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ARTICLE INFO ABSTRACT

Responses to items from an intelligence test may be fast or slow. The research issue dealt with
in this paper is whether the intelligence involved in fast correct responses differs in nature
from the intelligence involved in slow correct responses. There are two questions related to
this issue: 1. Are the processes involved different? 2. Are the abilities involved different? An
answer to these questions is provided making use of data from a Raven-like matrices test
and a verbal analogies test, and the use of a psychometric branching model. The branching
model is based on three latent traits: speed, fast accuracy and slow accuracy, and item param-
Speed eters corresponding to each of these. The pattern of item difficulties is used to draw conclu-
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/[:‘]))‘i’;’iiires sions on the cognitive processes involved. The results are as follows: 1. The processes
Intelligence involved in fast and slow responses can be differentiated, as can be derived from qualitative

IRT differences in the patterns of item difficulty, and fast responses lead to a larger differentiation
between items than slow responses do. 2. The abilities underlying fast and slow responses can
also be differentiated, and fast responses allow for a better differentiation between the
respondents.

© 2011 Elsevier Inc. All rights reserved.

1. Introduction intelligence test. The logic behind this approach is what

Hunt (1978) has described as the cognitive correlates meth-

It is still an issue to what extent intelligence tests mea-
sure mental speed and to what extent they measure mental
capacity and how much these two are related. The issue of
speed and power is an old one (Kelley, 1927) but seems
still unresolved when speed and power refer to factors inter-
nal to the test (Anastasi, 1976; Dennis & Evans, 1996;
Gulliksen, 1950; van der Linden, 2009). A popular present-
day approach is to look for pure measures of speed and
power external to the test. This has led to the elementary cog-
nitive task (ECT) approach (e.g. Neubauer & Bucik, 1996;
Sheppard & Vernon, 2007). These tasks are different from
the tasks in an intelligence test but they are assumed to tap
basic features of the cognitive system that underlie the level
of performance in the common and more complex type of
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od. For the measurement of mental speed or speed of infor-
mation processing, one makes use of simple response time
tasks such as the Hick (1952) paradigm and inspection time
tasks (Vickers, Nettelbeck, & Willson, 1972). For the mea-
surement of mental capacity or mental power, working
memory capacity tasks are used, such as the n-back memory
span task (Baddeley, 1986). An interesting alternative ap-
proach can be found in temporal and non-temporal discrimi-
nation tasks (Troche & Rammsayer, 2009a; 2009b),
respectively for speed and power.

Sheppard and Vernon (2007) and Grudnik and Kranzler
(2001) provide clear evidence for a positive correlation be-
tween intelligence scores and speed of information proces-
sing, and Gray, Chabris, and Braver (2003) for a correlation
with working memory capacity. In a recent study Waiter
et al. (2009) have correlated both with scores on the Raven's
Matrices. Moderately high positive correlations were found
for both, but these correlations could not be explained
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through the mediation of brain activation as measured in
their study. One may readily conclude that mental speed in
the form of speed of information processing and power in
the form of working memory capacity are two important
components, but that it is unclear thus far through which
kind of brain activity they fulfill that role.

Early on in the history of psychology, it was assumed, for ex-
ample, by Spearman (1927) that speed and power rely on one
and the same ability. A theoretically interesting explanation
for such a position is found in Vernon's (1983) theory on the re-
lationship between speed of processing and working memory.
The theory implies that fast processing is a way to deal with
decay in the available information. The elements one has to op-
erate with may have vanished by the time a slow processing
mind is done, so that the cognitive task remains unresolved or
needs a whole new trial. Indirect empirical support for the the-
ory is provided, among others, by Vernon, Nador, and Kantor
(1985) and Vernon and Kantor (1986). The implication is that
a higher speed of information processing provides the brain
with a larger working memory capacity. On the other hand,
there is empirical evidence that mental speed is differentiated
from working memory capacity (Rypma & Prabhakaran, 2009;
Troche & Rammsayer, 2009a; Waiter et al.,, 2009; Wilhelm &
Schulze, 2002). For example, Rypma and Prabhakaran (2009)
come to the interesting conclusion that neural efficiency
based on direct connectivity instead of executive control pro-
cesses can compensate for limited working memory capacity,
which is a somewhat different formulation than Vernon's
(1983) because it implies the independent existence of working
memory limitations. However, both theories imply that slow
responses are of a different nature than fast responses. Fast re-
sponses are based on more automatic direct-link mediated pro-
cessing while slow responses are based on repeating one's
cognitive work and/or more controlled processing. The differ-
ence between automatic and controlled is described in a semi-
nal paper by Shiffrin and Schneider, (1977).

Recently, there seems to be a renewed interest in an ap-
proach internal to the test for the study of speed and capacity
(level of performance), without relating test results to ele-
mentary external tasks (Davison, Semmes, Huang, & Close,
2011; Partchev et al., in press; Semmes, Davison, & Close,
2011). Internal to the test means that response time and ac-
curacy of the item responses from the test are considered
the basic data. However, these studies focus on the measure-
ment and study of speed and capacity rather than on two
possibly different capacities, one referring to the accuracy of
fast responses and the other to the accuracy of slow
responses.

