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Abstract
Although the correlation between general cognitive ability (g) and performance on
speeded cognitive tasks is well-established, there is need for a better understanding of how
successive stages of processing contribute to this relationship. Previous research suggests
that g is primarily associated with the rapidity of decision-making rather than perceptual
processing of stimuli; the implication is that g should statistically interact with a
manipulation affecting the difficulty of the decision process, while simultaneously failing to
interact with a perceptual manipulation. We applied Sternberg’s method of additive
factors to test this hypothesis in two reaction-time tasks, each of which systematically
manipulated the demands on perceptual acuity and decision-making. With a total of 773
participants, we found evidence of an interaction between a short-form measure of g and
the decisional—but not perceptual—manipulations. This pattern was found in both
number-comparison (Experiment 1) and tone-comparison (Experiment 2) tasks.
Additionally, diffusion modeling of the Experiment 1 results revealed that the diffusion rate
(v) is associated with g and affected by an informational attribute of the stimulus
(numerical magnitude) but not a perceptual attribute (contrast); the non-decision time
(Ter ) is not associated with g and shows the opposite pattern of selective influence. Taken
together, these findings add to the evidence for a theoretical framework partitioning
reaction time into several processing stages, of which only the decision-making stage is
associated with g.
Keywords: intelligence, reaction time, cognitive ability, g, diffusion modeling,
additive factors
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Parsing information flow in speeded cognitive tasks: The associations of g with
perception and decision time
Introduction
In the laboratory, the correlation between measures of g and reaction time (RT) on
elementary cognitive tasks is typically between –0.2 and –0.4 (Jensen, 2006), with higher-g
individuals also tending towards more accurate and less variable responses (Deary, Der, &
Ford, 2001; Hunt, 2005; Sheppard & Vernon, 2008).
A unified neurophysiological theory that accounts for the g-RT relationship has yet
to achieve consensus, but the development of such a theory would be advanced by
pinpointing the processing stage between initial sensory perception of a stimulus and action
in response to it that is most related to g. Because stages of information processing have
distinct properties and probable mechanisms (Luce, 1986; Pashler, 1998), isolating the
stage where the correlation is most pronounced could help link individual differences to
low-level mechanistic causes (Chabris, 2007; Deary, Penke, & Johnson, 2010).
In the following sections, we will briefly review some of the key concepts and
findings regarding the connection between mental ability and distinct stages of information
processing.
Discrete stages of processing
One approach to a mechanistic interpretation of the g-RT relationship has been to rely on
models that partition RT into discrete processing stages and investigate whether g is
negatively correlated with some of these stages but not others (e.g., Lee & Chabris, 2013).
Models invoking distinct stages may be an approximation of a more complex reality (Song
& Nakayama, 2009), but nevertheless provide a useful starting point (Pashler, 1998;
Roberts & Sternberg, 1993; Sanders, 1998). For example, we can ask whether higher-g
subjects are faster not because they “see” faster or “move” faster, but because they are
faster at what must be done in-between.
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To this end, one of the most successful models partitions RT into a non-decision
residual stage and a stochastic “diffusion” stage where the decision between two choices is
generated (Ratcliff & McKoon, 2008; Ratcliff & Rouder, 1998). During the process of
diffusion, a state variable representing the accumulated weight of evidence undertakes a
continuous random walk between two boundaries that represent each response choice in the
task, and terminates when one of these boundaries is reached. Crucially, it has been shown
that the g-RT relationship is specifically a correlation of g with the rate of the diffusion
process, rather than with the non-decision residual time (Lee & Chabris, 2013; Ratcliff,
Thapar, & McKoon, 2011; Ratcliff, Thapar, & McKoon, 2010; Schmiedek, Oberauer,
Wilhelm, Süß, & Wittmann, 2007; Schmitz & Wilhelm, 2016; van Ravenzwaaij, Brown, &
Wagenmakers, 2011). Some studies have found that g is also associated with the
non-decision time, but the sign of the association in such cases has been inconsistent and
the magnitude weaker (Lerche et al., 2020; Wagenmakers, 2009). It is natural to identify
the diffusion stage with the decision-making or response-selection stage postulated in other
paradigms, such as additive-factor and dual-task experiments, and indeed this has been
been found to be the case (Lee & Chabris, 2013; Sigman & Dehaene, 2005).
The diffusion model turns out to provide a neat explanation of the “worst
performance rule,” which states that the relationship between g and RT is strongest when
participant performance is summarized by their slowest responses (Coyle, 2003; Ratcliff,
Schmiedek, & McKoon, 2008; Schubert, 2019). An intuitive diffusion-model explanation of
this empirical regularity can be obtained by thinking of the decision-making process during
a given trial as a discrete random walk. As a subject’s diffusion rate declines, the
probability of taking a step toward the correct boundary starts to approach 0.5.1 This will
lead to large variability in the duration of the walk; during the worst trials the walk will

1

In the literature on attention and performance, what we call the “diffusion rate” is usually called the

“drift rate” (e.g., Ratcliff & McKoon, 2008). We prefer “diffusion rate” because in other fields the term
“drift” is often applied to the random rather than any directional component of a stochastic process.
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weave between the two boundaries for a long time, the next step often reversing the last.
In contrast, the walk of a subject with a high diffusion rate will step toward the correct
boundary with high probability at each time point and thus not vary much in duration
across trials. All this leads to a large difference between these two subjects in the
respective durations of their longest walks.
Note that under the diffusion model, the worst performance rule is not expected to
hold in all tasks and samples, as individual differences in response caution (boundary
separation) and non-decision time produce variability in RT unrelated to the diffusion rate
during the decision-making stage (Ratcliff et al., 2010; Wagenmakers, 2009). A recent
example may be Dutilh et al. (2017). Variation in other determinants of speed may even
produce a null correlation between g and RT. Such cases, however, seem to be rare. Both
the g-RT negative correlation and the worst performance rule (i.e., an even stronger
negative correlation between g and slower times) are reasonably robust phenomena, and
indeed the ability of diffusion modeling to reveal the advantage of the higher-ability
subjects in exceptional cases is a strength of this approach. These insights are further
supported by neurocognitive investigations of g, which have found that most of the
g-related brain activity occurs following stimulation evaluation but before motor response
(Bazana & Stelmack, 2002; Kok, 2001; Troche, Houlihan, Stelmack, & Rammsayer, 2009),
while those components involved in sensory processing are relatively invariant across
differences in g (Schubert, Hagemann, & Frischkorn, 2017).
Taken together, these associations are consistent with an interpretation of g as
specifically associated with a stage of information processing that occurs after stimulus
presentation but before motor response, when decisions are made.

Task complexity
The moderation of the g-RT correlation by task difficulty is relevant to stage models of
task performance because such a statistical interaction is expected if the stage affected by
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the manipulation of the task is the one specifically associated with g. A greater magnitude
of the g-RT correlation in more difficult task conditions has typically been borne out in
previous research (Hunt, Lunneborg, & Lewis, 1975; Jensen, 1987). When task difficulty is
systematically manipulated, g is found to be more predictive of performance at higher
levels of difficulty; this is observed when performance is measured by mean RT and by
diffusion rate (Schmitz & Wilhelm, 2016). The greater association between g and
performance is often thought to break down at very high levels of task complexity, as then
there may be great variation across trials and subjects in high-level factors such as strategy
and motivation, but one recent study has found that diffusion rate can explain variance in
g even for some extremely complex tasks where one trial may take up to 7 seconds to
complete (Lerche et al., 2020). Furthermore, ERP research finds that the magnitude of the
association between g and P3 latency increases with more demanding task conditions
(Kapanci, Merks, Rammsayer, & Troche, 2019).
Even more explicit support for a stage model of g and RT, however, can come from
finding a way to increase task difficulty that does not slow down lower-g subjects more. We
explain the rationale of this statement below.

The present study
One partitioning approach that has not been employed as extensively in recent work is the
method of additive factors (Sternberg, 1969, 2011). The logic of this method can be
conveyed by analogy to a trip home from work composed of distinct stages: (1) a ride on
the subway from station A near your workplace to station B closer to your house, and (2) a
trip in your car from the parking lot of station B to your house. Now suppose that we have
two “manipulations,” one that affects the first stage exclusively and another that affects
the second in similar fashion. The first might be a slowing of the train’s peak velocity by
10 mph; the second might be roadwork forcing drivers to take an alternative route. If the
first manipulation lengthens your trip by x minutes when imposed by itself and the second

PARSING INFORMATION: RT AND G

7

manipulation similarly lengthens your trip by y minutes, then it is clear that the effect of
both manipulations imposed on the same trip is x + y minutes. But now suppose that we
have a third manipulation that also lengthens the first stage, except by z minutes when
imposed by itself. Now it is clear that the first and third manipulations imposed on the
same trip may not necessarily cause a simple additive delay of x + z minutes. For example,
if both manipulations affect the train’s velocity, then there will be a super-additive
statistical interaction. Imagine the effect of slowing down by 10 mph on the total duration
of your trip when your baseline speed was 70 mph—as opposed to its effect when you have
already slowed down from 70 to 40 mph.
The findings reviewed earlier generally support a unified model of g as specifically
associated with a stage of task performance that can be prolonged by demanding finer
discrimination to reach a decision. There is a gap in the literature, however, in
demonstrating the simultaneous absence of an interaction between g and some experimental
manipulation. This is what is required by the method of additive factors to show that RT
is composed of at least two stages, only one of which is executed more rapidly by higher-g
subjects. This paucity may be attributable to the natural practice of manipulating stimulus
attributes that are relevant to the decision that the individual must make (e.g., which of
two numerals is larger in magnitude). By manipulating an attribute that is incidental to
the main task, it is possible to place the effect of the manipulation at a separate stage of
processing and thereby test the broad theoretical claim that g is more strongly associated
with particular components of information processing. This method has clear advantages in
its relative simplicity and ease of administration, making it a good candidate for collecting
data from a larger sample than is normally possible with neurophysiological approaches.
With a sample of over 700 participants, we employed the logic of additive factors in
which stimuli are systematically manipulated in terms of both content (e.g., numerical
magnitude) and ease of sensory resolution (e.g., contrast with the background). Together
with a short-form measure of cognitive ability, this design enabled us to test simultaneously
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for a significant interaction between g and decision-related task difficulty and for the
absence of such an interaction between g and perceptual difficulty. We additionally applied
diffusion modeling to test the prediction that these manipulations should selectively affect
one component of the diffusion RT decomposition (the perceptual manipulating affecting
non-decision time, the decisional manipulation affecting diffusion rate) and one component
only (Fig. 1).
By testing this hypothesis across two experiments employing visual and auditory
stimuli, respectively, we intended to demonstrate that the stage specificity of the g-RT
association is insensitive to sensory modality and to strengthen a general understanding of
the connection between g and the production of speeded responses.

