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A B S T R A C T   

Despite over a century of research on intelligence, the cognitive processes underlying intelligent behavior are still 
unclear. In this review, we summarize empirical results investigating the contribution of cognitive processes 
associated with working memory capacity, processing speed, and executive processes to intelligence differences. 
Specifically, we (a) evaluate how cognitive processes associated with the three different cognitive domains have 
been measured, and (b) how these processes are related to individual differences in intelligence. Consistently, 
this review illustrates that isolating single cognitive processes using average performance in cognitive tasks is 
hardly possible. Instead, formal models that implement theories of cognitive processes underlying performance 
in different cognitive tasks may provide more adequate indicators of single cognitive processes. Therefore, we 
outlined which models for working memory capacity, processing speed, and executive processes may provide 
more specific insights into cognitive processes associated with individual differences in intelligence. Finally, we 
discuss implications of a process-oriented intelligence research using cognitive measurement models for psy
chometric theories of intelligence and argue that a model-based approach might overcome validity problems of 
traditional intelligence theories.   

1. Introduction 

Despite more than a century of intelligence research, one of the most 
fundamental questions about intelligence remains: Why do people differ 
in their intelligence? We can look for an explanation of individual dif
ferences in cognitive abilities on different levels of analysis: On a first 
level, we can identify the cognitive processes that generate intelligent 
thought and behavior, and the mechanisms that enable these processes, 
and determine how they differ between individuals to generate intelli
gent behavior. On a second level, we can identify the neural mechanisms 
that implement the cognitive mechanisms and determine which of their 
features vary between individuals and thereby cause differences in the 
quality of information processing. In this article we are concerned with 
the cognitive level and ask what intelligence research can learn from 
experimental cognitive psychology. A complementary article by Hilger, 
Spinath, Troche, and Schubert (2022) will review research pertaining to 
the neural level. 

An important goal of experimental research on cognition is the 
design of experimental paradigms for isolating and manipulating hy
pothetical cognitive mechanisms and processes that are potentially 

related to differences in intelligence. One approach in this research 
tradition has been to design tasks that experimentally vary one sup
posedly elementary process and relate measures of such processes to 
intelligence differences. For instance, in the memory-scanning paradigm 
(Sternberg, 1969) the response time for deciding whether a recognition 
probe matches one of n items in short-term or working memory in
creases linearly with set size n. Assuming serial scanning, the slope of RT 
over n can be used to measure the time it takes a person to do one 
comparison of the probe with an item in memory (for a recent example, 
see Jungeblut, Hagemann, Löffler, and Schubert, 2021). Similarly, in the 
Hick (1952) paradigm, the response time to an n-alternative forced- 
choice task increases linearly with log2(n). The slope of that relation 
can be used to measure the time it takes a person to make a binary de
cision about which of n buttons to press. Researchers interested in in
dividual differences can use such paradigms for measuring the duration 
– or the accuracy – of hypothetical elementary cognitive processes, such 
as comparisons and binary decisions, in individuals (see Fig. 1 for an 
illustration), and ask whether they contribute to individual differences 
in intelligence (e.g., Jensen, 1982; Martin, 1978). 

Other researchers started from typical intelligence-test tasks, such as 
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analogical reasoning tasks (Sternberg, 1977), and turned them into 
experimental paradigms. The rationale here is to compare response 
times or accuracies in task versions differing in their demands on one 
hypothetical process (e.g., the comparison of two elements in an anal
ogy), thereby allowing to isolate the required time for processing, or the 
reduction of accuracy, due to that additional process. The goal of this 
componential approach was to decompose the overall duration and 
error rate on a task into the durations of elementary processing steps on 
the way to a solution, and their associated error rates. Individual dif
ferences in intelligence could then be explained as differences in the 
speed and accuracy of some, or all, of the processes involved. 

An important assumption underlying this endeavor is that the 
elementary cognitive processes identified in one experimental task 
generalize across tasks and materials. For instance, individual differ
ences in speed and error rate for comparing a recognition probe to an 
item in working memory should be correlated for different classes of 
stimuli, and for different tasks measuring access to working memory. 
Only if elementary cognitive processes are that general can they 
contribute to a plausible explanation of the positive manifold of cogni
tive ability indicators that jointly constitute intelligence. This assump
tion is problematic because we can describe cognitive processes on 
several levels of abstraction. For instance, the slope in a memory- 
scanning task could be interpreted as the time for accessing an item in 
working memory, or as the time for comparing a stimulus to a working- 
memory item, or as the time for comparing a perceived digit to a digit in 
working memory. To the extent that a process generalizes, measures of 
that process should correlate positively between different experimental 
paradigms and content domains used to isolate that process, forming a 
positive manifold that can be captured by a factor in a latent-factor 
model. Attempts to demonstrate this are rare, and have often resulted 
in failure, as we will review in the next section. 

A related problem is that measures of component processes, such as 
the slopes in the memory-scanning or the Hick paradigm, did not 
correlate with intelligence measures in a consistent, replicable manner 
(e.g., Beauducel and Brocke, 1993). Lohman (1994) has cogently char
acterized this issue in an Editorial with the subtitle “Why the intercept 
correlates best”: Most of the between-person variance in performance on 
cognitive tasks is carried by the intercept of regression models, whereas 
the slopes, or the effect sizes of experimental contrasts, have compara
tively little variance. The intercept reflects what is common to all 
experimental conditions. Its variance tends to generalize across tasks, 
and it correlates consistently with intelligence. 

This situation is to some extent due to two methodological problems. 
One is that component processes are measured through differences 

between experimental conditions (or variants thereof, such as slopes), 
and the difference of two variables sums their error variance, but sub
tracts out their shared variance, leaving it in the intercept (Cronbach and 
Furby, 1970). This makes it difficult to measure processing components. 
The other is that component measures usually take response time as the 
dependent variable, ignoring accuracy (or, in a few cases, use accuracy 
and ignore latency). People differ in their speed-accuracy trade-off, and 
therefore, neglecting one aspect of performance – either accuracy or 
speed – risks neglecting an important component of individual 
differences. 

After reaching this impasse in the 1990s, research on the cognitive 
foundations of intelligence proceeded on two paths. One line of research 
continued to use experimental contrasts to isolate hypothetical cognitive 
mechanisms and processes, focusing mostly on executive control pro
cesses, which many researchers – starting with Sternberg (1977) – 
assumed to be most plausible candidates for processes that apply 
generally across tasks and materials. Another line of research turned 
away from the idea that intelligence can be explained by the efficiency 
of elementary cognitive processes, and instead aimed to measure char
acteristics of general mechanisms of cognition, such as the capacity of 
working memory, or the speed of evidence accumulation for a decision. 
This research tradition embraced the intercept and aimed to develop 
tasks with which mean performance could be interpreted as reflecting a 
cognitive mechanism of interest. In the next section we review research 
from these two traditions. 

2. Review of empirical results investigating cognitive processes 
related to intelligence differences 

Both, research focusing on the intercept (i.e. average performance) 
as well as research using experimental contrasts (i.e. experimental ef
fects) to capture individual differences in cognitive processes used tasks 
and measures stemming from cognitive experimental research. There
fore, empirical work on the cognitive processes underlying intelligence 
differences strongly relies on the cognitive experimental validation of 
the tasks used. We next summarize research speaking to the validity of 
average performance in cognitive tasks, before reviewing the empirical 
work focusing on the validity of experimental contrasts. 

2.1. Working memory capacity 

Conceptually, working memory is most generically described as an 
“ensemble of components of the mind that hold a limited amount of 
information temporarily in a heightened state of availability for use in 

Fig. 1. Illustration of variability in the intercept and the slope of experimental data. Left panel: Idealized data from the Hick paradigm for 4 subjects. Right: Idealized 
data from the Stroop paradigm for 4 subjects. The intercept of each subject is shown as a black dotted line or bracket; the slope as a red broken line. (For inter
pretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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ongoing information processing” (Cowan, 2017). Theoretically, intelli
gent behavior requires access to information for manipulating it and for 
making decisions based on it. Therefore, we can expect that working 
memory is critical for intelligence. The capacity of working memory is 
limited, and we can expect that capacity to be a limiting factor for the 
amount of information that can be processed jointly at any point in time, 
thereby limiting the complexity of cognitive structures underlying 
reasoning and decision making that a person can successfully handle 
(Halford, Cowan, and Andrews, 2007; Oberauer, Süß, Wilhelm, and 
Sander, 2008). 

2.1.1. How can working-memory capacity be measured? 
Research investigating individual differences in working-memory 

capacity (WMC) and their relations to intelligence differences used 
several different WMC task paradigms. The most prominent measure of 
WMC is performance in complex span paradigms (Daneman and Car
penter, 1980; Engle, Cantor, and Carullo, 1992; Turner and Engle, 
1989). In this paradigm, participants alternate between encoding a 
memory item and completing a processing task, before having to recall 
the list of items in correct order. The complex-span paradigm was 
motivated by the assumption that the combination of storage and pro
cessing was required to measure working memory (Daneman and Car
penter, 1980; Salthouse, Babcock, and Shaw, 1991). Other WMC 
paradigms also combine storage and processing demand: N-back or 
running memory span tasks (Kirchner, 1958; Pollack, Johnson, and 
Knaff, 1959) combine the encoding of memory items with continuous 
updating. 

