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Individual differences in the speed of information processing have been hypothesized to give rise to
individual differences in general intelligence. Consistent with this hypothesis, reaction times (RTs) and
latencies of event-related potential have been shown to be moderately associated with intelligence. These
associations have been explained either in terms of individual differences in some brain-wide property
such as myelination, the speed of neural oscillations, or white-matter tract integrity, or in terms of
individual differences in specific processes such as the signal-to-noise ratio in evidence accumulation,
executive control, or the cholinergic system. Here we show in a sample of 122 participants, who
completed a battery of RT tasks at 2 laboratory sessions while an EEG was recorded, that more intelligent
individuals have a higher speed of higher-order information processing that explains about 80% of the
variance in general intelligence. Our results do not support the notion that individuals with higher levels
of general intelligence show advantages in some brain-wide property. Instead, they suggest that more
intelligent individuals benefit from a more efficient transmission of information from frontal attention
and working memory processes to temporal-parietal processes of memory storage.
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General intelligence (g) is the common variance shared by
different measures of cognitive ability. It is a powerful predictor
for success in a variety of life outcomes, such as educational
attainment, job performance (Schmidt & Hunter, 2004), develop-
ment of expertise (Wai, 2014), general health (Der, Batty, &
Deary, 2009), longevity (Deary, 2008), and well-being (Pesta,
McDaniel, & Bertsch, 2010). General intelligence typically ac-
counts for 40% to 50% of the variance shared by different mea-
sures of cognitive ability, and g factors from different cognitive
test batteries are highly related (Johnson, Nijenhuis, & Bouchard,
2008). This functional invariance suggests that there may be a
single common process underlying individual differences in gen-
eral intelligence that affects all kinds of cognitive ability tests
(Spearman, 1923).

One likely candidate for a single neuro-cognitive property af-
fecting a variety of cognitive abilities is the speed of information
processing (Jensen, 2006). On a behavioral level, information-
processing speed can be measured as reaction times (RTs), which
show moderate, but consistent negative associations with intelli-

gence (Jensen, 2006; Sheppard & Vernon, 2008). Moreover, RTs
have been shown to mediate the relationship between brain-wide
white matter tract integrity and general intelligence, suggesting a
functional anatomical basis for fast and efficient information pro-
cessing (Kievit et al., 2016; Penke et al., 2012).

On a neurophysiological level, information-processing speed
can be measured as the latency of event-related potentials (ERPs).
ERPs allow decomposing the electrophysiological activity be-
tween stimulus onset and response into functionally distinct com-
ponents. These ERP components are correlates of functionally
distinct cognitive processes defined by their polarity, their latency,
and their topography. A higher speed of information processing
should be reflected in shorter ERP latencies (i.e., a shorter time
interval between the onset of a stimulus and the maximum peak of
the component). ERP components occurring early in the stream of
information processing reflect early stages of information process-
ing, whereas later components reflect higher-order processing.
ERPs thus provide a means to identify which cognitive processes
are faster in more intelligent individuals.

Previous research has shown only weak and often inconsistent
associations between ERP latencies and general intelligence
(Schulter & Neubauer, 2005), but several studies found a moderate
negative association between ERP latencies and intelligence (Ba-
zana & Stelmack, 2002; McGarry-Roberts, Stelmack, & Campbell,
1992; Troche, Houlihan, Stelmack, & Rammsayer, 2009; Troche,
Indermühle, Leuthold, & Rammsayer, 2015). Moreover, RTs have
been shown to mediate the association between ERP latencies and
intelligence, suggesting a functional neuro-cognitive basis for
faster information processing that may give rise to individual
differences in intelligence (Schubert, Hagemann, Voss, Schankin,
& Bergmann, 2015).
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ERP latencies may tend to show smaller and more inconsistent
associations with general intelligence than RTs, because they may
be more strongly influenced by situational factors unrelated to
mental abilities. Because there is evidence that measures of general
intelligence are minimally affected by situational (occasion-
specific) factors and thus reflect a property of the person (Danner,
Hagemann, Schankin, Hager, & Funke, 2011) plus measurement
error, it may be presumed that occasion-specific effects in time-
domain measures act as nuisance variables or “noise” when ana-
lyzing the association between these measures and general intel-
ligence. Thus, only the temporally stable (trait-like) portion of
variance in measures of information-processing speed can be con-
sidered as a property of the person that may explain individual
differences in general intelligence. Not separating the temporally
stable portion of variance from the occasion-specific portion of
variance may have led to an underestimation of the relationship
between chronometric variables and general intelligence in previ-
ous research. Previous research supported this view, suggesting a
moderate temporal stability of RTs (Roznowski & Smith, 1993;
Yap, Balota, Sibley, & Ratcliff, 2012) and substantial variance in
the stability of ERP latencies ranging from r � .19 to r � .89
(Cassidy, Robertson, & O’Connell, 2012). Hence, the variances of
ERP latencies may reflect differences in the speed of information
processing both as a brain property and as brain states, resulting in
an underestimation of the association between information-
processing speed and general intelligence on a neurophysiological
level. In the present study, we used a hierarchical extension of
latent state-trait (LST) theory (Steyer, Ferring, & Schmitt, 1992) to
measure ERP latency traits that are independent of situational
factors.

A Chronometric Dissociation of the Relationship
Between Information-Processing Speed and

General Intelligence

The association between information-processing speed and gen-
eral intelligence has been explained either in terms of individual
differences in some brain-wide property such as myelination
(Miller, 1994), the speed of neural oscillations (Jensen, 2006), or
white matter tract integrity (Penke et al., 2012), or in terms of
individual differences in specific processes such as the signal-to-
noise ratio in evidence accumulation (van Ravenzwaaij, Brown, &
Wagenmakers, 2011; Vickers & Smith, 1986), executive or atten-
tional control (McVay & Kane, 2012), the cholinergic system
(Stough, Thompson, Bates, & Nathan, 2001), or white matter
organization in specific brain regions such as the forceps minor
and the corticospinal tract (Kievit et al., 2016).

Instead of asking which neuro-cognitive processes underlie the
association between general intelligence and information-
processing speed, we could also ask at which point in time during
information processing more intelligent individuals deviate from
less intelligent individuals. If individual differences in some brain-
wide property explained the relationship between information-
processing speed and intelligence (general speed hypotheses),
more intelligent individuals should show faster processing at all
stages of information processing. If, however, specific cognitive or
psychopharmacological processes explained this relationship (spe-
cific speed hypotheses), more intelligent individuals should show
faster processing only at specific stages of information processing

associated with these processes. To decide whether the whole
stream of information processing prior to response execution or
only specific stages of it are associated with intelligence, the
stream of information processing has to be decomposed into func-
tionally distinct components. This can be achieved by identifying
ERP components reflecting both earlier stages of information
processing immediately after stimulus onset and later stages of
higher-order information processing. In the present study, we
analyzed interindividual differences in the latencies of ERP com-
ponents to determine whether intelligence is associated with faster
information processing at all or only at very specific stages of
information processing.

