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Why are reasoning ability and working memory
capacity related to mental speed? An investigation of
stimulus—response compatibility in choice reaction
time tasks
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A study with 114 young adults investigated the correlations of intelligence factors
and working-memory capacity with reaction time (RT) tasks. Within two sets of
four-choice RT tasks, stimulus—response compatibility was varied over three
levels: compatible, incompatible, and arbitrary mappings. Two satisfactory
measurement models for the RTs could be established: A general factor model
without constraints on the loadings and a nested model with two correlated factors,
distinguishing compatible from arbitrary mappings, with constraints on the load-
ings. Structural models additionally including factors for working memory and
intelligence showed that the nested model with correlated factors is superior in fit.
Working-memory capacity and fluid intelligence were correlated strongly with the
nested factor for the RT tasks with arbitrary mappings, and less with the general
RT factor. The results support the hypothesis that working memory is needed to
maintain arbitrary bindings between stimulus representations and response repre-
sentations, and this could explain the correlation of working-memory capacity with
speed in choice RT tasks.

It has been known for a long time that general intelligence (‘‘g’’) is correlated
with measures of speed on relatively simple tasks, such as choice reaction time
and even simple reaction time tasks (for reviews see Danthiir, Roberts, Schulze,
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& Wilhelm, 2005a; Jensen, 1993). When intelligence is differentiated according
to structural models, the relationship with speeded reaction time (RT) tasks is
strongest for psychometric speed factors, but also substantial for factors
reflecting reasoning ability (e.g., Neubauer & Bucik, 1996). The correlation
between intelligence test scores and variables extracted from individual RT tasks
rarely exceeds » = .30, but when several tasks are aggregated or combined into a
latent factor, the correlation can be much higher (Kyllonen, 1994; Neubauer &
Bucik, 1996; Vernon, 1983).

The correlation between intelligence scores and RTs has inspired researchers
to speculate about the nature of intelligence. One line of research was directed at
measuring the speed of information processing through so-called elementary
cognitive tasks, which were assumed to measure the time of individual pro-
cessing steps (e.g., the slope in the Sternberg memory search paradigm as
reflecting the time for a single comparison). Proponents of this approach have
been frustrated by the fact that the correlation of RT variables with ability test
scores is largely driven by the baseline or residual and not the component
isolated through contrasting experimental conditions (Lohman, 1994). Others
have argued that speed on relatively simple RT tasks reflects some aspect of
general neural efficiency that contributes to the biological basis of intelligence,
such as nerve conduction velocity (Vernon & Mori, 1992) or degree of
myelination (Jensen, 1998; Miller, 1994). Direct evidence for a link to para-
meters of neural processing has been difficult to obtain reliably, however (e.g.,
Wickett & Vernon, 1994). The prospect of using presumably simple, well-
understood experimental RT tasks as a window to the basis of intelligence has
further been clouded by the finding that the domain of RT performance has a
complex, hierarchical structure of its own, with a general factor and several
subordinate factors (Kranzler & Jensen, 1991; Roberts & Stankov, 1999).

Mental speed has also received a prominent role as an explanatory construct
in developmental research. Speed of processing accounts for substantial amounts
of variance in age-related increases of cognitive performance during childhood
(Fry & Hale, 1996; Kail & Salthouse, 1994; but see also de Ribaupierre &
Lecerf, 2006 this issue, for a theoretical account assigning equal status to
working memory and processing speed). Psychometric speed measures account
for the larger part of cognitive declines in old age (Salthouse, 1996). The
relationship of speed—assessed with psychometric speed tests or RTs in
experimental tasks—with intellectual abilities seems to be much larger in age-
heterogeneous samples than their correlations in age-homogeneous samples.

When it comes to predicting individual differences in intelligence in young
adults, in particular reasoning ability (which is often equated with fluid intel-
ligence), measures of working-memory capacity (WMC) have been more suc-
cessful than speed variables (Ackerman, Beier, & Boyle, 2002; Conway, Cowan,
Bunting, Therriault, & Minkoff, 2002; Kyllonen, 1994; Kyllonen & Christal,
1990; Siil}, Oberauer, Wittmann, Wilhelm, & Schulze, 2002, see also Borella,
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Carretti, & Mammarella, 2006 this issue). In these studies, with the exception of
Conway et al. (2002), the WMC factor was itself strongly related to the factor
representing speed. Large correlations between speed variables and WMC have
also been obtained with children (Fry & Hale, 1996; Miller & Vernon, 1992) and
old adults (Salthouse, 1992). Hence, it seems that there is variance shared by all
three constructs: reasoning ability, WMC, and simple speeded tasks (including
psychometric speed tasks and RT tasks). It is unclear what this common
variance is. We might label it ““g’’, but that simply begs the question.

In what follows, we will first discuss different kinds of explanations for the
association between measures of speed and of capacity (i.e., WMC and
reasoning ability). Then we introduce our hypothesis about the common
denominator of speed, WMC, and reasoning.

EXPLANATIONS FOR THE SPEED-CAPACITY LINK

We distinguish four categories of explanations for the association between speed
on simple processing tasks on the one hand, WMC and complex cognitive
abilities (i.e., reasoning, fluid intelligence) on the other hand. The first appeals to
shared method variance: Like speed tasks, WMC and reasoning tests are usually
administered with a time limit, such that fast processing pays off. This
explanation probably accounts for part of the common variance tapped by the
three categories of measures, but not all. In studies that administered reasoning
tests without time limit, a substantial correlation with speed measures was still
obtained (Vernon, Nador, & Kantor, 1985; Wilhelm & Schulze, 2002), although
reduced relative to speeded administration in one case (Wilhelm & Schulze,
2002).

The second kind of explanation gives mental speed causal priority. Speed
is assumed to help performance on working memory and reasoning tasks. One
rationale for this approach is the assumption that representations in working
memory decay quickly, and therefore fast processing helps to complete a task
before necessary information is lost (Jensen, 1998; Salthouse, 1996). The cru-
cial assumption of this explanation, that representations in working memory
decay within seconds as a function of time, has been questioned by recent
experimental work (Barrouillet, Bernardin, & Camos, 2004; Lewandowsky,
Duncan, & Brown, 2004; Saito & Miyake, 2004). The amount of concurrent
processing is more critical for forgetting than the mere passage of time. A
second rationale is to assume that processing and short-term maintenance of
information share a common resource. In RT tasks, this resource could be
fully devoted to maximising speed and accuracy on a single process, whereas
in working memory and reasoning tasks, it must be shared between proces-
sing one representation while keeping available others (e.g., intermediate
results). The resource-sharing account, however, has been questioned, because
an increase in memory load reduces speed on a concurrent processing task
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only under specific conditions (Oberauer, 2002; Oberauer, Demmrich, Mayr,
& Kliegl, 2001).

The third approach takes working memory as the causal prior. For example,
Engle, Kane, and their colleagues argue that working-memory capacity refers
not to the capacity of a memory system but to the ability to control attention
(Engle, Kane, & Tuholski, 1999; Kane & Engle, 2002; see also Elliott, Barril-
leaux, & Cowan, 2006). Controlled attention is also needed for fast reactions to
stimuli, in particular in the presence of distraction. Even without external dis-
traction, endogenous fluctuations in the cognitive system might require con-
tinuous control to keep the task goal highly activated. Reduced control might
lead to increased conflict between several response alternatives in choice tasks,
and thereby to occasionally prolonged RTs or to errors. This explanation pre-
dicts that the correlation between speed and WMC should be larger in tasks or
situations with high distraction or high conflict (Kane & Engle, 2003).