Experiment 1: Number comparison
Our goal in this study was to employ additive-factors logic to compare the effects of two
manipulations on task performance. Both manipulations were intended to slow down
performance, but only one was intended to achieve this slowdown by varying the difficulty
of discriminating the trial stimulus from other members of the stimulus set. The second
manipulation, by contrast, varied the difficulty of perceiving the stimulus.
The first experimental paradigm focuses on visual processing of numerals displayed
on a computer screen. We chose a number-comparison task from the field of numerical
cognition, where detailed mechanistic models of robust phenomena have already been
proposed (Cohen Kadosh & Dowler, 2015; Dehaene, 2007). In such a task, participants are
given a target digit that is invariant across all trials. In any particular trial, they must
respond via keypress whether the stimulus digit is less than or greater than the digit.
For the perceptual manipulation, we varied the contrast of the numerals against the
background across four levels; lower contrast produces slower responses. This manipulation
was intended to target an early stage of visual processing that should occur temporally
prior to any processing of informational content. That this manipulation would target an
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early stage of visual processing is supported by many lines of converging evidence
(Campbell, Maffei, & Piccolino, 1973; De Valois, Albrecht, & Thorell, 1982; Hubel &
Wiesel, 1968; Sigman & Dehaene, 2005).
For the decisional manipulation, we varied the magnitude of the displayed numeral.
This manipulation has been shown to have robust slowdown effects when the stimulus digit
is numerically closer to the target (Moyer & Landauer, 1967). For example, if the target
digit is 5, mean RT will tend to be slower for stimulus digits 4 and 6 than they are for 1
or 9. This phenomenon is plausibly explained by a mechanistic neuronal code whereby
numerosity is represented by the firing of a population of “numerosity detectors” (Dehaene,
2007). Each of these neurons fires to a certain preferred numerosity, but they will also fire
with less enthusiasm for nearby numerosities. For example, a layer of 5 -detector neurons
may still fire weakly for the stimuli preferred by the 4 - and 6 -detector neurons, but is less
likely to fire for the preferred numerosity of more distant neurons.
Previous research has shown that a stage of processing distinct from initial
perception is affected by the numerical magnitude of the stimulus digit in the
number-comparison task (Corallo, Sackur, Dehaene, & Sigman, 2008; Sigman & Dehaene,
2005, 2008; Sigman & Dehaene, 2006). A framework of information processing in which g
is more strongly associated with this “central” stage predicts that a manipulation targeting
this stage will show a significant interaction with cognitive ability, in that more intelligent
individuals will be less slowed down by more difficult stimuli. This understanding of g also
predicts that the perceptual manipulation—how difficult the numerals are to visually
resolve—will interact with neither cognitive ability nor the central manipulation.

Materials and method
As per the recommendation of Simmons, Nelson & Simonsohn (2012), we report how we
determined our sample size, all data exclusions, all manipulations, and all measures in both
Experiments 1 and 2. Details are available in Supplementary Information Section 1.
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Participants
Participants were recruited through the University of Minnesota undergraduate psychology
recruitment pool. A total of 773 participants (M = 19.7, SD = 1.6; 74.2% female) took
part in the experiment over a 3-year period. We originally intended to recruit 300
participants, a number based on power analyses as follows. Given the typical range of
correlation found between cognitive ability scores and mean RT (−.20 to −.40) (Jensen,
2006), 300 participants would confer power of at least 80% to detect a correlation as small
as r = −.16 with a Type I error rate of .05, and as small as r = −.20 with a Type I error
rate of .01. With an r = −.25 and 300 participants, we would have over 99% power with a
Type I error rate of .05 and 97% power with a Type I error rate of .01. Power analyses for
within-subject ANOVA requires sample parameters that were relatively unknown at the
beginning of data collection. This uncertainty led us to maximize our sample size by taking
advantage of a related project that uses the same tasks designed for the current study in
addition to an online personality questionnaire. As a consequence, our data collection
continued through March 2020 and officially terminated as a consequence of COVID-19
restrictions prohibiting further recruitment for in-person studies, resulting in a net sample
of 773 participants (74.2% female, 24.6% male, 1.2% other/prefer not to say).
Given the well-established finding that speeded task performance begins to decline
in early adulthood (Thompson, Blair, & Henrey, 2014), participants were recruited from
only the 18–24 age range (M = 19.7, SD = 1.6), were comfortable understanding English
instructions (to ensure full understanding of tasks as well as the cognitive assessment
materials), and had normal or corrected-normal vision and hearing (to ensure full
perceptual detection of the stimuli). Participants were recruited through the Psychology
Department at the University of Minnesota Twin Cities, and were offered the choice
between $10 and course credit for completing a session. An additional $5 was offered as
incentive to the higher performer in a randomized, anonymous pair at the end of data
collection to encourage maximal effort at the tasks.
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Written consent was obtained from each participant before beginning the
experiment. Experiments were approved by the University of Minnesota Institutional
Review Board in accordance with the ethical principles of the Belmont Report.

Apparatus and stimuli
Stimulus presentation. Stimuli were administered through the E-Prime 2.0
software (Schneider, Eschman, & Zuccolotto, 2001) running on one of three identical Apple
iMac computers with identical hardware. Visual stimuli were displayed on a 24-inch Apple
monitor (60 Hz refresh rate; 1920 × 1080 pixel resolution), and participants’ responses
were made on a computer keyboard.
For Experiment 1, the stimulus of interest was a single-digit number between 1 and
9 (excluding 5), which appeared at the center of the computer screen following a fixation
cross and a randomized foreperiod delay between 1200 and 1900 milliseconds. Each
displayed digit additionally varied in its visual contrast against an off-white background on
the computer screen. Four levels of contrast were used, ranging from lightest grey
(hexidecimal 215,215,215), light grey (hexidecimal 210,210,210), dark grey (hexidecimal
170,170,170), to darkest grey (hexidecimal 165,165,165). All digits were presented in
72-point Arial font on an off-white background screen (hexidecimal 220,220,220) in
E-Prime 2.0.
ICAR-16 sample test. The cognitive test consisted of a short-form assessment
chosen for its reliability, confirmed loading on g, and relative quickness. We used the
ICAR-16, a 16-item, multiple-choice short form of the full International Cognitive Ability
Resource assessment (https://icar-project.com/), a public-domain assessment tool (Condon
& Revelle, 2014). The ICAR-16 is a reliable, validated assessment tool intended to be
completed quickly. Participants were not given a strict time limit, and all completed it
within 30 minutes. Henceforth we call the ICAR-16 score “IQ.”
Detailed item analysis for the ICAR-16 sample test is presented in Condon &
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Revelle (2014). The sample test consists of 16 items taken from the full 60-item ICAR test,
each of which comprises one of four item types or subtests. These four subtests are
summarized as letter and number sequences (LN), matrix reasoning (MR), 3D rotation
(R3D) and verbal reasoning (VR). These comparisons are shown in Table 1. The observed
decline in reliability in our sample is likely due to restriction of range, as all participants
were university students.
Additionally, we computed split-half reliability, skewness and kurtosis for ICAR-16
scores in our sample. This resulted in a mean split-half correlation of 0.58, mean reliability
of 0.74, and reliability SD of 0.05 across 1000 simulated halves. Skewness of mean scores
was −0.24, indicating slight negative skew, and kurtosis was 2.63, indicating a platykurtic
distribution of the data. For further details of ICAR-16 items and factors, see
Supplementary Information Section 3.1.

Design and procedure
Our number-comparison task is adapted from Moyer & Landauer (1967) and Sigman &
Dehaene (2005). This task requires that participants respond as quickly and accurately as
possible to whether a stimulus digit is less than or greater than an invariant target digit,
which was 5 in our implementation for Experiment 1. Participants were instructed to press
the Q key on the keyboard if the number that appeared onscreen was less than 5, and the
W key if the number is greater than 5. A keypress terminated the trial, prompted brief
feedback (correct or incorrect), and initiated the next trial.
The stimulus digits (1 through 9 excluding 5) were randomized across trials.
Additionally, the four levels of Contrast were also randomized across trials to produce a
total of 16 Distance × Contrast combinations. Participants first completed 30 practice
trials, then 3 blocks of 50 trials, each of which were separated by short breaks. A given
combination of digit and level of Contrast could only appear a maximum of three trials in a
row in order to mitigate the unwanted influence of stimulus repetition (e.g., Kraut &
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Smothergill, 1978).