Method

Participants

Sample size was determined based on the hypothesis of close
fit (H0: ε � 0.05, H1: ε � 0.08) for the structural equation
model with the fewest degrees of freedom (df � 133), an alpha
error of � � .05, and a power of 1 – � � .80 (MacCallum,
Browne, & Sugawara, 1996). The resulting minimum sample
size was N � 109. More participants were recruited to increase
power and the stability of model estimates.

We recruited a sample of N � 134 participants (81 females, 53
males) between 18 and 60 years old (M � 37.1, SD � 13.8) from
different educational and occupational backgrounds via local news-
paper advertisement, announcements on social media platforms, and
distribution of flyers in Heidelberg. Of these, N � 122 participants
completed the second measurement occasion and N � 114 partici-
pants completed the third measurement occasion. We only included
the N � 122 participants who showed up for at least the first two
measurement occasions in the following analyses. This sample
consisted of 72 women and 50 men with a mean age of M � 36.7
(SD � 13.6). A sample size of N � 122 participants corresponded
to a power of 1 – � � .86 for a structural equation model with 133
degrees of freedom (Preacher & Coffman, 2006).

All participants had normal or corrected to normal vision and no
history of mental illness. At the first laboratory session, partici-
pants signed an informed consent. They received 100€ and feed-
back about their personal results as a reward for their participation.
The study was approved by the ethics committee of the faculty of
behavioral and cultural studies, Heidelberg University.

Materials

Single and choice RT task. We used a single and choice RT
task with three conditions (one, two, and four alternatives) based
on a previously used computer-adapted Hick task (Schubert et al.,
2015). Each trial began with the presentation of four white squares
in a row on a black screen and a white fixation cross in the middle
of the squares that was shown for 1000–1500 ms. Next, the
fixation cross disappeared and a larger cross appeared in one of
the four squares. Participants had to press the corresponding re-
sponse key as fast as possible. After their response, the screen
remained unchanged for 1000 ms to allow the recording of post-
decisional neuronal processes. The intertrial interval (ITI) con-
sisted of a black screen and lasted between 1000 and 1500 ms.
During the whole task, participants’ middle and index fingers
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rested on four keys directly underneath the squares to increase
stimulus-response compatibility. All keys irrelevant to the tasks
had been removed from the modified keyboard.

Each of the three conditions consisted of 10 practice trials with
immediate feedback followed by 200 test trials without feedback.
The order of conditions was counterbalanced across participants.
In the single RT (SRT) task, participants always knew exactly
where the cross would appear. There were four blocks of 50 trials
each with a counterbalanced order across participants, in which
participants had to pay attention to only one of the four squares. In
the two-choice RT (2CRT) task, participants knew in which two
squares the cross could appear. There were four blocks of 50 trials
each with a counterbalanced order across participants, in which
participants had to pay attention only to the left/right/middle/outer
two squares. In the four-choice RT (4CRT) task, participants were
given no indication where the cross will appear.

Sternberg memory scanning task. Participants were shown
memory sets consisting of digits between 0 and 9, and they had to
indicate whether an immediately afterward presented probe stim-
ulus was part of the previously presented memory set. We admin-
istered three different experimental conditions (set size one, three,
and five) in an order counterbalanced across participants. Each of
the three conditions consisted of 10 practice trials with immediate
feedback followed by 100 test trials without feedback.

At the beginning of each trial, a white fixation cross was shown
in the middle of a black screen for 1000–1500 ms. Digits were
presented sequentially for 1000 ms with a blank screen shown for
400–600 ms between each digit. A black screen with a white
question mark was shown for 1800–2200 ms after the last digit
was presented, followed by a black screen showing the probe
stimulus. Participants had to press one of two keys with their index
fingers to indicate whether the digit was part of the memory set,
which was the case in 50% of the trials. The position of keys was
counterbalanced across participants. After their response, the
screen remained unchanged for 1000 ms, followed by an ITI of
1000–1500 ms.

Posner letter-matching task. Participants were shown two
letters and had to decide whether they were identical. In the
physical identity (PI) condition, participants were instructed to
identify letters as identical only if their physical characteristics
were identical (i.e., “QQ” would be identical, whereas “Qq” or
“QA” would be different). In the name identity (NI) condition,
they were instructed to identify letters as identical if their names
were identical (i.e., both “QQ” and “Qq” would be identical,
whereas “QA” would still be different). Both conditions consisted
of 10 practice trials with immediate feedback and 300 test trials
without feedback. At the first measurement occasion, the PI con-
dition was administered first to all participants, whereas at the
second measurement occasion the NI condition was administered
first to all participants.

Each trial began with a white fixation cross shown on a black
screen for 1000 –1500 ms, followed by a pair of white letters
presented in the middle of the screen. Participants had to press
one of two keys with their index fingers to indicate whether the
letters were identical, which was the case in 50% of the trials.
Again, the position of keys was counterbalanced across partic-
ipants. After the response, the screen remained unchanged for
1000 ms, followed by an ITI that consisted of a black screen and
lasted 1000 –1500 ms.

Advances Progressive Matrices (APM). We used a com-
puter adapted version of Raven’s Advanced Progressive Matrices
(Raven, Court, & Raven, 1994) to measure participants’ general
intelligence with a power test. The APM has been previously
shown to be the best single indicator of g (Marshalek, Lohman, &
Snow, 1983). Participants’ performance was determined as the
number of correctly solved items of the second set, as suggested by
the test manual. Moreover, we performed an odd-even split of the
test items in the second set and used the number of correctly solved
items in the odd and even trials as two indicators of latent APM
performance. We then transformed these raw test sores to z scores
for further analyses.

The number of correctly solved items in the APM was M � 23.43
(SD � 6.71), which corresponds to a mean IQ of M � 98.80 (SD �
15.68). The number of correctly solved items in the even trials was
Meven � 12.23 (SD � 3.51), and in the odd trials Modd � 11.20 (SD �
3.52). Data from two participants was lost due to technical reasons.