Finally, there is a fourth possibility: Speed on simple tasks and capacity of
working memory, as well as reasoning ability, might depend on a common cause
that cannot be identified with any of the three constructs involved. No well-
elaborated concept on the level of cognitive functions that could take this role is
in sight. It is tempting to speculate about features of the neural substrate of
cognition that affect both speed of processing and the capacity to maintain and
manipulate multiple information elements simultaneously, as it is required for
working memory and reasoning tasks. One such factor could be, for example,
the degree of myelination (Miller, 1994). Better myelination would on the one
hand increase neural conduction speed; on the other hand reduce the likelihood
of cross-talk between axons. The former might lead to faster reaction times; the
latter might help to maintain multiple representations in working memory
without mutual interference. Another common cause at the neural level could be
the gain parameter in connectionist networks, which is assumed to depend on the
level of dopamine (Cohen & Servan-Schreiber, 1992). A higher gain parameter
increases the responsivity of neurons (or units in connectionist networks) to
input. It can lead to better WMC (Li & Sikstrom, 2002), and it is plausible that it
also leads to higher processing speed.

BINDING AND STIMULUS-RESPONSE
COMPATIBILITY

Our own approach is a case of the third class of hypotheses discussed above. We
venture that speed on relatively simple choice RT tasks depends on WMC. In
particular, we assume that WMC is important to maintain a robust representation
of the mapping between stimuli and responses in choice RT tasks. This leads to
the hypothesis that the size of the correlation of choice RTs with WMC and
reasoning ability depends on the compatibility of stimulus—response mappings
for the choice RT tasks.
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We start from the assumption that all tasks that measure WMC, as well as all
reasoning tasks, have one feature in common: They require access to relational
representations. By this we mean representations of a relation between two or
more elements. A relational representation is not a chunk that is treated as a
single unit, but a structure in which the components are still available inde-
pendently (Halford, Wilson, & Phillips, 1998). This makes it possible, among
other things, to compare the structure of two relational representations while
abstracting from the features of the elements. Structure comparison is the
hallmark of analogy (Hummel & Holyoak, 1997), which lies at the heart of most
inductive reasoning tasks in intelligence tests, such as series completion and
matrices. Relational representations are built by temporarily binding elements to
places of a cognitive coordinate system (e.g., a mental space or time dimension)
or to the roles of a preexisting structural schema. We argue that the main
function of working memory is to quickly set up and update temporary bindings
in the service of maintenance and flexible manipulation of relational repre-
sentations. This motivates our hypothesis that the limited capacity of working
memory relates to a limit on the number of elements that can be bound into a
structure simultaneously while still kept apart (Oberauer, Sii, Wilhelm, &
Sander, in press).

When we extend this idea to the representation of task sets, we can expect
that high WMC is helpful for maintaining temporary bindings between stimulus
categories and response categories, thereby increasing the efficiency on speeded
choice tasks. People with low WMC have less robust bindings, and this should
result in slower activation of the appropriate response representation by a
stimulus, or in occasional losses of the bindings between stimuli and responses
in working memory, so that they would have to be reconstructed from repre-
sentations of the instructions in long-term memory. Temporary stimulus—
response (S—R) bindings are particularly important when the mapping of stimuli
to responses is arbitrary or incompatible, whereas with a compatible mapping
the contribution of working memory should be less necessary. This assumption
rests on the model of Kornblum, Hasbroucq, and Osman (1990). According to
that model, stimulus representations can be translated into response repre-
sentations along two paths. The rule-based path is mediated by a representation
of the instructed S—R mapping, set up ad hoc in the test situation according to
instructions. This path can translate any stimulus into any response. The asso-
ciative path is mediated by preexisting associations between stimuli and
responses that overlap in some or all of their feature dimensions.

For example, if the stimuli have a spatial location, varying on the left-right
dimension, and the responses are key hits on the left and on the right, there is
overlap in the left-right dimension between stimuli and responses. In that case, a
left stimulus would automatically activate a left-key response, and a right sti-
mulus would activate a right-key response. In the case of dimensional overlap,
we can distinguish between compatible and noncompatible S—R mappings. A
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mapping is compatible if each stimulus is mapped to the response that corre-
sponds to it on the overlapping dimensions (e.g., respond with a right key press
to a stimulus on the right, and with a left key press to a stimulus on the left). A
mapping is not compatible if stimuli are mapped to responses with different
values on the overlapping dimensions. Reaction times are substantially faster
with compatible than with noncompatible S—R mappings (for reviews, see
Kornblum et al., 1990; Lien & Proctor, 2002).

When more than two stimuli and their corresponding responses are used, the
noncompatible S-R mappings can further be broken down into incompatible and
arbitrary mappings. Incompatible mappings can be derived from compatible
mappings by a simple rule. For example, when a row of four stimuli arranged from
left to right is mapped to a row of response keys arranged from left to right, an
incompatible mapping can be produced by inverting the compatible mapping, so
that the leftmost stimulus is mapped onto the rightmost response key, the middle-
left stimulus onto the middle-right key, and so on. An arbitrary mapping, in contrast,
would be a mapping that is not related by any obvious rule to the compatible
mapping. Figure 1 illustrates the taxonomy of tasks relevant for the present work.

We assume that WMC is needed for maintaining bindings between stimulus
representations and response representations to establish the rule-based path.
When the S—-R mapping is not compatible, or when there is no dimensional
overlap to begin with, this is the only path that mediates translation of stimuli
into responses, and therefore WMC should have a large effect on the speed and
accuracy of reactions in tasks with incompatible and with arbitrary mappings, as
well as with tasks lacking dimensional overlap. When the S—R mapping is
compatible, both paths contribute to the generation of responses. WMC should
still affect speed and accuracy of responses, but to a smaller degree than in
noncompatible tasks. Therefore, we predict that RTs from tasks with non-
compatible bindings should correlate more with WMC than RTs from com-
patible bindings, at least with only moderate amounts of practice with the RT
tasks. Over the course of practice noncompatible S—R mappings can be acquired
in the form of associations in long-term memory, which eventually might
become as strong as those between compatible S—R combinations. Stimulus—
response compatibility effects, however, are quite persistent over practice (Dutta
& Proctor, 1992) and, as we will show below, the amount of practice in our
study did not come close to eliminate compatibility effects.

To sum up, we expect that the correlation between WMC and speed in choice
RT tasks should be higher with incompatible and arbitrary than with compatible S—
R mappings. Furthermore, we assume that bindings between elements in working
memory are also necessary to build the relational representations underlying
reasoning. Therefore, WMC should be highly correlated with reasoning (and fluid
intelligence, which is largely coextensive with reasoning), and reasoning also
should be related more strongly to choice RT tasks with noncompatible than with
compatible mappings. These hypotheses were tested in the present study.
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Figure 1. Compatible, incompatible, and arbitrary S—R mapping for visual and auditory modalities.

METHOD

Participants and apparatus

Participants were recruited through newspaper and magazine ads. They were
initially recruited for a study on the structure of mental speed (Danthiir, Wil-
helm, & Schacht, 2005b). From this first testing session, which took approxi-
mately 4 hours, only data on reasoning ability and crystallised intelligence will
be presented here. Participants were invited again for a second testing session
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that took approximately 3.5 hours. One hundred and fourteen participants (80
female, 34 male) were included in the final sample. Thirteen additional parti-
cipants were excluded for various reasons: Four participants had severe prob-
lems with arbitrary S-R mappings, one participant was an outlier in almost all
tests administrated, two participants did not meet the age restriction, and six
participants were not sufficiently fluent in German to provide unbiased ability
estimates, as judged from achievement test data. Mean age of the final sample
was 24.9 years (SD = 4.7), ranging from 18 to 36 years. Four participants did
not indicate their age but seemingly fell into the age range accepted in this study.
Ninety-three of the subjects had a high-school degree and 72 of them were
currently enrolled as students at a university. Participants received feedback
about their results and were paid approximately 5€ per hour as compensation for
their participation.