Analysis
All data were analyzed in R (R Core Team, 2013). ANCOVA was conducted using the aov
and ezANOVA functions of the base Stats (v3.6.2) and EZ (v4.4-0) packages, respectively,
and ηp2 was calculated via the EtaSq function of the DescTools (v0.99.37) package.
Trials were dropped if their times were below 100 ms or more than 5 SDs from that
participant’s mean RT. Trials resulting in an incorrect response were also dropped in
analyses of raw RT. Participants with too few entries per condition were dropped from final
analysis (see Supplementary Information Section 1.1 for details of data-exclusion criteria).
The method of additive factors depends on finding statistical interactions between
experimental manipulations or naturally varying traits associated with a common
information-processing stage (and, conversely, an absence of interactions between
manipulations or traits associated with distinct stages). We tested for the presence or
absence of these interactions in our implementation using IQ as a continuous
between-subjects covariate in ANCOVA. Following the suggestions of reviewers, we also
conducted two alternative analyses: (1) a comparison of slopes in the regression of RT on
IQ at each level of a given manipulation and (2) linear mixed modeling.
Experimental manipulations have been shown to affect the diffusion parameters in
an intelligible manner (e.g., Voss, Rothermund, & Voss, 2004), which means that the
effects of Contrast and Distance on these parameters in our own experiment and their
associations with g may be used to affirm any positive results of our additive-factors
analysis. Although our study design was crafted with the method of additive factors in
mind, diffusion-model parameters were calculated for each participant and for each
condition, in an attempt to provide converging evidence for our overall stage model. The
diffusion parameters are Ter , the duration of the non-decision residual stage that, when
mapped onto other decompositions, theoretically includes both sensory processing and
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motor response; a, the width of separation between decision boundaries, which captures the
participant’s speed-accuracy tradeoff; and v, the rate at which the decision process would
travel from the starting point (a/2) to the correct decision boundary in the absence of
stochastic fluctuations (Ratcliff & McKoon, 2008). Since in our model only the decision
process is associated with g, we treated Ter and v as individual-difference variables,
hypothesizing only the latter to be correlated with g.
We used the EZ method (Wagenmakers, van der Maas, & Grasman, 2007) to
estimate the diffusion parameters for each participant and each Contrast × Distance cell
using the RT moments of mean, variance, and proportion correct. EZ and its closely
related successor, EZ2 (Grasman, Wagenmakers, & van der Maas, 2009), have been shown
to be robust methods of diffusion modeling that do not perform appreciably worse than
various other methods (Dutilh et al., 2019; van Ravenzwaaij & Oberauer, 2009). Due to
the small number of trials per condition, we set the participant’s error rate to .001 in any
condition characterized by perfect performance.
To address the concern that each participant was given too few trials per cell for
accurate diffusion modeling, we also performed an alternative analysis in which the sample
was divided into quintiles on the basis of IQ and the EZ2 method applied to the average
RT moments (mean, variance, error rate) of each quintile. The nonlinearity of the diffusion
model means that the estimates of the diffusion parameters obtained in this way may not
equal the average diffusion parameters of the individuals in the group. Nevertheless, in
studies where fits to averaged data can be compared to the average fits to the data of
individuals, similar results have been obtained (e.g., Ratcliff, Thapar, Gomez, & McKoon,
2004; Ratcliff, Thapar, & McKoon, 2001, 2004).
The chief difficulty with a small number of trials is an inadequate number of errors.
Dividing our sample into quintiles ensured that in the number-comparison task every
Contrast × Distance cell was associated with a nonzero average error rate. To further
alleviate the problem of few trials per cell, we took advantage of EZ2’s capacity to

PARSING INFORMATION: RT AND G

15

constrain parameters across different cells. Specifically, we constrained a quintile’s a
parameter to be equal across cells and fixed the starting point of the diffusion process to
a/2. These are plausible constraints because an individual cannot adjust speed-accuracy
tradeoff in response to properties of the stimulus before its onset or show a response bias in
our symmetrically arranged tasks. We also constrained the v and Ter parameters to depend
linearly on the levels of the experimental manipulations. That is, if i is the level of
Contrast and j the level of Distance (level 1 being the most difficult and level 4 the least),
then the quintile’s v parameter for cell ij was constrained to be
v(i, j) = v0 + vC i + vD j.

(1)

The quintile’s Ter parameter for cell ij was analogously constrained to
Ter (i, j) = T0 + TC i + TD j.

(2)

The intercept can be seen as a measure of individual differences, although we will report
unanticipated results complicating this interpretation. The coefficients with the subscripts
C and D reflect the sensitivity of the parameter to the respective experimental
manipulations. The application of across-cell constraints allows, in essence, all trials
performed by the individuals in the quintile to contribute to the estimation of the diffusion
parameters.
To perform statistical inference, we created 1,000 bootstrap resamples of each task
dataset, each individual being represented by 48 RT moments (mean, variance, and error
rate for each of 16 Contrast × Distance cells). In each bootstrap replicate, the average
moments of each IQ quintile were recalculated and its diffusion parameters re-estimated. If
the resampled subjects in a quintile committed no errors at a given Contrast × Distance
combination, the error rate was set to 0.003 in accordance with the Wagenmakers et al.
(2007) edge correction.
Additional analysis detail, including reliability tests and the application of the EZ
diffusion model, are presented in Supplementary Information Section 4.
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Whenever possible, we computed Bayes factors in support of the null hypothesis for
each effect reported in a table (Jeffreys, 1961). For effects reported from correlations and
regressions, we used the method of Bayesian t-statistic conversion described in Rouder,
Speckman, Sun, Morey & Iverson (2009). For main effects reported from ANOVA designs,
we used the F -statistic conversion described in Rouder, Morey, Speckman & Province
(2012), and for interaction terms in ANCOVA we used Rouder, et al. (2012)’s
generalTestBF method of estimating effects if each term is removed from full model (see
Supplementary Information Section 4.2 for detail). All methods are implemented in the
“BayesFactor” R package. We used the default prior for each reported Bayes factor. For
statements of significance, we use an alpha level of .001 for all analyses; p-values between
.001 and .05 are referred to as “nominally significant” or “suggestive”. In such cases when
we report a p-value in the nominally significant range with a Bayes factor that strongly
supports the null, the most reasonable interpretation is that the evidence does not strongly
support either. All reported p-values should ideally be interpreted in light of their
corresponding upper bound Bayes factor (Benjamin & Berger, 2019).

Results
Of the 773 total participants, 768 had valid data for the number-comparison task. Mean
proportion correct on IQ was 0.62 (SD = 0.20), above the population average but well
within the expected range for a college-student population. Participants spent an average
of 61.6 seconds on each item (SD = 26.4 s) for an average of 16.4 minutes (SD = 7.0
minutes) to complete the test. Interestingly, mean proportion correct correlated with time
taken at r = .45 (p < .001), such that each additional item correct was associated with
spending about 60 seconds longer to complete the test.
Participant reaction times were reliable both within manipulation levels and across
levels of both conditions (see Supplementary Information Section 3.2).
To calculate simple correlations between IQ and the RT moments, each
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participant’s mean moments were calculated by first collapsing the two easiest and two
hardest levels of both Contrast and Distance, and then averaging the moments of these
collapsed conditions. This was done to minimize the effects of differential error rate (and
therefore number of valid accurate trials) across levels on intra-individual variability. The
sample average of mean RT across all conditions of the number-comparison task was 0.535
s (SD = 0.07 s); mean accuracy rate was 97.95%.
As predicted, higher-g individuals were both faster and less variable at the
number-comparison task. The correlation between overall RT (across all conditions) and
IQ was r = −.323 (p < .001), well within the predicted range of –.20 to –.40 (Jensen, 2006)
for similar paradigms. Proportion correct did not correlate significantly with IQ (r = .036,
p = .323); intra-individual variance correlated modestly with IQ at r = −.108 (p = .003).