1.1. Fast and slow intelligence

A common sense formulation of the possible automatic vs.
controlled processing difference between fast and slow
would be that respondents start with relying on acquired
knowledge and familiar strategies, and that they shift to rea-
soning instead of knowledge or to less familiar strategies and
ad hoc constructed strategies. There may be also other differ-
ences than between automatic and controlled that can differ-
entiate between fast and slow and are not necessarily
contradictory to the difference between automatic and con-
trolled. For example, if multiple strategies are available to

solve a problem and when these strategies differ in how
much time they take, then one may first try the fastest strat-
egy, and, when it is not successful switch to a slower strategy.
Another example is switching from a forward strategy, such
as reasoning from the problem to the correct solution, to a re-
verse strategy, starting from possible responses, in the hope
one can eliminate all but one (in a multiple-choice task).

The suggestion that slow responses are based on a differ-
ent kind of cognitive processing compared to fast responses,
raises the issue whether fast and slow accuracy rely on differ-
ent abilities. This means that there are two distinct aspects
involved. First, is the processing different? Second, are the
abilities different? Different processes and strategies can in-
dicate different abilities, but may alternatively rely on the
same ability. In the following it is explained how these two
aspects can be investigated in a disentangled way.

If, when fast and slow responses are compared, the corre-
sponding item difficulties appear to differ in more than their
level (a quantitative difference), then the items in question
must have been solved in a different way depending on
whether the responses are fast or slow. The definition of
“item difficulty” will be based on the item response model
(IRT model) that will be used. The model allows for two
sets of item difficulties: one for fast responses and another
for slow responses. Differences between fast and slow that
go beyond differences in overall level of difficulty imply
more than just going faster or slower through the same pro-
cesses. Therefore, a qualitative difference in processing can
be inferred from a difference in the pattern of item difficul-
ties. The advantage of this strategy is that no additional ob-
servations on the way of processing are needed that may
interfere with the spontaneous way of processing. However,
the if/then is not necessarily symmetrical: different ways of
processing may still lead to the same pattern of difficulties
derived for a given set of respondents and a given test.

For example, let us consider two strategies for addition
items with numbers up to 99. Both strategies consist of adding
the units first and then the tens. For example, when presented
with the addition “37 + 46", the two derived elementary addi-
tions are “7+6=13" and “3 4+ 4 ="7". The difference between
the strategies lies in how these results are processed. Following
the first strategy, neither the 13, nor the 7 are written down.
Only the 3 of the 13 is written down, while the 1 is held in
mind in order to be added to the 7, leading to 83. Following
the second strategy, both intermediate addition results are
written down as 7°13, and the 1 is moved forward: 7 +1°3,
leading again to 83. The two strategies do not differ when the
sum of the units is smaller than 10, and therefore, the pattern
of difficulties would not differ either. When the sum is 10 or
larger indeed, one may expect that the difference between
carry-over additions and additions without will be larger
using the first strategy than when using the second strategy.
However, when it comes to response times, the first strategy
has an advantage, because it does not require writing down
the intermediate result (7°13) and its transformation into the
final result (7 4 1°3). This example shows also how it is possi-
ble that slower responses rely on different processes than fast
responses.

While qualitative differences in processing can be inferred
from the item difficulties, qualitative differences in ability can
be inferred from the person latent traits. The definition of a
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latent trait will be based on the item response model (IRT
model) that will be used. The model allows for two different
latent traits: one for fast responses and another for slow re-
sponses. A qualitative difference in ability can be inferred
from the relationship between the two latent traits (fast
and slow) across persons. If, when fast and slow responses
are compared, the corresponding latent traits appear to differ
in more than their level (a quantitative difference), different
abilities must be involved. However, also this if/then is not
necessarily symmetrical: qualitatively different abilities may
still show as only one for a given set of respondents and a
given test. For example, if the items of a test are (perhaps ac-
cidentally) selected to lie approximately on one straight line
in a two-dimensional factor space, then the test would look
as one-dimensional, while in fact two qualitatively different
abilities are involved. In a similar way also the set of respon-
dents may be of a kind that two factors are almost perfectly
correlated.

In sum, qualitative process differences can be inferred
from the across-item pattern of difficulties, and qualitative
ability differences from the across-person pattern of the la-
tent trait values. There are four possible outcomes comparing
fast and slow responses:

1. no qualitative differences for items, and neither for per-
sons: no reason to conclude that the processes or abilities
are different;

2. no qualitative differences for items, but qualitative differ-
ences for persons indeed: the abilities are different but
they do not have empirical consequences for the item
difficulties;

3. qualitative differences for items, but not for persons: the
processes are different but they do not lead to an empirical
differentiation in terms of abilities;

4. qualitative differences for items and for persons: the pro-
cesses are different and the corresponding abilities are dif-
ferent as well.

