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ABSTRACT

Cognitive load theory is an instructional theory based on the following assumptions. (1) Information can be
divided into biologically primary information that we have evolved to process and acquire unconsciously, and
secondary information that requires conscious effort. (2) Secondary information is either acquired during
problem solving or from other people. It is processed by a limited capacity, limited duration working memory
before being stored for subsequent use in long-term memory. Once stored, information may be transferred back
to working memory to govern action relevant to the extant environment. Working memory has no known ca-
pacity or duration limits when dealing with information transferred back from long-term memory. (3) The major
consequence that flows from instruction is the accumulation of information in long-term memory. (4) That
differential knowledge results in individual differences in expertise and provides a major source, possibly the
only source, of modifiable cognitive differences between learners. (5) Learners with differential knowledge held
in long-term memory require different instructional procedures leading to the expertise reversal effects of
cognitive load theory.

Educational relevance: Cognitive load theory is an instructional theory based on our knowledge of evolutionary
psychology leading to human cognitive architecture. That architecture specifies individual differences due to
either biological or environmental factors. Information held in long-term memory provides the major source of
environmentally mediated individual differences. The theory uses randomised, controlled trials to determine

instructional effectiveness.

Cognitive load theory (Sweller et al., 2011; Sweller et al., 2019) uses
our knowledge of human cognitive architecture to design instructional
procedures. Common instructional procedures are analysed from the
perspective of that knowledge. If a procedure appears not to conform
well with what is known of human cognitive architecture compared to
possible alternatives, a randomised, controlled trial can be run to
compare the instructional effectiveness of the original procedure to the
suggested alternative or alternatives. When a newly designed instruc-
tional procedure proves to be superior to a conventional procedure, a
new cognitive load theory effect is established.

The generation of new cognitive load theory effects has resulted in
the theory being under constant development for over 40 years (Sweller,
In press). The purpose of this development was to provide a vehicle for
instructional design rather than to consider issues associated with in-
dividual differences. Nevertheless, in generating instructional effects,
factors associated with individual differences have been clarified by the
theory. The intent of this paper is to indicate and discuss those indi-
vidual differences within a cognitive load theory framework.

There are many cognitive load theory effects, but all effects have a
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single goal — optimising working memory load to facilitate the accu-
mulation of knowledge held in long-term memory. That accumulation of
knowledge leads to individual differences and is the major factor leading
to individual differences that is considered by cognitive load theory.
While there are many cognitive factors leading to individual differences,
such as working memory capacity, visuospatial processing, or gender (e.
g., Bevilacqua, 2017; Castro-Alonso et al., 2019), knowledge held in
long-term memory is arguably the only one that can be systematically
and readily varied. For this reason, cognitive load theory is largely
concerned with procedures that can facilitate knowledge accumulation.

Individual differences in knowledge held in long-term memory can
considerably alter how people process information and those differences
have instructional implications that provide the basic rationale for
cognitive load theory. The remainder of this paper, beginning with
human cognitive architecture, explains how and why.

1. Human cognitive architecture

There are two general aspects of human cognitive architecture that
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are relevant to instructional design: (a) Categories of knowledge based
on evolutionary psychology and (b) the organisation of cognitive
structures and functions when dealing with the category of knowledge
relevant to instruction.

1.1. Using evolutionary psychology to categorise knowledge

There are two categories of knowledge that are relevant to instruc-
tional design, biologically primary and secondary knowledge (Geary,
2002, 2005, 2008, 2012; Geary & Berch, 2016; Sweller, 2022). Biolog-
ically primary knowledge consists of information that we have evolved
to acquire easily and automatically. It is acquired unconsciously without
instruction from others. All that is required is membership of a func-
tioning society. Learning to listen to and speak a native language pro-
vides one obvious example but there are many others such as learning to
solve problems by means-ends analysis (Newell & Simon, 1972) which
involves noting one's current problem state, noting the goal state,
extracting differences between the two states, and finding a problem-
solving operator that can reduce those differences. We all use this
strategy without conscious awareness and without it being explicitly
taught. We automatically acquire the strategy during normal activities
in our environment.

