1, 153)=5.89, p<0.001). 

 

The crucial result of this combined analysis is that multi-dimensionality, defined as the 

interaction between dimension factor (word frequency) and state factor (task-set), maps 

to changes in the drift rate and in the threshold parameters of the decision process. 

Previous studies have shown that changes in the drift rate parameter reflect changes in 

the quality of information being sampled by the decision process (Criss, Wheeler & 

McClelland, 2013; Criss, 2009, 2010; Wagenmakers, Ratcliff, Gomez, Pablo & McKoon, 

2008). In line with this view we found main effects of word frequency and of task set on 

the drift rate parameter, indicating that the amount of evidence provided by the 

stimulus (its quality) changes as a function of memory dimension. Similarly, changes in 

the threshold parameter have been shown by previous studies to be reflective of changes 

in task-set information (Voss, Rothermund & Voss, 2004) and the main effect we 

observed of task-set on the threshold parameter is supportive of this view.  

However, the novelty and major contribution of the present study to the existing 

literature is the interaction effect between word frequency and task-set (i.e. memory 

dimensionality) which was found to explain changes in both drift rate and threshold 

parameters of the LBA model. Overall these results show that changes in behavioural 

memory performance reflect changes in the dimensions of memory driving the decision 

process.  More precisely we found that the amount of evidence accumulated per unit of 

time by the decision process (drift rate) and the amount of time required to take a 

decision (threshold) varied as a function of semantic and episodic memory dimensions. 

The results of the present study confirm and further extend existing findings 

from the literature by showing, in a quantitative framework, that changes in the 

dimensionality of human memory map to changes in the underlying processing 
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components. In the discussion section we will elaborate on the relevance of this finding 

in relation to the existing literature. 

 

Discussion 

The behavioural results of both tasks indicate two important aspects of the 

present experiment. First, the manipulation of normative word frequency (i.e. 

dimensional factor) had different effects on each task (i.e. levels of the state factor), 

which is a reflection of the multi-dimensionality of the underlying system (i.e. an 

interaction between dimensional and state factors). Second, the repetitions manipulation 

(i.e. trace factor) had a monotonic effect on overall performance satisfying the 

requirement of state-trace analysis.  

Results from Bayesian state trace analysis more clearly show that, across the two 

tasks, the observed behavioural pattern strongly supports a multi-dimensional model of 

memory (BF2D=32.22). Moreover, there were clear individual differences in how much 

the observed behaviour supports a multi-dimensional explanation as quantified by the 

individual p2D estimates (see Figure 6, bottom-right corner).  

A first important result revealed by the LBA analysis is the clear effect of the 

normative word frequency manipulation on drift rate that is in line with previous studies 

indicating a change in the quality of information for the decision process ( Criss et al., 

2013; Criss, 2009, 2010; Wagenmakers et al., 2008). A novel finding in this respect of the 

present study is the clear double dissociation of the drift rate (v) parameter over 

normative word frequency and task-set manipulations. In lexical decision, the rate of 

evidence accumulation (drift rate) for the high frequency words was higher than lower 

frequency words and this pattern reversed in recognition with an advantage of low 

frequency words over high frequency ones. This double-dissociation is consistent with 

previous findings indicating an advantage of high frequency words over low frequency 

words for semantic tasks (Balota & Chumbley, 1984; Forster & Davis, 1984; Grainger, 

1990; Scarborough et al., 1977) and a reversed pattern for episodic tasks (Guttentag & 

Carroll, 1997; Malmberg et al., 2002; Scarborough et al., 1977; Yonelinas, 2002). Overall 

this result corroborates and extends previous findings by showing that differences in 

behavioural memory performance due to the manipulation of word frequency are a 

reflection of underlying memory dimensions along which information is processed (i.e. 

semantic and episodic memory). 
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A second important result of the LBA analysis is the different effects on the 

response threshold (χ) parameter. In lexical decision, both word frequency and repetitions 

modulated the amount of evidence needed to produce a response whereas in 

recognition only repetitions had an effect. This difference is consistent with the 

interpretation that during lexical decision the semantic dimension of memory was most 

predictive for the decision process (i.e. word/nonword). Conversely, in recognition the 

episodic dimension became more predictive for the decision process (i.e. old/new) 

whereas word frequency became less predictive leading to a modulation of the response 

threshold only by repetitions. 