Nevertheless, there are also examples of WMC paradigms that do not 
rely on concurrent processing, but only require the storage of items or of 
item-context bindings without any processing. Some studies show that 
performance in such paradigms is as well suited for measuring WMC as 
storage-and-processing paradigms, indicating that the role of storage 
might be more relevant for WMC measures than its combination with 
processing demands (Chuderski, Taraday, Nęcka, and Smoleń, 2012; 
Miyake, Friedman, Rettinger, Shah, and Hegarty, 2001; Oberauer, Süß, 
Schulze, Wilhelm, and Wittmann, 2000; Unsworth, Fukuda, Awh, and 
Vogel, 2014; Wilhelm, Hildebrandt, and Oberauer, 2013). Finally, par
adigms tapping the ability to integrate relational information (e.g. 
decide whether all digits in one row or column are equal) were also used 
to measure WMC; some versions of these paradigms were shown to be 
valid indicators of WMC even without an obvious memory demand 
(Chuderski et al., 2012; Oberauer et al., 2000). 

Taken together, there is considerable heterogeneity across para
digms and measures used to assess individual differences in WMC. Most 
of these, however, load strongly on a common factor, implying that 
despite their heterogeneity they measure largely the same source of 
variance. Researchers who want to measure WMC should therefore 
combine performance measures from different paradigms to average out 
paradigm-specific variance. 

2.1.2. Working memory capacity is strongly related to intelligence 
differences 

Their variety notwithstanding, measures of WMC load strongly on a 
general WMC factor, which is highly correlated with intelligence. 
Similar to the positive manifold of performance in intelligence mea
sures, performance in different WMC paradigms (e.g. complex-span, 
binding, relational integration, or n-back tasks) is consistently posi
tively correlated (Engle, Tuholski, Laughlin, and Conway, 1999; Kane 
et al., 2004; Kyllonen and Christal, 1990; Unsworth et al., 2014; Wil
helm et al., 2013). This indicates that there might be a general capacity 
of working memory independent of contents material, which limits 
performance in a heterogeneous set of tasks (Oberauer et al., 2000). 

Empirically, the relationship between general WMC and fluid intel
ligence is well-established (Kane, Hambrick, and Conway, 2005; Kyllo
nen and Christal, 1990; Oberauer, Schulze, Wilhelm, and Süß, 2005). 
Meta-analytic correlations between different measures of WMC and 

intelligence range between r = 0.70 and r = 0.85. This strong association 
of WMC with fluid intelligence is generally agreed upon by experts in the 
field and suggests that processes limiting WMC are similarly relevant for 
intelligence differences. 

2.1.3. What cognitive mechanisms does working memory capacity reflect? 
Finding that a general factor of intelligence is strongly predicted by a 

general factor of WMC does not yet illuminate the cognitive basis of 
intelligence. Therefore, we next ask which cognitive mechanisms are 
responsible for the capacity limit of working memory. 

There is no agreement in the experimental literature on what limits 
the capacity of working memory (Oberauer, Farrell, Jarrold, and Lew
andowsky, 2016): Some researchers assume that capacity limits of 
working memory arise from time-based decay (Baddeley, 1986; Bar
rouillet, Portrat, and Camos, 2011), others assume that working- 
memory capacity is limited by a cognitive resource that can either be 
described as continuous or discrete (Ma, Husain, and Bays, 2014; Popov 
and Reder, 2020; Zhang and Luck, 2008), whereas yet other theorists 
assume that working memory capacity is limited by interference be
tween bindings in working memory (Farrell and Lewandowsky, 2002; 
Oberauer, 2019; Oberauer and Kliegl, 2006; Oberauer and Lin, 2017). 
These theoretical perspectives imply different candidate sources of in
dividual differences: For instance, in decay theories, the speed of decay 
or of refreshing to counteract it; in resource theories, the size of a per
son's WM resource pool and how the resource is used; in interference 
theories, the distinctiveness of representations could be invoked to 
explain why working memory capacity is strongly related to intelligence 
differences. 

A separate discussion about the nature of WMC has unfolded in the 
individual-differences literature (Daneman and Carpenter, 1980; Engle 
et al., 1999; Kyllonen and Christal, 1990). This line of research has more 
strongly focused on comparisons between measures of working memory 
that load on the general WMC factor, aiming to determine inductively 
which cognitive demands they have in common. Three proposals have 
emerged: (1) WMC measures primarily the capacity to store informa
tion, and in particular, the capacity to maintain bindings between 
elementary representations (Colom, Jung, and Haier, 2007; Oberauer, 
2005; Wilhelm et al., 2013); (2) WMC reflects the ability to coordinate 
storage and processing, and more generally, the ability to control 
attention (Conway, Cowan, Bunting, Therriault, and Minkoff, 2002); (3) 
WMC reflects a combination of attentional control and storage in long- 
term memory (Unsworth and Engle, 2007b). These three views are 
also reflected in the discussion about which aspect(s) of WMC might 
underlie intelligence, to which we turn next. 

2.1.4. Which specific aspects of WMC are most relevant for intelligence 
differences? 

WMC measures hardly tap only a single cognitive mechanism. Thus, 
there has also been considerable discussion which specific aspects of 
working memory and mechanisms associated with its limited capacity 
are relevant for intelligence differences (Oberauer et al., 2000; Ship
stead, Harrison, and Engle, 2016; Unsworth et al., 2014). 

Early research focused on the finding that complex-span tasks were 
often better predictors of intelligence than simple span tasks, which 
require only storage without concurrent processing. These results 
motivated the assumption that processes involved in the coordination of 
storage and processing are more relevant to intelligence differences 
(Conway et al., 2002; Engle, 2002; Kane et al., 2016; Shipstead et al., 
2016, p. 201). Subsequently, a re-evaluation of key data sets led to a 
revision of the conclusion that complex-span tasks are better predictors 
of intelligence than simple-span tasks (Unsworth and Engle, 2007a). 
Moreover, many other task variants requiring only storage were found to 
be predictors of intelligence as strong as tasks combining storage and 
processing (Chuderski et al., 2012; Miyake et al., 2001; Oberauer et al., 
2000; Unsworth et al., 2014). Therefore, some researchers argued that 
mainly the number of items, or of item-context bindings that can be held 
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active in working memory (i.e., short-term storage or binding ability) is 
relevant for differences in intelligence. Other researchers found evi
dence that the ability to retrieve information from secondary memory, 
storing information that could not be actively maintained, might also be 
relevant for differences in intelligence (Unsworth et al., 2014; Unsworth 
and Spillers, 2010; Unsworth, Spillers, and Brewer, 2010). In sum, 
although empirical research indicates an important role of individual 
differences in WMC for intelligence differences, the specific mechanisms 
limiting performance in WMC measures are still not clear, and thus also 
not which of these mechanisms are relevant for intelligence differences. 

2.2. Processing speed 

The research effort subsumed under the overarching term “process
ing speed” is somewhat heterogeneous and includes individual- 
differences studies on mental speed, information processing speed, 
elementary cognitive tasks, but also attention. Two theoretical reasons 
have been proposed for why processing speed might underlie intelli
gence, a cognitive and a reductionist one. The cognitive explanation is 
that participants vary with respect to how fast simple operations can be 
executed. Quicker participants can process information in working 
memory faster and therefore can process more information before it has 
decayed (Jensen, 1998). The reductionist explanation regards process
ing speed as an indicator of a neural variable that is responsible for in
telligence, such as nerve conduction velocity (Vernon and Mori, 1992), 
string length (Hendrickson and Hendrickson, 1980), white matter 
integrity (Deary et al., 2006), inferred parieto-frontal integration of in
formation transmission (Jung and Haier, 2007) and many more 
candidates. 

Processing speed is also deemed a driver of age-associated decline of 
general intelligence (Kail, 2007; Salthouse, 1996). From an ageing 
perspective, processing speed declines monotonically from young 
adulthood on (Nettelbeck and Burns, 2010) and therefore – according to 
the processing speed hypothesis – factors of intelligence decline to the 
degree that they hinge on processing speed. 