In order to explain the logic, let us look at the third possibil-
ity, where the pattern of item difficulties differs in a qualitative
way while the abilities cannot be differentiated. A possible ex-
ample comes from the domain of athletic sports. Sprint and far
jump imply different processes (running and jumping), but
both rely on one's speed. The performance in both is highly cor-
related. In terms of the topic under study, a possible conclusion
is that fast and slow accuracy are based on two different kinds
of processes that are nevertheless rooted in the same ability or
in two (almost) perfectly correlated abilities. That the proces-
sing is different is not necessarily a problem for the measure-
ment of intelligence as an underlying ability. However, if fast
and slow accuracy measure different abilities, then the mean-
ing of an intelligence score will depend on the proportion of
fast and slow responses the score is based on. Individual differ-
ences in these proportions lead to measurement problems. It is
therefore an important issue whether fast intelligence and
slow intelligence are the same or not. As far as we know this
issue has not been investigated before. It is different from the
issue whether response times are correlated with accuracy
scores and it is also different from the issue how much speeded
and non-speeded tests are correlated (Davison et al., 2011;
Semmes et al., 2011). However, the latter is not unrelated to
the issue we are focusing on, because time pressure may induce

the kind of processing at the basis of fast responses and prevent
a way of processing that is used for slow responses. Practically
speaking, a speeded test may favor the measurement of fast in-
telligence, while a (relatively) non-speeded test would mea-
sure a mix of both. It would therefore be of interest if the two
could be disentangled. Theoretically speaking, if fast and slow
intelligence were different, then intelligence needs to be con-
ceptualized as a toolbox of diverse abilities respondents have
available for solving a given kind of problem.

1.2. Aim of the study

The aim of the study is twofold and refers to time-
homogeneity vs. time-heterogeneity of responses to items
from an intelligence test. The concept of time-homogeneity
applies to the underlying processes and to the underlying
abilities. Does a larger response time mean that more of the
same processes are executed or equivalently, that they are
executed for a longer time, or do larger response times
imply a different kind of processing? In a similar way, is the
ability the same independent of the response time, or do
slower responses rely on a different ability? Although there
is much to say in favor of the time-homogeneity assumption,
we have given reasons for the possibility of time-
heterogeneous processing. When the processes are different,
it does not necessarily follow but neither would it surprise
that also the abilities are different.

Two kinds of inductive tasks will be investigated: verbal
analogies and a test with matrices, and of each kind, two
sets of items will be investigated. In this way it can be
checked whether the results generalize within the same do-
main of tasks and between different domains of tasks. Induc-
tive reasoning is a basic kind of intelligence and it is even
considered to tap g in the first place (Carroll, 1993;
Gustafsson, 1984; Kvist & Gustafsson, 2008).

1.3. Distinguishing between fast and slow responses

In order to practically investigate the issue of fast versus
slow intelligence, an operational definition is needed of
what is fast and what is slow. By definition, speed is gradual,
so that the optimal approach is to make gradual distinctions.
However, as will become clear from the following, this would
require a new kind of model for the data and would therefore
be a topic of research in itself. There are of course already
models for response time and also for response time in com-
bination with accuracy (e.g., van Breukelen, 2005, van der
Linden, 2009; Wang & Hanson, 2005), but they are not
models with a gradual change of the nature of the processing
and the ability involved with the gradual elapse of time.

In order to make use of existing models for our research
issue, we will work here with a categorical definition of
speed. In fact two definitions will be used, so that it can be
checked whether the results are not method specific. The first
definition is a within-person definition, based on an intra-
individual median split. A fast response is a response that be-
longs to the fastest half of responses of the person in question.
For each person, a fast and a slow subset of items is determined.
The second definition is a within-item definition, based on an
item-wise inter-individual median split. A fast response is a re-
sponse that belongs to the fastest half of responses to the item
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in question. For each item, a fast and a slow subset of persons is
determined.

The within-person split makes all respondents about
equal with respect to speed (all persons have as many fast
as slow items), while it respects the full range of item differ-
ences. A possible drawback would be a too large divergence
between the fast and slow item subsets, when too many
items end up either only in the fast subset or in the slow sub-
set. It will therefore be checked to what extent each item
populates the two kinds of item subsets. The within-item
split makes all items about equal with respect to speed (all
items have as many fast as slow persons), while it preserves
the full range of individual differences in speed. A possible
drawback would be a too large divergence between the fast
and slow person subsets, when too many persons end up ei-
ther only in the fast or in the slow subset. It will therefore be
checked to what extent each person populates the two kinds
of person subsets.

2. Method
2.1. Model

The model that will be used is a two-level branching
model. It is a nested version of the sequential continuation
ratio model formulated by Tutz (1990), but it can be consid-
ered also an individual-differences version (Smith &
Batchelder, 2008; Klauer, 2010) of the binomial tree process
models described by Batchelder and Riefer (1999) and
Erdfelder et al. (2009). The branching structure is shown in
Fig. 1. The highest branching level differentiates between
fast and slow. Within the fast and the slow branch, a further
differentiation is made between correct and incorrect. This
results in three nodes and four categories of responses, the
leaves of the branching tree. The probability of the two
branches from the same node depends on the item and on
the respondent. The model specifies the probabilities as a lo-
gistic function of the item difficulty and the person ability:

Myis = €Xp (npis) / (1 + exp (npis> ) (1)

where 1 is the probability of person p (p=1...,P) working
onitemi (i=1,.,I) to go left at node s (s=1,..,S);where

Tpis = Gps_Bis (2)

so that 1)y =10g(Mpis/(1 —Tpis) ),where 6y is the ability of
person p that makes him go left at node s, with a multivariate
distribution: 6,~MVN(0,2,), which implies S variance pa-
rameters and Sx (S— 1)/2 covariance or correlation parame-
ters; where [3; is the difficulty of item i which makes it
more difficult for a respondent to go left at node s.