Effects of experimental manipulations
Repeated-measures ANOVA revealed a strong main effect of Distance (F3,2301 = 1, 303.68,
p < .001), a strong main effect of Contrast (F3,2301 = 613.13, p < .001), and suggestive
evidence of an interaction effect between Contrast and Distance (F9,6894 = 2.44, p = .011).
Means and standard deviations of RT and proportion correct across levels of difficulty are
shown in Table 2.
We tested our core hypothesis that IQ interacts with the Distance, but not
Contrast, manipulation through ANCOVA, a comparison of regression slopes, and linear
mixed-modeling.
ANCOVA. Given large main effects of both manipulations, is there any evidence
of g statistically interacting with one rather than the other? We examined this question by
testing for an interaction of IQ with both manipulations and by determining how the slope
in the regression of RT on IQ varies (or not) with the level of a given manipulation.
With cognitive ability as a continuous between-subjects covariate, we tested for its
interaction with within-subjects factors of both Distance and Contrast. This resulted in a
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significant interaction between IQ and Distance (F3,2298 = 12.17, p < .001), but not
between IQ and Contrast (F3,2298 = 1.79, p = .150); in other words, higher-g individuals are
less slowed down by the more difficult levels of Distance, but are slowed down just as much
as lower-g individuals by the more difficult levels of Contrast. Effect sizes for ANCOVA
terms are given in the form of partial eta-squared (ηp2 ), the ratio of variance associated with
each effect (plus that effect and its associated error variance). ANCOVA effects and
associated statistics are shown in Table 3.
The Bayes factors for each interaction are overwhelmingly consistent with all of our
predictions. A null interaction between the manipulations is favored by nearly 5 thousand
to one. The interactions of the manipulations with IQ (shown in bold in Table 3) are also
as predicted. When the manipulation is Distance, it is now the alternative hypothesis that
is favored, by over 3 million to one. When the manipulation is Contrast, support for the
null is more than 400 to 1.
Comparison of regression slopes. One useful way to visualize the effect of a
continuous covariate across levels of difficulty manipulations is through the visual
inspection of regression slopes. The implication of a significant interaction between
cognitive ability and the Distance manipulation in ANCOVA is that the magnitude of the
slope in the regression of RT on IQ should monotonically increase as Distance becomes
more difficult. Indeed, this is what we found. When IQ is standardized across the sample,
unstandardized beta coefficients (SE) are –0.030 (0.002), –0.026 (0.002), –0.024 (0.002),
and –0.023 (0.001) for the hardest, hard, easy, and easiest Distance conditions, respectively.
The steeper slopes at the higher levels of difficulty indicate that cognitive ability confers
more of an advantage on the speed of response the more difficult the condition. In other
words, every standard deviation increase in ICAR-16 score is associated with a mean RT
that is 30 milliseconds faster at the most difficult level of Distance, but only 23
milliseconds faster at the easiest level. The change of slope over the Contrast manipulation
shows little evidence for monotonic increase (Figure 2; lefthand panel).
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Linear-mixed modeling. We conducted linear-mixed modeling (LMM) as a
supplement to ANCOVA to evaluate interactions in nested data with fixed and random
effects. We conducted LMM with the lmer function of R’s ‘lme4’ package over number
comparison data by specifying fixed effects of distance and perceptual difficulty with IQ as
a continuous between-subjects covariate. Additionally, we specified block (1, 2 or 3) and
stimulus digit (1–4 and 5–9) as random effects. This revealed a similar pattern of results as
those obtained through ANCOVA (Table 4).
LMM produces a similar pattern of effects as obtained through ANCOVA.
Extracting the random variation due to block and digit produces similarly-sized main
effects of Contrast and Distance, and no convincing evidence of any higher-order
interactions. The interactions of interest, the terms of each manipulation with IQ, are
similar to the ANCOVA interactions. The strong evidence for an IQ × Distance interaction
is as expected (p < .001). Although LMM produces very weak evidence of an IQ ×
Contrast manipulation (p = .019), given its associated Bayes factor (favoring a null
interaction by over 4 thousand to one) and the overall similarity in effects to ANCOVA,
this is unlikely to reflect a meaningful pattern in the data.

Diffusion modeling
We computed diffusion-model parameters using two methods. First, a straightforward
application of EZ diffusion equations to each participant’s data provided diffusion rate (v)
and non-decision time (Ter ) at the individual level. However, the validity of these
parameter estimates is questionable due to the low number of trials and very low error rate
for each condition. We therefore also aggregated the data into quintiles based on IQ and
applied the EZ2 method to each quintile.
EZ diffusion: Individual-level analysis. Diffusion-model parameters were
calculated for each participant and for each condition. As with intra-individual variability,
population diffusion parameters were calculated by aggregating distance and contrast
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manipulations into two collapsed levels of each. As expected, diffusion rate v correlated
significantly with IQ across all conditions at r = .292 (p < .001); higher-g individuals are
substantially faster at reaching the correct decision boundary. Non-decision residual time,
Ter , correlated modestly with ICAR-16 score (r = −.076, p = .036). However, we have
found that estimates of non-decision time are strongly affected by the choice of edge
correction; the necessarily somewhat arbitrary choice of edge correction limits the
interpretation of the IQ-Ter correlation at the individual level.
Rate of diffusion also differed substantially and monotonically across the four levels
of the Distance manipulation, with a mean rate of diffusion of v = 0.368 (SD = 0.130) for
the hardest condition and v = 0.520 (SD = 0.149) for the easiest condition. Diffusion rate
was close to invariant across levels of the Contrast manipulation, with v between 0.441 and
0.454 (SD between 0.147 and 0.153) across all four difficulty levels. Interestingly, we
observed an almost opposite pattern for non-decision time (Ter ), with a nearly monotonic
increase across levels of Contrast but a lack of such clear pattern over levels of Distance
(Table 2).
Mean (95% CI) diffusion rate and non-decision time over levels of Distance and
Contrast are compared in Figure 3.
These mean differences were confirmed with repeated-measures ANOVA over the
four levels of difficulty for both v and Ter , revealing a large main effect of Distance on
diffusion rate (F3,2301 = 1, 055.19, p < .001) and a moderate effect of Contrast
(F3,2301 = 6.07, p < .001), which corresponds to a ηp2 of .579 (generalized η 2 = .173) for
Distance and a ηp2 of .008 (generalized η 2 = .001) for Contrast on diffusion rate. At the
same time, the effect of difficulty level on non-decision time, Ter , is represented by an
F -value of 213.87 (p < .001) over levels of Contrast and an F -value of 62.24 (p < .001) for
Distance, with Contrast associated with a ηp2 of .218 (generalized η 2 = .040) for Ter and
Distance associated with a ηp2 of .320 (generalized η 2 = .012). This is a clear indicator that
the level of difficulty is much more powerfully influencing the rate of evidence accumulation
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over levels of Distance than for levels of Contrast, consistent with our main hypothesis that
central processing occurs in a separate stage from sensory processing.
EZ2 diffusion: Quintile-level analysis. If anything, the quintile-level analysis
supported our hypotheses even more impressively (Table 5).
We unexpectedly found that the effect of Distance on diffusion rate seems to
increase with IQ. It will be interesting see to whether this relationship between diffusion
rate and IQ generalizes to number-comparison tasks using a wider numerical range of
stimuli. In any event, because of this relationship, the intercept in Equation 1 is not an
appropriate measure of individual differences because to fit the actual data points the
intercepts of different quintiles may have to cross over and no longer reflect the order of
diffusion rates obtaining over actual levels of difficulty. We therefore used v0 + vD as our
measure of individual differences because this corresponds to an actual diffusion rate—that
of the easiest level of Distance. As can be seen in Table 6, this measure increased with IQ
quintile (p < .01). The Bayes factor did not strongly support the alternative, but it must
be recalled that the use of quintiles leads to a loss of statistical power with respect to
individual differences.
If vD increases with IQ, then its value in the lowest IQ quintile is a conservative
measure of how strongly Distance affects the diffusion rate. This value was significantly
different from zero (p < .001). The Bayes factor overwhelmingly favored the alternative.
vC did not seem to vary substantially across quintiles, and its average was not
significantly different from zero. The Bayes factor of more than twenty to one indicated
strong support for the null.
Neither TD nor TC seemed to vary with IQ, leaving T0 an acceptable measure of
individual differences in non-decision time. T0 showed no association with IQ, and the
Bayes factor of more than twenty to one indicated strong support for the null.
We estimated TD to be a remarkably small 3 milliseconds. We had great statistical
power to detect an effect of the experimental manipulation, and the Bayes factor of nearly
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five to one provided only modest support for the null. Nevertheless we can be quite
confident that any effect of Distance on non-decision time, however significant in a large
enough sample, is quite small. In contrast, TC was very significantly different from zero
(p < .001) with a Bayes factor overwhelmingly favoring the alternative.
In summary, our quintile-level analysis provided strong support for a model where g
is associated with a processing stage selectively influenced by Distance and not at all
associated with a processing stage selectively influenced by Contrast.
Discussion
Findings across Experiment 1 supported the predictions of our core hypothesis. The strong
main effects of both Contrast and Distance difficulty manipulations on mean reaction
times, a significant interaction between cognitive ability and the Distance manipulation,
along with the simultaneous absence of evidence for an interaction between cognitive
ability and the Contrast manipulation, are all consistent with general intelligence being
associated with the processing of numerical quantity rather than of numeral form. This
conclusion is supported by a similar pattern of results for linear mixed modeling, as well as
an observed monotonic increase in the association between IQ and RT over levels of
difficulty for the Distance but not the Contrast manipulations. Regardless of its
application to individuals or quintiles, the diffusion model further supports our main
hypothesis, with Distance showing a much stronger effect than Contrast on diffusion rate
(a correlate of g) and the two manipulations showing the opposite pattern of effects on
non-decision time (a parameter not strongly correlated with g).
Experiment 2: Tone comparison
Tasks of frequency comparison are commonly employed in studies of cognitive ability, and
greater accuracy and speed at distinguishing tones of differing frequency have been found a
correlate of g on an order similar to sensory discrimination tasks in general (Deary, 1994,
2000). Many of the paradigmatic features of individual differences studies of sensory
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discrimination tasks, such as the use of masking techniques and inspection time, reveal
similarities in the role of g in tasks of visual and auditory discrimination (Raz &
Willerman, 1984; Raz, Willerman, Ingmundson, & Hanlon, 1983). For example, research
into the distributional features of P300 amplitude or latency as correlates of g have been
demonstrated for the frequency discrimination of tones (Bazana & Stelmack, 2002; Troche
et al., 2009).
Within the past decade, researchers have also begun applying visual perception
tasks to their conceptual auditory equivalents in order to investigate the diffusion modeling
of pitch discrimination of tones. For example, Mulder et al. (2013) developed an auditory
version of the traditional random-dot motion paradigm, in which differences in pitch
correspond to motion and tones correspond to dots. By administering both the visual
version of the task and their auditory version to participants, the authors were able to
compare the fit of a full drift diffusion model and compare across tasks. They found large
correspondence in speed-accuracy tradeoffs for both visual and auditory versions of the
task, with some evidence that diffusion rates were generally larger for the tone modification.
Experiment 2 makes use of tone frequency differences to conceptually mirror a
variant of Sigman and Dehaene’s number-comparison task (Sigman & Dehaene, 2005). In
investigations of dual-task and psychological refractory period phenomena, Sigman &
Dehaene (2006) and Sigman & Dehaene (2008) have developed an analogous version of this
task that makes use of “high frequency” tones of 880 Hz and “low frequency” tones of 440
Hz to roughly analogize number comparison to tone discrimination. Although
simultaneously varying the loudness of tones has not been employed as extensively in the
literature, we apply four variations of tone amplitude to vary a perceptual quality that is
ancillary to the main task of pitch comparison. In sum, the relevant literature suggests
that a conceptual application of the number comparison task to auditory stimuli is useful
for investigating individual differences as well as task-related differences in sensory and
information processing.
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Materials and method
Participants
Experiment 2 was administered to the same sample of psychology undergraduates at the
University of Minnesota as detailed for Experiment 1. Due to occasional software failure
unique to administration of auditory stimuli, we retained valid data from 758 participants
for Experiment 2. For a detailed explanation of participant selection and data filtering
criteria, refer to Supplementary Information Section 1.
Apparatus and stimuli
Stimulus presentation. Stimuli were administered through the E-Prime 2.0
software (Schneider et al., 2001) running on one of three identical Apple iMac computers
with identical hardware. Visual stimuli were displayed on a 24-inch Apple monitor (60 Hz
refresh rate; 1920 × 1080 pixel resolution), and participants’ responses were made on a
computer keyboard.
The auditory stimuli task manipulates auditory perception by using tones that vary
in both pitch and loudness as stimuli that are intended to be roughly analogous to the
numerical quantity and contrast of the number task. To administer tones, we used
AmazonBasics lightweight on-ear headphones (maximum input levels of 101 decibels (dB)
at 1000mW, with frequency range of 12 Hz–22,000 Hz). Participants are instructed to
watch a fixation cross on the screen in anticipation of two tones that are presented
sequentially to the participant through the set of headphones connected to the computer.
The first tone is the target, which is positioned at the center of the distribution of stimulus
frequencies (660 Hz) and at the center of the loudness distribution, roughly analogous to a
normal speaking volume (50 dB). The second tone is the stimulus, which can be any
combination of frequency and loudness from the set of 16 options, excepting the target
frequency of 660 Hz. Stimulus tones are presented in frequencies 440 Hz, 495 Hz, 550 Hz
and 605 Hz below the target frequency, and at 715 Hz, 770 Hz, 825 Hz and 880 Hz above
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the target frequency.
Before beginning practice trials for Experiment 2, participants must listen to each
possible tone—that is, each combination of loudness and pitch—and must confirm to the
experimenter that they are able to hear all tones before proceeding. If the participant
reports an inability to discern some of these tones, the experimenter will increase the global
computer volume by increments of 1 until all tones are discernible to the participant. This
was done to help mitigate the unwanted influence of auditory attentional distraction that
may have come from sources outside of the lab, an issue not comparable for the visual
attention required in Experiment 1. Since absolute volume of the tones may vary
depending on this adjustment, the loudness of tones is expressed in amplitude. Stimulus
tones are presented at four levels of Loudness which correspond to amplitudes of 0.02, 0.06,
0.20, and 0.30.
Experimenters were instructed to make a note for each participant who requested a
volume adjustment. At the conclusion of data collection, a total of 35 participants out of
756 with valid data requested this change. We compared the distributional characteristics
of these participants with Welch’s t-test to ascertain whether they would warrant
exclusion. There was no significant evidence that these individuals differed from the main
sample in mean RT (t(40) = −0.43; p = .670), in percent correct (t(40) = 0.13; p = .900),
in ICAR-16 score (t(38) = −0.57; p = .573), or in intra-individual trial variance (t(551) =
1.52; p = .129). These participants were not excluded from data analysis on this basis.