2.2.1. How can processing speed be measured? 
The idea of processing speed being the essential fuel behind a general 

factor of intelligence gained support from studies using devices that 
could record the speed of responses reliably. Early tasks such as the Hick 
paradigm (Hick, 1952) were supposedly improved by setting them up on 
what became known as Jensen box (Jensen, 1987). Many tasks could be 
easily adapted for purposes of ability testing as computers became 
widely available. Tasks such as the Sternberg paradigm (S. Sternberg, 
1969), the Hick paradigm, the Odd-Man-Out task (Frearson and 
Eysenck, 1986) and many more all stressed the swiftness of responses to 
very easy problems. Typically, the accuracy in such two-choice reaction 
time tasks is very high, between 90 and 100%. Therefore, accuracy is 
often neglected altogether and a score that reflects the average latency 
for correct responses is used in subsequent analysis. Please note how
ever, that many other performance indicators are also popular. For 
example, median response times are used or movement and decision 
time are distinguished in an attempt to purify cognitive speed from 
motor speed (Jensen and Vernon, 1986), or dispersion of response times 
is taken as an indicator of the robustness of information processing 
(Papenberg et al., 2011). More recently the diffusion model for decision 
reaction times and their relations with individual differences in other 
abilities became popular (Schmiedek, Oberauer, Wilhelm, Süß, and 
Wittmann, 2007), and will be discussed in the section on “cognitive 
measurement models”. 

Consensual theories of individual differences in human cognitive 
abilities (Carroll, 1993) additionally include factors on clerical speed 
(aka. Broad speediness) on one side, and broad processing speed on the 
other side. Clerical speed is measured through tasks such as the digit- 
symbol test or number comparison. Such tasks typically provide par
ticipants with a limited amount of time to complete as many trials as 

possible. The number of correctly solved trials – sometimes corrected by 
the number of erroneous responses – is then used as an indicator of 
performance. The factor processing speed was assumed to reflect the 
ease with which easy cognitive operations can be completed. This factor 
is best measured with choice reaction time tasks or other tasks that 
supposedly stress decision time. It is now known that once the medium 
of administration (paper-pencil or computer) and the computation of 
performance (number correct per time, or time per correct response) is 
controlled for, traditional speed tasks can factorially not be dissociated 
from so-called elementary cognitive tasks (Danthiir, Roberts, Schulze, 
and Wilhelm, 2005). Nevertheless, the factorial structure of a broad 
battery of processing speed measures is not finally settled (Roberts and 
Stankov, 1999). 

2.2.2. Processing speed is moderately correlated with intelligence 
differences 

If processing speed is fundamental for human intelligence, the as
sociation between pure indicators of processing speed and an intelli
gence test that does not stress processing speed should be high. Instead, 
studies seem to mostly yield estimates in the range of r = 0.3 for single 
tasks (Hunt, 1980; Sheppard and Vernon, 2008) and around r = 0.6 on 
the latent level (Danthiir, Wilhelm, and Roberts, 2012; Neubauer and 
Bucik, 1996; Schmitz and Wilhelm, 2016). Of course, the exact pro
cedure to identify pure indicators of processing speed is controversial. Is 
simple reaction time – for example measured by participants pressing a 
button as soon as a prompt appears – the best choice? Are more complex 
arrangements better in which participants must choose as quickly as 
possible between different response options? Should we use response 
time differences between simpler and more complex task arrangements? 
These questions will be addressed in the next subsection. 

Taken together, the response to the question how processing speed 
should be measured still hinges upon the purpose of the measurement. If 
the goal is to apply tasks that are established and allow for uncompli
cated expression of performance, clerical speed tasks such as “Finding 
A's” or “Symbol Comparison” should work fine. With such measure
ments a realistic expectation for the strength of the association between 
processing speed and intelligence in an age homogeneous but otherwise 
unselected sample should be around 0.1–0.3 on the task level (Sheppard 
and Vernon, 2008) and 0.4–0.6 on the level of disattenuated latent 
factors (Kyllonen and Christal, 1990; Süß, Oberauer, Wittmann, Wil
helm, and Schulze, 2002). 

2.3. Executive processes 

During the past decades individual differences researchers, as well as 
developmental scientists and neuropsychologists, extensively explored 
the role of executive processes for individual differences in human 
cognition (Barbey et al., 2012; Diamond, 2013; Miyake et al., 2000; 
Sternberg, 1977). Yet, because of the wide-spread interest in executive 
processes in different domains of psychology, several conceptions of 
executive processes exist, and a clear definition of the term remains 
elusive (Jurado and Rosselli, 2007). 

Some researchers conceptualized executive processes very broadly as 
any cognitive process involved in goal-directed cognition (Barbey et al., 
2012; Diamond, 2013), which often includes reasoning, problem solv
ing, and working memory. This definition, however, does not suffi
ciently separate executive processes from other constructs such as 
intelligence. Therefore, explaining individual differences in intelligence 
by executive processes would be circular. 

We therefore propose that a narrower definition of executive pro
cesses is more reasonable to conceptually and operationally separate the 
to be explained construct (i.e. differences in intelligence) from the 
explaining construct (e.g. differences in executive processes). We pro
pose to follow researchers who have conceptualized executive processes 
more narrowly as cognitive processes that supervise or guide attention 
during goal-directed cognitive processing (Norman and Shallice, 1986; 
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von Bastian et al., 2020). Specifically, these definitions often focus on 
the aspect of counteracting different forms of distraction, for example 
perceptual or self-generated distraction, during goal-directed informa
tion processing (Friedman and Miyake, 2004; Stahl et al., 2014). In past 
research, such attention regulation processes have also been called ex
ecutive functions, attentional control, or cognitive control. Although there 
might be nuanced differences in the definition of these different terms 
(Conway, Kovacs, Hao, Rosales, and Snijder, 2021), they largely refer to 
similar aspects of cognitive processing on different levels of generality. 

With respect to these more narrowly conceived executive processes, 
three different executive processes have often been separated: inhibi
tion, shifting, and updating (Miyake et al., 2001). Inhibition refers to the 
ability to suppress pre-potent responses or irrelevant information, 
shifting to the ability to flexibly and efficiently switch between different 
tasks, and updating to the ability to remove outdated information from 
working memory while retaining relevant information. Empirical results 
indicate some shared variance between these executive processes that 
was represented by one common executive process measure with addi
tional specific factors for individual differences in shifting and updating 
(Friedman et al., 2008; Friedman and Miyake, 2017). However, a recent 
review and re-analysis of multiple datasets (Karr et al., 2018) suggest 
that previous results might lack replicability due to underpowered 
samples. Thus, the unity and diversity of executive processes is still 
under debate, and studies providing strong evidence with respect to this 
question are scarce. 

2.3.1. How can executive processes be measured? 
The tasks for measuring executive processes have mostly been 

sourced from experimental psychology and experimental tasks. Specif
ically, individual differences in executive processes are commonly 
measured through differences between experimental conditions in tasks 
such as flanker (Eriksen and Eriksen, 1974), Simon (Simon, Sly, and 
Vilapakkam, 1981), Stroop (Stroop, 1935), or switching tasks (Rogers 
and Monsell, 1995), to name a few. The overarching rationale under
lying these experimental paradigms is that they juxtapose one control 
condition requiring little executive processes, as there is no distraction 
to be counteracted, to another experimental condition that more 
strongly requires executive processes to counteract distraction from 
irrelevant information. Following the experimental logic, the contrast 
between performance (mostly reaction times, although some tasks use 
accuracy measures) in these two conditions should thus express the 
swiftness or accuracy of using the required executive processes. With 
respect to individual differences, individuals with strong executive 
processing abilities should exhibit smaller costs from additional execu
tive processing demands, and thus smaller condition differences, than 
individuals with weak executive processing abilities. 

Despite the clear experimental logic underlying most of the executive 
processing tasks there is considerable discussion regarding the mea
surement of executive processes. The resulting difference scores often 
showed low reliability (Hedge, Powell, and Sumner, 2018). This 
severely limits the size and consistency of relationships of executive 
processing with other cognitive individual differences (for a recent re
view, see von Bastian et al., 2020). This problem has probably 
contributed to the fact that studies investigating executive processes 
have often shown small and inconsistent correlations between difference 
scores obtained from different experimental paradigms (Frischkorn, 
Schubert, and Hagemann, 2019; Gärtner and Strobel, 2021; Rey-Mer
met, Gade, and Oberauer, 2018; Rey-Mermet, Gade, Souza, von Bastian, 
and Oberauer, 2019; von Bastian et al., 2020). In fact, even among 
variants of the same experimental paradigm individual differences are 
often insufficiently consistent (Keye, Wilhelm, Oberauer, and Stürmer, 
2013). This problem has mostly been encountered for measures of in
hibition, but was recently also demonstrated for measures of updating 
(Frischkorn, von Bastian, Souza, and Oberauer, 2021). Obviously, the 
intercept-slope issue discussed above is an obstacle for typical executive- 
control paradigms, too. 