Berlin Intelligence Structure Test (BIS). We administered
the complete Berlin intelligence structure test (BIS; Jäger, Süß, &
Beauducel, 1997) in groups of up to four participants. The BIS is
based on the bimodal Berlin intelligence structure model (Jäger,
1982), which distinguishes between four operation-related (pro-
cessing speed, memory, creativity, processing capacity) and three
content-related (verbal, numerical, figural) components of general
intelligence. The test consists of a total of 45 tasks with each task
being a combination of one operation-related component with one
content-related component of intelligence. According to the man-
ual, participants’ scores for all seven components were computed
by aggregating the normalized z-scores of all tasks related to the
respective operation and content components. We then trans-
formed these scores to z-scores for further analyses. We did not
compute IQ scores based on BIS results, because there is no adult
normative sample with an appropriate age range available.

The mean score of the processing speed component was M � 98.00
(SD � 7.10), the mean score of the memory component was M � 99.40
(SD � 6.51), the mean score of the creativity component was M �
98.02 (SD � 6.14), the mean score of the processing capacity component
was M � 101.7 (SD � 7.99), the mean score of the verbal component
was M � 102.40 (SD � 6.93), the mean score of the numerical
component was M � 98.27 (SD � 6.79), and the mean score of the
figural component was M � 97.69 (SD � 6.52). Note that these are
not IQ scores, but mean scores.

Procedure

The three measurement occasions were approximately four
months apart. At the first and third measurement occasion, we
administered the SRT and CRT task, the Sternberg memory scan-
ning task, and the Posner letter-matching task in the same order for
all participants while an EEG was recorded. Participants were
seated in a sound-attenuated, dimly lit EEG cabin. At the begin-
ning of the third measurement occasion, we additionally recorded
12 min of resting state EEG, which will not be reported here,
because resting state data do not provide chronometric measures.
Each session took approximately 3 hours. At the second measure-
ment occasion participants completed the BIS, a personality ques-
tionnaire not reported here, the APM, and a questionnaire about
demographic data. This session took approximately 3.5 hours.
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EEG Recording

The EEG was recorded with 32 equidistant Ag–AgCl electrodes.
We used the aFz electrode as the ground electrode. Electrodes
were initially referenced to Cz and offline rereferenced to an
average reference. To correct for ocular artifacts, we recorded the
electrooculogram (EOG) bipolarly with two electrodes positioned
above and below the left eye and two electrodes positioned at the
outer canthi of the eyes. All electrode impedances were kept below
5 k�. The EEG signal was recorded continuously with a sampling
rate of 1000 Hz (band-pass 0.1–100 Hz), and filtered offline with
a low-pass filter of 16 Hz.

Data Analysis

Reaction time data. For intraindividual outlier detection in
RTs, we discarded any RTs faster than 100 ms or slower than
3000 ms. In a second step, we discarded any trials with incorrect
responses or with logarithmized RTs exceeding �3 SDs of the
mean of each condition. Subsequently, we calculated the mean RT
for each condition and calculated inverted RTs as reaction speeds
(RS). We then transformed these reaction speeds to z-scores for
further analyses.

Electrophysiological data. We calculated ERPs separately
for each ECT and each condition. ERPs were time-locked to the
stimulus onset in the SRT, CRT and letter-matching task, whereas
they were time-locked to the onset of the probe in the memory
scanning task. Epochs were 1200 ms long including a baseline of
200 ms before stimulus onset. We corrected ocular artifacts using
a regression procedure (Gratton, Coles, & Donchin, 1983). Epochs
with amplitudes exceeding � 70 �V, with amplitude changes
exceeding 100 �V within 100 ms, or with activity lower than 0.5
�V were discarded as artifacts.

We determined the P100 peak latency at occipital electrodes
contralateral to the position of the cross in the SRT and CRT task,
and at the occipital electrode over midline for the Sternberg
memory scanning task and the Posner letter-matching task because
stimuli in these tasks were presented centered. We determined the
N100 peak latency at the frontal electrode over midline, the P200
peak latency at fronto-central electrode over midline, and the N200
and P300 latency at the parietal electrode over midline. Peak
latencies were determined separately for each condition of the
three experimental tasks. Subsequently, we discarded any peak
latencies exceeding �3 SDs of the mean peak latency of each
condition. Finally, peak latencies were averaged across conditions
of each experimental task and z-standardized for further analyses.

Statistical analysis. Prior to multivariate analyses, we calcu-
lated the Mahalanobis distance to identify and subsequently ex-
clude multivariate outliers. In the multivariate data space of reac-
tion speeds and intelligence test scores, one participant was
identified as a multivariate outlier (DM � 57.78, p � .001) and
excluded from further analyses, whereas no participant was iden-
tified as an outlier in the multivariate data space of ERP latencies
and intelligence test scores.

Moreover, all manifest variables were inspected for univariate
normal distribution, which is a prerequisite of multivariate normal
distribution. Statistical tests of skewness and kurtosis indicated
that the distribution of APM variables and of a few ERP latencies
deviated from normal distribution (p � .001). Subsequent visual
inspections revealed that these deviations were rather small and

below threshold values of skewness � 2 and of kurtosis � 7.
Because neither skewness nor kurtosis exceeded these threshold
values, we followed recommendations to not use assumption-free
estimates in structural equation models (West, Finch, & Curran,
1995).

We used structural equation modeling to assess the associations
between reaction speeds, ERP latencies, and general intelligence.
All models were fitted with the full information maximum likeli-
hood algorithm implemented in AMOS (Arbuckle, 2006). Because
some variables deviated slightly from normal distribution, we
repeated all analyses with the bootstrap procedure implemented in
AMOS (Arbuckle, 2006). As bootstrapped results did not deviate
notably from nonbootstrapped results except for small deviations
in the size of standard errors, we report only the nonbootstrapped
results.

Within the framework of structural equation modeling, we built
latent state-trait (LST) models with hierarchical traits and hierar-
chical method factors to achieve a virtually error-free measure-
ment of trait reaction speeds and ERP latencies. LST theory is an
expansion of classical test theory that takes into account that any
measurement is always affected by situational factors (Steyer et
al., 1992). In short, LST theory proposes that the variance of an
observed variable Yij can be decomposed into the variance of the
latent trait T, the variance of a latent state residual SRi, the variance
of a latent method residual Mj, and the variance of a latent
unsystematic error residual εij.