Taken all together these results suggest different processing components being 

deployed in both tasks with lexical decision tapping into a memory system optimized for 

the processing of semantic information and recognition into a memory system 

optimized for the processing of episodic information. This was confirmed by the results 

of the combined analysis, where changes in memory dimensionality (i.e. interaction of 

word frequency and task set) were reflected in changes of the quality of information (i.e. 

drift rate) and changes in the amount information required to make a decision (i.e. 

threshold).  

Multi-dimensionality, that is the number and type of dimensions along which 

memories are organized and processed, is often assumed to be to some extent a stable 

property or trait at the group level. Aside from differences in psychological processes, 

different individuals share the same memory systems or neural machinery 

implementing them; therefore it is reasonable to assume similarities in memory 

processing across individuals. However, even though behaviour at the group level might 

be homogenous, the results of the present study show that significant differences can 

exist at the subject level.  

In the present experiment this was captured by the large variability in posterior 

model probabilities for the multi-dimensional model, pMD, and by the BF for no-overlap 

model, BFno-over, particularly significant for some subjects. These results also show the 

critical importance of assessing dimensionality at the individual subject level in order to 

draw legitimate inferences at the group level.  
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GENERAL DISCUSSION 

 

In the present study we designed and conducted a state-trace experiment to 

investigate the interactions between semantic and episodic memory as measured in 

behaviour with lexical decision and recognition tasks.  

The most important finding of the present study is that changes in the 

dimensionality of memory (i.e. semantic vs. episodic) are reflected in changes in the rate 

of evidence accumulation (i.e. drift rate) and in the amount of evidence needed (i.e. 

threshold) by the decision process. 

In relation to previous studies on subjective memory strength (Criss et al., 2013; 

Criss, 2009, 2010) the present investigation also suggests that the strength of a memory 

trace is a quantity that varies across individuals and that it can be influenced by task 

related effects. More importantly these changes can be captured by the drift rate 

parameter of the LBA model (or of the diffusion model). In relation to a component view 

of memory processing (Forster & Davis, 1984; McKoon et al., 1986; Ratcliff et al., 1985) 

the results from the present experiment provide supporting evidence with clear 

differences across. Behavior in lexical decision was found to depend on changes in the 

quality of information (v parameter), changes in response threshold (χ parameter) and 

changes in non-decision processes (t0 parameter). For recognition instead, behavior 

showed changes in the quality of information (v parameter) and in response threshold 

(χ parameter). Taking into account the fact that the experimental design involved a 

study phase only for recognition, the changes in t0 could indicate the temporary 

activation of information since during lexical decision items were repeated multiple 

times whereas during recognition they were presented only once.  

The fact that in recognition low frequency items had an advantage over high 

frequency words in terms of evidence accumulation is consistent with the explanation 

that contextual features extracted during encoding provided increased support for the 

recognition process at test due to their distinctiveness (Malmberg et al., 2002). A second 

alternative non-mutually exclusive explanation is that additional attentional resources 

were deployed during encoding for low frequency words due to their distinctiveness in 

comparison to high frequency words (Glanzer & Adams, 1985; Maddox & Estes, 1997). 

The explanation in this case would be that at test the contextual features associated with 

the presentation of low frequency words were better recalled than the contextual 
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features associated with high frequency words as suggested in previous studies 

(Bornstein & LeCompte, 1995; Guttentag & Carroll, 1997). This explanation is also 

consistent with the fact that in recognition we did not observe any bias for low 

frequency words. In contrast we did observe a bias in lexical decision where participants 

tended to recognize low frequency words as nonwords.  

One limitation of the present study is the significant amount of non-overlap 

between dimensions we observed in the present experiment. Even though statistically 

the reported results show strong evidence for a multi-dimensional explanation of 

memory, it is important to replicate the present findings with a better control of the 

word frequency factor. Increasing the amount of overlap of the state-traces would 

increase the diagnostic value of the results, thus providing even stronger evidence for a 

direct mapping of memory dimensions to underlying processing characteristics. 