Therefore, some researchers argued against the use of difference 
measures and proposed alternative scores, such as average performance 
in the condition more strongly requiring executive processes, or 
accuracy-based scores, to more reliably measure individual differences 
in executive processes (Ackerman and Hambrick, 2020; Draheim, 
Mashburn, Martin, and Engle, 2019; Draheim, Tsukahara, Martin, 
Mashburn, and Engle, 2021). Such measures tend to show higher reli
ability and more consistent correlations with intelligence (Draheim 
et al., 2021; Wongupparaj, Kumari, and Morris, 2015). However, they 
conflate variance specific to the executive processes with variance in 
processing speed or other cognitive processes required in both the 
control and experimental conditions. For researchers who want a valid 
measure that specifically captures individual differences in executive 
processes, there seems to be no alternative to some measure reflecting 
condition differences. Given the ongoing discussion of the conceptuali
zation and measurement of executive processes (Rouder and Haaf, 2019; 
Rouder, Kumar, and Haaf, 2019; von Bastian et al., 2020), researchers 
should carefully consider the experimental validity of an indicator 
aimed at measuring a specific executive process, and try to achieve a 
reasonably reliable estimation of individual differences without sacri
ficing the validity that can only be obtained through experimental 
control of undesired sources of variance. 

2.3.2. Executive processes show inconsistent relationships to intelligence 
Regarding the empirical relationship of executive processes to in

telligence differences, results are quite heterogeneous. Some studies 
found strong relationships of executive processes with intelligence 
(Engle et al., 1999; Kane and Engle, 2003), leading to the suggestion that 
executive processes might fully mediate the relationship of WMC with 
intelligence (Draheim et al., 2021). Other studies, in contrast, found 
little shared individual differences in measures of executive processes 
(in particular inhibition) and also no relationship of variance specific to 
executive processes with intelligence (De Simoni and von Bastian, 2018; 
Frischkorn et al., 2019, 2021; Frischkorn and von Bastian, 2021; Gärtner 
and Strobel, 2021; Rey-Mermet et al., 2019). These inconsistencies be
tween studies can mostly be explained by differences in the measure
ment of executive processes. Studies that found strong relationships of 
intelligence with executive processes almost always relied on a behav
ioral anti-saccade task (Hutchison, 2007; Meier, Smeekens, Silvia, 
Kwapil, and Kane, 2018; Payne, 2005), and used the average perfor
mance in anti-saccade trials as an indicator for executive processes. 
Critically, other indicators used in these studies, which measured ex
ecutive processes through differences between experimental conditions, 
often showed small loadings on the executive processing factor, indi
cating that the factor primarily reflected anti-saccade performance and 
that the communality between different executive tasks is small. 
Therefore, the answer to the question whether or not executive pro
cesses are strongly related to intelligence differences can be rephrased 
as: Does average performance in the anti-saccade task capture only and 
to a sufficient degree variance in executive processes, or might perfor
mance in this task also rely on other cognitive processes such as sensory 
discrimination, processing speed, or the ability to form and maintain 
strong stimulus-response bindings (Aponte, Schöbi, Stephan, and 
Heinzle, 2017; Meier et al., 2018). In sum, the empirical results do not 
yet provide strong evidence concerning the strength of the relationship 
between executive processes and intelligence, mainly because important 
issues with respect to the valid and reliable measurement of executive 
processes are not yet resolved. 

3. Cognitive measurement models for measuring general 
mechanisms and processes 

Most of the above summarized empirical work used behavioral 
measures such as response times or accuracy, and differences between 
experimental conditions therein, as performance indicators. As already 
foreshadowed, these behavioral indicators do not directly reflect the 
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cognitive mechanisms and processes contributing to behavioral perfor
mance. One way to more directly measure cognitive mechanisms and 
processes are computational models that mathematically describe 
cognitive mechanisms or processes, and quantify their operation 
through parameters (Farrell and Lewandowsky, 2018). Differences in 
how well a mechanism or process works (i.e., differences between 
experimental conditions, but also between people) are reflected in the 
parameter values, which can be estimated by fitting the model to data. In 
the area of cognitive psychology such models are often described as 
cognitive models, and if they are used to measure individual differences in 
model parameters, as cognitive measurement models. Using such cognitive 
measurement models in intelligence research would improve the un
derstanding of which cognitive processes are related to intelligence 
differences (Frischkorn and Schubert, 2018). 

There are cognitive models formalizing the processes underlying 
more complex reasoning tasks, such as Raven matrices (Carpenter, Just, 
and Shell, 1990; Kunda, McGreggor, and Goel, 2013; Lovett and Forbus, 
2017; Rasmussen and Eliasmith, 2014). These models describe specific 
processes involved in solving matrix problems, but due to their limita
tion to a specific task paradigm they cannot include parameters 
reflecting general characteristics of the cognitive system that could 
underlie intelligence (e.g., the capacity of working memory, or the speed 
of information processing). Therefore, the processes these models 
identify are difficult to generalize to a broader range of cognitive tasks. 
For these reasons, we limit our discussion to cognitive models for more 
basic cognitive mechanisms and processes that can be used to measure 
general properties of the cognitive system: Information processing 
speed, working-memory capacity, and cognitive control. 

Cognitive measurement models must be distinguished from psy
chometric measurement models that specify which indicators measure a 
latent psychometric construct and how strongly they do so. Unlike 
cognitive measurement models that formalize an architecture of pro
cesses and related parameters underlying observed behavior, psycho
metric measurement models do not provide any specific indication of 
the mechanisms and processes underlying individual differences in the 
indicators of a psychometric construct (Borsboom, 2008; Borsboom, 
Mellenbergh, and van Heerden, 2003; Frischkorn and Schubert, 2018; 
Matzke and Wagenmakers, 2009). This difference between cognitive 
and psychometric measurement models will be discussed in more detail 
in the section on “Implications for intelligence theories and possibilities to 
develop more mechanistic intelligence theories”. 

3.1. Evidence accumulation models: Formally describing cognitive 
processes underlying speeded choice tasks 

With respect to research on processing speed and its relations to 
intelligence differences, cognitive measurement models had consider
able impact in research focusing on cognitive processes underlying in
telligence (Ratcliff, Thapar, and McKoon, 2010; Schmiedek et al., 2007; 
Schubert and Frischkorn, 2020). Specifically, formal models describing 
the decision process in speeded choice tasks as a process of evidence 
accumulation towards a decision threshold, such as the diffusion model 
(Ratcliff, 1978), have been widely adopted. The diffusion model (see 
Fig. 2 for an illustration) assumes that individuals accumulate evidence 
towards one of two response thresholds with a certain rate (i.e the drift 
rate). Additionally, individuals may vary in the amount of information 
to be accumulated to reach a decision, which is reflected in a higher 
decision threshold (or larger separation of the decision boundaries). 
Third, the model assumes that participants can be biased towards one of 
the two decision alternatives, which is reflected in a starting point closer 
to one of the two decision boundaries. Finally, the model includes the 
time of non-decisional processes (e.g., encoding or motor response time) 
as an additive parameter. 

Using the diffusion model, researchers were able to separate different 
aspects of the decision process and address problems with reaction time 
measures such as differences in speed-accuracy trade-offs. For example, 

reactions times typically get slower as individuals get older (Nettelbeck 
and Burns, 2010). Diffusion model analyses (Ratcliff et al., 2010; 
Schubert, Hagemann, Löffler, and Frischkorn, 2020; von Krause, Lerche, 
Schubert, and Voss, 2020) have indicated that this is not due to a 
decrease in the rate of evidence accumulation but mostly because older 
individuals tend to be more conservative (having a greater boundary 
separation) and are slower in their encoding or motor responses (thus, 
having longer non-decision times). Thus, the diffusion model provides a 
more fine-grained insight into the mechanisms underlying speeded- 
choice tasks. Nevertheless, parameters of the diffusion model still need 
to be evaluated with respect to their generality across tasks and content 
domains, as well as their stability over time (Frischkorn and Schubert, 
2018). 

Studies investigating the generality and stability in parameters of the 
diffusion model across different tasks and measurement occasions pro
vide promising results. There is some evidence that temporal stability is 
adequate for drift rates, as well as boundary separation and non-decision 
times (Lerche and Voss, 2017; Schubert, Frischkorn, Hagemann, and 
Voss, 2016; von Krause et al., 2021; Yap, Balota, Sibley, and Ratcliff, 
2012). Yet there still seems to be considerable task specific variance in 
diffusion model parameters (Schubert et al., 2016), indicating that re
searchers should use several different tasks to capture individual dif
ferences that generalize across materials and tasks (Frischkorn and 
Schubert, 2018). All in all, these results lend optimism to the application 
of the diffusion model, and evidence accumulation models in general, in 
research on the cognitive mechanisms underlying intelligence. In fact, 
the diffusion model has already been used successfully to link parame
ters of the decision process, especially drift rates, to intelligence differ
ences (Lerche et al., 2020; Schmiedek et al., 2007; Schmitz and Wilhelm, 
2016; Schubert, Hagemann, Voss, Schankin, and Bergmann, 2015) and 
as a potential explanation of observations like the worst performance 
rule (Coyle, 2003; Frischkorn et al., 2019; Larson and Alderton, 1990; 
Schubert, 2019). Therefore, we think that using evidence accumulation 
models such as the diffusion model to separate different processes that 
may contribute to individual differences in processing speed is a 
promising avenue to identify cognitive mechanisms related to process
ing speed that underlie intelligence differences. 