While most individuals acquire biologically primary information
automatically without tuition or effort, the speed and extent to which
such information is acquired is likely to lead to individual differences.
For example, some children will learn to listen to and speak their native
language much more rapidly and to a greater extent than other children.
Some of the early conceptions of intelligence as an immutable factor for
any individual are possibly based on what now is referred to as bio-
logically primary knowledge. Nevertheless, it needs to be noted that
since biologically primary knowledge is dependent on the environment
in which a person develops, especially the social environment, the
acquisition of biologically primary knowledge is unlikely to be immu-
table. A child who develops in a richer social context is likely to acquire
superior native language skills than a child who develops in an impov-
erished social context, despite both children acquiring their skills
automatically and without explicit instruction.

Biologically secondary knowledge consists of information needed by
members of a society that those members have not specifically evolved
to acquire but nevertheless are able to acquire. Unlike primary knowl-
edge, it usually requires conscious effort and needs to be explicitly
taught. Virtually everything taught in education and training in-
stitutions consists of biologically secondary knowledge. Such in-
stitutions were established precisely because without them, biologically
secondary knowledge is unlikely to be acquired. Reading and writing
provide an obvious historical example. Written language was invented
thousands of years ago but until the advent of mass education relatively
recently, the vast majority of most populations, despite having auto-
matically acquired the biologically primary skills needed to listen and
fluently talk in their native language, did not learn to read and write.
Most people do not learn to read and write without adequate tuition.
Because we have not specifically evolved to acquire it, biologically
secondary knowledge acquired during education belongs to a different
category of information than biologically primary knowledge that we
have specifically evolved to acquire. That difference is critical to how we
process information belonging to the two different categories and crit-
ical to instructional procedures and individual differences.

1.2. Cognitive architecture associated with biologically secondary
knowledge

While we have not evolved to acquire and use specific examples of
biologically secondary information, we can describe a clear, general
system that humans have evolved to acquire, process, store, and use this
important information. That system recapitulates the one used by evo-
lution by natural selection (Sweller, 2022; Sweller & Sweller, 2006). It is
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a natural information processing system.

1.2.1. Acquiring biologically secondary information

There are two ways humans can acquire biologically secondary in-
formation: during problem solving or from other people. Initially, all
biologically secondary information must be discovered or constructed
by someone, commonly using a problem-solving strategy such as means-
ends analysis (Newell & Simon, 1972) as described above. Ultimately,
all problem-solving strategies dealing with novel information must rely
on a random-generate-and-test process at some point. In the absence of
appropriate knowledge held either by the problem-solver or by someone
else to whom the problem-solver has access, the problem-solver has no
options available but to randomly generate a move and determine
whether it is effective in providing useful information. If problem solvers
are in a position where they have no knowledge concerning the advis-
ability of determining which of multiple possible moves should be made
at a particular point, they have no choice but to randomly choose one
move and consider the consequences of that move. As will be discussed
below, obtaining information in this manner can be complex, difficult,
and slow, but is unavoidable. Our general skill in obtaining information
under these circumstances is biologically primary but can include many
biologically secondary sub-skills such as knowing how to read or use a
library or computer.

Rather than using problem solving, whenever available, we tend to
obtain information from others because it is a far more efficient way of
acquiring biologically secondary information. Arguably, humans are the
dominant mammalian species on earth at least in part because of our
unique ability to rapidly share very large amounts of information be-
tween us. It may be difficult for us to acquire biologically secondary
information by problem solving, but once acquired, it can be rapidly and
relatively easily shared with others. The immensely complex skill set
that enables us to efficiently present and obtain information from others
is biologically primary and so does not need to be taught. Educational
institutions were developed based on the assumption that students
already have or will automatically obtain that skill set.

1.2.2. Processing biologically secondary information: working memory

Once acquired through the senses, biologically secondary informa-
tion must be processed using a limited capacity (Cowan, 2001; Miller,
1956) limited duration (Peterson & Peterson, 1959) working memory.
With respect to capacity, we can remember no more than about 7 ele-
ments of novel information in working memory and process no more
than about 3-4 elements where processing means organising,
combining, classifying, or handling the information in some fashion.
These limits apply only to novel information. Familiar information has
different characteristics that will be discussed below. With respect to
duration, we can hold novel information in working memory for only a
few seconds. After about 20 s, most information is lost. We can retain
information in working memory for longer periods by repetition.

It also might be noted that working memory is the source of human
consciousness. We only are aware of information being processed in
working memory. We are unaware of the far greater amount of infor-
mation held in long-term memory, discussed next.