First, we fitted a structural equation model with a common trait
T, a state residual SRi for each of the two measurement occasions,
and a hierarchical method factor Mj for each of the three experi-
mental tasks to the reaction speed data (for details of the model
specifications see Supplementary Table 1). Subsequently, we fitted
two different structural equation models to the electrophysiologi-
cal data to compare the model fit of a general processing speed-
model to the model fit of a specific processing speed-model. In
both models, each ERP latency (P100, N100, P200, N200, P300)
was modeled hierarchically as the covariance of latencies of one
ERP component across the three experimental tasks at one mea-
surement occasion (e.g., the latent P100 variable at measurement
occasion i was defined by the covariances between the P100
latencies in the single and choice RT, Sternberg, and Posner task
at this measurement occasion). In addition, we included specific
traits for each of the five ERP component latencies. Intercepts in
all models were fixed to zero (for details of the model specifica-
tions see Supplementary Table 2).

The general processing speed-model consisted of a common
trait T, a state residual SRi for each of the two measurement
occasions, a method factor Mj for each of the three experimental
tasks, and five specific traits for the five ERP components. The
specific processing speed-model consisted of two separate com-
mon traits, Tearlier latencies and Tlater latencies, a state residual SRi for
each of the two measurement occasions and each of the two traits,
a method factor Mj for earlier and later ERP latencies of each of the
three experimental tasks, and five specific traits for the five ERP
components. We evaluated goodness-of-fit based on the compar-
ative fit index (CFI; Bentler, 1990) and the root mean square error
of approximation (RMSEA; Browne & Cudeck, 1993), and com-
pared model fit of the two models with the Akaike Information
Criterion (AIC; Akaike, 1973). We considered CFI values � .90
and RMSEA values � .08 to indicate acceptable model fit, and
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CFI values � .95 and RMSEA values � .06 to indicate good
model fit (Browne & Cudeck, 1993; Hu & Bentler, 1999). If CFI
values were � .90 and RMSEA values 	 .08, we considered the
model to show mediocre model fit. If the two fit criteria diverged,
we evaluated the model based on the more favorable criterion,
because it has been previously shown that goodness-of-fit statistics
underestimate absolute model fit when the sample size is relatively
small (Kenny, Kaniskan, & McCoach, 2015; Schubert, Hagemann,
Voss, & Bergmann, 2017). For model comparison purposes, we
used an AIC difference 	 10 as evidence that the model with the
smaller AIC value provided a better fit (Burnham & Anderson,
2002). The statistical significance of model parameters was as-
sessed with the two-sided critical ratio test.

Moreover, we fitted a hierarchical measurement model of gen-
eral intelligence with a common g-factor and two lower-order
factors defined by the covariances in BIS and APM scores, re-
spectively. We did not model general intelligence with LST the-
ory, because previous applications of LST theory to multiple
measurements of intelligence have shown that the state residuals
were zero (Danner et al., 2011). Again, we evaluated goodness-
of-fit with the CFI and the RMSEA.

In a second step, we computed latent-state parameters of the
behavioral and electrophysiological data based on the best-fitting
LST model. For each manifest variable Yij measured with method
j and at measurement occasion i, we computed coefficients of
consistency, occasion-specificity, measurement-specificity, and
reliability (Steyer, Schmitt, & Eid, 1999). For the LST model of
reaction speeds, the coefficient of trait-specificity was computed as

2(T)/
2(Yij) and reflects the proportion of variance of the mani-
fest variable Yij that can be accounted for by individual differences
in the latent trait T. The coefficient of occasion-specificity was
computed as 
2(SRi)/


2(Yij) and reflects the proportion of variance
that is due to situational effects SRi. Similarly, the coefficient of
method-specificity was computed as 
2(Mj � Ck)/


2(Yij) and
reflects the proportion of variance that can be accounted for by a
specific experimental task Mj and its conditions Ck. Taken to-
gether, these different sources of systematic variation contribute to
the reliability of a manifest variable Yij, that is, to the proportion
of variance explained by the specified model. Thus, the reliability
coefficient can be computed as [
2(T) � 
2(SRi) � 
2(Mj�
Ck)]/


2(Yij).

For the LST model of ERP latencies, the coefficient of trait-
specificity was computed as 
2(Tk � Tl)/


2(Yij) and reflects the
proportion of variance of the manifest variable Yij that can be
accounted for by individual differences in the general trait Tk and
by the specific trait Tl. The coefficient of occasion-specificity was
computed as described above. The coefficient of method-
specificity was computed as 
2(Mj)/


2(Yij) and reflects the pro-
portion of variance that can be accounted for by the shared vari-
ance of earlier and later latencies in a specific experimental task
Mj. Finally, the coefficient of reliability was computed as [
2(Tk �
Tl) � 
2(SRi) � 
2(Mj)]/


2(Yij).
In a third step, we combined the behavioral and the best-fitting

neurophysiological structural equation model with the measure-
ment model of general intelligence to study the structural relations
between (a) behavioral processing speed and general intelligence
and (b) neurophysiological processing speed and general intelli-
gence.

Results

Factor Structure and Temporal Stability of
Reaction Speed

We used a hierarchical extension of latent state-trait (LST)
theory (Steyer et al., 1992) to identify the common and tempo-
rally stable trait variance of three RT tasks at two measurement
occasions approximately eight months apart. Mean reaction
speeds for all conditions of the three experimental tasks are
shown in Table 1 separately for the two measurement occa-
sions. The full correlation matrix is included in Supplementary
Table 3. We specified a structural equation model with a
common trait T, a state residual SRi for each of the two
measurement occasions i, and a hierarchical method factor Mj

for each of the three experimental tasks j as shown in the left
part of Figure 1. The model provided a good fit to the data,
�2(133) � 265.81, p � .001, CFI � .95, RMSEA � .09.
Because the variances of the first state residual and of several
method residuals were nonsignificant or negative, they were
fixed to zero. These modifications did not impair model fit,
�2(137) � 283.26, p � .001, CFI � .94, RMSEA � .09. See

Table 1
Mean RTs (SD in Parentheses) for All Conditions of the Three Experimental Tasks

Session 1 Session 2

Task Accuracies RTs Accuracies RTs

SRT/CRT tasks
SRT 1.00 (.01) 315.51 (53.01) 1.00 (.00) 317.20 (80.45)
CRT2 .99 (.01) 382.79 (58.02) 1.00 (.01) 381.27 (61.01)
CRT4 .99 (.01) 477.22 (82.64) .98 (.02) 467.31 (85.7)

Sternberg task
Set size 1 .97 (.02) 590.96 (115.67) .98 (.02) 584.02 (135.64)
Set size 3 .97 (.02) 728.46 (167.21) .98 (.03) 706.61 (176.81)
Set size 5 .97 (.03) 890.03 (240.74) .95 (.09) 850.98 (223.18)

Posner task
Physical identity .98 (.02) 617.79 (93.93) .98 (.02) 605.19 (102.41)
Name identity .98 (.02) 699.50 (113.02) .97 (.02) 704.38 (126.36)

Note. SRT � single choice reaction time task; CRT2/4 � choice reaction time task with two/four alternatives.
N � 122 (Session 1)/N � 114 (Session 2).
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Supplementary Table 1 for details of model specifications and
a complete overview of estimated model parameters.