3.2. Measurement models for cognitive mechanisms limiting working- 
memory capacity 

Likewise, several computational measurement models exist for 

Fig. 2. Schema of the diffusion model (Ratcliff, 1978; Ratcliff & Rouder, 1998). 
The response time has a non-decision component and a decision component. 
The non-decision component, Ter, consists of sensory processing before the 
decision and motor processing after the decision. The decision process is 
modelled as a noisy accumulation of evidence towards one of two response 
options, represented by the upper and the lower boundary. The mean accu
mulation rate is the drift rate v, and the boundary separation is given by 
parameter a. Above and below the boundaries, the predicted response distri
butions are shown. 
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working memory. They mostly emerged from experimental research, 
and therefore are informed by one or another assumption about what 
limits the capacity of working memory (i.e., decay, limited resources, or 
interference). 

For instance, in research on visual working memory, the assumption 
of a discrete resource (i.e., the number of slots, each of which can hold 
one item) has gained traction. It motivated the development of mixture 
models, which describe performance in a working-memory task as a 
mixture of two states: Having the tested item in memory, resulting in a 
report approximately matching the item's true value, or not having any 
information about it, resulting in guessing (see Fig. 3 for an illustration). 
Variants of such mixture models have been proposed for the continuous- 
reproduction paradigm (Bays, Catalao, and Husain, 2009; Zhang and 
Luck, 2008), the change-detection paradigm (Cowan, Blume, and Saults, 
2013), and the whole-report paradigm (Schor, Brodersen, and Gibson, 
2020). They can be used to obtain estimates for the probability that an 
item is held in memory, Pmem, or the number of items held in memory, K. 

The mixture model for continuous reproduction has been used as a 
measurement model in one large individual-differences study (Unsworth 
et al., 2014), which showed that the model parameter reflecting the 
probability of holding the target in memory, Pmem, correlates well be
tween versions of the continuous-reproduction task, and with other 

measures of working memory capacity. The latent factor representing 
the common variance of Pmem across tasks correlated 0.71 with a fluid- 
intelligence factor. One study (Schor et al., 2020) has used the mixture 
model for whole-report to measure K, and a second parameter α quan
tifying lapses of attention, to predict fluid intelligence; both parameters 
contributed to the regression equation (beta coefficients of 0.28 and 
0.22, respectively). 

Another measurement model for the continuous-reproduction para
digm, the interference measurement model (IMM), was motivated by the 
assumption that working-memory capacity is limited by interference 
(Oberauer and Lin, 2017). It turned out that the mixture model for 
continuous reproduction is mathematically equivalent to a special case 
of the interference measurement model (IMM; Oberauer and Lin, 2017), 
although the two models measure different parameters with different 
theoretical interpretations. 

Moving beyond WM for visual arrays, Oberauer and Lewandowsky 
(2019) have proposed the Memory Measurement Model (M3) framework 
for WM tasks that combine maintenance and processing. In particular, 
they developed measurement models for complex span tasks and 
memory-updating tasks. The M3 framework is inspired by the assump
tion that WMC reflects the ability to maintain bindings (Wilhelm et al., 
2013; for an illustration see Fig. 4). Hence, the basic model estimates 

Fig. 3. Schema of the mixture model for continuous reproduction of visual features from working memory (Zhang and Luck, 2008). Features are drawn from a 
circular dimension, such as a color circle, which is straightened here for illustration, ranging from 0 to 2π. The predicted response distribution (bottom panel) is a 
mixture of memory-based responses (left panel), described by a von-Mises distribution centered on the true feature (set to π here), and guessing responses (right 
panel), described as a uniform distribution. The mixture weight reflects the probability that a response comes from memory. 
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parameters for the strength of activation of items in WM, and the 
strength of bindings between items and their context. With extended 
models for specific tasks researchers can estimate additional parameters 
that represent aspects of attention control. One such parameter is the 
ability to filter out irrelevant information from WM, such as the dis
tractors in the complex-span procedure; another is the rate of removing 
information from WM. The IMM and M3 are suited to measure properties 
of working memory that are responsible for its limited capacity, and 
therefore these could be properties that are highly relevant for indi
vidual differences in intelligence. However, both models have not yet 
been used in larger individual differences studies. 

3.3. Measurement models for attention control 

In the section on executive processes, we argued that there is not 
much commonality between measures of attention control obtained 
from different experimental parameters. Correspondingly, several 
computational models of attention control exist that can be used to 
measure different aspects of that construct. 

One aspect of attention control, the ability to stop an action after one 
has started preparing it, has been studied with the stop-signal paradigm. 
For this paradigm, Logan and Cowan (1984) have proposed a mea
surement model built on the assumption of a race between two pro
cesses, one for the planned action and the other for stopping it. Stopping 
is successful if the stopping process wins the race; the race model enables 
estimating the duration of the stopping process. Matzke et al. (2013); 
Matzke, Love, and Heathcote (2017) have developed a Bayesian hier
archical version of the race model, the most recent version of which 
separately estimates the duration of a stopping process and the proba
bility of stopping lapses (i.e., failures to trigger the stop process at all). 

Several other computational models of attention-control paradigms 
have been developed that can be used as measurement models for 
attention control. Among them are three models for conflict tasks, all of 
which are extensions of the family of evidence-accumulation models to 
conflict tasks: The Dual-Stage Two-Phase (DSTP) model of Huebner, 

Steinhauser, and Lehle (2010) is applicable to all conflict tasks in which 
conflict is caused by irrelevant, potentially misleading aspects of the 
stimulus (e.g., flanker and Stroop tasks). The shrinking-spotlight model 
(White, Ratcliff, and Starns, 2011) was developed specifically for the 
flanker task. The diffusion model of conflict (DMC; Ulrich, Schröter, 
Leuthold, and Birngruber, 2015) has the broadest domain of application, 
encompassing flanker, Stroop, Simon, and potentially other conflict 
tasks. None of these models has a closed-form expression for its likeli
hood, and therefore they cannot be embedded in a hierarchical model
ling framework for estimating parameters jointly at the level of 
individuals and the level of the population. These models therefore must 
be fit to the data of each individual separately. This is computationally 
challenging but feasible, and a parameter-recovery study encompassing 
all three models (White, Servant, and Logan, 2018) yielded promising 
results: By introducing some reasonable constraints into the models, 
parameters of individuals can be recovered reasonably well with a 
feasible number of trials. 

In the meantime, the DMC (Hedge, Powell, Bompas, and Sumner, 
2020) and the DSTP (Schubert, Löffler, and Hagemann, 2021) have been 
used to measure individuals' ability to resolve conflict in conflict tasks. 
Hedge et al. (2020) found that the DMC parameters reflecting conflict 
resolution did not correlate across different conflict tasks. Schubert et al. 
(2021) used the DSTP to estimate individuals' times for completing the 
first and the second phase of a flanker task and showed that these esti
mates correlated with the peak of components of the stimulus-locked 
lateralized readiness potential – an EEG component reflecting prepara
tion of a left or right response – that reflect responses to the flanker and 
to the target, respectively. Both times, estimates from the model also 
correlated with general intelligence. 

In summary, our brief review of cognitive measurement models of 
processing speed, WM, and attention control shows that such models 
have become available. They enable researchers to estimate parameters 
that reflect theoretically interpretable latent mechanisms, states or 
processes. The application of these models for understanding the 
cognitive basis of intelligence is still in its infancy. So far, only the 
diffusion model for estimating the efficiency of simple decisions has 
been applied in several studies relating model parameters to intelli
gence, as well as to potential indicators of neural processes underlying 
intelligence. A promising avenue for future research would be to sys
tematically exploit cognitive measurement models for WM and attention 
control for that purpose as well. 

3.4. How can we use cognitive measurement models for intelligence 
research? 

The main rationale for using cognitive measurement models in in
telligence research is to replace behavioral indicators (i.e. accuracy, 
reactions times, and experimental contrasts) from cognitive experi
mental tasks – which lack specificity for representing cognitive processes 
– by parameters from cognitive measurement models that formally 
represent specific aspects of cognitive mechanisms. Yet, to make 
cognitive measurement models fruitful for intelligence research, three 
prerequisites need to be met. One is primarily technical: We need to be 
able to obtain reliable parameter estimates for individual people. The 
other two are more substantive: Model parameters need to represent 
mechanisms and processes that are sufficiently general so that they can 
be considered as the cognitive basis of intelligence. And finally, the 
models should be adequate, that is, they should represent the mecha
nisms that actually do underlie the observed behavior. We next discuss 
these three desiderata in turn. 