Nevertheless, the results of the present study provide supportive evidence of this 

account. 

 In conclusion the results of the present study augment the existing literature 

on semantic and episodic memory by showing in a quantitative framework a clear 

relationship between the dimensionality of the memory system and two aspects of the 

underlying decision process, rate of evidence accumulation and amount of evidence 

needed to make a decision.   
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APPENDIX 

Model comparison tests for the linear regression analyses. Below are reported the 

model comparison tests for the regression analyses with and without crossed random 

effects (LMEs and LMs) for the familiarity judgement, recognition and lexical decision 

tasks of the state-trace experiment. For all of the reported analyses the interpretation of 

the notation is as follows:  

 

Factor Code Description 

List  ListA Lists for counterbalancing items across experimental conditions 

Item Repetitions Repet Number of stimulus repetitions  (1, 2 and 4). 

Word Frequency W_Freq Natural word frequency (high and low) 

Task set Ts_task Lexical decision or Recognition task 

Stimulus Item ItemT Random effect for item  

Subject Subj Random effect for subject 

Reaction Time RT Reaction times  

Response Resp Correct / Incorrect response  

ResponseR RespR Rating   

  Table 1.1 Coding of variables for LMs and LMEs analyses. 

 

Operators Description 

X1 * X2 Main effects and interaction effect of X1 and X2 factors 

X1 + X2 Main effects of X1 and X2 factors 

1|Z Crossed random effect for Z factor 

            Table 1.2 Interpretation of operators for LMs and LMEs models. 

 

Parameter Notation Description 

Drift rate v Rate of evidence accumulation per unit of time 

Response Threshold chi Amount of evidence needed to produce a response 

Starting point A Starting point of the accumulation process 

Non-decision time t0 Time required by non-decision processes  

Drift rate variability s Noise of the evidence accumulation process 

Difference in drift rates vD v for correct minus v for incorrect  

Difference in thresholds chiD chi for correct minus chi for incorrect 

 Table 1.3 Parameters of the linear ballistic accumulator model (LBA). 
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1. LINEAR MIXED REGRESSION ANALYSES (LMEs) 

TABLE 1.1 
Models of increasing complexity were fitted to the rating data of the Familiarity judgment task. 

Multiple Chi-square tests were then run for each subsequent pair of models (i.e. mod1 vs. mod2) 
in order to select the best fitting model. 

Model 1 RespR ~ Repet + W_Freq + (1 | Subj) 

Model 2 RespR ~ Repet + W_Freq + (1 | Subj) + (1 | itemT) 

Model 3 RespR ~ Repet * W_Freq + (1 | Subj) + (1 | itemT) 

Model 4 RespR ~ ListA + Repet * W_Freq + (1 | Subj) + (1 | itemT) 

 Df AIC BIC logLik Chisq Pr(>Chisq) p 

Model 1 5 37389 37425 -18690    

Model 2 6 33079 33122 -16533 4312.3 < 2.2e-16 *** 

Model 3 7 33080 33130 -16533 1.0633 0.3025  

Model 4 8 33082 33139 -16533 0.0177 0.8941  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
 

 
TABLE 1.2 

Models of increasing complexity were fitted to the reaction time data of the Familiarity 
judgment task. Multiple Chi-square tests were then run for each subsequent pair of models (i.e. 

mod1 vs. mod2) in order to select the best fitting model. 

Model 1 RT ~ Repet + W_Freq + (1 | Subj) 

Model 2 RT ~ Repet + W_Freq + (1 | Subj) + (1 | itemT) 

Model 3 RT ~ Repet * W_Freq + (1 | Subj) + (1 | itemT) 

Model 4 RT ~ ListA + Repet * W_Freq + (1 | Subj) + (1 | itemT) 

 Df AIC BIC logLik Chisq Pr(>Chisq) p 

Model 1 5 158950 158986 -79470        

Model 2 6 158813 158856 -79401 138.9239 < 2.2e-16 *** 

Model 3 7 158780 158831 -79383   34.6603       3.93e-09 *** 

Model 4 8 158777 158834 -79380    5.5696       0.01828    * 

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
 

 
TABLE 1.3 

Models of increasing complexity were fitted to the accuracy data of the recognition task. Multiple 
Chi-square tests were then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order 

to select the best fitting model. 