1.2.3. Storing biologically secondary information: long-term memory
Once processed, secondary information can be stored for later use in
long-term memory. While working memory when dealing with novel
information is limited in capacity and duration, there are no known
limits of the long-term memory store. Because at any given moment we
only are aware of information held in working memory, we can have
difficulty appreciating the enormous size of that memory store. To
provide an example, Simon and Gilmartin (1973) estimated that chess
grand masters have memorised over one hundred thousand board con-
figurations, indicating the size of long-term memory. Anyone who has
skill in any complex domain derives that skill from the extensive infor-
mation that they have stored in long-term memory. That memory store
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is the source of expertise and as discussed in more detail below, possibly
the only source of malleable and alterable cognitive differences between
individuals. Those differences between individuals in the content of
their long-term memory are generated by differences in what they have
learned.

1.2.4. Using biologically secondary information

The ultimate purpose of this human cognitive architecture is to
permit us to function appropriately in the various contexts with which
we are faced. Information stored in long-term memory can be trans-
ferred back to working memory to govern activity. Environmental sig-
nals are used to trigger appropriate long-term memory elements to be
used to determine that activity. As an example, anyone reading this text
is faced with a large number of complex squiggles. Of course, having
spent many years learning to read English, we immediately use the
signals provided by the text to connect those squiggles to the large
amount of information held in long-term memory associated with
reading. The text signals to us which information should be transferred
to working memory to generate suitable activity, in this case, inter-
preting the squiggles in English language terms.

While, as indicated above, working memory is very limited in
duration and capacity when dealing with novel information from the
environment, the characteristics of working memory are dramatically
altered when dealing with familiar information transferred from long-
term memory. Learning complex activities such as reading, mathe-
matics, playing chess etc., occurs within the confines of our limited
working memory when dealing with novel information from the envi-
ronment. In contrast, when the same information is transferred to
working memory from long-term memory rather than from the envi-
ronment, it assumes the characteristics of long-term memory. There are
no known limits to the amount of information that working memory can
process when that information comes from long-term memory. In this
manner, knowledge transforms us leading to individual differences.

2. Human cognitive architecture and individual differences

Evidence for the potential size of long-term memory and its conse-
quences for individual differences was provided by De Groot (1965) who
found that chess masters, shown a chess board configuration taken from
a real game for a few seconds, could replicate it with very high accuracy
compared to much lower accuracy for week-end players. Chase and
Simon (1973) also obtained that result but in addition found the dif-
ference disappeared using random board configurations indicating that
the difference between experts and novices was due to information
stored in long-term memory and not due to differences in working
memory.

A good chess player has memorised a large number of configurations
along with the most appropriate move for each configuration. Similar
results have been obtained in a variety of fields (Chiesi et al., 1979; Egan
& Schwartz, 1979; Jeffries et al., 1981; Sweller & Cooper, 1985).
Expertise in any field derives from a huge amount of information rele-
vant to that field that is stored in long-term memory. When faced with a
problem, an expert knows exactly what to do because he or she has
encountered that problem, probably repeatedly, and can use a memo-
rised solution. In contrast, a novice has to use a problem-solving strategy
such as means-ends analysis. Instead of using a potentially large amount
of information stored in long-term memory, because of the absence of
that information, a novice has to use his or her limited capacity, limited
duration working memory. It is this difference in stored information
held in long-term memory, associated with the characteristics of human
cognitive architecture, that lead to the differences between novices and
experts.
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2.1. Instructional implications of cognitive load theory: some cognitive
load theory effects

Cognitive load theory has used this cognitive architecture to
generate a series of instructional effects. A cognitive load theory effect is
demonstrated when instructional information structured according to
cognitive load theory principles results in superior learning compared to
a more traditional instructional procedure. All cognitive load theory
effects are based on multiple, replicated, randomised, controlled trials.
All are intended to facilitate the development of biologically secondary
information leading to expertise in domain-specific areas (Tricot &
Sweller, 2014).

One effect, the element interactivity effect (Chen et al., 2023;
Sweller, 1994, 2010), is central to cognitive load theory and the
cognitive load theory effects as well as being central to how the theory
deals with individual differences. Some information consists of multiple,
interacting elements and because they interact, they must be processed
simultaneously. Element interactivity has consequences for the func-
tioning of the human cognitive system through its effects on both
working memory and long-term memory.