Both testing sessions were run in a group lab with between one and eight
participants. All testing sessions were run by trained students. Sessions with
more than four participants were run by two students. The time between both
testing sessions ranged from 1 week to several months.

All tasks were administered by computer. Tasks were programmed in Inquisit
1.33© and run on IBM compatible Pentium 4 computers with 17-inch monitors.
The refresh rate of the monitors was set to 85 Hz and the resolution to 1280 X
1024 pixels.

Materials and procedure
S-R compatibility tasks

A set of four-choice RT tasks was generated according to an experimental
design with the factors S—R mapping (compatible, incompatible, and arbitrary
mappings), modality (visual vs. auditory tasks), repetition (first vs. second
administration), and sequence. Sequence was a between-subjects factor that was
randomly assigned to groups of participants within a session. There were six
groups, corresponding to the six possible sequences for compatible, incom-
patible, and arbitrary mappings. For each participant, the same sequence was
used in both modalities. Participants completed two series of blocks that were
identical apart from the block sequence within each series, which was reversed
in the second series. Each series consisted of three blocks of the visual task,
followed by three blocks of the auditory task.

Stimuli for the S—R tasks varied on one relevant dimension and one irrelevant
dimension. Stimuli for the visual task were squares that appeared at one of four
locations in a row (relevant dimension) and had one of four colours (red, blue,
yellow, or green, irrelevant dimension). The size of the squares was 120 x 120
pixels. Stimuli for the auditory tasks were location words (‘‘above’’, ‘‘below’’,
“‘left’’, or “‘right’’; relevant dimension) recorded from four different speakers
(irrelevant dimension) and presented through headphones. The stimuli were
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equated with regard to onset of word, duration, and volume by editing the sound
files. Participants responded by pressing one of four response keys. For the
visual task, the response keys on a customised keyboard were arranged in a row,
corresponding to the relevant dimension of the visual stimuli; for the auditory
task the response keys were arranged in a diamond shape, thereby corresponding
to the relevant dimension of the auditory stimuli. The S—R mappings used for
both tasks in compatible, incompatible, and arbitrary conditions are illustrated in
Figure 1. For the compatible mapping, each stimulus is mapped onto its cor-
responding response key. Incompatible mappings were the mirror images of
corresponding mappings. Arbitrary mappings were generated so that no obvious
rule governed the assignment of stimuli to response keys. Incompatible and
arbitrary mappings were the same for all participants and remained constant
throughout the experiment.

Each condition began with an instruction and practice period that focused on
the given S—R mapping. Feedback on accuracy was provided for all practice
items but not for the test items. After 16 practice trials testing began. The first
trial in each block was a warm-up trial that was discarded in all analysis—as
were the practice trials. During the test trials a reminder displaying the current
S—R mapping was presented after every 16 trials. Each block consisted of 64 test
trials with the same S—-R mapping. The stimuli within subblocks of 16 trials were
fully balanced across both stimulus dimensions in both modalities. The sequence
of these predefined 16 trials was randomised once for each group of 16 con-
secutive trials and then fixed for all participants in all conditions. Intertrial
intervals were randomised for all trials but constant across participants in both
modalities. Latencies were recorded from stimulus onset. Stimuli were presented
until participants responded in the visual task. No new stimulus was presented
until participants responded in the auditory tasks.

Across the six sequences that were varied between subjects there were six
measures of compatible, incompatible, and arbitrary S—-R mappings in each
modality, each based upon 64 trials. Table 1 provides an overview and descriptive
statistics of latencies and accuracies of the S—R measures used in this study.

Working memory capacity tasks

Memory updating (MU). In this task (modified from Oberauer, SiB,
Schulze, Wilhelm, & Wittmann, 2000) participants saw a 3 x 3 grid on the
computer screen. In a subset of the nine cells digits were presented one by one,
for 1 s each. Participants had to memorise which digit was presented in which
cell. After presentation of 2—7 digits four arrows were displayed, one by one, in
four selected cells. Each arrow was presented for 1 s, after which the next arrow
followed immediately. An arrow pointing downwards indicated that the parti-
cipant had to decrease the current value memorised for this cell by one, and an
arrow pointing upward instructed participants to increment the current value by
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TABLE 1
Descriptive statistics for latencies and accuracies for all S-R mappings

Latencies Accuracies
M SD Skewness Kurtosis M SD Skewness Kurtosis
Visual compatible 1 500 73 1.08 2.74 098 0.02 —1.97 5.45
Visual compatible 2 466 53 0.41 0.09 098 0.03 —222 7.08
Visual incompatible 1 794 188 1.53 3.29 094 0.09 —2.67 6.65
Visual incompatible 2 668 135 0.95 0.60 096 0.05 —2.80 11.79
Visual arbitrary 1 1191 301 0.63 —0.16 0.84 0.18 —1.52 1.66
Visual arbitrary 2 952 223 1.29 2.05 093 0.10 —2.89 8.50
Auditory compatible 1 580 82 0.75 0.27 098 0.02 —1.85 4.33
Auditory compatible 2 566 82 0.83 —0.03 098 0.03 —1.97 3.96
Auditory incompatible 1 839 129 0.69 0.50 096 0.04 —1.37 2.32
Auditory incompatible 2 837 149 0.57 —0.13 095 0.05 —1.12 0.75
Auditory arbitrary 1 895 168 0.78 0.49 094 0.06 —2.06 4.95
Auditory arbitrary 2 853 156 0.84 0.56 095 0.04 —2.12 6.66

one. After the last computing instruction was given the recall cue appeared for 2
s. Participants then had to respond to question marks appearing in individual
cells by entering the final digit of that cell. In total there were 18 test items (=
trials). The score for MU was the mean of the proportion of digits correctly
recalled for each item.

Counting span (CS). In this task (Engle et al., 1999; Kane et al., 2004)
participants had to remember digits while working on a concurrent counting
task. Each trial consisted of a sequence of screens. In each screen 3—9 dark blue
circles, 1, 3, 5, 7, or 9 dark blue squares, and 1-5 light green circles were shown
on a grey background, approximately balancing the number of the three kinds of
figures. The participant was asked to count the number of dark blue circles in
each screen. Once participants were finished they were asked to proceed to the
next screen immediately by pressing a key on a customised keyboard. After
pressing a key the screen was blank for 550 ms, followed by the next set of
figures. The last set of figures was followed by a recall cue. Participants then
had to recall the totals they counted from the preceding sets by entering the
series of digits on the keyboard in correct order. The number of displays ranged
from two to six displays per test item. In total there were 15 items. The score for
CS was the mean of the proportion of counts recalled correctly in the correct list
position for each item.