In the present application node 1 is for fast vs. slow, node
2 is for correct vs. incorrect following the fast branch, and
node 3 is for correct vs. incorrect following the slow branch.
This means that the probabilities m,;, and ;3 are in fact con-
ditional probabilities: probabilities of a correct response
given that the response is fast or slow, respectively.

The branching model implies that a response can be
recoded into three binary sub-responses as indicated in
Table 1, while each time only two of the three are observed.
If the first sub-response is fast, the third sub-response is
missing. If the first sub-response is slow, the second sub-
response is missing. It means that whether a sub-response
is missing depends on another sub-response observation.

The full model follows from the probabilities given in
Table 1 and Eq. 1. An assumption of the model is that the
sub-responses are independent, conditional on the latent
traits 6,7 to 6,3. This may seem a questionable assumption,
but note that the model does allow for dependence on the la-
tent level, such as a correlation between latent speed and la-
tent accuracy. Dependence on the level of the latent variables
is not a problem for the model. Another potential problem is
the missingness of sub-responses 2 and 3 depending on sub-
response 1. Whether a sub-response is missing is not
completely at random (MCAR), but, because the missingness
depends solely on the first sub-response (and not also on a
latent variable), we are dealing with data “missing at ran-
dom” (MAR). Just as MCAR, also MAR is not a problem for a
maximum likelihood based model estimation.

In line with the common practice in item response theory
and structural equation modeling, the abilities are defined as

fast & fast &

slow &
correct(+) incorrect(-) correct(+) incorrect(-)

slow &

Fig. 1. Branching structure at the basis of the model to disentangle fast and slow intelligence.



L. Partchev, P. De Boeck / Intelligence 40 (2012) 23-32 27

Table 1
The branching model for fast and slow intelligence.
Responses Sub-responses Probability
s=1 s=2 s=3
1 Fast and correct 1 1 - Tpi1Tpi2
2 Fast and incorrect 1 0 - Mpi1 (1 —TTpiz)
3 Slow and correct 0 - 1 (1 — i1 )i
4 Slow and incorrect 0 - 0 (1 —=11p1) (1 — Tpia)

random variables with a covariance structure. The number of
parameters for the abilities is therefore S(S+41)/2: S vari-
ances and S(S — 1)/2 covariances. In line with the same com-
mon practice, the item difficulties are defined as fixed effects.
The number of parameters for the item difficulties is there-
fore Ix S. The variances and correlations of the S sets of diffi-
culties are not model parameters. The branching model will
be estimated with ConQuest Version 2.0 (Wu, Adams,
Wilson, & Haldane, 2007), but other IRT software allowing
for missing data can be used for the same purpose.

2.2. Hypothesis testing

The model as in Eq. 1 and Table 1 will be estimated also in
constrained versions in order to test the hypothesis that fast
and slow processing and the corresponding abilities can be
differentiated. Let us call the general model 3P&3I. It contains
three abilities and three sets of difficulties. The first con-
strained model is the 2P&3] model, and it differs from the
general model in that there is only one ability for fast and
slow responses (0, =103). The second constrained model is
the 3P&2I model, and it differs from the general model in
that there is only one set of difficulties for fast and slow
responses (3, =[33). Finally, the third constrained model is
the 2P&2I model with only one ability and one set of difficul-
ties for slow and fast responses.

The hypothesis will be tested comparing models in three
ways. First, the 3P&3I model will be compared with the
2P&3I, 3P&2I, and 2P&2I models, on the basis of the informa-
tion criteria AIC (Akaike, 1974) and BIC (Schwarz, 1978). Sec-
ond, the 3P&3I model will be compared with the 3P&2I
model with the regular likelihood-ratio test to compare
nested models, in order to test whether beside item difficul-
ties for speed, two sets of item difficulties are needed instead
of one for both fast and slow responses. Third, the 3P&3I
model will be compared with the 2P&3I model with a mix-
ture y>-test for random effects (Molenberghs & Verbeke,
2003), testing three versus two random effects. The three
random effects refer to latent speed and the fast and slow ac-
curacy abilities, whereas two means that fast and slow accu-
racy rely on the same ability. The reason for the difference
between testing 3P&3I versus 3P&2I and 3P&3I versus
2P&3I is that items are modeled with fixed effects and per-
sons with random effects. The regular likelihood ratio test is
not valid for random effects because the null hypothesis of
zero variance is located on the boundary of the parameter
space.

Using the data derived from the within-item split, it was
not possible to estimate the item difficulties for speed,

because the within-item split has made the items practically
equal with regard to speed. This means that for the within-
item split data, in practice a 31 model is a 21 model (only dif-
ficulties for fast and slow accuracy, but not for speed) and a 2I
model is a 11 model (one set of item difficulties, for both fast
and slow response). A similar problem did not occur for the
abilities and the within-person split because abilities are ran-
dom effects, but the variance estimate for the latent speed
variable was extremely small as may be expected.