Design and procedure
The structure and design of Experiment 2 is similar to the number-comparison task.
Following a randomized foreperiod delay between 1200 and 1900 ms, two tones are
presented sequentially to the participant through the set of headphones connected to the
computer. The first tone is the target, which is positioned at the center of the distribution
of stimulus frequencies (660 Hz) and at normal speaking volume (50 dB). The second tone
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is the stimulus, which can be any combination of frequency and loudness from the set of 16
options, excepting the target frequency of 660 Hz. The participant is instructed to respond
as quickly and accurately as possible by pressing the “Q” key on the keyboard if the second
tone is higher in pitch than the target tone, and the “W” key if the stimulus tone is lower
in pitch. A keypress terminates the trial and initiates brief feedback (correct or incorrect)
before continuing to the next trial.
As with the visual stimuli of Experiment 1, eight total stimulus frequencies were
used, four above and four below the target frequency; in this condition “distance” is coded
as distance from the target frequency for four levels of “distance” and a total of 16 different
conditions per participant. The four levels of both loudness and frequency distance are
randomized and counterbalanced across trials, which, after data filtering (Supplementary
Information Section 1.1), produced a roughly equal number of all possible combinations of
each frequency distance and loudness for each participant. Each stimulus frequency and
loudness level can appear a maximum of three trials in a row. Participants first complete
30 practice trials, then 3 blocks of 50 trials each which are separated by short breaks.
Analysis
All analyses for Experiment 2 were conducted in R, and methods of ANCOVA and EZ
diffusion modeling were performed identically to those detailed for Experiment 1.
Additional analysis detail, including reliability tests and the application of the EZ diffusion
model, are presented in Supplementary Information Section 4.
Results
As with Experiment 1, population statistics for reaction time parameters were calculated
by collapsing the two lowest and two highest levels of both loudness and frequency distance
manipulations, and then aggregating the means of these collapsed conditions. This was
done so that intra-individual variability is not inflated by the different means of the
conditions, while ensuring each cell includes enough correct trials that aggregates are
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robust against different error rates of the conditions. Mean reaction time for correct trials
across all conditions of the tone comparison task was 0.602 s (SD = 0.187 s); mean
intra-individual variability was 0.068 s (SD = 0.376 s). Individual reaction time trials were
removed if they were faster than 0.100 s or slower than 5 SDs above that individual’s mean
(indicating distraction on that trial). Mean accuracy rate was substantially lower than that
for the number-comparison task, at 93.3% (SD = 6.25%) across all conditions, and ranged
from worse than chance (45.6%) to perfect accuracy.
As predicted, higher-g individuals were both faster and less variable at the tone
comparison task. The correlation between overall reaction time (across all conditions) and
ICAR-16 score was r = −.257 (p < .001), well within the predicted range of –.20 to –.40
(Jensen, 2006) for similar ECT paradigms. In this case, proportion correct also correlated
significantly with ICAR-16 score (r = .307, p < .001); intra-individual variance correlated
modestly with ICAR-16 score at r = −.125 (p = .001).