Reliability. With respect to the reliable and robust measurement of 
parameters on the level of individuals, the development of Bayesian 
hierarchical modelling frameworks for cognitive measurement models is 
a major advance. Hierarchical modelling means that parameters are 
estimated simultaneously on the level of individuals and on the level of 
the population, such that individual parameter estimates are modelled 

Fig. 4. Schema of the MMM framework (Oberauer and Lewandowsky, 2019). 
Items of the memory set - a subset of the potential response candidates 
(depicted by letters) - are bound to contexts, for instance their positions in a list 
(Pos. 1 to 3). At test a cue re-activates one context, which adds activation to the 
item bound to it. In addition, all items of the current memory set (A, B, and C) 
are activated. The relative activation of response candidates determines their 
probability of being chosen for recall, shown in the bar graph on top. 
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as following a distribution in the population, which is characterized by a 
mean and a standard deviation as the population-level parameters. The 
standard deviation represents individual differences. Importantly for 
individual-differences researchers, a hierarchical model can also include 
parameters for the covariance, or correlation, between parameters of a 
model, and their correlations with additional variables, such as intelli
gence test scores or other criterion variables. The hierarchical model has 
several advantages over the more traditional two-stage procedure, in 
which model parameters are estimated for each individual separately in 
a first stage, and then submitted to correlational analyses in a second 
step (for a detailed discussion, see Vandekerckhove, 2014): First, hier
archical models for both cognitive models and behavioral measures 
make parameter estimates for individuals more robust (Rouder and 
Haaf, 2019), because these estimates are informed not only by the in
dividual's data but also by the distribution - a statistical mechanism 
called “shrinkage” or “partial pooling”. Second, the uncertainty of the 
individual parameter estimates (due to measurement error) is properly 
considered for the estimation of the population-level parameters, 
including the correlations (Boehm, Marsman, Matzke, and Wagen
makers, 2018). Bayesian modelling techniques (in particular, Markov- 
Chain Monte-Carlo or MCMC algorithms) make estimation of such 
models combining cognitive measurement models with additional 
covariates feasible. Another advantage of Bayesian modelling is that it 
provides posterior probability distributions of parameter estimates, 
including estimates of correlations, giving researchers insight into the 
precision of measurements. 

This combination of cognitive measurement models with a Bayesian 
hierarchical framework has been spearheaded by research with the 
diffusion model (Vandekerckhove, 2014; Wiecki, Sofer, and Frank, 
2013). Vandekerckhove (2014) demonstrated how we can build a 
factorial model - akin to a structural-equation model (SEM) - in which 
the variables that load on the factors are not manifest measures but 
parameters of the diffusion model (for an example, see Schubert, Nunez, 
Hagemann, & Vandekerckhove, 2019); see Fig. 5. Some of the cognitive 
measurement models for working memory introduced above (the M3 

framework; Oberauer and Lewandowsky, 2019; and the mixture model 
and the Interference Measurement Model for visual working memory 
Oberauer and Lin, 2017) have also been embedded in a Bayesian hier
archical framework, which makes them particularly suitable for 
individual-differences work. So far, however, these models have not yet 
been used in a combination of a factorial model with a cognitive mea
surement model. Therefore, we do not know yet how well correlations 
and factor loadings of these models' parameters can be estimated. 

Generality. Cognitive measurement models enable us to measure how 
well a person's cognitive mechanisms operate on a given task - for 
instance, the drift rate in a speeded two-choice task, or the binding 
strength in a working-memory task. If these mechanisms are to explain 
intelligence – that is, individual differences in highly general abilities – 
then they need to generalize across tasks and content domains. An 
important step towards making cognitive measurement models fruitful 
for intelligence research therefore is to show that corresponding pa
rameters – which we assume measure the same mechanism – correlate 
across a broad range of different tasks (see Fig. 5 for an illustration). 
Research on the generalizability of model parameters is still in its 
infancy. 

We know that parameters of the diffusion model - in particular the 
drift rate - correlates substantially across different choice tasks (Lerche 
et al., 2020, p. 202; Schmiedek et al., 2007; Schubert et al., 2016), and 
there is evidence from one study that the Pmem parameter of the mixture 
model for visual working memory also correlates across task versions 
using different visual features as memory material (Unsworth et al., 
2014). For other cognitive measurement models, however, research on 
the generality of their parameters is still pending. 

Adequacy. The purpose of using cognitive measurement models 
instead of summary performance scores is to measure theoretically 
interpretable latent variables. This leads to a deeper understanding of 
intelligence only if the models describe the mechanisms and processes 
underlying performance adequately. Parameters of a model that 
fundamentally misrepresents the cognitive system are not useful, and 
potentially misleading. Therefore, cognitive measurement models need 

Fig. 5. Individual differences in cognitive mechanisms and processes potentially underlying intelligence can be measured by a combination of cognitive mea
surement models - for instance, the diffusion model - with structural equation models (SEMs). The cognitive measurement model explains the data in each 
experimental condition of each test task. The corresponding model parameters from different tasks and conditions load on latent factors of the SEM. These latent 
factors represent the variance in the model parameter that is shared among tasks and conditions, and therefore has a degree of generality. Experimental manipu
lations can lead to changes in the mean of a parameter between conditions, but also in changes in the variance across individuals reflected in the parameter; in the 
latter case, the same parameter would load on different factors for different experimental conditions. 
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to be continuously tested against experimental data. 
Model adequacy, however, does not mean that the model must get 

every detail right. All models are simplifications of reality, and mea
surement models are particularly strong simplifications (Stachowiak, 
1983). They need to be simple because otherwise their parameters 
cannot be estimated with sufficient precision on the level of individuals 
(see van Ravenzwaaij and Oberauer, 2009, for an illustration). An 
adequate cognitive measurement model is one that describes those 
mechanisms that are most important for generating the observed 
behavior approximately correct. 

4. Implications for intelligence theories and possibilities to 
develop more mechanistic intelligence theories 

The science of human intelligence, defined by organized and sys
tematic research on the nature of individual differences in intelligent 
behavior, has a long history in psychology. Beginning with the work of 
Spearman (1904), the science of intelligence is strongly associated with 
the field of psychometrics. Indeed, for several decades, intelligence 
research was dominated by psychometric studies. During that time, 
there was an established process of theory-building: Researchers 
formulated theories about the hierarchical structure of cognitive abili
ties, which could be translated into factor-analytic measurement models 
that were fit to covariance matrices of test tasks. If the model fit, then the 
theory was supported, otherwise it was rejected. This psychometric 
approach to the study of intelligence resulted in sustained incremental 
scientific progress well into the 1960s (Cattell, 1963; Guilford, 1967; 
Vernon, 1964). 

The general idea behind the psychometric approach was that factor 
analytic structures that replicate across different samples and situations 
would yield source traits that causally underlie individual differences in 
intelligence (Carroll, 1993; Cattell, 1946). However, as was criticized in 
more recent work (van der Maas, Kan, and Borsboom, 2014) this psy
chometric approach resulted only in theories of intelligence that 
describe and predict patterns of correlations among cognitive tests in 
terms of different factors. Unfortunately, it did not achieve theories that 
explain the cognitive mechanisms and processes underlying perfor
mance in those cognitive tests. Here we discuss limitations of the 
traditional approach and the potential of a more cognitive approach. As 
an example, we discuss how cognitive measurement models can be used 
to test current theoretical perspectives, such as general ability theory, 
mutualism, and process overlap theory. 

It is important to acknowledge that it is not entirely clear what 
constitutes a “theory” of intelligence. For the purpose of discussion, we 
consider a theory of intelligence to be a collection of ideas, typically 
expressed in a set of axioms and assumptions, that explains robust 
empirical findings and important real-world phenomena regarding the 
nature of individual differences in intelligent behavior The robust 
empirical findings about intelligence that have attracted the most 
research and discussion are:  

1. the positive manifold of performance differences in cognitive tasks 
(Jensen, 1998; Spearman, 1904)  

2. The structure in the correlation matrix, with clusters of tasks that 
correlate more strongly with each other than with tasks outside of 
the cluster (Beauducel, Brocke, and Liepmann, 2001; McGrew, 2005; 
Süß and Beauducel, 2005), which underlies the group-level factors 
for specific content domains (e.g., verbal, spatial) and classes of tasks 
(e.g., speed, reasoning). In other words, the correlation between any 
two intelligence tasks varies as a function of task attributes. 

Therefore, as a minimum, a theory of intelligence needs to explain 
how the structure of the correlations between cognitive tasks comes 
about. A cognitive theory would do that by spelling out what limits the 
success of cognitive processes in these tasks, and which of these limiting 
factors the positively correlated tasks share. 