2.3. Intelligence tests

The first test is a verbal analogies test. Verbal analogies
have attracted much attention in the study of intelligence
(Spearman, 1927; Sternberg, 1977; Whitely, 1976). They are
the most commonly used type of analogy items in intelli-
gence tests (Ullstadius, Carlstedt, & Gustafsson, 2008), and
they are used also for the Scholastic Aptitude Test (SAT)
and Graduate Record Examination (GRE). Verbal analogy
tests measure g and to some extent also crystallized intelli-
gence (Bejar, Chaffin, & Embretson, 1991; Levine, 1950;
Thurstone, 1938), the latter depending on how much word
knowledge is required (Ullstadius et al., 2008). In sum, verbal
analogies may be considered a very popular type of intelli-
gence test, and a measure of core aspects of intelligence.
We use data from the calibration studies for a computerized
adaptive test with multiple-choice items developed by
Hornke (Hornke & Rettig, 1993; Hornke, 1999; Hornke,
2001). The tests for the calibration study were administered
in a computerized but non-adaptive format, with a very gen-
erous time allowance of 180 s per item (Hornke & Wilding,
1997).

The second test is a Raven-like matrices test (Hornke &
Habon, 1986; Hornke & Wilding, 1997). Matrices are a
type of inductive reasoning task supposed to tap on induc-
tive reasoning (Carroll, 1993; Marshalek, Lohman, & Snow,
1983; Schweizer, Goldhammer, Rauch, & Moosburger,
2007), although in Gustafsson's (1984) well-known analy-
sis (1984) matrices define a first-order factor Cognition of
Figural Relations (CFR) which is distinct from Induction
(I). On the second level, both CFR and I loaded on Fluid In-
telligence, which in turn had a 1.00 loading on g as a
third-order factor. Just as verbal analogies have a secondary
loading, also matrix tests sometimes have modest loadings
on spatial ability (e.g., Schweizer et al., 2007). Also matrix
tests may be considered a very popular type of intelligence
test, and a measure of core aspects of intelligence. They
share with verbal analogy tests a focus on inductive reason-
ing and g, while they are perhaps not really pure tests
either. We do not consider this a disadvantage, it may con-
tribute to the generalizability of the findings. The specific
test is based on an item design developed by Hornke
and Habon (1986) and described also by Hornke (2001).
Three types of design factors are used: type of rules, num-
ber of rules, and perceptual organization of the elements.
A multiple-choice response format is used for the items. A
full description of the items can be found in Hornke and
Habon (1986). The test was administered in a computerized
but non-adaptive format, with a very generous time allow-
ance of 180 s per item (Hornke & Wilding, 1997).
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2.4. Data sets

Two data sets will be analyzed. Both are subsets of a dif-
ferent very large data set, one on verbal analogies with 25
forms of 24 items each and a total N of more than 12,000,
and one on matrices with 76 forms of 12 items each and a
total N of about 30,000. The subsets are selected to be compa-
rable, so that the findings regarding verbal analogies can be
compared with the findings regarding matrices. All respon-
dents were at age between 17 and 27 as of the time of testing,
with a median age of 20 (Quartile 1 =19, Quartile 3=21).
Almost all were male. With respect to schooling level and oc-
cupation, they represented a realistic sample of the male
population in this age group.

For the verbal analogies data the first four items of each
form are a stub common to all 25 forms, and the correspond-
ing responses were discarded. The remaining 20 items in
each form overlap by the same ten items. The first five
forms (60 items) were selected, and from this set of items,
36 are selected in a random way. On the person side every
fifth examinee was selected, so that the total N is 726. Two
items of the 36 had to be dropped because of extreme skew-
ness: at least one of the four cells in the cross-tabulation of
correct vs. incorrect by slow vs. fast had a zero count, which
left us with 34 items and a dataset with responses missing
by design. The block design is such that there is a common
overlap of 10 items per subgroup of respondents.

For the matrices data, again the first five forms were se-
lected, a total of 36 items, as the forms overlap by the same
six items. On the person side, every sixth examinee was se-
lected, so that the total N is 503. Again one item had to be
dropped for the same reasons as was the case for the verbal
analogies, which left us with 35 items and a dataset with re-
sponses missing by design. The block design is such that
there is a common overlap of six items per subgroup of
respondents.

The two data sets have a comparable size and are a rea-
sonable sample from the original huge data sets. However,
in order to investigate the replicability of the results, two
quite different subsets of the two original data sets are used
with the same procedure, and the results are very similar.

3. Results
3.1. Description of the data

For the verbal analogies, the proportions of success range
from 0.026 to 0.985, the mean response time is 17.97s, and
the standard deviation is 15.69. When fast vs. slow is defined
on the basis of a within-person split, the minimum number of
observations of fast or slow responses per item is 14. It means
that, when the items are classified per respondent into a fast-
response category and a slow-response category, none of the
items is solely classified in one of these two categories. The
minimum frequency of 14 for one item is rapidly increasing
for the other items: 18, 37, 44, etc. When fast vs. slow is de-
fined on the basis of within-item split, the minimum number
of observations of fast or slow responses per persons is 0, and
this frequency is observed for 35 respondents. This means
that there are 35 respondents who always give either fast re-
sponses or slow responses. This minimum frequency does

not increase fast for the other persons: it is 1 for 42 respon-
dents, 2 for 59, 3 for 61, etc.