Based on this model, we calculated several LST parameters,
namely the coefficients of reliability, consistency, occasion-

specificity, and method-specify of the reaction speeds, which are
shown in Table 2. The coefficient of reliability reflects the amount
of variance accounted for by the hierarchical model, residual
variances excluded, in each manifest variable. Reliabilities were
high for all tasks and conditions, suggesting a great portion of
systematic variance in each RS measurement and strong structural
relations between variables. The coefficient of consistency reflects
the amount of variance explained in each manifest variable by the
shared variance of ERPs across tasks and laboratory sessions.
Consistencies were greatest for the Posner letter-matching task, but
substantial for all tasks ranging from .53 to .76. The coefficient of
occasion-specificity reflects the amount of variance explained by
situational influences and influences of person-situation interac-
tions in each manifest variable. Occasion-specificities were negli-
gible, which is consistent with previous work on the stability of
RTs (Roznowski & Smith, 1993; Yap et al., 2012). The coefficient
of method-specificity reflects the amount of variance explained in
each manifest variable by task- and condition-specific factors.
Method-specificities were moderate, ranging from .08 to .32, and
highest for the SRT/CRT tasks and the Sternberg memory scan-
ning task.

The Relationship Between Trait Reaction Speed and g

Previous research has shown that correlations between compos-
ite measures of mental speed and mental abilities tend to be higher
than the correlations of single RT measures (Kranzler & Jensen,
1991; Miller & Vernon, 1996). Therefore, we assessed the corre-
lation between the common reaction speed trait and general intel-
ligence. For this purpose, we added a hierarchical model of general
intelligence to the LST model and allowed the reaction speed trait
to correlate with general intelligence (see Figure 1, Supplementary
Table 1). This model provided an acceptable fit to the data,
�2(253) � 480.32, p � .001, CFI � .92, RMSEA � .09. The latent
correlation between general intelligence and general behavioral
information-processing speed was moderate, r � .43, p � .001.

This correlation is consistent with previous studies reporting
correlations ranging from r � 
.22 to 
.45 between RTs in these
tasks and mental abilities (Sheppard & Vernon, 2008). Given the
high temporal stability and great reliability of RTs, it is not

Figure 1. A structural equation model consisting of the latent-state-trait
model of reaction speed and the hierarchical model of general intelligence. The
LST model of reaction speed consists of a common trait T, a state residual SRi

for each of the two measurement occasions i, and a hierarchical method factor
Mj for each of the three experimental tasks j and its conditions k. The
hierarchical intelligence model consists of a common g-factor and two lower-
order factors defined by the covariances in BIS and APM scores. The model
provided an acceptable fit to the data, �2(253) � 480.32, p � .001, CFI � .92,
RMSEA � .09. All factor loadings are fixed to one; if not, standardized
regression weights are shown next to paths. Nonsignificant latent variables,
path coefficients, and residuals (p � .05) are grayed out. SRT � single RT
task; CR2/4 � choice RT task with two/four alternatives; S1 � set size one;
S3 � set size three; S5 � set size five; PI � physical identity; NI � name
identity; PC � processing capacity; PS � processing speed; M � memory;
C � creativity. Indices i at states RSi and state residuals SRi indicate the
measurement occasion. N � 121.

Table 2
Latent-State-Trait Theory Parameters of Reaction Speed Variables

Consistency Occasion-specificity Method-specificity Reliability

Task Session 1 Session 2 Session 1 Session 2 Session 1 Session 2 Session 1 Session 2

SRT/CRT tasks
SRT .60 .54 0 .10 .30 .27 .90 .91
CRT2 .60 .54 0 .10 .30 .27 .90 .91
CRT4 .65 .59 0 .11 .24 .21 .89 .91

Sternberg task
Set size 1 .71 .64 0 .11 .16 .15 .88 .89
Set size 3 .68 .61 0 .11 .21 .19 .89 .90
Set size 5 .58 .53 0 .09 .32 .29 .90 .91

Posner task
Physical identity .76 .68 0 .12 .10 .08 .87 .89
Name identity .74 .66 0 .12 .13 .12 .88 .89

Note. SRT � single choice reaction time task; CRT2/4 � choice reaction time task with two/four alternatives.
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surprising that the latent correlation did not exceed the size of
these correlations notably.

The latent trait factor of response times was defined by two
first-order factors, which is common in LST models (Steyer et al.,
1999), but not ideal from a structural equation modeling per-
spective as two variables always share some covariance. In-
stead, it is more desirable to define higher order factors by at
least three first-order factors. Therefore, we also tested a more
straightforward bifactor model to ensure that our results are not
dependent on our modeling approach (see Figure 2). Model fit
of the bifactor was worse than model fit of the LST model,
�2(275) � 755.52, p � .001, CFI � .82, RMSEA � .14,
although we did not constrain any variable loadings except
where necessary. The latent correlation between general intel-
ligence and general behavioral information-processing speed
was still large, r � .49, p � .001, and comparable to the
correlation found in the original model, r � .43, p � .001.

Factor Structure and Temporal Stability of
ERP Latencies

To analyze whether more intelligent individuals show advan-
tages in the speed of information processing at all stages of
information processing, or specifically only at earlier or later
stages, we compared two structural equation models of neurophys-
iological processing speed. Similar to the model for reaction speed,

these models were LST models (Steyer et al., 1992) that allowed
identifying the common and temporally stable trait variance of five
ERP components across three experimental tasks and two mea-
surement occasions. Grand-average waveforms of event-related
potentials averaged across measurement occasions are presented in
Figure 3 separately for more and less intelligent individuals and for
each of the three tasks.

The general processing speed model consisted of a hierarchical
common trait T, a state residual SRi for each of the two measure-
ment occasions i, and a method factor Mj for each of the three
experimental tasks j. The specific processing speed model assumed
two separate hierarchical common traits for earlier and later ERP
latencies. ERP latencies, averaged across conditions, are shown in
Table 3 for each of the three experimental tasks and each of the
two measurement occasions. The full correlation matrix is in-
cluded in Supplementary Table 4.