Model 1 Resp ~ Repet + W_Freq + (1 | Subj) 

Model 2 Resp ~ Repet + W_Freq + (1 | Subj) + (1 | itemT) 

Model 3 Resp ~ Repet * W_Freq + (1 | Subj) + (1 | itemT) 

Model 4 Resp ~ ListA + Repet * W_Freq + (1 | Subj) + (1 | itemT) 

 Df AIC BIC logLik Chisq Pr(>Chisq) p 

Model 1 5 4553 4585 -2271    

Model 2 6 4542 4580 -2265 12.778 0.00035  *** 

Model 3 7 4544 4589 -2265 0.0089       0.92482      

Model 4 8 4546 4596 -2265 0.5622       0.45338      

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
 

 
TABLE 1.4 

Models of increasing complexity were fitted to the reaction time data for correct trials of the 
recognition task excluding novel items. Multiple Chi-square tests were then run for each 
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subsequent pair of models (i.e. mod1 vs. mod2) in order to select the best fitting model. 

Model 1 RT ~ Repet + W_Freq + (1 | Subj) 

Model 2 RT ~ Repet + W_Freq + (1 | Subj) + (1 | itemT) 

Model 3 RT ~ Repet * W_Freq + (1 | Subj) + (1 | itemT) 

Model 4 RT ~ ListA + Repet * W_Freq + (1 | Subj) + (1 | itemT) 

 Df AIC BIC logLik Chisq Pr(>Chisq) p 

Model 1 5 37249 37279 -18620        

Model 2 6 37247 37283 -18618 4.2405       0.0395 * 

Model 3 7 37243 37286 -18615    5.6200       0.0176 * 

Model 4 8 37243 37291 -18613    2.6696       0.1023  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
 

 
TABLE 1.5 

Models of increasing complexity were fitted to the accuracy data of the lexical decision task. 
Multiple Chi-square tests were then run for each subsequent pair of models (i.e. mod1 vs. mod2) 

in order to select the best fitting model. 

Model 1 Resp ~ Repet + W_Freq + (1 | Subj) 

Model 2 Resp ~ Repet + W_Freq + (1 | Subj) + (1 | itemT) 

Model 3 Resp ~ Repet * W_Freq + (1 | Subj) + (1 | itemT) 

Model 4 Resp ~ ListA + Repet * W_Freq + (1 | Subj) + (1 | itemT) 

 Df AIC BIC logLik Chisq Pr(>Chisq) p 

Model 1 5 8374 8410 -4182    

Model 2 6 6251 6294 -3120 2125 < 2.2e-16  *** 

Model 3 7 6215 6265 -3100 38.24  6.26e-10 *** 

Model 4 8 6217 6274 -3100 0.2198       0.6392      

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
 

 
TABLE 1.6 

Models of increasing complexity were fitted to the reaction time data for correct trials of the 
lexical decision task. Multiple Chi-square tests were then run for each subsequent pair of models 

(i.e. mod1 vs. mod2) in order to select the best fitting model. 

Model 1 RT ~ Repet + W_Freq + (1 | Subj) 

Model 2 RT ~ Repet + W_Freq + (1 | Subj) + (1 | itemT) 

Model 3 RT ~ Repet * W_Freq + (1 | Subj) + (1 | itemT) 

Model 4 RT ~ ListA + Repet * W_Freq + (1 | Subj) + (1 | itemT) 

 Df AIC BIC logLik Chisq Pr(>Chisq) p 

Model 1 5 87689 87723 -43839        

Model 2 6 87599 87640 -43793 91.9430 < 2.2e-16 *** 

Model 3 7 87555 87603 -43771 45.9085       1.24e-11 *** 

Model 4 8 87550 87606 -43767   6.6809      0.009974 ** 

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
 

 
2. LINEAR REGRESSION ANALYSES (LM) OF LBA PARAMETERS 

2.A. RECOGNITION  
 

TABLE 2.1 
Models of increasing complexity were fitted to the difference between estimates of the drift rate 
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for the incorrect and correct accumulators in lexical decision. Multiple Chi-square tests were 
then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select the best 

fitting model. 