For the matrices, the proportions of success range from
0.102 to 0.772, the mean response time is 68.95s., and the
standard deviation is 51.46. When fast vs. slow is defined
on the basis of a within-person split, the minimum number
of observations of fast or slow responses per item is 20. It
means that for none of the items, all respondents always
give either a fast or a slow response. This minimum frequen-
cy of 20 for one item does not increase as rapidly as for verbal
analogies: 21, 30, 31, 32, 38, etc. When fast vs. slow is defined
on the basis of a within-item split, the minimum number of
observations of fast or slow responses per respondent is 0,
and this frequency is observed for 23 respondents. This
means that 23 respondents are always giving either fast re-
sponses or slow responses. This minimum frequency does
not increase fast for the other persons: it is 1 for 43 respon-
dents, 2 for 42, 3 for 36, etc.

The difference between the two kinds of median split for
the two tests can be explained by the much higher number
of respondents than items. The chances of a zero frequency
are much lower if the number of splits equals the number
of persons instead of the number of items. The difference
can also be an indication of the inter-respondent correlation
across items being lower than the inter-item correlation
across respondents. In other words, persons may differ
more in their response times than items do. However, for
both kinds of median split, the total data sets are sufficiently
informative to estimate the models.

For the verbal analogies, the Cronbach alphas for the fast
and slow responses are 0.746 and 0.705, respectively when
the within-person split is used, and 0.701 and 0.643 when
the within-item split is used. The corresponding coefficients
for the matrices are 0.727 and 0.679, and 0.768 and 0.630, re-
spectively. For both tests, the fast responses seem more
somewhat more reliable than the slow responses.

3.2. Model comparison

Table 2 shows the goodness of fit results of the branching
models. The results indicate that in all four cases the con-
strained models (2P&3I, 3P&2I, 2P&2I) are rejected against
the unconstrained model (3P&3I) when a statistical test is
used (a likelihood ratio test or a mixture y>-test). Further-
more, the item fit statistics provided in the ConQuest output
have p-values which are not of the kind to question the good-
ness of fit of the 3P&3I models. Using the weighted statistic,
the p-value is always larger than 0.05, while using the
unweighted statistic, the p-value is smaller than 0.05 only
in 1 out of 70 cases (within-item split) and 1 out of 105
cases (within-person split) for the matrix items, and in 5
out of 68 cases (within-item split) and 5 out of 102 cases
(within-person split) for the verbal analogy items. In other
words, the goodness-of-fit test is never significant at 0.05
for the weighted statistic, and significant for about (or less
than) 5% of the items for the unweighted statistic.

It may be concluded from these results that fast and slow
intelligence seem to be differentiated with respect to the cor-
responding latent ability as well as with respect to the item
difficulties. The same conclusion must be drawn relying on
the AIC. However, following the BIC, the 3P&3I model seems
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Table 2
Goodness of fit of the branching models for verbal analogies and matrices.

Kind of median split ~ # parameters Deviance®  AIC® BIC®

Within persons
Verbal analogies
3P&31 108 16,574 16,790 17,246

2P&31 105 16,612 16822 17,266

3P&2I 74 16,783 16931 17,243

2P&2I 71 16,821 16,963 17,262
Within items

Verbal analogies

3P&3I 74 17,306 17454 17,497

2P&3I 71 17,313* 17,455 17,577

3P&2I 40 17497 17577 17,746

2P&21 37 17,508 17,582 17,738
Within persons

Matrices

3P&31 111 13,454 13,676 14,145

2P&31 108 13,481""" 13697 14,153

3P&2I 76 13,609 13762 14,083

2P&2I 73 13,632 13,778 14,086
Within items

Matrices

3P&3I 76 13,563 13,715 14,036

2P&3I 73 13,570" 13,716 14,024

3P&2I 41 13,638 13,720 13,893

2P&21 38 13,649 13,725 13,885

2 The statistical test comparing the 3P&3I model with the 2P&3I model is a
mixture y?-test, and comparing the 3P&3I model with the 3P&2I model it is
a likelihood-ratio test. Because all these tests are significant, the 3P&3I
model is not compared also with the 2P&2I model.

b The value indicating the best fitting model is indicated in italics.

* p<0.05.
** p<0.01.
o p<0.001.

the best model in only one out of the four comparisons. In the
other three comparisons, the 3P&2I or the 2P&2I models
seem the best. The BIC results are not surprising given the
high correlations between the fast and slow abilities and
the also high correspondence between the fast and slow
item difficulties. The penalty for number of free parameters
is higher in the BIC, so that the additional free parameters
for the two dimensions do not pay off if the dimensions are
highly correlated. The correlations between the latent vari-
ables are reported and discussed next.

3.3. Correlations and variances

The correlations between the two accuracy abilities, fast
and slow, are 0.873 and 0.879 for verbal analogies and
0.880 and 0.869 for matrices, for the split within persons
and within items, respectively. These correlations are esti-
mated model parameters. Because the difficulties are mod-
eled with fixed effects, no such correlations are available
from the model estimation. In principle, one can derive corre-
lations from the individual item difficulty estimates, but they
would have a different status. Other differences between fast
and slow are that the estimated variances are larger for fast
than for slow. The variances are direct model estimates and
not derived from drawing plausible values or other estimates
available with ConQuest in a second step after the model is
estimated (Wu et al., 2007). For verbal analogies the variance
estimates for slow and fast are 1.19 and 2.77 with a split
within persons, and 1.22 and 2.02 with a split within items.