Rotation span (RS). In this task (Kane et al., 2004; Shah & Miyake, 1996),
participants had to recall a sequence of short and long arrows radiating out from
the centre while concurrently engaging in a letter-rotation task. Again, each test
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item consisted of a sequence of screens. The processing part of each screen
consisted of a normal or mirror-reversed G, F, or R, rotated at 0, 45, 90, 135,
180, 225, 270, or 315 degrees. Participants were asked to mentally rotate the
letter and then to indicate by a key press whether the letter was normal or mirror-
reversed. Half of all the letters were mirror-reversed. The response to the letter-
rotation task was followed by a 750 ms intertrial interval, after which a short or
long arrow pointing into one of eight directions was presented for 1 s. After this,
the next letter-rotation task was displayed immediately. At the end of a sequence
of letter—arrow pairs the recall cue appeared. Participants then indicated the
directions of the arrows in correct order by clicking the corresponding locations
with the mouse. There were 12 trials, with list length ranging from two to five
arrows. The score for RS was the mean of the proportion of arrows recalled
correctly in correct list position for each item.

Reasoning tasks

All reasoning tasks were computerised. The tasks used to assess reasoning
were the 18 odd-numbered items from set II of the Advanced Progressive
Matrices (APM; Raven, Raven, & Court, 1998), Form B (Part 1) of the Cattell
Culture-Fair-Test with 14 items (CFT; Cattell & Weiss, 1971), a traditional
number series test with open answer format consisting of 17 items (Wilhelm,
2005), arrow series, from the Omnibus Screening Protocol (Roberts & Stankov,
2001) with eight response alternatives consisting of 15 items, and a verbal
propositional reasoning task (18 items) using the propositions ‘‘and’’, ‘‘or’’, and
“if ... then’’ describing the actions of a hypothetical machine (Wilhelm, 2005).
For the number series test the response keys were the number keys on top of the
customised keyboard; for the other tasks participants used the mouse to select
their chosen response on the screen.

Crystallised-intelligence tasks

Crystallised intelligence was measured by a general knowledge test and a
vocabulary test, each presented by computer and administered with five
response alternatives. The general knowledge indicators were taken from the
IST-2000-R (Amthauer, Brocke, Liepmann, & Beauducel, 1999; Beauducel &
Kersting, 2002). Three composites were built by computing sums for three
groups of 28 items. Each composite included a mixture of symbolic, verbal, and
numeric item content. Apart from that, variables were selected for the compo-
sites in an arbitrary way. The composites therefore are not intended to reflect
different aspects of knowledge. They were formed only to obtain several
independent indicators for a single latent factor of crystallised intelligence. The
vocabulary test was taken from Form 1 of the WILDE Intelligence Test (Jager &
Althoff, 1983). For all crystallised tasks the mouse was used to click the chosen
response on the screen.
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RESULTS
Data treatment

Within each block of 64 trials on the RT task we first determined as outliers those
RTs that surpassed an individual’s mean by more than 3 standard deviations.
These outliers were set to the mean + 3 SD. The next step was to eliminate all
latencies associated with erroneous responding. The third step was to repeat the
first step across equivalent blocks in the two repetitions. Pooling the data from
first and second repetition served to set a stricter outlier cutoff on the RTs from the
first repetition, which were slower and more variable. Across all conditions and
repetitions (12 x 64 = 768 trials) a mean of 12.4 data points per participant
(maximum = 20) was defined as outliers through this procedure. After this
treatment, the RT data were averaged within each block. This resulted in 12
means for each participant (2 repetitions x 2 modalities x 3 S—R mappings).

Some of the participants had exceptionally bad performance scores on some
of the tasks, so that we suspect they did not fully understand the instructions. If
participants had only one or a few minor problems the values of these variables
were set to missing and subsequently imputed by the missing variable procedure
in SPSS (2004) relying on an expectation-maximisation (EM) estimation
(Dempster, Laird, & Rubin, 1977; Schafer & Graham, 2002).1 Participants who
had pervasive problems on a group of indicators were eliminated from the final
data set (see Participants section).

Experimental effects

To assess the effects of the experimental factors on performance in the S—R-
compatibility tasks, analyses of covariance (ANCOV As) with S-R mapping (3)
and repetition (2) as within-subject factors and sequence (6) as between-subjects

!Eliminating entire cases of the data from further analysis has no effect on the validity of
conclusions only when the missing data are missing completely at random, i.e., whether or not a data
point is available can not be predicted from data values recorded or missing. If the eliminated cases
are systematically different from the other cases, statistics may be seriously biased. Additionally, in
many cases discarding cases has a negative effect on statistical power of intended comparisons. The
basic idea in dealing with the missing data in this study is to consider all possible values of the
missing data under the assumption of multivariate normality, weighting each value by its probability,
conditional on the other available data. The so-called EM procedure is an iterative algorithm. Starting
with parameter estimates for means and covariances, the expectation-step calculates the conditional
expectation of the log-likelihood for the complete data given the observed data and the parameter
estimates. Starting from this log-likelihood for complete data, the maximisation-step finds the
parameter estimates to maximise the log-likelihood for the complete data from the expectation-step.
These two steps are iterated until the iterations converge on a specified criterion. The iterative
algorithm replaces missing values optimally by taking the information of the observed values into
account. Computationally more effortful procedures with multiple imputations can be advantageous
in cases with more missing data points.
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factor were computed, separately for the visual and the auditory tasks and for
latencies and accuracies as dependent variables. The results are summarised in
Tables 2 and 3. For experimental purposes the current sample size is very large.
Hence, the power to detect small effects is comparatively high. Rather than
focusing on statistical significance the results should be evaluated in terms of the
magnitude of effects.

For both the visual and the auditory tasks the main effects of S—R mapping
were very large. The main effects for sequence were not statistically significant
for both modalities. The main effect of repetition was substantial for the visual
tasks and significant but much smaller for the auditory tasks. We interpret this
result as a learning effect present for the visual tasks but wearing off for the
auditory tasks, which were always administered after the visual tasks. There was
a significant interaction between sequence and S—R mapping: Participants who
began with the arbitrary condition had longer latencies on this condition than
participants who began with another condition. This interaction, however, was
rather small for the visual task and practically nonexistent for the auditory tasks.
The between-subjects variable sequence hence had only a very small impact on
the size of the S—R compatibility effect. The interaction of S—R mapping and
repetition was substantial for the visual modality and significant but small for
the auditory modality. The S—R compatibility effects were reduced substantially
(but remained dramatic nevertheless) in the second repetition for the visual

TABLE 2
Overview of experimental effects for latencies
dﬁlum df(‘k’n F P par. 1’[2
Visual tasks

Seq 5 108 0.34 .889 .015
S-R 2 107  480.33 <.001 900
Repetition 1 108 32530 <.001 151
Seq x S-R 10 216 386 <.001 152
Seq x Repetition 5 108 2.76 .022 113
S-R x Repetition 2 107 98.18  <.001 .647
Seq x S-R x Repetition 10 216 0.957 482 .042

Auditory tasks

Seq 5 108 1.98 .087 .084
S-R 2 107 491.70 <.001 902
Repetition 1 108 14.25 <.001 117
Seq x S-R 10 216 1.07 .387 .047
Seq x Repetition 5 108 1.19 319 .052
S-R x Repetition 2 107 5.00 .008 .085
Seq x S-R x Repetition 10 216 2.54 .007 .105

dfyum = df numerator, dfye, = df denominator, par. 0> = partial Eta square
(effect size), Seq = Sequence, S—R = stimulus—response mapping.
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TABLE 3
Overview of experimental effects for accuracies
dfl"lu”l dﬁi@n F p par' 1”2
Visual tasks

Seq 5 108 1.17 .329 .051
S-R 2 107 87.28  <.001 .620
Repetition 1 108 3589  <.001 249
Seq x S-R 10 216 1.83 .056 .078
Seq x Repetition 5 108 1.14 342 .050
S—-R x Repetition 2 107 33.85 <001 388
Seq x S-R X Repetition 10 216 2.01 .034 .085

Auditory tasks

Seq 108 0.73 .601 .033
S-R 107 84.66  <.001 .613
Repetition 108 3.83 .053 .034
Seq x S-R 216 1.21 284 .053

108 2.15 .065 .091
107 5.13 .007 .087
216 1.51 138 .065

Seq x Repetition
S—-R x Repetition
Seq x S-R x Repetition 1

—_
SN O — N W

df,um = df numerator, dfy., = df denominator, par. > = partial Eta square
(effect size), Seq = Sequence, S—R = stimulus—response mapping.

tasks. The interaction of sequence, S—R mapping, and repetition was not sig-
nificant in the visual modality and very small in the auditory modality.