Model 1 vD ~ W_Freq 

Model 2 vD~ W_Freq + Repet 

Model 3 vD~ W_Freq * Repet 

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 15.953     

Model 2 2 14.680 1.2729 13.735 0.0003 *** 

Model 3 3 14.643 0.03734 0.4029 0.5265  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
 

 
TABLE 2.2 

Models of increasing complexity were fitted to the difference between estimates of the response 
threshold for the incorrect and correct accumulators in lexical decision. Multiple Chi-square 

tests were then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select 
the best fitting model. 

Model 1 chiD ~ W_Freq 

Model 2 chiD ~ W_Freq + Repet 

Model 3 chiD ~ W_Freq * Repet 

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 57688     

Model 2 2 56203 148534 4.1839 0.0425 * 

Model 3 3 56209 11101 0.3127 0.5768  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 

 
2.B. LEXICAL DECISION 

 
TABLE 2.3 

Models of increasing complexity were fitted to the difference between estimates of the drift rate 
for the incorrect and correct accumulators in recognition. Multiple Chi-square tests were then 
run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select the best fitting 

model. 

Model 1 vD ~ W_Freq 

Model 2 vD~ W_Freq + Repet 

Model 3 vD~ W_Freq * Repet 

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 15.572        

Model 2 2 15.528 0.04366 0.4571 0.49996  

Model 3 3 15.092   0.43629 4.5676 0.03412    * 

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 

 
TABLE 2.4 

Models of increasing complexity were fitted to the difference between estimates of the response 
threshold for the incorrect and correct accumulators in recognition. Multiple Chi-square tests were 
then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select the best fitting 

model. 

Model 1 chiD ~ W_Freq 

Model 2 chiD ~ W_Freq + Repet 

Model 3 chiD ~ W_Freq * Repet 

 Df RSS Sum of Sq. F Pr(>F) p 
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Model 1 1 6280301     

Model 2 2 5685769 594532 16.561 <0.0001 *** 

Model 3 3 5672208 13561 0.3777 0.5397  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 

 
3. COMBINED ANALYSIS 

TABLE 3.1 
Models of increasing complexity were fitted to the difference between estimates of the drift rate 
for the incorrect and correct accumulators for the positive support group. Multiple Chi-square 
tests were then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select 

the best fitting model. 

Model 1 vD~ W_freq + Ts_Task  

Model 2 vD~ W_freq * Ts_ Task  

Model 3 vD~ W_freq * Ts_Task + Repet 

Model 4 vD~ W_freq * Ts_Task + Wfreq* Repet 

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 21.876        

Model 2 2 12.910   8.9658 106.79 <0.0001 *** 

Model 3 3 12.594 0.3161 3.7644 0.05423 . 

Model 4 4 12.594   0.0004 0.0048 0.94500  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 

 
TABLE 3.2 

Models of increasing complexity were fitted to the difference between estimates of the response 
thresholds for the incorrect and correct accumulators for the positive support group. Multiple Chi-

square tests were then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to 
select the best fitting model. 

Model 1 chiD~ W_freq + Ts_Task  

Model 2 chiD~ W_freq * Ts_ Task  

Model 3 chiD~ W_freq * Ts_Task + Repet 

Model 4 chiD~ W_freq * Ts_Task + Wfreq* Repet 

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 7188563     

Model 2 2 5959973 1228590 33.563 <0.0001 *** 

Model 3 3 5491623 468350 12.795 <0.0001 *** 

Model 4 4 5490792 831 0.0227 0.88042  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 

 
TABLE 3.3 

Models of increasing complexity were fitted to the estimates of the non-decision time for the 
incorrect and correct accumulators for the positive support group. Multiple Chi-square tests were 
then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select the best fitting 

model. 

Model 1 t0~ W_freq + Ts_Task  

Model 2 t0~ W_freq * Ts_ Task  

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 1363479     

Model 2 2 1362896 582.6 0.0641 <0.0001  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 
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TABLE 3.4 

Models of increasing complexity were fitted to the estimates of the drift rate variability for the 
incorrect and correct accumulators for the positive support group. Multiple Chi-square tests were 
then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select the best fitting 

model. 