The corresponding variances for matrices are 0.85 and 1.71,
and 1.02 and 1.59.

A model with two different dimensions for fast and slow
includes, along with other parameters, two variances and
one correlation for the latent variables, while a one-
dimensional model will only include one variance. A test sta-
tistic comparing the goodness of fit between the two models
will cover the two extra parameters simultaneously, while
we may be interested in a finer distinction where both the
equality of the variances and the magnitude of the correla-
tion are meaningful in their own right. Therefore we have
performed a targeted additional analysis, one where also
the item difficulties are treated as random variables (De
Boeck, 2008), so that also for the items the variances and
the correlation between fast and slow can be estimated as pa-
rameters of the model. This implies that the items are treated
in a similar way as the persons and that the item difficulties
are considered as latent item variables. Just as 6,, and 63
are latent variables, also B, and ;3 will be treated as latent
variables. It is not common practice, but it fits nicely with
the purpose of the additional analysis.

3.4. Additional analysis

In order to find out whether the variance or the correlation,
or both, are at the basis of the findings, a slightly reformulated
model has been estimated. There are two differences with the
previous models. First, the item difficulties are treated as random
variables for reasons explained in the previous paragraph. Sec-
ond, instead of working with fast and slow as latent variables,
one pair for the persons and one pair for the items, two new
latent variables are defined: one general variable (common for
fast and slow) and a specific one for fast. The formulation with

9, 00 By 00 0, 00 B, 00
{0 6, 0 }and 0 B, 0 |is replaced with the formulation | 0 6, 65 [and | 0 B, 3].

0 0 6 0 0B 0 6, 0 0 B, 0

The two formulations are mathematically equivalent:
0g=103, 0 =05+ 0’5, and By= B3, B2 =g+ 2. A multivari-
ate normal distribution applies for the three random person
variables, speed and the two newly defined ones, and similar-
ly for the corresponding three random item variables. If the
correlation between the general latent variable (6, or (3,)
and the specific fast latent variable (6, or 3';) is positive,
then the variance of the fast latent variable (6, or 3,) is larger
than the variance of the slow latent variable (63 or 33). When
the correlation is negative and —2p9g9/209g09/2>o%,2 (simi-
larly for the difficulties), the reverse is true. When the corre-
lation is extremely high (close to 1.00), then the fast latent
variable (60, or 3;) has certainly a larger variance while its na-
ture cannot be differentiated from the slow latent variable (65
or (33). All this follows from the formula for the variance of
the sum of two variables. Note that the correlations between
g and 0’5, and between (3, and [3/,, are not correlations be-
tween fast and slow and may therefore not be compared
with the correlations reported earlier (between 6, and 63).
Model estimation was performed with the Imer function
from the Ime4 package in R (Bates & Maechler, 2009),
which is a flexible software tool for item response models
within a generalized linear mixed model approach (De
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Boeck et al., 2011; Doran, Bates, Bliese, & Dowling, 2007), one
that can handle random item variables.

For the results on the abilities, we rely primarily on the
within-item split, because the within-person split eliminates
practically all the individual differences with respect to
speed. The correlations between 6, and 6, are 0.767 and
0.646 for verbal analogies and matrices, respectively.

For the results on the item difficulties, we rely primarily
on the within-person split, because the within-item split
eliminates practically all the item differences with respect
to speed. The correlations between (3, and 3, are 0.661 and
0.590 for verbal analogies and matrices, respectively. All
these correlations are moderately high but far from perfect.
Therefore, both aspects, a larger variance of fast in compari-
son with slow, and an imperfect correlation between fast
and slow, seem to contribute to the better fit of the 3P&3I
models. Apparently, fast and slow can be differentiated in-
deed, although perhaps somewhat better in the case of the
difficulties. The other split, within-items for items, and
within-persons for persons, confirms the results for the
item difficulties, with correlations of 0.498 and 0.658 for ver-
bal analogies and matrices, but not for the abilities, with cor-
responding correlations of 0.881 and 1.000. However, for
these splits, the analysis is not a full analysis, as explained.

3.5. Speed and accuracy

The results regarding speed and accuracy are remarkable.
The results to be reported refer to the within-item split for
the latent person variables and to the within-person split
for the latent item variables, for reasons explained earlier.
For matrices, the latent speed variable 6, is negatively corre-
lated with 6, (—0.422) and with 6’, (—0.965), which is the
discrepancy between fast and slow. For the latent item vari-
ables, the correlation between 3; and 3; and ', is positive
and rather high (0.630, 0.681). For verbal analogies, the la-
tent speed variable 6, is only slightly negatively correlated
with 6; (—0.184), and the correlation is positive with ',
(0.489). The results for the items show again high and posi-
tive correlations of 3, with 3, and 3'; (0.792, 0.736).