Effects of experimental manipulations
The main effect of the frequency Distance manipulation was similarly strong to its
comparable quality of numerical distance from Experiment 1; the main effect of the
Loudness manipulation was significant but smaller than its comparable “Contrast”.
“Distance” is considered here to be the increment in frequency distance of the target tone
from the stimulus tone; e.g., a stimulus tone of one increment both above and below the
target frequency would have a distance of 1. Repeated-measures ANOVA revealed a main
effect of F3,2265 = 611.57 (p < .001) over the four levels of frequency Distance, and a main
effect of F3,2265 = 42.15 (p < .001) over the four levels of Loudness. Additionally, we found
moderate evidence of an interaction between the Loudness and the frequency Distance
manipulations (F9,6795 = 2.88, p = .007). These effects and their associated statistics are
summarized in Table 8.
As in Experiment 1, we conduct tests of our main hypothesis via ANCOVA,
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comparison of regression coefficients, and linear-mixed modeling with associated Bayes
factors in support of the null.
ANCOVA. We tested for the presence of an interaction between IQ and difficulty
levels of both manipulations. We found weak evidence of suggestive significance for an
interaction between IQ and the “frequency distance” manipulation (F3,2262 = 3.52,
p = .039), and no evidence of an interaction with the Loudness manipulation
(F3,2262 = 0.84, p = .462). Additionally, we found no significant evidence for a three-way
interaction between manipulations and IQ (F9,6786 = 1.65, p = .124). By modeling the
associated Bayes factor when each term is removed, we found consistent evidence for a null
effect of Loudness × IQ with a Bayes factor of nearly 1,500 supporting the null, and
modest evidence against the null with Distance × IQ (BF01 = .14).
It is worth noting that the lower variance in RT achieved by the Loudness
manipulation, which results in a comparatively weak main effect of Loudness, limits the
interpretability of its lack of interaction with IQ. This is consistent with evidence for lower
reliability in effects across Loudness than for Distance (see Supplementary Information
Section 3.2.2).
Comparison of regression slopes. As in the number comparison task, we can
compare regression slopes for the effect of RT on cognitive ability over each level of
difficulty in both manipulations. We see a similar although weaker pattern of monotonic
increase for the frequency distance manipulation to that observed for numerical distance in
the number comparison task. For the frequency Distance manipulation, unstandardized
beta coefficients (SE) for standardized IQ score are –0.052 (0.005), –0.046 (0.004), –0.044
(0.003), and –0.041 (0.003) for the hardest, hard, easy, and easiest conditions, respectively.
The steeper slopes at the higher levels of difficulty indicate that cognitive ability confers
more of an advantage on the speed of response the more difficult the condition, such that a
standard deviation increase in ICAR-16 score is associated with a mean RT that is 52
milliseconds faster at the most difficult level of Distance, but only 41 milliseconds faster at
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the easiest level. The Loudness manipulation shows little evidence for a similar pattern,
with beta coefficients (SE) of –0.047 (0.004), –0.044 (0.004), –0.046 (0.004), –0.046 (0.004)
across the hardest, hard, easy, and easiest conditions, respectively (Figure 2; righthand
panel).
Linear-mixed modeling. Linear mixed modeling, in which we control for
additional random effects of block number and stimulus digit, is largely consistent with
ANCOVA results (Table 9). Block (1, 2 or 3) and frequency (analogous to stimulus digits
1–4 and 6–9 in Experiment 1) are specified as random effects terms.
This revealed a similar but stronger pattern of results than those obtained through
ANCOVA (Table 8). Although the main effect of the Loudness manipulation is reduced to
an F -ratio of only 8.48, the alternative hypothesis is nevertheless favored by a Bayes factor
of over six thousand to one. Our hypotheses are well supported by an IQ × Distance
interaction (alternative favored by over four thousand to one) and the lack of evidence for
an IQ × Loudness interaction (null is favored by nearly 30 thousand to one).
Diffusion modeling
As in the number comparison task, we computed diffusion model parameters by both
applying EZ diffusion equations to each participant’s data to provide diffusion rate (v) and
non-decision time (Ter ) as individual differences measures, and by applying EZ2 over IQ
quintiles which allows for the use of aggregated error rates.
EZ diffusion: Individual-level analysis. Diffusion model parameters were
calculated for each participant and for each condition. As with intra-individual variability,
population diffusion parameters were calculated by aggregating distance and contrast
manipulations into two collapsed levels of each. As expected, diffusion rate v correlated
significantly with IQ across all conditions at r = .349 (p < .001); higher-g individuals are
substantially faster at reaching the correct decision boundary. Non-decision residual time,
Ter , did not correlate significantly with ICAR-16 score (r = −.034, p = .351; Table 8).
As in the number comparison task, rate of diffusion differed substantially and
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monotonically across the four levels of the Distance manipulation, with a mean rate of
diffusion of v = .007 for the hardest condition, v = .010 for the hard condition, v = .012 for
the easy condition and v = .014 for the easiest condition. Diffusion rate was close to
invariant across levels of the Loudness manipulation, at v = .010, v = .011, v = .011, and
v = .011 across the hardest, hard, easy and easiest levels, respectively, of the Loudness
comparison. Mean (95 % CI) diffusion rate and non-decision time over levels of Distance
and Loudness are compared in Figure 4.
As with the number task, these mean differences are confirmed with repeated
measures ANOVA over the four levels of difficulty for both v and Ter , revealing a strong
main effect of Distance on diffusion rate (F3,2262 = 1, 908.38, p < .001) and a strong but
smaller effect of Loudness (F3,2262 = 60.47, p < .001), which corresponds to a ηp2 of .717
(generalized η 2 = .276) for Distance and a ηp2 of .074 (generalized η 2 = .009) for Loudness
on diffusion rate. At the same time, the effect of difficulty level on non-decision time, Ter ,
is represented by an F -value of 18.69 (p < .001) over levels of Loudness and an F -value of
173.20 (p < .001) for Distance, with Loudness associated with a ηp2 of .024 (generalized η 2
= .004) for Ter and Distance associated with a ηp2 of .187 (generalized η 2 = .024). The
finding that Ter is affected more strongly over Distance than for Loudness represents
somewhat of a departure from the comparable analysis in the number task; however, it is
clear from Figure 4 that this effect is due primarily to the large effect on Ter in the hardest
level of Distance difficulty. Though the effect on Ter is less pronounced over Loudness than
for Contrast in the number task, it is nevertheless clear that the effect is monotonic over
levels of Loudness with a more equivocal pattern over Distance.
EZ2 diffusion: Quintile-level analysis. EZ2 diffusion parameters were
calculated for the tone comparison task following the steps outlined for Experiment 1. In
aggregating error rates over IQ quintiles and applying across-cell constraints, we can make
inferences from diffusion modeling that are less affected by the unreliability that may be
introduced by small numbers of trials per condition.
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The pattern of diffusion rate (v) and non-decision time (T ) over IQ quintiles is more
equivocal for the tone task than the number task. Although diffusion rate over levels of
Distance (vD ) shows the expected pattern, there is also evidence that Loudness affects
diffusion rate weakly, rather than non-decision time (Table 10).
This departure from the number task is further evidence by the significant average
diffusion rate over IQ quintile for Loudness (vL ), as well as the lack of evidence for an effect
of the average non-decision time over quintiles for Loudness (TL ). Together, modeling
diffusion parameters over IQ quintile appears to support a weak role of Loudness levels as
well as a stronger role of Distance levels on diffusion rate (Table 11). The implications of
this finding are further explored in the General Discussion.