The specific processing speed model provided a notably better
account for the data, �2(469) � 689.08, p � .001, CFI � .85,
RMSEA � .06, AIC � 749.08, than the general processing speed
model, �2(472) � 880.95, p � .001, CFI � .73, RMSEA � .09,
AIC � 926.95. Therefore, we used the specific processing speed
model for all further analyses and fixed all nonsignificant vari-
ances in this model to zero as shown in the left part of Figure 4,
which did not impair model fit significantly, �2(481) � 719.22,
p � .001, CFI � .84, RMSEA � .06. See Supplementary Table 2
for details of model specifications and a complete overview of
estimated model parameters for the specific processing speed
model.

As shown in Table 4, the reliability of ERP latencies was as low
as expected with very low reliabilities for the earlier latencies and
somewhat higher reliabilities for the later latencies. Consistencies
(.11 to .14) and method-specificities (.11 to .17) contributed about
equally to the variance of the earlier ERP latencies, whereas
consistencies were notably greater (.42 to .63) than method spec-
ificities (.08 to .09) for the later latencies. We observed relevant
occasion-specificities for earlier latencies at the second measure-
ment occasion, whereas the influence of occasion-specificities on
later latencies was negligible.

The Relationship Between Trait ERP Latencies and g

To compare the plausibility of general speed hypotheses with
the plausibility of specific speed hypotheses, we determined
whether intelligence is associated with faster information process-
ing at all or only at very specific stages of information processing.
For this purpose, we analyzed how the common traits for earlier
and later latencies correlated with general intelligence. Our results
concerning the psychometric properties of ERP latencies indicate
that the low reliabilities and consistencies of ERP measurements
may have led to an underestimation of the relationship between
ERP latencies and general intelligence in previous studies (Schul-
ter & Neubauer, 2005). Hence, the latent correlations between ERP
latency traits and general intelligence should be greater than the
typically observed moderate manifest correlations.

For this purpose, we again added the hierarchical model of
general intelligence to the structural model of ERP latencies and
allowed the general ERP latency traits to correlate with general
intelligence. This model (see Figure 4, Supplementary Table 2)
provided a good fit to the data, �2(679) � 1048.84, p � .001,

Figure 2. A structural equation model consisting of bifactor models of
reaction speed and general intelligence. The bifactor model of reaction speed
consists of a common factor RS and three orthogonal task-specific factors. The
bifactor model of general intelligence consists of a common factor g and two
orthogonal test-specific factors. The model provided a mediocre fit to the data,
�2(275) � 755.52, p � .001, CFI � .82, RMSEA � .14. Standardized
regression weights are shown next to paths unless paths were fixed to one.
Nonsignificant latent variables, path coefficients, and residuals (p � .05) are
grayed out. SRT � single RT task; CR2/4 � choice RT task with two/four
alternatives; S1 � set size one; S3 � set size three; S5 � set size five; PI �
physical identity; NI � name identity; PC � processing capacity; PS �
processing speed; M � memory; C � creativity. N � 121.
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CFI � .83, RMSEA � .07. The common trait for earlier latencies
was positively correlated with general intelligence, r � .33, p � .001,
indicating that more intelligent individuals tended to show later P100
and N100 peak amplitudes. Moreover, the common trait for later
latencies was negatively correlated with general intelligence,
r � 
.89, p � .001, indicating that more intelligent individuals
showed earlier P200, N200, and P300 peak amplitudes. In particular,

P300 latencies showed the highest standardized loadings on the com-
mon trait for later latencies. This suggests that P300 latencies showed
the greatest association of all ERP latencies with general intelligence.
Taken together, ERP latency traits explained 90.10% of the variance
in general intelligence.

To analyze whether the correlation between ERP latency traits
and general intelligence may be driven by the great heterogeneity

Figure 3. Grand averages of event-related potentials as measured at frontal, fronto-central, central, parietal, and
occipital electrodes over midline, separately for more and less intelligent individuals and experimental tasks.
ERPs were elicited by the stimulus onset and averaged across measurement occasions and conditions for each
experimental task. High and low IQ groups were created based on a median split of the BIS total score. N � 122.
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in age in our sample, we refitted the model with age-corrected
residuals of the common ERP latency traits and general intelli-
gence, �2(740) � 1103.15, p � .001, CFI � .82, RMSEA � .07.
The correlations between ERP latency traits and g did not change
when corrected for age, rearlierlatencies � .34, p � .001, q� � .01,
rlaterlatencies � 
.89, p � .001, q� � .00.

We also tested a simpler bifactor model for the electrophysiological
data (see Figure 5). Model fit was again slightly worse than model fit
of the LST model, �2(654) � 1121.64, p � .001, CFI � .78,
RMSEA � .08, probably because the model did not include factors
accounting for component-specific variances. The correlation be-
tween the latent factor for earlier latencies and general intelligence
was positive, r � .30, p � .001, and the correlation between the
latent factor for later latencies and general intelligence was nega-
tive, r � 
.78, p � .001. Correlations were probably somewhat
smaller because the common factor for later latencies contained
more component-specific variance than in the original model. All
in all, this result shows that our results were independent of
specific modeling choices.1

Discussion

The current study investigated whether more intelligent individ-
uals have advantages in the speed of information processing at all
stages of information processing, or only at specific earlier or later
stages as reflected in the latency of specific ERP components.
General intelligence was weakly associated with longer latencies
of earlier ERP components (i.e., P100 and N100), and strongly
associated with shorter latencies of later ERP components (i.e.,
P200, N200, and P300). This result suggests that smarter individ-
uals do not have a general, but a very specific advantage in the
speed of higher-order information processing.

Our results contradict popular theories proposing that individual
differences in some brain-wide property explain the relationship
between processing speed and general intelligence (Jensen, 2006;
Miller, 1994; Penke et al., 2012). Instead, they suggest that more
intelligent individuals process information faster specifically be-
cause of faster higher-order processing. The greatest association
between ERP latencies and general intelligence was found for the
P300, which is consistent with previous studies reporting an asso-
ciation between mental abilities and the visual or auditory P300
(Bazana & Stelmack, 2002; McGarry-Roberts et al., 1992; Troche
et al., 2009). According to the context-updating interpretation of
the P300 (Donchin, 1981), this association may reflect a faster
inhibition of extraneous processes that facilitates the transmission

of information from frontal attention and working memory pro-
cesses to temporal-parietal processes of memory storage (Polich,
2007). This interpretation is consistent with previous research
showing that individual differences in inhibition and updating are
related to general intelligence (Wongupparaj, Kumari, & Morris,
2015).