For the items, the results are strong evidence for a positive
relationship between speed and accuracy. Easy items are fas-
ter, difficult items take more time. For the persons, the results
depend on the kind of test. For matrices, successful respon-
dents are slower. Especially the relative success rate of fast
responses compared to slow responses is highly negatively
correlated with overall speed. Higher overall speed means
relatively less success with fast responses. For verbal analo-
gies, the relationship is different. Being relatively more suc-
cessful with fast responses is even positively correlated
with overall speed. The difference between matrices and ver-
bal analogies is that matrix tasks are based exclusively on
cognitive work, possibly executed on a spatial representation,
whereas verbal analogies are partly based also on knowledge
and knowledge does not tend to take time. One either knows
or does not. It often does not help to use more time.

4. Discussion and conclusion

The results for the differentiation between fast and slow
intelligence for the two kinds of tests, verbal analogies and

matrices, and for the two operational definitions of fast and
slow responses, are remarkably similar, which provides a
good basis for generalization. However, because both matri-
ces and verbal analogies are inductive tests, the generaliza-
tion must be limited so far to this albeit broad category of
tests. The fact that both investigated tests have a multiple-
choice response format implies a further possible limitation.

Based on the results, the following conclusions can be
drawn. First, fast and slow intelligence can be differentiated
with respect to the processes involved, and with respect to
the corresponding abilities as well. Fast and slow intelligence
are rather strongly correlated, but two different sets of item
difficulties seem to be required and also the abilities can be
differentiated, so that they are nevertheless qualitatively dif-
ferent to some degree. Second, fast responses differentiate
better than slow responses between persons as well as be-
tween items. The kind of differentiation is somewhat differ-
ent, but stronger for fast responses than for slow responses.

These findings have consequences for the measurement
of intelligence. First, a somewhat different kind of ability is
measured for respondents with primarily slow responses
compared to the ability that is measured for respondents
with primarily fast responses. The difference is perhaps not
substantial given the rather high correlation between fast
and slow intelligence, but there is nevertheless an issue of
equivalence that needs further investigation. Second, given
the higher variance of fast intelligence compared to slow in-
telligence, the ability of fast respondents is measured in a
more reliable way than the ability of slow respondents. Also
this effect is a possible source of distortion.

The convergence between the results for the persons and
for the items is neither a logically necessary result, nor is it
imposed by the model. As explained in the introduction, dif-
ferent cognitive strategies may require the same cognitive re-
sources, such as working memory and cognitive efficiency in
the execution of the different processes. Also the model does
not impose symmetry between persons and items. One can
easily generate data with a strong divergence.

For a kind of task that requires more time to be solved,
such as matrix tasks in comparison with verbal analogies, in-
dividual differences in speed seems to be negatively correlat-
ed with accuracy. Slow responders are better responders. A
possible explanation is that one needs to take one's time for
these items in order to find the correct solution, and that in-
tuitive and impulsive responses do not pay off. Although fast
responders are poorer responders, it is also true that the cor-
rectness of a fast response is a better differentiator for the
ability than the correctness of a slow response.

Speed as measured here is speed in a rather self-paced
condition, since the time limit was very lenient. The finding
of Davison et al. (2011) with a math reasoning test is of inter-
est regarding the meaning of speed in such a condition. These
authors found that speed in a self-paced condition is positive-
ly correlated with level of performance in an experimenter-
paced condition (with time pressure). This result is similar
to the positive correlation we found in our analysis between
overall speed and relative success rate of fast responses to
verbal analogies. However, the analogous result for matrices
was quite different in our study. The relation between fast ac-
curacy and speed was in fact extremely negative. It would be
interesting to have data about the same set of items in two
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conditions: self-paced and with time-pressure, in order to in-
vestigate the meaning of the speed factor in self-paced condi-
tions. Given our results, one should take into account that the
meaning of speed may be different depending on the kind of
test.

Such a study with two conditions would also be a way to
find out how intelligence under time pressure is related to
fast and slow intelligence in a self-paced condition. How are
the ability and item difficulty as measured under time pres-
sure related to fast and slow intelligence abilities and item
difficulties? For example, one may hypothesize that the mea-
sures derived from time pressure conditions are correlated
higher with fast response measures than with slow response
measures. Another possible subject for further investigation
is the differential and complimentary predictive validity of
the three latent traits: fast and slow intelligence (in a self-
paced condition) and intelligence under time pressure.

Apart from the substantive findings, also the approach we
have used is a topic of discussion. The branching models
seem an interesting tool to study item responses and to
investigate the issue of fast and slow intelligence from a
multidimensional perspective. They are a powerful tool in
cognitive psychology in general as shown by Batchelder and
Riefer (1999) and Erdfelder et al. (2009). The addition of ran-
dom effects to capture individual differences is a rather re-
cent development (Smith & Batchelder, 2008; Klauer, 2010),
with the potential to bring models for cognitive psychology
and cognitive processes closer to latent trait models and
item response models. For an early attempt to use a multi-
nomial processing tree approach for test data, see Garcia-
Perez (1990).

A possible limitation of the approach we have followed is
the discrete operational definition of fast and slow. The dif-
ferentiation through a median value is rather arbitrary,
since response time is of course gradual. It is therefore worth-
while to develop models that can deal with a continuous
qualitative change. Although models do exist in which con-
tinuous response time and accuracy are combined, there are
no such models for the study of time heterogeneity, with
qualitative differences between abilities and processing
depending on the response time. Only with such models
would it be possible to overcome the limitation of the dis-
crete operational definition we have used.
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