The small, but significant interaction of the between-subjects factor sequence
with S—R mapping introduces an unwanted source of individual differences
variance: Participants working in a sequence starting with the arbitrary mapping
received larger individual estimates of S—R compatibility effects than partici-
pants working in another sequence. This variance is obviously unwanted
because it reflects nothing but the random allocation of participants to
sequences. Therefore, we regressed all measured variables from the S—R com-
patibility tasks on a set of dummy codes representing the sequence factor. The
residuals were then taken as variables for the following multivariate analyses.

The accuracies were within the normal range for RT data except for the first
arbitrary block in the visual modality, in which they were exceptionally low.
This result is in line with the above interpretation of subjects being overwhelmed
by the first arbitrary mapping but adjusting quickly in the following adminis-
trations. The dispersion in this condition is also exceptionally high, indicating
that there were several participants doing particularly poorly. These participants
were not eliminated because their inclusion did not affect the results reported
and because apart from the poor performance in some experimental conditions
they contributed valuable data. To compensate for the lack of normality in the
data the accuracies were probit-transformed before running analyses (following
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the procedure detailed in Cohen & Cohen, 1983). This transformation turns
probabilities into their corresponding z-scores and thereby allows expressing
differences between participants in the familiar metric of the normal distribu-
tion. The experimental effects for the accuracies are shown in Table 3. They
closely followed the effects observed for the latencies, demonstrating that there
was no differential tradeoff between speed and accuracy across conditions.

One important difference between the visual and auditory modality is that the
difference between incompatible and arbitrary mappings was much smaller for
the auditory tasks. For the visual tasks incompatible mappings were associated
with much faster RTs than arbitrary mappings, but this was not the case for the
auditory tasks. Therefore it is not clear whether the information processing
demands in incompatible trials were comparable across modalities. The pro-
cessing demands of incompatible trials are unclear also theoretically—partici-
pants might treat them like arbitrary mappings, using only the rule-based path to
translate stimuli into responses, or else they might treat them like compatible
mappings, using the associative path, and then reverse the mapping according to
the mirror-image rule. The different results in the two modalities raise the
suspicion that participants might have handled the incompatible mappings by
different strategies in the two modalities. For this reason we limited our further
analyses to the compatible and the arbitrary mappings.

Correlational data

The appropriate methodology to answer the central research questions is con-
firmatory factor analysis (CFA). With CFA it is possible to test whether theo-
retically motivated models are capable of explaining the observed covariances.
Usually a distinction is made between measurement models and structural
models. With a measurement model the primary concern is to find a model that
explains the internal structure of a group of indicators. With a structural model
the primary concern is to test correlations between latent factors.

Criteria for model assessment

There are many statistics to assess the fit or adequacy of measurement or
structural models (Marsh, Balla, & McDonald, 1988). A very fundamental
statistic is the y’-value associated with each model for a given data set. The ¥?
test is supposed to express how similar the model implied covariance matrix and
the observed covariance matrix are. Significant values of %> indicate a deviation
of the observed from the implied covariance matrix that is larger than deviations
that can be attributed to sampling error. Relying on fewer estimated parameters
improves parsimony of a model but usually impairs model fit. Differences in the
fit of two models can be compared inferentially with each other in some cases.
For example, models can be derived from each other by constraining estimated
parameters. This test of the difference of the  statistics of both models follows



S-R COMPATIBILITY AND COGNITIVE ABILITIES 33

a 2 distribution with degrees of freedom equal to the difference in degrees of
freedom from both models. Significant values of this test indicate that con-
straining some of the estimated parameters impaired model fit.

Akaike’s Information Criterion (AIC) combines the y*-value of a model with
a penalty for its lack of parsimony, as reflected in the number of free parameters.
As with the y? statistic lower values indicate better fit, but no inferential tests
and no threshold values are available. The y*-test is not optimal, given that its
power strongly depends on sample size. Hence, it is desirable to report addi-
tional fit indices compensating for these shortcomings. The root mean square
error of approximation (RMSEA) is an estimate of the misfit due to model
misspecification per degree of freedom. The Comparative Fit Index (CFI) is an
incremental fit index that expresses the proportion of improvement in overall fit
relative to the independence model (i.e., a model assuming no correlations
between the manifest variables).

Taking these fit indicators together allows acceptable assessment of model
fit. Strict recommendations for minimal values of these fit indicators are not
sensible (Hu & Bentler, 1995, 1999). Nonetheless, some cutoff values have been
established as rules of thumb. If the sample size is not very large, the y? statistic
should not surpass the conventional level of significance very far. Regardless of
sample size the CFI values should be .95 or higher, and RMSEA values should
be .06 or smaller.

For the purpose of illustration and to allow reanalysis the correlations
between all variables included in the measurement and structural models are
provided in Table 4. A complete data set is available upon request.

Measurement models for S—R compatibility data. We tested a general factor
model (model 1) as the baseline model, representing the assumption that RTs
from tasks with compatible and tasks with arbitrary S—R mappings reflect the
same latent factor. Model 2, a so-called nested-factor model, represents our
assumption that RTs from arbitrary mappings reflect a specific source of
variance in addition to the variance of the general factor. The logic of this model
is similar to the logic of additive experimental factors: The general factor
explains the common variance among all eight RTs and the nested factor
explains the variance that is common to RTs from arbitrary mappings and not
shared with RTs from the compatible mappings (Oberauer, Wilhelm, &
Schmiedek, 2005b). In our theoretical framework, we interpret the general factor
as reflecting general speed in choice RT tasks, and the specific factor as
reflecting the ability to uphold arbitrary S-R bindings. Model 3 results when the
two factors in Model 2 are allowed to correlate with each other. This captures
the assumption that latent variables representing cognitive ability constructs are
likely to be positively correlated, in line with the ubiquitous finding of a positive
manifold among cognitive tests. The three model architectures considered here
are illustrated in Figure 2. An additional feature of all three models is that we
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Figure 2. Family of measurement models. Large ovals represent latent factors, rectangles represent
manifest (i.e., measured) variables.
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allowed the error variances of the two blocks of identical tasks from the two
repetitions to covary, because they probably share task-specific variance unre-
lated to the construct of interest.

The experimental design underlying the variables of our measurement
models, together with the additive logic incorporated in models 2 and 3, implies
several sets of constraints (see Oberauer et al., 2005b, for discussion). If the
general factor is to reflect what tasks with compatible mappings and with
arbitrary mappings have in common, and the specific factor is to capture the
added costs of arbitrary mappings, then tasks differing only in S-R mapping
should have the same unstandardised loading on the general factor. To incor-
porate this assumption, the first block of visual arbitrary mappings and the first
block of visual compatible mappings was constrained to have the same
unstandardised loading on the general factor. The same was done for the second
administrations of these indicators, and likewise for the auditory tasks. With
these constraints each person’s mean RTs in blocks with arbitrary mappings are
decomposed into two additive components, the mean RTs of corresponding
blocks with compatible mappings plus the cost due to an arbitrary mapping. The
general factor reflects the variance in the first component that is shared among
all tasks; the specific factor reflects the variance in the second component that is
shared among all tasks with an arbitrary mapping.? Introducing these constraints
provides four additional degrees of freedom. Since the two models are nested,
we can use the 3 difference test to assess whether the loss of fit due to the
constraints is significant. If it is not, we accept the more constrained model
because it provides a more parsimonious description of the data.