Moreover, this key finding is consistent with predictions from
the parieto-frontal integration theory of intelligence (P-FIT, Jung
& Haier, 2007), which proposes that an effective interaction be-
tween association cortices within frontal and parietal brain regions
underlies individual differences in mental abilities. This central
assumption of P-FIT theory has seen great support based on a
variety of structural and functional neuroimaging approaches (see
Basten, Hilger, & Fiebach, 2015; Colom & Thompson, 2011, for
a review), including voxel-based morphometry (Colom, Jung, &
Haier, 2007; Colom et al., 2009; Colom et al., 2013), cortical
surface area and cortical thickness analyses (Colom et al., 2013),
voxel-based lesion mapping (Gläscher et al., 2010), and functional
MRI (Burgess, Gray, Conway, & Braver, 2011). In particular,
P-FIT theory proposes that the efficiency of white matter struc-
tures linking frontal and parietal brain regions (i.e., the arcuate
fasciculus and the superior longitudinal fasciculus) determines the
efficiency of information transmission in the parieto-frontal net-
work underlying higher-order cognitive functioning (Jung &
Haier, 2007). Our results support this assumption, because indi-
vidual differences in the latency of ERP components associated
with the transmission of information from frontal to temporal-
parietal processes were strongly related to individual differences in
general intelligence.

It is, however, important to note that there may be other prop-
erties of this parieto-frontal network related to intelligence that
play a crucial role in explaining individual differences in general
intelligence that are not directly related to the speed of neural
transmissions. Using a network approach, Pineda-Pardo, Martínez,
Román, and Colom (2016) demonstrated that local and global
network efficiency in frontal, parietal, and temporal regions were

1 We tested the same model but included only measures of fluid intel-
ligence (APM, processing capacity subtest of the BIS) as cognitive abilities
variables to assess the relationship between fluid intelligence and general
intelligence on a neurophysiological level. The latent correlations between
earlier ERP latencies and fluid intelligence, r � .32, p � .001, and between
later ERP latencies and fluid intelligence, r � 
.83, p � .001, were
comparable with the correlations we found when other facets of intelli-
gence were included in the model.

Table 3
Mean ERP Latencies (SD in Parentheses) Averaged Across Conditions of Each of the Three Experimental Tasks

Task P100 N100 P200 N200 P300

Session 1
SRT/CRT 92.28 (23.52) 131.11 (14.88) 211.54 (32.82) 206.15 (27.71) 330.67 (44.26)
Sternberg 98.10 (27.83) 129.70 (27.02) 234.08 (34.48) 251.11 (42.05) 374.35 (74.76)
Posner 91.35 (37.39) 129.05 (25.71) 222.26 (33.74) 247.87 (36.80) 414.97 (86.45)

Session 2
SRT/CRT 104.21 (18.81) 128.11 (15.95) 208.44 (33.77) 210.38 (29.62) 324.40 (42.04)
Sternberg 94.82 (19.37) 132.53 (17.28) 230.35 (28.19) 248.48 (43.74) 382.39 (81.13)
Posner 124.78 (23.76) 140.76 (11.06) 218.16 (25.27) 240.02 (44.65) 377.74 (75.09)

Note. SRT/CRT � single and choice reaction time task. N � 122 (Session 1)/N � 114 (Session 2).
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Figure 4. A structural equation model consisting of the specific processing speed-model of ERP latencies and
the hierarchical model of general intelligence. The specific processing speed-model consisted of two separate
hierarchical common traits, Tealier latencies and Tlater latencies, a state residual SRi for each of the two measurement
occasions and each of the two traits, specific traits for the five ERP components (only significant specific traits
are shown in the figure) and a method factor Mj for earlier and later ERP latencies of each of the three
experimental tasks. The model provided a good fit to the data, �2(679) � 1048.84, p � .001, CFI � .83,
RMSEA � .07. All factor loadings are fixed to one; if not, standardized regression weights are shown next to
paths. Error residuals are not shown. Nonsignificant latent variables, path coefficients, and residuals (p � .05)
are grayed out. SRT/CRT � single/choice RT task; S � Sternberg letter-matching task; P � Posner letter-
matching task; PC � processing capacity; PS � processing speed; M � memory; C � creativity. Indices i at
states ERPi and state residuals SRi indicate the measurement occasion. N � 122.
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associated with general intelligence, but independent of the behav-
ioral speed of information-processing. Moreover, a recent graph-
analysis approach to resting state fMRI data found that smarter
individuals showed a more distributed brain source allocation at
rest, challenging the role of parieto-frontal areas as the primary
brain regions related to general intelligence (Santarnecchi, Rossi,
& Rossi, 2015).

We found that a latent composite measure of neurophysiological
information-processing speed explained 90% of the variance in
general intelligence in the present study. This association exceeds
the weak negative correlations between ERP latencies and mental
abilities reported in previous studies notably (Schulter & Neu-
bauer, 2005) and demonstrates the benefits of latent variable
modeling. Contrary to our expectations, neurophysiological pro-
cessing speed was not more strongly influenced by situational
factors than behavioral processing speed. Instead, ERP latencies
had lower consistencies than reaction speeds, indicating that the
covariance between different ERP components and tasks is rela-
tively low and that measuring neurophysiological processing speed
reliably requires multiple measurements. Hence, it is not surprising
that the P300 is the only one of the measured ERP components for
which associations with general intelligence have been repeatedly
reported (Bazana & Stelmack, 2002; McGarry-Roberts et al.,
1992; Troche et al., 2009), as P300 latencies had the highest
reliabilities and showed the greatest association with general in-
telligence of all ERP latencies in the present study.

It is intriguing that latent measures of neurophysiological
information-processing speed showed greater associations with
general intelligence than latent measures of behavioral processing
speed. These findings contrast with reports in the related literature
in which behavioral processing speed was more strongly and more
consistently associated with mental abilities than neurophysiolog-
ical processing speed. Our results make it clear that measures of
neurophysiological processing speed contain a great amount of
task- and component-specific variance, and that once this unique

variance has been accounted for, neurophysiological processing
speed explains a great amount of variance in general intelligence.
In fact, our results suggest that ERP latencies may provide a more
precise measurement of information-processing speed, whereas
reaction speeds may be contaminated by other response-related
processes such as motor preparation and execution.

The strong association between the speed of higher-order pro-
cessing and general intelligence is seemingly at odds with several
studies reporting similarly strong associations between short-term/
working memory capacity and general intelligence (e.g., Colom,
Chuderski, & Santarnecchi, 2016; Conway, Cowan, Bunting,
Therriault, & Minkoff, 2002; Engle, Tuholski, Laughlin, & Con-
way, 1999; Kyllonen & Christal, 1990). If both the speed of
information-processing and short-term/working memory capacity
explain more than 50% of the variance in general intelligence, the
two processes cannot contribute to individual differences in intel-
ligence independently. Hence, we propose that the two processes
interact in the way that a higher speed of information-processing
facilitates the processing and manipulation of information in work-
ing memory by a faster inhibition of irrelevant information. As
such, the speed of higher-order information processing directly
affects the efficiency of selective attention and working memory
updating, which in turn affects both working memory capacity and
general intelligence.