Discussion
Although the overall pattern of effects is weaker than for Experiment 1, we nevertheless see
a similar pattern of effects and non-effects in the tone comparison task. ANCOVA, a
comparison of RT × IQ slopes over manipulations, and linear-mixed modeling all indicate
a frequency Distance × IQ interaction while failing to support a similar interaction for
Loudness. However, due to the unanticipated weak effect of Loudness relative to the strong
effect of Distance, we caution interpretation of its lack of interaction with IQ as valid.
Additionally, estimation of diffusion modeling parameters offers equivocal support for our
main hypothesis. Although diffusion rate, a correlate of g, shows a strong monotonic
increase over levels of Distance with less evidence for monotonic change over levels of
Loudness, non-decision time shows evidence of its being affected by both Distance and
Loudness manipulations. The reason for this is not clear, but it is plausible that accurately
comparing tones of differing frequency and loudness requires a more complex combination
of g and perceptual ability than its analogues in the number task. Applying EZ2 diffusion
parameters over IQ quintiles leads to a similar pattern of equivocal effects of IQ on
non-decision time over levels of both Distance and Loudness.
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General Discussion
Through a number of different analytical approaches, we have demonstrated that the
stream of information processing is susceptible to decomposition where one or more stages
are not in fact correlated with g. By applying the method of additive factors, we have
found selective influence in a manipulation that appears to substantially affect
participants’ reaction time but does not interact with g. General intelligence, as measured
by a short-from test of cognitive ability that is associated with overall reaction time within
the range of the predicted magnitude, is correlated with the speed of a stage affected by a
stimulus feature that increases the difficulty of the discrimination called for by the task,
but not with a stage affected by an incidental stimulus feature that varies the difficulty of
stimulus perception.
Comparison of results across levels of difficulty for decision and perception stages of
processing indicate a clear pattern that invokes g as being specifically correlated with
central processing rather than the processing of sensory features incidental to the main
task, such as the loudness of a tone or the visual contrast of a symbol. With the
acknowledgements of the caveats present in Experiment 2, both experiments produce a
similar pattern of results across the various manipulations (for an exploration of both tasks
analyzed together, see Supplementary Information Section 5). Together, they suggest that
the relationship between g and the flow of information is similar in basic attention and
performance regardless of the sensory modality. The feature common to both sensory
paradigms may be that they both involve the capacity to evaluate abstract quantities
against one another.
Despite this consistent pattern of similarities in effects and significance testing
through a variety of analyses, we acknowledge a number of considerations that should be
addressed in future studies. The sample of participants, though large by historical
standards of the study of reaction time, is restricted to college students and is
overrepresented by female participants. The college participant selection pool may further
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limit generalizability due to range restriction of the ICAR-16 sample test; our sample’s
mean proportion correct (.62) was higher and its standard deviation (.20) lower than those
reported (M = .50, SD = .46) from the larger, more population-representative sample
studied by its creators (Condon & Revelle, 2014). Additionally, participant performance on
this test of IQ is suggestive of the complex relationship between cognitive ability and
speed-accuracy tradeoffs: Although g is clearly fundamentally related to faster reaction
times on elementary cognitive tasks, proportion correct on the ICAR-16 correlated
positively with time taken to complete it (r = .45, p < .001). Complex cognition might
consist of chains of simpler operations, each of which boils down to a simple decision. A
greater reliability of each single decision might lead to the chain being more likely to
produce a correct output (Sackur & Dehaene, 2009).
The paradigms themselves were also limited by time constraints that reduced
available trials for each of the relevant conditions, when more trials per condition likely
would have reduced unwanted inter-trial variance. Few trials per condition, together with
low error rates particularly in the number task, additionally limits the strength of
comparisons that rely on the comparison of diffusion model parameters across levels of
difficulty. Furthermore, it is important to acknowledge the limitations and assumptions
inherent in an additive factor model of information processing. For example, the
assumption that each additive stage of processing is uniquely affected only by its own
source of variance can produce inconsistencies under certain paradigmatic approaches, such
as the use of a difference score as an individual difference variable (e.g., Rey-Mermet,
Gade, Souza, von Bastian, & Oberauer, 2019). It is unlikely that models invoking distinct
processing stages would map perfectly onto the reality of cognitive architecture (Song &
Nakayama, 2009). Indeed, a larger sample of trials and participants in our study may have
eventually revealed a smaller significant interaction between IQ and the contrast/loudness
manipulations, which in some cases may be suggested by the data (see Table 8). That g’s
salience in different stages of processing exists on a continuum, rather than in uniquely
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separable discrete phases, would be consistent with a modern understanding of the human
brain as a flexible but partially modular organ (Bertolero, Yeo, & D’Esposito, 2015).
This proposed gradation between perceptual and decisional discrimination may be
especially evidenced by the pattern of results observed for the tone task. Although the
interaction between frequency distance and IQ was significant at the p < .001 level, the
interaction between frequency distance and loudness manipulations was additionally small
but suggestive (p = .007). This pattern is further reflected in diffusion modeling of the tone
task, wherein diffusion rate was affected by levels of distance as well as levels of loudness.
Together, these results suggest that the perceptual and decisional distinctions were not as
clear-cut as they appeared to be in the number task, giving rise to an intuitive “fuzzy”
processing stage that requires both perceptual and decisional discrimination. This pattern
of results in the tone task may also be plausibly explained by a fundamental difference in
how the brain processes auditory stimuli at different combinations of loudness and
frequency. Future research on g’s differential role in the processing stages of auditory
stimuli would be useful to better clarify the distinctiveness of these stages.
Nevertheless, these flaws and limitations form the basis of our rationale for
conducting multiple analyses, which have produced largely converging lines of evidence.
Whereas the strongest applications of diffusion modeling require a large number of trials
with high rates of error across conditions, additive factors does not. Through the
application of distributional features of reaction time to a diffusion model, we demonstrate
consistency with the additive-factors results: The rate of diffusion correlates substantially
with cognitive ability, while non-decision time does not; additionally, the rate of diffusion
varies substantially over the levels of difficulty for the stimulus feature that manipulates
the “decision”, but not the sensory, component of the task.
Previous findings, which make use of the “psychological refractory period” (PRP) to
demonstrate that limitations in response selection will lengthen reaction times, are also
consistent with our results and add to the theoretical picture. Lee & Chabris (2013), for
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example, have shown that participants can visually parse two numerals presented in rapid
sequence, but can only compare their magnitude to a target numeral in serial fashion—and
that the length of this second stage, but not the first, is dependent on g. In other words,
the stage associated with g begins after some preliminary (i.e., perceptual) processing has
already been done. The fact that the g-associated stage is serial is perhaps suggestive of
the stochastic decision process engaging a global brain network rather than a small
portion. However, other researchers have not found this association with the PRP and
mental ability (e.g., Troche, Indermühle, Leuthold, & Rammsayer, 2015), and this
interpretation remains an open question.
A previously proposed hypothesis is that the mechanism of the g-RT relationship
represents global nerve-conduction speed in the brain (e.g., Reed & Jensen, 1991). Indeed,
more recent studies have validated a watershed model of processing speed and g, whereby
white matter contributes to working memory and processing speed, which in turn
contributes to fluid intelligence (Fuhrmann, Simpson-Kent, Bathelt, The Calm Team, &
Kievit, 2020; Kievit et al., 2016; Penke et al., 2012). However, if this were the full picture
of nerve-conduction speed and g, we would expect to see that g is correlated equally with
all stages of processing rather than being chiefly represented in one stage. That the g-RT
relationship may not represent global nerve-conduction speed is consistent with recent
findings from a large genome-wide association study (GWAS) of educational attainment,
an effective proxy phenotype of cognitive ability. With over 1.1 million genotyped
participants, Lee et al. (2018) discovered over 1,200 novel genetic variants linked to
variation in educational outcome, many of which enrich gene sets defined by brain
development and function. It was perhaps surprising that gene sets defined by myelination
or expression in oligodendrocytes was conspicuously absent from these results. After all,
myelination renders the action potential saltatory and thereby increases its velocity along
the axon by an order of magnitude. One might have thought that the precise speed which
which an action potential travels from the axon initial segment to the boutons should have
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some impact on information processing—especially in light of the fact that reaction time in
simple cognitive tasks is negatively correlated with cognitive performance.
However, findings such as ours and the “serial bottleneck” are consistent with the
idea that myelination, which may certainly affect the speed at which sensory organs
transduce and transmit information to the brain, is not a good sole explanation for why
intelligence and faster reaction time are linked. This interpretation is also consistent with
other experimental studies which (e.g.) find that nicotine administration decreases
response latencies without affecting IQ (Schubert, Hagemann, Frischkorn, & Herpertz,
2018). All in all, the true role of white-matter tract integrity in intelligence is perhaps
more complex than the current state of research is able to resolve. Our findings suggest
that the role of g in speed of neuronal communication is not invariant across brain regions
dedicated to perceptual and informational processing. If this is indeed the correct inference
to make from the failure of oligodendrocyte-expressed genes to account for an enriched
share of heritability, it seems to us a potentially important insight into the nature of
biological computation. Modelers interested in the g-RT relationship thus might look more
toward differences in processing speed that arise from network properties such as number
of neurons or synaptic properties, instead of axonal conduction velocity.
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Table 1
Reliability comparisons of ICAR-16 items in current study and Condon & Revelle, 2014

α

ωh

Items

ωt

C&R

W&L

C&R

W&L

C&R

W&L

C&R

W&L

ICAR-16

.81

.73

.66

.51

.83

.76

16

16

LN items

.77

.59

.66

.57

.80

.61

9

4

MR items

.68

.47

.58

.42

.71

.53

11

4

R3D items

.93

.70

.78

.68

.94

.73

24

4

VR items

.76

.42

.64

.42

.77

.47

16

4

Note: C&R = Condon & Revelle (2014), W&L = Willoughby & Lee (current study), ωh = omega hierarchical, ωt = omega
total. Values are based on composites of Pearson correlations between items. Total N sampled in Condon & Revelle (2014)
was 96,958 individuals while a total of 773 had valid ICAR-16 data in our sample.
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Table 2
Means and standard deviations (in parentheses) across both manipulations’ levels of
difficulty for variables in the number comparison task.
Manipulation

Proportion

Drift

Non-decision

RT (s)

correct

rate (v)

time (Ter )

Hardest

0.563 (0.098)

.978 (.050)

0.426 (0.141)

0.370 (0.079)

Hard

0.535 (0.094)

.979 (.050)

0.435 (0.145)

0.346 (0.077)

Easy

0.519 (0.093)

.979 (.051)

0.434 (0.143)

0.331 (0.078)

Easiest

0.518 (0.093)

.979 (.049)

0.436 (0.145)

0.332 (0.080)

Hardest

0.575 (0.105)

.954 (.071)

0.347 (0.125)

0.357 (0.085)

Hard

0.543 (0.095)

.977 (.050)

0.411 (0.129)

0.342 (0.083)

Easy

0.514 (0.087)

.990 (.031)

0.467 (0.133)

0.333 (0.078)

Easiest

0.504 (0.080)

.993 (.025)

0.506 (0.135)

0.346 (0.071)

Contrast

Distance
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Table 3
Summary of RT effects and associated statistics from correlations and analysis of
(co)variance for Experiment 1.
Variables

DF

Test stat

p-value

Effect

BF01

IQ & RT

766

t = −9.45

< .001

r = −.323

1.2 ×10−17

IQ & Acc

766

t = 0.99

.323

r = .036

15.1

IQ & v

766

t = 8.46

< .001

r = .292

3.8 ×10−14

IQ & Ter

766

t = −2.10

.036

r = −.076

2.8

Contrast

2301

F = 613.13

< .001

ηp2 = .444

1 ×10−308

Distance

2301

F = 1303.68

< .001

ηp2 = .630

∼ 0

Dist:Cont

6903

F = 2.44

.011

ηp2 = .003

4868

IQ:Cont

2298

F = 1.79

.150 ηp2 = .002

409

IQ:Dist

2298

F = 12.17

< .001 ηp2 = .016

3.1 × 10−6

IQ:Cont:Dist

6894

F = 1.55

ηp2 = .002

1.9 ×109

Correlations

Main effects

Covariate effects

.130

Note: Degrees of freedom reported above are DFd for ANCOVA results; DFn = 3 for all effects of either Contrast or Distance
and DFn = 9 for interactions that include both Contrast and Distance. P -values reported from repeated-measures covariance
analyses reflect Greenhouse-Geisser sphericity corrections. Effects and associated statistics relevant to core hypotheses are
bolded. Column BF01 reflects the Bayes factor in support of the null hypothesis; BF01 for interaction effects represents effect
if omitted from full model (see Supplementary Information Section 4.2). IQ = ICAR-16 score; v = diffusion rate; Ter =
non-decision time; Accuracy = percent correct trials, Dist = numerical distance from target; Cont = contrast level of
stimulus digit.
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Table 4
ANOVA summary of linear mixed model effects and interactions in the number comparison
task. Random effects terms are included for subject ID, block (1–3), and stimulus digit (1–4
and 6–9).
Variables