Table 5 provides a summary of the models emerging by crossing architecture
(general factor, nested factor, correlated nested factor) with presence or absence
of constraints on unstandardised loadings. Within the general factor models,
constraints on the unstandardised loadings (model 1a) did substantial harm to the
fit compared to the unconstrained model (model 1); this is not surprising because
without the nested factor this model has no way to account for the mean dif-
ferences between RTs with compatible and RTs with arbitrary mappings. The
nested factor model with uncorrelated factors (models 2 and 2a) had con-
vergence problems that could only be solved by adding further constraints (see
notes to Table 5 for details); with these constraints the models did not fit well.
Allowing a correlation between the two factors without additional constraints on
loadings (model 3) also led to convergence problems. This is to be expected for
this kind of model unless further constraints are introduced (see Oberauer et al.,
2005b). In fact, imposing the constraints on unstandardised loadings as
explained above (model 3a) removed these convergence problems. Model 3a

2The models analysed here focus on constraints on the loadings. Generally, it is possible to
additionally model means and intercepts. Then the constraints additionally serve to account for mean
effects.
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TABLE 5
Overview of measurement models

Nr Model % df P CFI  RMSEA  AIC
1 g 33.92 16 =.001 972 .100 73.92
la g 70.52 20 <.001 921 150 102.52
2% nf 30.77 15 =.009 975 .096 72.77
2a* nf 49.51 19 <.001 953 119 83.51
3 nf corr [no convergence]

3a nf corr  30.92 17 =.020 978 .085 68.92

g = general factor, nf = nested factor, corr = correlated; a = constraints on
unstandardised loadings: pairs of compatible and arbitrary mapping RTs had
the same unstandardised loading on the general RT factor, pairs of blocks of
same modality had the same unstandardised loadings on the arbitrary factor, if
this factor was specified. Models 2, 2a, and 3 did not converge. For models 2
and 2a these problems could be solved by constraining all loadings on the
arbitrary factor to be equal; these models are marked by *. Model 3 did not
converge with these additional constraints.

provided a good fit. We also tested model versions with even stricter constraints
on the loadings, but these resulted in substantial losses of fit.

Taken together there are two models with acceptable fit that support quite
distinct conclusions. On the one hand there is a general factor model with freely
estimated loadings (model 1). This model supports the conclusions that the
communality between compatible and arbitrary indicators can be explained by a
single latent factor. The various indicators do not necessarily have the same
weight on this latent factor. However, the loadings are expected to be statisti-
cally different from zero and to have a sign that meets the expectations. For
model 1 these expectations are met. On the other hand there is the theoretically
motivated model 3a, which postulates two correlated factors—a general factor
that explains the communality between all eight indicators and a nested factor
for the indicators from arbitrary trials that captures the communality specific to
the arbitrary indicators (see Figure 3). The unstandardised loadings of the
variables on these two factors are estimated under several nontrivial constraints.
Due to these constraints one parameter less is estimated in model 3a than in
model 1, despite postulating an additional latent factor. Nonetheless, model 3a
was the one with the better xz statistic. It also had a better CFI, a better RMSEA,
and a better AIC value. Therefore, we prefer model 3a over model 1.

Measurement model for fluid and crystallised intelligence. There are
mainly two competing models that were proposed for the relationship of fluid
and crystallised intelligence in the past. One is a nested-factor model with a
general factor and a more specific factor on which only indicators of gc are
permitted to load. This architecture, proposed by Gustaffson (1988; Undheim &



38 WILHELM
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Figure 3. Measurement model with correlated nested factor and constraints on unstandardised
factor loadings (model 3a). Large ovals represent latent factors, small ovals represent error terms, and
rectangles represent manifest variables.

Gustafsson, 1987), identifies gf with the general factor g. The alternative is a
model with two correlated factors. This model has the advantage of representing
a more parsimonious measurement model. Moreover, we believe that repre-
senting fluid and crystallised intelligence as two group factors on the same level
of generality comes closer to the original concepts of of fluid and crystallised
intelligence, whereas the nested factor in Gustafsson’s model, which measures
gc only as a residual, is difficult to interpret.

We therefore decided to use a measurement model with two correlated group
factors to represent the intelligence test data, as described below. We also
conducted all analyses including the intelligence data with the nested-factor
model proposed by Gustafsson. The fits of both models were equally good, and,
extending both models along the lines described below led to the same con-
clusions. Therefore, we present only the results involving the correlated-factor
representation of gf and gc.

The fit of this correlated group factor model was excellent, 3*(26) = 25.07,
p = .515, CFI = 1.00, RMSEA = .000, AIC = 63.07. The loadings as well as
the factor intercorrelation in this model are essentially identical to the load-
ings displayed in Figure 4. In this figure the measurement model for corre-
lated group factors was extended to also include model 3a—WMC. All
loadings met the expectations of having the expected sign, being of nontrivial
magnitude, and being statistically different from zero. We therefore used the
correlated group factors model to test our hypotheses about the relationship
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Figure 4. Structural model of general RT, arbitrary mappings RT, and working memory (model
3a—wmc). Large ovals represent latent factors, small ovals represent error terms, and rectangles
represent manifest variables.

between choice RT tasks and intelligence factors. The fluid-intelligence factor
is defined exclusively by reasoning tasks as indicators, so that it could also be
labelled a reasoning factor. We will show that, as in previous studies, the
fluid-intelligence/reasoning factor was strongly correlated with WMC, and
therefore we hypothesise that the fluid-intelligence factor, too, should be cor-
related with arbitrary mapping RTs more than with compatible mapping RTs.
We also predict that WMC will be related more to fluid than to crystallised
intelligence, and therefore that the arbitrary mapping RT factor, too, will be
correlated more with fluid intelligence than with crystallised intelligence. The
latter relation will be larger than zero because crystallised intelligence in this
model still reflects individual differences in cognitive processes that go
beyond variance in knowledge alone.
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Structural models. To test our hypotheses about the relationships between
RT, WMC, and intellectual abilities, we extended each of the two acceptable
measurement models of the RT tasks (models 1 and 3a) by additional factors.
We investigated the extensions with both models in parallel to test whether the
slight advantage in fit of model 3a would uphold in the context of additional
variables. In a first step a latent factor for WMC, defined by the three WMC
tasks, was added to both models. In a second step, the measurement model for
fluid and crystallised intelligence was added. If the arbitrary factor indeed
reflects the capacity to maintain bindings between stimulus and response
representations it should be highly correlated with the WMC factor. The cor-
relation between WMC and the general RT factor should be much smaller.
Replicating prior research (Kane et al., 2004; Kyllonen & Christal, 1990; Siif3 et
al., 2002) we expected a strong but not perfect correlation between the latent
factors for WMC and fluid intelligence. As argued above, the arbitrary mapping
factor was expected also to correlate substantially with the fluid intelligence
factor, and less strongly with the crystallised intelligence factor. In the single-
factor model extended by a WMC factor (model 1-wmc) the general RT factor
correlated » = .70 with the WMC factor. The fit of this model was not very good,
with %*(39) = 83.35, p < .001, CFI = .944, RMSEA = .100, AIC = 137.35. The
extended nested-factor model (model 3a—wmc) is displayed in Figure 4. The fit
of this model was better, although still not excellent, ¥*(39) = 69.01, p = .002,
CFI = .962, RMSEA = .083, AIC = 123.06. Model 3a—wmc was superior to
model 1-wmc with regard to all fit indices.