4.1. How to build a cognitive theory of intelligence 

With respect to the cognitive processes underlying intelligence, the 
main problem of psychometric theories of intelligence and the way they 
were developed, tested and refined is that performance in a cognitive 
task - however simple it may be - is unlikely to rely on individual dif
ferences in just a single cognitive mechanism or process. Yet, for factor- 
analytic methods to be effective in isolating such processes, other things 
being equal, measures that reflect and isolate cognitive processes better 
than observed behavior in cognitive tasks does would be very helpful. In 
addition, it is not clear whether factor-analytic methods are actually 
useful in determining the number of sources that produce the observed 
correlations between the indicators used (Cattell, 1946; Ziegler and 
Hagemann, 2015; Zwick and Velicer, 1986). Therefore, a theory of in
telligence needs to go beyond the number and structure of factors that 
might describe or predict the correlations among different cognitive 
tasks. 

As outlined above, one option to gain more theory-based indicators 
of cognitive mechanisms and processes is the use of cognitive mea
surement models. These models provide a formal description of different 
mechanisms and processes that contribute to observed behavior in 
cognitive tasks. They can be used to obtain relatively pure measures of 
these mechanisms and processes through their parameters. If a model 
parameter has a strong influence on the model's prediction of task per
formance, then individual differences in the cognitive mechanism re
flected by that parameter could underlie intelligence. Alternatively, 
however, it could also reflect a task-specific source of variance. 

The next step therefore must be to investigate whether parameters of 
measurement models that are meant to reflect the same mechanism or 
process across different cognitive tasks correlate highly with each other. 
If - and only if - some degree of generalization across cognitive tasks and 
content domains as well as stability over time can be shown, a model 
parameter can be interpreted as reflecting a cognitive foundation of 
intelligence. An important prerequisite for such an endeavor is that 
measurement models for different cognitive tasks share at least some of 
their parameters, meaning that they have parameters reflecting the same 
cognitive mechanism or process. This is where we see the next frontier of 
development: Currently cognitive measurement models are mostly 
insular, with limited domains of application - for instance, the diffusion 
model is applicable to simple two-choice decisions; the mixture model of 
visual working memory is applicable to working memory for simple 
visual features that vary on a circular scale. Future research needs to 
develop a suite of cognitive measurement models that are designed to 
measure the same mechanisms and processes across a broad range of 
cognitive tasks and paradigms. 

4.2. Implications for psychometric theories of intelligence 

Psychometric research has generated several broad theories aiming 
to explain the correlation structure among cognitive tasks, of which we 
will discuss implications for three exemplary approaches. The oldest 
such theory, already reflected in Spearman's two-factor theory, is the 
assumption that the common variance of performance in different 
cognitive tasks is caused by a latent ability variable, which in turn is 
captured by a factor. For instance, general intelligence (g) is understood 
as a single feature of the cognitive system that affects a person's success 
across virtually all cognitive activities. 

Other theories avoid the assumption of a general intelligence factor 
causally determining performance in cognitive tasks. Process-Overlap 
Theory (POT; Kovacs and Conway, 2016; Thomson, 1916) starts from 
the assumption that performance on every cognitive task is determined 
by the efficiency of the cognitive processes required for its completion. 
Kovacs and Conway (2016) formalized this idea by a multidimensional 
item-response model in which the efficiency of each process involved in 
a task has to surpass a threshold for successful completion of the process, 
and the success probabilities of individual processes are combined 

G.T. Frischkorn et al.                                                                                                                                                                                                                          



Intelligence 94 (2022) 101681

11

additively or multiplicatively to obtain the success probability of the 
task. Tasks are assumed to correlate to the extent that they involve the 
same cognitive processes. According to POT, the cognitive manifold 
reflects the fact that all cognitive tasks share some cognitive processes. 
This theory is akin to the earlier proposal by Thomson (1916). However, 
Kovacs and Conway (2016) assume that the shared cognitive processes 
are executive processes. 

The mutualism model (Van Der Maas et al., 2006) is similar to POT in 
that there is no causally effective general ability; performance in each 
task depends on the set of cognitive processes that need to be carried out 
to complete the task. Whereas according to POT, the abilities to carry 
out a given process are uncorrelated, the mutualism model includes the 
assumption that different processes mutually support their development 
during childhood. As a result, the abilities of many processes are posi
tively correlated. This positive correlation, together with partial process 
overlap between tasks, is responsible for the positive manifold. 

Both POT and mutualism theory describe the set of processes 
involved in a task, and their overlap across tasks, in very abstract terms, 
without spelling out how cognitive processes specifically translate into 
individual differences in observed behavior, and which processes are 
needed for which kind of task. As long as these theories fail to specify 
which cognitive processes are assumed to be shared among which pairs 
or sets of tasks, and how these processes could be measured, it is hardly 
possible to put their assumptions to an empirical test. Therefore, we 
have to consider using more refined indicators of specific cognitive 
processes that are grounded in cognitive theory, and describe how 
behavior and individual differences therein arise in cognitive tasks, to 
arrive at an actual process theory of intelligence (Frischkorn and 
Schubert, 2018). Cognitive models, and in particular parameters from 
cognitive measurement models, could help to meet that requirement. 

A second problem of POT and the mutualism model is that cognitive 
processes are highly task specific. As theorists we can describe processes 
on any level of abstraction we choose. For instance, the core process in a 
lexical-decision task can be described as “deciding whether BREAD is a 
word”, or as “deciding whether a letter string is a word” or as “making a 
binary decision” or as “making a decision”. The more abstract the 
description, the more process overlap we will find simply because we 
describe the processes involved in different tasks in the same way. Thus, 
the critical question is: which level of description is adequate? One way 
to determine that is to train people in a process in the context of one task 
and see whether the training effect transfers to another task that we 
hypothesize to use the same process. Following the seminal work of 
Thorndike and Woodworth (1901), hundreds of training experiments 
have confirmed that transfer is usually very narrow. Taking the example 
of the lexical-decision task: When people practice lexical decision with 
an initial set of words and non-words, they rapidly become faster. This 
gain, however, is specific to the practiced stimuli, and transfers only 
little to other, unpracticed words and non-words (Logan, 1988). The 
high degree of specificity of training effects implies that we must 
describe processes on a very specific level. If we described lexical- 
decision processes on a more abstract, general level - for instance, 
“deciding whether a string of letters is a word” - there would not be a 
degree of efficiency that is true for all instances of executing that pro
cess. Yet, the high level of specificity at which we need to describe 
cognitive processes and their efficiency in a person implies that there is 
very little process overlap even between tasks that researchers regard as 
fairly similar (e.g., addition and multiplication). This renders the pros
pect of explaining the positive manifold through process overlap dire. 

A more promising version of POT and the mutualism model might 
thus be to look for parameter overlap rather than process overlap 
(Oberauer, 2016). Cognitive models describe the efficiency of mecha
nisms and processes involved in a task by parameters, such as the drift 
rate in the diffusion model, Pmem in the mixture model of visual working 
memory, or the binding strength in the M3 framework. These parameters 
describe characteristics of the cognitive architecture in which processes 
are carried out. For instance, the drift rate can be interpreted as the rate 

of evidence accumulation in binary decisions; Pmem can be interpreted as 
reflecting the capacity of working memory. These characteristics are 
potentially highly general: Regardless of which information a person 
holds in working memory, and what they do with that information, their 
working-memory capacity can be assumed to be the same. Likewise, a 
person who has a relatively high rate of evidence accumulation in one 
decision task tends to also have a high drift rate in other decision tasks 
(Schmiedek et al., 2007). Hence, parameters of cognitive measurement 
models that describe general features of the cognitive system have the 
level of generality across tasks and content domains that is needed so 
that we can assume substantial overlap among a broad range of cogni
tive tasks with respect to the features that they depend on. 

4.3. Implications for validity 

Research on the validity of intelligence tests has largely proceeded by 
first constructing or compiling test tasks based on the – usually tacit – 
theory of intelligence of the researcher, and subsequently investigating 
which task scores correlate in what way with other task scores, and 
further criteria. This practice finds its theoretical justification in the 
theory of construct validity of Cronbach and Meehl (1955), according to 
which validity of a test is predominantly defined by embedding it into a 
nomological net. It is reflected in APA standards for measuring psy
chological attributes (AERA, APA, & NCMA, 1999), according to which 
the three core questions of validity refer to where the test and items 
where sampled from, what a test predicts, and how it is related with 
other proximal and distal constructs. 

Borsboom, Mellenbergh, and van Heerden (2004) pointed out that 
this procedure has an important downside: We first construct a mea
surement instrument and then try to find out what it measures. Bors
boom and colleagues reminded us that validity has a simple and 
straightforward meaning: A test is valid to the extent that it measures the 
latent variable it is meant to measure. This requires (a) that the attribute 
exists, and (b) that it has causal influence on test scores. Putting this 
view to practice requires a theory about which latent variables exist, and 
how they cause behavior. In the case of intelligence, in our view this 
means that we need a cognitive theory of how intelligent behavior 
comes about. Based on such a theory, we could construct tasks that are 
optimized for their sensitivity to the causal influence of the intended 
variables. For instance, the construction of tests for WMC should begin 
with a theoretical understanding of how working memory operates, how 
its capacity is limited, and how this capacity limit constrains perfor
mance in a variety of cognitive tasks. On that basis, tasks should be 
constructed in such a way that these constraints come to bear, and causal 
influences of other mechanisms and processes – such as individual 
choices of strategy, or knowledge about the stimuli used in the task – are 
minimized. 