Groups F -value

p-value

BF01

IQ

1

91.07

< .001

1.5 × 10−18

Distance

4

68.56

< .001

3.8 × 10−40

Contrast

4

95.39

< .001

3.5 × 10−56

IQ:Distance

4

13.78 < .001

5.9 × 10−4

IQ:Contrast

4

3.31

.019

4069

Distance:Contrast

16

1.86

0.053

1.1 × 107

IQ:Distance:Contrast

16

1.89

0.048

1.1 × 1011

Note: Column BF01 reflects the Bayes factor in support of the null hypothesis. Effects and associated statistics relevant to
core hypotheses are bolded.
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Table 5
Diffusion parameters estimated from average moments of IQ quintiles for the number
comparison task. The unit of the Ter parameters is milliseconds.
IQ quintile

v0

vD

vC

a

T0

TD

TC

Bottom

0.166

0.050

∼0

0.142

392

Second

0.203

0.050

0.001

0.124

393

Middle

0.182

0.067

0.001

0.117

385

3 −14

Fourth

0.211

0.059

−0.002 0.119

391

1 −16

Top

0.203

0.072 −0.005 0.113

387

4 −15

5 −17
−1

−15

Note: v = diffusion rate; a = boundary separation; T = non-decision time; subscripts 0, D and C indicate the intercept, the
coefficient of Distance, and the coefficient of Contrast, respectively, in the modeling of the diffusion parameter as an affine
function of the two manipulations.
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Table 6
Statistical inferences with respect to key quantities in the diffusion modeling of IQ quintiles
for the number comparison task. The independent variable in the regressions was the
number of the IQ quintile (1 through 5).
Quantity

Estimate (SE)

95% CI

p-value

BF01

0.014 (0.005)

(0.002, 0.023)

< .01

0.79

0.050 (0.008)

(0.029, 0.061)

< .001

8 × 10−7

−0.001 (0.002)

(−0.004, 0.004)

.62

22

Slope in regression −0.006 (0.001) (−0.009, −0.003)

< .001

0.003

(−0.010, 0.010)

.82

24

3 (1)

(0, 6)

.07

4.6

−16 (1)

(−17, −13)

< .001

2 × 10−35

Slope in regression
of v0 + vD on IQ
vD of bottom
IQ quintile
Average vC
over all quintiles

of a on IQ
Slope in regression −0.001 (0.005)
of T0 on IQ
Average TD
over all quintiles
Average TC
over all quintiles

Note: Column BF01 reflects the Bayes factor in support of the null hypothesis. v = diffusion rate; a = boundary separation;
T = non-decision time; subscripts 0, D and C indicate the intercept, the coefficient of Distance, and the coefficient of
Contrast, respectively, in the modeling of the diffusion parameter as an affine function of the two manipulations.
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Table 7
Means and standard deviations (in parentheses) across both manipulations’ level of
difficulty for variables in the tone comparison task.
Manipulation

Percent

Diffusion

Non-decision

RT (s)

correct

rate (v)

time (Ter )

Hardest

0.616 (0.209)

.917 (.128)

0.312 (0.173)

0.344 (0.158)

Hard

0.598 (0.220)

.934 (.115)

0.339 (0.174)

0.327 (0.166)

Easy

0.595 (0.230)

.944 (.104)

0.348 (0.168)

0.320 (0.160)

Easiest

0.598 (0.213)

.940 (.112)

0.341 (0.171)

0.315 (0.232)

Hardest

0.682 (0.257)

.842 (.149)

0.203 (0.133)

0.374 (0.178)

Hard

0.613 (0.210)

.938 (.099)

0.314 (0.151)

0.314 (0.200)

Easy

0.567 (0.197)

.973 (.072)

0.392 (0.156)

0.301 (0.185)

Easiest

0.543 (0.173)

.981 (.063)

0.432 (0.151)

0.316 (0.153)

Loudness

Distance
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Table 8
Summary of RT effects and associated statistics from correlations and analysis of
(co)variance for Experiment 2.
Variables

DF

Test stat p-value

Effect

BF01

Correlations
IQ & RT

754

t = −7.32

< .001

r = −.257

1.5 ×10−10

IQ & Acc

754

t = 8.86

< .001

r = .307

1.6 ×10−15

IQ & v

754

t = 10.22

< .001

r = .349

1.7 ×10−20

IQ & Ter

754

t = −0.89

.375

r = −.032

16.5

Loudness

2265

F = 42.15

< .001

ηp2 = .053

5.4 ×10−24

Distance

2265 F = 611.57

< .001

ηp2 = .448 4.6 ×10−307

Dist:Loud

6795

F = 2.88

IQ:Loud

2262

IQ:Dist
IQ:Loud:Dist

Main effects

ηp2 = .004

4333

F = 0.84

.462 ηp2 = .001

1484

2262

F = 3.52

.039 ηp2 = .005

0.143

6786

F = 1.65

ηp2 = .002

7.5 ×108

.007

Covariate effects

.124

Note: Degrees of freedom reported above are DFd for ANCOVA results; DFn = 3 for all effects of either Loudness or Distance
and DFn = 9 for interactions that include both Loudness and Distance. Effects and associated statistics relevant to core
hypotheses are bolded. P -values reported from repeated-measures covariance analyses reflect Greenhouse-Geisser sphericity
corrections. Column BF01 reflects the Bayes factor in support of the null hypothesis; BF01 for interaction effects represents
effect if omitted from full model (see Supplementary Information Section 4.2). IQ = ICAR-16 score; v = diffusion rate; Ter
= non-decision time; Accuracy = percent correct trials, Dist = frequency distance (Hz) from target; Loud = loudness (dB).
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Table 9
ANOVA summary of linear mixed-model effects and interactions in the tone comparison
task. Random effects terms are included for subject ID, block (1–3), and the specific
frequency of each tone used.

Variables

Groups

F -value

p-value

BF01

IQ

1

51.07

< .001

2.7 × 10−10

Distance

4

98.59

< .001

5 × 10−58

Loudness

4

8.48

< .001

6.6 × 10−3

IQ:Distance

4

11.40

< .001

4.2 × 10−3

IQ:Loudness

4

0.76

.516

2.7 × 104

Distance:Loudness

16

1.07

.381

1.7 × 108

IQ:Distance:Loudness

16

0.75

.660

7.1 × 1012

Note: Column BF01 reflects the Bayes factor in support of the null hypothesis. Effects and associated statistics relevant to
core hypotheses are bolded.
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Table 10
Diffusion parameters estimated from average moments of IQ quintiles for the tone
comparison task. The unit of the Ter parameters is milliseconds.
IQ quintile

v0

vD

vL

a

T0

TD

TL

Bottom

0.036

0.037

0.006

0.153

291

−5

4

Second

0.054

0.065

0.003

0.135

303

11 −5

Middle

0.036

0.079

0.009

0.126

331

6 −1

Fourth

0.035

0.078

0.010

0.128

327

7 ∼0

Top

0.048

0.078 0.008 0.135

258

15

∼0

Note: v = diffusion rate; a = boundary separation; T = non-decision time; subscripts 0, D and L indicate starting position,
levels of frequency distance, and levels of loudness, respectively.
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Table 11
Statistical inferences with respect to key quantities in the diffusion modeling of IQ quintiles
for the tone comparison task. The independent variable in the regressions was the number
of the IQ quintile (1 through 5).
Quantity

Estimate (SE)

95% CI

p-value

BF01

0.010 (0.004)

(0.003, 0.018)

< .01

0.68

0.040 (0.007)

(0.025, 0.054)

< .001

1 × 10−4

0.007 (0.001)

(0.004, 0.009)

< .001

8 × 10−6

Slope in regression −0.004 (0.003) (−0.009, 0.001)

.11

7

.69

23

Slope in regression
of v0 + vD on IQ
vD of bottom
IQ quintile
Average vL
over all quintiles

of a on IQ
Slope in regression −0.004 (0.010) (−0.025, 0.016)
of T0 on IQ
Average TD

7 (2)

(2, 11)

< .01

0.27

∼0 (1)

(−3, 2)

.78

24

over all quintiles
Average TL
over all quintiles

Note: Column BF01 reflects the Bayes factor in support of the null hypothesis. v = diffusion rate; a = boundary separation;
T = non-decision time; subscripts 0, D and L indicate starting position, levels of frequency distance, and levels of loudness,
respectively.
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Figure 1
Visual representation of the hypothesized stages of a reaction time task and each stage’s
association with diffusion model parameters. Ter , the non-decision reaction time
component, consists of the sum of encoding time Te (first panel) and response output time
Tr (third panel), such that Ter = Te + Tr .
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Number comparison task

Tone comparison task

−0.024

Slope of RT (s) on IQ (z−score)

Slope of RT (s) on IQ (z−score)

−0.040

−0.045

−0.027

−0.050

Manipulation

−0.030

Contrast
Distance

Hardest

Hard

Difficulty

Easy

Easiest

Manipulation
Distance
Loudness

−0.055

Hardest

Hard

Difficulty

Easy

Easiest

Figure 2
Lefthand panel: Regression coefficients (slope) of RT (s) on IQ (standardized) across levels
of difficulty for both numeral contrast and numerical distance manipulations in the tone
comparison task. Righthand panel: Regression coefficients of RT (s) on IQ (standardized)
across levels of difficulty for both tone loudness and frequency distance manipulations in the
tone comparison task. Error bars represent ±1 standard error.
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Non−decision time (Ter) mean
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0.37
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0.36

0.35
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Figure 3
Mean diffusion rate (v) and non-decision time (Ter ) at each level of difficulty for Contrast

Drift rate (v) mean
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0.40

0.35

0.30

Manipulation
0.25

Distance
Loudness

0.20
Hardest

Hard

Easy
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and Distance manipulations and associated 95% CI for each level.
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0.37

Distance
Loudness

0.35

0.33
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0.29
Hardest

Hard

Difficulty

Easy
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Figure 4
Mean diffusion rate ( v) and non-decision time (Ter ) at each level of difficulty for Loudness
and Distance manipulations and associated 95% CI for each level.