As expected, WMC was highly correlated with the nested factor reflecting
the specific variance in the RT tasks with arbitrary mapping. Indeed, the cor-
relation of —.87 is so close to one that it seems warranted to test whether it
is different from unity. To test this hypothesis the correlation between the
arbitrary mapping factor and the WMC factor was fixed to one and the corre-
lations of these factors with the general RT factor was constrained to be
equal. The resulting model did not fit significantly worse than the initial
model for the two correlated nested factors, Ay*(2) = 4.78, p = .092. Hence,
we cannot rule out that the WMC factor and the arbitrary mapping factor are
identical. We also tested whether the correlations of WMC with the two RT
factors can be constrained to be equal. This constraint led to a significant loss
of fit, Ax*(1) = 5.10, p = .013. This implies that the correlation of WMC with
the arbitrary mapping factor is significantly higher than the correlation with
the general RT factor.

To summarise, the structural models so far demonstrate that—in line with our
theoretical assumptions—a model with two nested and correlated factors pro-
vides a better explanation for the RT data than a one-factor model. The arbitrary
mapping factor was almost perfectly correlated with the WMC factor. There was
also a high correlation of WMC with the general RT factor, but it was sub-
stantially lower than that with the arbitrary mapping factor.
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The second step of the structural models was to extend the models further by
adding fluid intelligence and crystallised intelligence. In the extension of model
1 (called model 1-wmc-int) the general RT factor correlated » = —.71 with the
WMC factor and » = — .50 with the fluid intelligence factor. The WMC factor
correlated » = .81 with the fluid intelligence factor. Fluid and crystallised
intelligence were correlated » = .75. The WMC factor and the general RT factor
were correlated with crystallised intelligence » = .50 and » = —.50, respectively.
The fit of this model was acceptable, with ¥*(160) = 207.10, p = .007,
CFI = .959, RMSEA = .051, AIC = 307.10. The extension of model 3a (model
3a—wmc-int) is displayed in Figure 5. The fit of this model was better,
x*(158) = 191.88, p =.034, CFI= 971, RMSEA = .044, AIC = 295.88.
Although there is no large improvement compared with model 1-wmc-int, the
decision in favour of the nested-factor model (model 3a—wmc-int) is unequi-
vocally supported by all fit indices. Descriptively, the correlations met the
expectations. The relation between WMC and fluid intelligence was high but not
perfect. Fixing the correlation between both factors to unity and constraining
correlations of these factors with other factors to equality in each case impaired
the fit substantially, Ay*(4) = 32.61, p <.001. The correlation between the
WMC factor and the arbitrary mapping factor was very high; fixing this cor-
relation to unity and constraining correlations of these factors with other factors
to equality in each case again led to a just significant loss of fit, Ax*(4) = 9.84, p
= .043. Finally, the arbitrary mapping factor descriptively had a higher corre-
lation with the WMC factor, with fluid intelligence, and with crystallised
intelligence than the general RT factor. Constraining these three pairs of cor-
relations to be equal so that the arbitrary factor and the general RT factor had
identical correlations with the other three factors respectively led to a significant
loss of fit, Ax*(3) = 23.26, p < .001.

The validity of the results presented could be compromised by the rela-
tively small sample size. The problems associated with small sample sizes are
convergence problems and unreliable estimation of parameters. In order to
increase the confidence in the models we computed bootstrap analyses for the
three models we accept as providing viable accounts of the data (models 3a,
3a-wmc, and 3a—wmc-int). Running 10,000 bootstrap samples for each of
these models with default convergence criteria and relaxed iteration limit was
associated with convergence problems in 0.19%, 0%, and 0% respectively.
The Bollen-Stine corrected p-values show close fit for all three models
(p = .125, p = .078, and p = .323 for models 3a, 3a—wmc, and 3a—wmc-int,
respectively). The confidence intervals around factor covariances in all three
accepted models are sufficiently small to exclude zero covariances as plau-
sible results in all cases. Because bootstrapping is a good method if the multi-
variate normality assumption is violated—which is almost inevitable when
analysing reaction times—these analyses further increase the confidence in
the multivariate results substantially.
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DISCUSSION

In this study we tested one hypothesis about why WMC is highly correlated with
various indicators of mental speed, among them choice RT tasks. Since WMC is
strongly correlated with reasoning ability, our results are also relevant for the
relationship of reasoning ability or fluid intelligence with the speed of simple
cognitive operations. Our basic assumption is that WMC reflects the ability to
establish and maintain temporary bindings between arbitrary representational
elements. We applied this assumption to choice RT tasks by assuming that
WMC is needed to establish and maintain bindings between stimulus and
response representations. Such bindings will be particularly important when the
mapping between stimuli and responses is arbitrary, so that the cognitive system
cannot use preexisting associations to translate a stimulus into its corresponding
response. We therefore predicted that reaction times on choice RT tasks with
arbitrary S—R mappings would be correlated higher with measures of WMC than
RTs from tasks with compatible S—-R mappings. The hypothesis was tested in
three steps.

The first step was to fit a measurement model to the RT data that incorpo-
rated a factorial distinction between general speed on choice RT tasks on the one
hand, and the specific variance due to an arbitrary S—R mapping on the other
hand. We succeeded to establish such a measurement model after introducing
theoretically motivated constraints on the loadings. This model provided a better
fit to the data than a model with only a single general factor accounting for all
the common variance among the RT variables. We should add, however, that the
general-factor model was not unambiguously rejected by the data and a nested-
factor model without constraints on the loadings (model 2) did not fit sig-
nificantly better. Therefore, we are not completely confident that RTs from tasks
with arbitrary S-R mappings actually reflect a substantial amount of specific
variance that is not shared with RTs from tasks with compatible mappings.

The second step was to test the relationship of the two RT factors with a
latent factor reflecting WMC. The structural equation models confirmed our
prediction that WMC was more strongly related to the factor reflecting RT with
arbitrary mapping than with the factor reflecting general choice RT speed. In
fact, we were barely able to reject the hypothesis that the correlation between
WMC and the arbitrary mapping factor was perfect. This result is remarkable for
two reasons. First, it demonstrates a correlation between a factor based on
latency measures with a factor based on accuracy measures. To our knowledge,
there is no precedent in the literature of such a high correlation between a
latency-based and an accuracy-based factor. Second, the arbitrary mapping
factor represented the residuals of RTs after extracting the variance of a general
RT factor. The residuals are relatively pure measures of the costs associated with
an arbitrary mapping compared to a compatible mapping as baseline. This is
what makes residuals or other cost indices (e.g., difference scores) from
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experimental tasks particularly attractive to researchers. Unfortunately, previous
attempts to correlate intelligence or WMC with residuals or cost indices from
RT tasks (e.g., estimates of the slope in the Sternberg task, or of switching costs
in the task-set switching paradigm) have been largely unsuccessful (Lohman,
1994; Neubauer, 1997; Oberauer, Si, Wilhelm, & Wittmann, 2003). The
finding of a nearly perfect correlation between WMC and the residuals of RTs
from arbitrary mapping therefore provides particularly strong evidence that
WMC is related specifically to whatever sets RT tasks with arbitrary mappings
apart from RT tasks with compatible mappings. In our view, this is the
requirement to establish arbitrary S—R bindings. We want to add, however, that
with larger samples it should be expected that, ceteris paribus, there will be a
statistically unequivocal distinction between the arbitrary RT factor and WMC.