Validity in this view hinges on the viability of the cognitive theory 
that postulates the existence of a latent variable (such as the capacity of 
working memory) and the causal links between that variable and 
behavior. Hence, testing the validity of a test involves testing predictions 
from the theory on which its construction was based. These predictions 
go beyond studying patterns of covariation. They also include pre
dictions about which items, tasks, or task types are easier than others, 
which might be tested in experimental mean comparisons. A cognitive 
theory should also lead to predictions about which task attributes can be 
modified to achieve a desired level of task difficulty (i.e., solution 
probability). Ideally, the theory should also enable predictions on the 
neuropsychological or psychophysiological level. A cognitive theory, if 
spelled out precisely enough, can be implemented as a formal model. 
Having such a formal model puts us in a good position for developing a 
cognitive measurement model from it – this step will probably involve 
simplifying the model, so that it can be fit to data on the level of in
dividuals or in a hierarchical modelling framework easily. 

All that said, predictions about correlations do have an important 
role to play in ascertaining a test's validity: Scores from multiple tests 
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that are meant to reflect the same latent ability ought to correlate highly 
with each other. This is a prediction that can be derived from the 
cognitive theory underlying tests: Manifest variables that are strongly 
causally influenced by the same latent variable should correlate more 
strongly with each other than manifest variables for which this is not the 
case. In this way, the nomological network that lies at the core of 
Cronbach and Meehl's theory of construct validity emerges naturally 
from a theory of validity that – as Borsboom et al. (2004) demanded – is 
rooted in causal cognitive theories. Ultimately, the utility of this 
approach should become evident by a reasonable improvement in our 
understanding of intelligent behavior or in incremental validity of 
relevant life outcomes – or both. 
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fluid intelligence but executive control does not. Intelligence, 40(3), 278–295, 10/ 
f3zwhw. 

Colom, R., Jung, R. E., & Haier, R. J. (2007). General intelligence and memory span: 
Evidence for a common neuroanatomic framework. Cognitive Neuropsychology, 24(8), 
867–878, 10/bn8rqz. 

Conway, A. R. A., Cowan, N., Bunting, M. F., Therriault, D. J., & Minkoff, S. R. B. (2002). 
A latent variable analysis of working memory capacity, short-term memory capacity, 
processing speed, and general fluid intelligence. Intelligence, 30(2), 163–183, 10/ 
frs9t8. 

Conway, A. R. A., Kovacs, K., Hao, H., Rosales, K. P., & Snijder, J.-P. (2021). Individual 
differences in attention and intelligence: A united cognitive/psychometric approach. 
Journal of Intelligence, 9(3), 34, 10/gk8dg8. 

Cowan, N. (2017). The many faces of working memory and short-term storage. 
Psychonomic Bulletin & Review, 24(4), 1158–1170, 10/gbvchk. 

Cowan, N., Blume, C. L., & Saults, J. S. (2013). Attention to attributes and objects in 
working memory. Journal of Experimental Psychology: Learning, Memory, and 
Cognition, 39(3), 731–747, 10/gd3vqk. 

Coyle, T. R. (2003). A review of the worst performance rule: Evidence, theory, and 
alternative hypotheses. Intelligence, 31, 567–587, 10/d4n5xx. 

Cronbach, L. J., & Furby, L. (1970). How we should measure “change”: Or should we? 
Psychological Bulletin, 74(1), 68–80, 10/dqv3cq. 

Cronbach, L. J., & Meehl, P. E. (1955). Construct validity in psychological tests. 
Psychological Bulletin, 52(4), 281–302, 10/dcsjjf. 

Daneman, M., & Carpenter, P. A. (1980). Individual differences in working memory and 
reading. Journal of Verbal Learning and Verbal Behavior, 19(4), 450–466, 10/fk6kpz. 

Danthiir, V., Roberts, R. D., Schulze, R., & Wilhelm, O. (2005). Mental speed: On 
frameworks, paradigms, and a platform for the future. In Handbook of Understanding 
and Measuring Intelligence (pp. 27–46). SAGE Publications, Inc. https://doi.org/ 
10.4135/9781452233529.  

Danthiir, V., Wilhelm, O., & Roberts, R. D. (2012). Further evidence for a multifaceted 
model of mental speed: Factor structure and validity of computerized measures. 
Learning and Individual Differences, 22(3), 324–335, 10/fzbmpn. 

De Simoni, C., & von Bastian, C. C. (2018). Working memory updating and binding 
training: Bayesian evidence supporting the absence of transfer. Journal of 
Experimental Psychology: General, 147(6), 829–858, 10/gdqr24. 

Deary, I. J., Bastin, M. E., Pattie, A., Clayden, J. D., Whalley, L. J., Starr, J. M., & 
Wardlaw, J. M. (2006). White matter integrity and cognition in childhood and old 
age. Neurology, 66(4), 505–512, 10/cs5c78. 

Diamond, A. (2013). Executive functions. Annual Review of Psychology, 64(1), 135–168, 
10/b2m2. 

Draheim, C., Mashburn, C. A., Martin, J. D., & Engle, R. W. (2019). Reaction time in 
differential and developmental research: A review and commentary on the problems 
and alternatives. Psychological Bulletin, 145(5), 508–535, 10/ggc7kb. 

Draheim, C., Tsukahara, J. S., Martin, J. D., Mashburn, C. A., & Engle, R. W. (2021). 
A toolbox approach to improving the measurement of attention control. Journal of 
Experimental Psychology: General, 150(2), 242–275, 10/gg9p63. 

Engle, R. W. (2002). Working memory capacity as executive attention. Current Directions 
in Psychological Science, 11(1), 19–23. JSTOR. 10/b5qkt3. 

Engle, R. W., Cantor, J., & Carullo, J. J. (1992). Individual differences in working 
memory and comprehension: A test of four hypotheses. Journal of Experimental 
Psychology: Learning, Memory, and Cognition, 18(5), 972–992, 10/crrvrp. 

Engle, R. W., Tuholski, S. W., Laughlin, J. E., & Conway, A. R. (1999). Working memory, 
short-term memory, and general fluid intelligence: A latent-variable approach. 
Journal of Experimental Psychology. General, 128(3), 309–331, 10/ddp3gg. 

Eriksen, B. A., & Eriksen, C. W. (1974). Effects of noise letters upon the identification of a 
target letter in a nonsearch task. Perception & Psychophysics, 16(1), 143–149, 10/ 
d23822. 

Farrell, S., & Lewandowsky, S. (2002). An endogenous distributed model of ordering in 
serial recall. Psychonomic Bulletin & Review, 9(1), 59–79, 10/d57hzj. 

Farrell, S., & Lewandowsky, S. (2018). Computational Modeling of Cognition and Behavior. 
Cambridge University Press. https://doi.org/10.1017/CBO9781316272503 

Frearson, W., & Eysenck, H. J. (1986). Intelligence, reaction time (RT) and a new ‘odd- 
man-out’ RT paradigm. Personality and Individual Differences, 7(6), 807–817, 10/ 
c637jp. 

Friedman, N. P., & Miyake, A. (2004). The relations among inhibition and interference 
control functions: A latent-variable analysis. Journal of Experimental Psychology: 
General, 133(1), 101–135, 10/bwnjhs. 

Friedman, N. P., & Miyake, A. (2017). Unity and diversity of executive functions: 
Individual differences as a window on cognitive structure. Cortex, 86, 186–204, 10/ 
f9sqwm. 

Friedman, N. P., Miyake, A., Young, S. E., DeFries, J. C., Corley, R. P., & Hewitt, J. K. 
(2008). Individual differences in executive functions are almost entirely genetic in 
origin. Journal of Experimental Psychology: General, 137(2), 201–225, 10/b62mcp. 

Frischkorn, G. T., & Schubert, A.-L. (2018). Cognitive models in intelligence research: 
Advantages and recommendations for their application. Journal of Intelligence, 6(3), 
34, 10/gd3vqn. 

Frischkorn, G. T., Schubert, A.-L., & Hagemann, D. (2019). Processing speed, working 
memory, and executive functions: Independent or inter-related predictors of general 
intelligence. Intelligence, 75, 95–110, 10/gf3sxs. 

Frischkorn, G. T., & von Bastian, C. C. (2021). In search of the executive cognitive 
processes proposed by process-overlap theory. Journal of Intelligence, 9(3), 43, 10/ 
gmm7dz. 

Frischkorn, G. T., von Bastian, C. C., Souza, A. S., & Oberauer, K. (2021). Individual 
differences in updating are not related to reasoning ability and working memory 
capacity. Journal of Experimental Psychology: General.. https://doi.org/10.1037/ 
xge0001141 
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