Model 1 s~ W_freq + Ts_Task  

Model 2 s~ W_freq * Ts_ Task  

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 0.066657     

Model 2 2 0.066303 0.00035454 0.8021 0.3719  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 

 
TABLE 3.5 

Models of increasing complexity were fitted to the estimates of the non-decision time for the 
incorrect and correct accumulators for the positive support group. Multiple Chi-square tests were 
then run for each subsequent pair of models (i.e. mod1 vs. mod2) in order to select the best fitting 

model. 

Model 1 t0~ W_freq + Ts_Task  

Model 2 t0~ W_freq * Ts_ Task  

 Df RSS Sum of Sq. F Pr(>F) p 

Model 1 1 419904     

Model 2 2 419796 108.1 0.0386 0.8445  

Significance Codes for p values: ‘***’ p=0.001; ‘**’ p=0.01; ’*’ p=0.05; ‘.’ p= 0.1 

 
4. MATERIALS 

Table 4: High frequency Dutch words used in lexical decision, recognition and familiarity tasks. 
Words List1 Words List 2 Words List 3 

aantal aarde actie 
adres auto adem 
arts avond arbeid 
bank baan baby 
begin baas basis 
beleid beeld begrip 
beurt bezoek belang 
buik blik besef 

burger bodem boord 
dame boek cliënt 
dienst boog dood 
eeuw broek effect 
einde brood eiland 
feest deel fase 
gang ding fles 

gebouw dokter geluid 
geld dorp hart 

gemak feit hoek 
geval figuur hulp 
glas film indruk 

groep gebaar keel 
hand gebied kerk 
hemel gedrag keuze 
hond geluk kleur 
hout geur koffie 
jeugd geweld licht 
kaas greep markt 
kant haar massa 
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keuken helft meneer 
klas hotel meter 
land idee middag 
leger jaar model 

lijf kader natuur 
maan keer olie 
macht klap orde 
mate kring plan 
melk lezer plek 

moeite muur prins 
ogen naam rand 

omvang nacht reeks 
papier niveau regen 

pijn oosten ruimte 
proces paar schip 

rijk prijs slot 
roman punt spel 
school raam staat 
sfeer schaal stilte 
stap schoot tafel 

strand slag trap 
taak stem type 
thee stof veld 
titel studie verzet 

vinger stukje vloer 
volk term voet 

vraag vader vriend 
warmte vlak waarde 
wereld week wagen 
wezen winter wijn 
zand zaak zuiden 
ziel zijde zuster 

   
 

Table 5: Low frequency Dutch words used in lexical decision, recognition and familiarity tasks. 
Words List1 Words List 2 Words List 3 

aalbes abces absint 
agnost amulet aqua 
asurn atrium azalea 
baai baret bidon 

boleet blaam biogas 
bonsai buste boiler 
census canvas cynici 

chic chalet creool 
cultus chroom carbid 
debet delict dadel 
dictee dukaat daluur 
doerak dorpel diode 
elixer enzym elpee 
epiek ethica enigma 
errata ellips epoxy 
fagot fysici factum 
fluim fatum fanaat 

geode focus fineer 
gesp garde gluten 
grein gesel glycol 

hofnar gondel gotspe 
hyena hetze hobo 
idylle hesp hortus 
imam idioom hospik 
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intern imker indigo 
jargon jingle intro 
jolijt kobalt ivoor 
kelp korpus koliek 
kits kervel knook 

korvet legaat lamet 
laesie lagune lupine 
lende lotus leviet 
lychee module meiose 
makron musket mensa 
merkel mout merite 
monist neon myopie 
narcis nering nimbus 
nuclei novum noga 
oblaat octaaf nomade 
odeur oratie octaan 
pekton odium odeon 
pipet pias oedeem 
prefix plasma pincet 
quant primus plasma 
radial quota poëet 
rappel radium pagode 
residu remise retina 
sabel robijn riedel 
saki sokkel ragôut 

seroen stigma sores 
tarot teint silex 
taxus tombe serum 
toupet quilt tyfoon 
umlaut unicum tricot 
vizier uterus teneur 
voorn vaccin vondel 
wentel veto vullis 
woerd vector xenon 

zilt wimpel zefier 
zodiac zwier zenit 