Several studies have demonstrated large correlations between
the speed of information-processing and short term-/working
memory-capacity (e.g., Ackerman, Beier, & Boyle, 2002; Kyl-
lonen & Christal, 1990; Schmiedek, Oberauer, Wilhelm, Süß, &
Wittman, 2007; Schmitz & Wilhelm, 2016). Conway et al. (2002)
found that the speed of information-processing was specifically
associated with shared variance between performance in simple
and complex memory span tasks, but not with a latent factor
reflecting only performance in span tasks. This result suggests that
the speed of information-processing is not related to working
memory performance attributable to the processing component of

Table 4
Latent-State-Trait Theory Parameters of ERP Latencies

Consistency Occasion-specificity Method-specificity Reliability

Task Session 1 Session 2 Session 1 Session 2 Session 1 Session 2 Session 1 Session 2

SRT/CRT tasks
P100 .14 .11 0 .17 .14 .12 .28 .40
N100 .14 .11 0 .17 .14 .12 .28 .40
P200 .51 .51 0 0 .08 .08 .59 .59
N200 .42 .48 .12 0 .08 .09 .62 .56
P300 .57 .57 0 0 .09 .09 .66 .66

Sternberg task
P100 .13 .11 0 .16 .17 .14 .30 .42
N100 .13 .11 0 .16 .17 .14 .30 .42
P200 .55 .55 0 0 0 0 .55 .55
N200 .46 .46 .13 0 0 0 .58 .46
P300 .63 .63 0 0 0 0 .63 .63

Posner task
P100 .14 .11 0 .17 .13 .11 .27 .39
N100 .14 .11 0 .17 .13 .11 .27 .39
P200 .55 .55 0 0 0 0 .55 .55
N200 .46 .46 .13 0 0 0 .58 .46
P300 .63 .63 0 0 0 0 .63 .63

Note. SRT/CRT � single and choice reaction time task.
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Figure 5. A structural equation model consisting of bifactor models of ERP latencies and general
intelligence. The bifactor model of ERP latencies consists of a two orthogonal common factors for earlier
and later latencies and three orthogonal task-specific factors. The bifactor model of general intelligence
consists of a common factor g and two orthogonal test-specific factors. The model provided an acceptable
fit to the data, �2(654) � 1121.64, p � .001, CFI � .78, RMSEA � .08. Standardized regression weights
are shown next to paths unless paths were fixed to one. Nonsignificant latent variables, path coefficients,
and residuals (p � .05) are grayed out. SRT/CRT � single/choice RT task; S � Sternberg letter-matching
task; P � Posner letter-matching task; PC � processing capacity; PS � processing speed; M � memory;
C � creativity. N � 122.
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complex span tasks but rather to some other property shared by
simple and complex span tasks.

Moreover, both cross-sectional and longitudinal developmental
studies have shown that developmental changes in working mem-
ory capacity are mediated by developmental changes in the speed
of information-processing, and that developmental changes in fluid
intelligence are in turn mediated by changes in working memory
capacity and the speed of information-processing (Fry & Hale,
1996; Kail, 2007). These results do not only emphasize the close
relationship between the two constructs, but suggest clear trajec-
tories in developmental changes that underline the role that the
speed of information-processing plays for the efficiency of work-
ing memory processes.

We suppose that a greater speed of higher-order information
processing (as measured by the latencies of ERP components
occurring later in the stream of information-processing) increases
working memory capacity and general intelligence by increasing
the efficiency of selective attention and memory updating. This
interpretation is consistent with the context updating theory of the
P300, which proposes that this component reflects the inhibition of
ongoing neural activity to facilitate memory-related storage oper-
ations in temporal and parietal areas (Polich, 2007). Moreover, it
is also consistent with the notion that the relationship between
working memory capacity and fluid intelligence is partly mediated
by individual differences in attentional control (Unsworth, Fukuda,
Awh, & Vogel, 2014), and with previous findings showing that
any effect of inhibition on fluid intelligence is fully mediated by
primary memory (Shipstead, Lindsey, Marshall, & Engle, 2014).
In addition, the speed of neural higher-order processing may also
affect the efficiency of secondary memory or increase capacity by
facilitating the development and disintegration of temporary bind-
ings (Oberauer, Süß, Wilhelm, & Sander, 2007; Unsworth &
Spillers, 2010).

Moreover, this interpretation of our results is consistent with
process overlap theory (POT; Kovacs & Conway, 2016), which
proposes that a limited number of independent domain-specific
and domain-general cognitive processes contribute to individual
differences in general intelligence. In particular, process overlap
theory assumes that domain-general executive processes may
serve as a bottleneck constraining performance in a wide number
of cognitive tasks, giving rise to the positive manifold typically
observed in cognitive abilities test batteries. Consistent with this
assumption of POT, we found that latencies of later event-related
potentials associated with the efficiency of executive processes
were strongly related to general intelligence.

One feature of the present study that limits the conclusions
which can be drawn about the association between the speed of
information processing and general intelligence is that we used
only very simple RT tasks. These so-called elementary cognitive
tasks are cognitively undemanding to minimize the unwanted
influence of individual differences in strategy use and previous
experience with specific elements of these tasks on RTs (Carroll,
1993). Whether cognitively more demanding RT tasks such as
working memory tasks or information-processing speed paradigms
not requiring a motor response such as the inspection time task
would yield comparable results is an open question.

Another feature limiting the conclusions we can draw about the
mechanism by which the speed of higher-order information pro-
cessing affects general intelligence is the correlational nature of

the present study. Future studies should use experimental ap-
proaches to study the effect of increased demands on specific
executive functions on the speed of information-processing, work-
ing memory capacity, and general intelligence. Moreover, phar-
macological approaches tailored to the neuromodulation of the
speed of higher-order processing might yield further insights into
the specific mechanisms underlying the correlational relationship.
Based on the current study, we cannot rule out that other vari-
ables—probably on a molecular level—underlie the relationship
between the speed of higher-order information processing and
general intelligence.

Taken together, our results illustrate that the speed of informa-
tion processing is a crucial component of general intelligence.
Given that general intelligence was only associated with a higher
speed in the peak latency of ERP components occurring later in the
stream of information processing, and given that the latencies of
these later components explained 80% of the variance in general
intelligence, we conclude that general intelligence is little more
than the speed of higher-order processing.
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