Nonetheless, the correlation of WMC with the general RT factor was sur-
prisingly high. How can we explain this? If we assume that the cognitive sys-
tem deals with compatible S—-R mappings through the associative path
exclusively, we should not expect any correlation between WMC and RTs
from tasks with compatible mappings. The RTs should then depend only on
the strength of the associations between stimuli and responses, and on the
basic speed of information transmission along such associations. The exclu-
sivity assumption, however, is unrealistic. When confronted with a speeded
task, people will most likely mobilise all resources available to them. As long
as their working memory is not completely occupied by other activities, they
will bring its capacity to bear on the task by establishing temporary bindings
between stimuli and responses even when the mapping is compatible. People
then have both the associative and the rule-based path available. We need
only assume that the two paths operate in parallel, and it follows that RTs
will be shorter when using both paths than with just one of them.® Therefore,
using WMC to establish S—-R bindings pays off even when the S—R mapping
is compatible. This implies that people with higher WMC will benefit even
on tasks with compatible mappings: The contribution of the rule-based path to
overall performance is faster for them. Variance in the efficiency of the rule-
based path is only one of two sources of variance that affect RT on compa-
tible tasks, whereas it is the only source of variance for RT on arbitrary tasks.
Therefore, we should expect WMC to be correlated with RTs on compatible
tasks, but to a lesser degree than with RTs on arbitrary tasks. This is exactly
what we found.

3 There are two models to consider here. In one, the outputs of the two paths race against each
other; the one who finishes first determines the response and its time. With two horses in the race, the
average finishing time is shorter than with a single horse. The other model assumes that both paths
continuously contribute evidence to a common accumulator. The combined output of two paths
converging on the same response obviously brings the accumulator to threshold faster than the output
from a single path.
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In a third step, we extended our structural model to integrate fluid and
crystallised intelligence. In line with theories distinguishing two very general
group factors below a higher order general factor (Carroll, 1993) we used a
model with correlated group factors for fluid and crystallised intelligence. Fluid
intelligence was strongly correlated with WMC, replicating previous studies
(Kane et al., 2004; SuB et al., 2002; see also Ackerman, Beier, & Boyle, 2005;
Oberauer, Schulze, Wilhelm, & Siif}, 2005a; see also Cornoldi, 2006 this issue,
for a theoretical discussion). In addition, fluid intelligence was strongly corre-
lated with the arbitrary mapping factor. Although fluid intelligence was also
strongly correlated with the general RT factor the pattern is descriptively similar
to the findings with WMC. The arbitrary mapping factor was more highly
correlated with the WMC factor, the fluid intelligence factor, and the crystal-
lised intelligence factor than the general RT factor. Constraining both factors to
have relations of equal magnitude to the three other factors impaired model fit.
Therefore the arbitrary mapping factor was more strongly correlated with
relevant criteria than the general RT factor. Pending replication, we tentatively
extend our hypothesis to fluid intelligence: Fluid intelligence (in particular
reasoning ability) is strongly correlated with choice RT because they share the
requirement of building and maintaining temporary bindings. In other words:
Bindings are the glue that binds WMC, fluid intelligence, and choice reaction
speed together.

A single study is clearly not sufficient to establish a new explanation of the
nature of the common variance among WMC, choice RT speed, and fluid
intelligence. Our study has several limitations. One is the restricted sample of
tasks to measure the effect of S—R compatibility. Both our tasks involved four
manual responses and both used a spatial dimension as the relevant feature
dimension. Moreover, because we wanted the compatible and the arbitrary task
versions to differ in as little as possible apart from the nature of the S-R
mapping, we used arbitrary mapping tasks in which the relevant stimulus
dimension (i.e., spatial location of the stimuli in the visual task, spatial orien-
tation of the spoken words in the auditory task) overlapped with a response
dimension (i.e., spatial location of the keys). In other words, dimensional
overlap was high in both the compatible and the arbitrary mapping tasks. This
implies that there is an associative mapping from stimuli to responses even in
the tasks with arbitrary mapping, only that the instructed mapping does not
match the preexisting mapping. The tasks with arbitrary mapping therefore
might involve an element of conflict between the rule-based path and the
associative path, and speed on the arbitrary mapping tasks might reflect in part
the ability to overcome this conflict. One question for future research therefore
is whether our results generalise to tasks without dimensional overlap, and hence
without conflict between the rule-based and the associative path. Tasks without
dimensional overlap necessarily involve an arbitrary mapping between stimuli
and responses and therefore should also correlate higher with WMC and
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reasoning than compatible-mapping tasks. Testing this prediction it is important
to distinguish our account from that of Engle et al. (1999), who would predict a
relatively high correlation with WMC for RT tasks involving conflict, and hence
for tasks with dimensional overlap and arbitrary mapping, but not for RT tasks
without dimensional overlap.

Another limitation of our study is the relatively small sample size. One
consequence of this is that all estimates of relations between manifest and latent
variables and between any two latent variables are associated with large standard
errors. Consequently, there are substantial confidence intervals around the path
coefficients. All the reported coefficients are distinct from zero. When two
coefficients are tested against each other, however, or when a model with
constraints on unstandardised loadings is compared to a model without such
constraints, it is important to bear in mind that the power to detect differences
can be very low. Hence, absence of statistically significant differences does not
imply absence of differences in these or similar data. Finally, the results pre-
sented here are without precedence. In order to increase the confidence in the
conclusions a replication and possibly an extension is desirable.

Despite these methodological issues we consider our results very encour-
aging. Bringing together strategies of experimental and correlational research
we were able to shed some light on the question why WMC and reasoning
ability are strongly related to speed in relatively simple RT tasks. The
relationship seems to be particularly strong when the RT task relies on an
arbitrary S—R mapping, supporting our hypothesis that the ability to establish
and maintain temporary bindings is the common denominator of choice RT
tasks, WMC, and reasoning (Oberauer et al., in press).

Our results also bring some substance to the complexity hypothesis regarding
the relationship between RT and intelligence. Several authors have concluded
from their reviews of available evidence that the correlation between speed
measures and intelligence test scores increases as a function of complexity of the
speed task (e.g., Danthiir et al., 2005a; Jensen, 1998), at least up to a point on the
complexity continuum. Complexity in this context is not used as a theoretical
concept—it is simply defined as the mean reaction time in a given speed task or
an experimental condition. There are various factors that affect the mean RT in a
speeded task—some of them might also affect the correlation of RT with
intelligence or WMC, whereas others might not. Experimentally disentangling
these factors and their effect on the RT—intelligence link could help to move the
complexity hypothesis from an empirical generalisation to a theoretically
motivated hypothesis. Our study is a start in that direction. The nature of the
S—R mapping is one particularly powerful factor affecting mean RTs, and hence
the task’s complexity. We have shown that this factor indeed affects the
relationship between RT and WMC, and probably also the relationship between
RT and fluid and crystallised intelligence. So far, this has not been demonstrated
for any other specific factor affecting the complexity of RT tasks. Therefore, we
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believe that our research represents a substantial step toward understanding the
relationship between RT and complex cognitive abilities. It provides an example
for how to unpack the ‘‘complexity’’ of RT tasks by experimentally varying
individual factors that affect mean RTs and investigating how they affect the
correlation of RTs with intelligence and WMC. This research strategy will
certainly help to distinguish between the various explanations for the link
between mental speed and complex cognitive abilities. It might eventually even
help to understand the nature of intelligence.
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