2.2. The effects of element interactivity on working memory and long-
term memory: intrinsic cognitive load

Processing multiple elements simultaneously imposes a heavy
working memory load. That working memory load can lead to either
intrinsic or extraneous cognitive load. Intrinsic cognitive load is caused by
the intrinsic nature of the subject matter the learner is dealing with. For
example, assume a student is learning the translation of individual
words from one natural language to another. He or she can learn that the
translation of the cat in English is le chat in French and similarly the dog
translates to le chien in French. Both translations can be learned inde-
pendently of each other. Element interactivity is low. Much biologically
secondary information such as learning the symbols of the Chemistry
Periodic Table is similarly low. Low element interactivity information
may be very difficult to learn if there are many elements, but it does not
impose a high working memory load. Learning that Fe is the symbol for
iron independently of learning that Cu is the symbol for copper is rela-
tively easy with each imposing a low working memory load. Learning
the vocabulary of a foreign language can take many years despite the
fact that each vocabulary item imposes a light cognitive load. The dif-
ficulty stems from the enormous number of items that must be learned,
not because they are high in element interactivity that imposes a heavy
working memory load.

In contrast, other information that must be processed and learned is
high in element interactivity and is difficult for that reason. Learning
French grammar or learning to balance chemical equations requires the
consideration of multiple elements simultaneously. Much of mathe-
matics is high in element interactivity. For example, learning to solve a
problem such as (a + b)/c = d, solve for g, is relatively high in element
interactivity because no move can be made without considering every
element of the equation. As a consequence of high element interactivity,
learning can be difficult, not because there are many elements but
rather, because the limited number of elements interact. Having to
simultaneously consider multiple elements, including how they interact,
imposes a high intrinsic cognitive load. It is called intrinsic because it is
an intrinsic, unavoidable aspect of the information that must be
processed.

Based on the above cognitive architecture, when high element
interactivity information is processed in working memory and suffi-
ciently practiced, it will eventually be stored for subsequent use in long-
term memory, but it will not be stored in long-term memory in the same
form as it was processed in working memory. With sufficient practice,
the multiple elements that constitute high element interactivity infor-
mation can be “chunked” (Miller, 1956) into a single element. In this
way, knowledge held in long-term memory influences element
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interactivity by transforming multiple elements into a single element.

When that single element is transferred back to working memory to
generate activity relevant to the environment, it no longer imposes a
heavy intrinsic cognitive load. That single element can be processed in
working memory much more readily than its constituent multiple ele-
ments which explains the importance of information held in long-term
memory. As indicated previously, it explains why chess masters recog-
nise an entire board configuration and its relevant moves rather than
just many individual chess pieces, or why anyone competent in
elementary algebra will immediately recognise the above algebra
problem and know immediately that the first move should be to multiply
out the denominator on the left-hand side of the equation followed by
subtraction of the addend. Critically, it is that information held in long-
term memory that leads to a major source of individual differences.

An expert can perform at a vastly higher level than a novice because
the expert is not faced with information that is high in element inter-
activity. In effect, experts deal with information that for them, is low in
element interactivity and so has a low intrinsic cognitive load. The same
information is very high in element interactivity for novices and so has a
high intrinsic cognitive load. It follows from these processes that there
are two ways in which intrinsic cognitive load can be altered. It was
indicated above that some information imposes a low intrinsic cognitive
load because the elements do not interact. Accordingly, intrinsic
cognitive load can be altered by the obvious procedure of altering what
needs to be learned. Of course, altering what needs to be learned is
frequently not possible. Much biologically secondary information is
essential in many circumstances which is why it is mandated in educa-
tional curricula. The alternative way of reducing intrinsic cognitive load
is to change the structure of the information held in long-term memory.
Learning achieves this aim and is a major source of individual
differences.

2.3. The effects of element interactivity on working memory and long-
term memory: extraneous cognitive load

Levels of element interactivity are not only caused by the intrinsic
nature of the information. They also are affected by the way the infor-
mation is presented and received, leading to extraneous cognitive load.
Cognitive load theory is primarily concerned with extraneous cognitive
load caused by instructional design. There are many cognitive load
theory effects which are summarised elsewhere (Sweller et al., 2011;
Sweller et al., 2019). Based on the above cognitive architecture, all are
intended to facilitate the transfer of information from working memory
to long-term memory. This transfer, as indicated above, can result in
large differences in individual performance on specific tasks. Element
interactivity is central to all extraneous cognitive load effects. The
worked example effect, which arguably is the most important extra-
neous cognitive load theory effect, will be used to explain how extra-
neous cognitive load effects are generated by variations in element
interactivity.

2.3.1. The worked example effect

This effect occurs when learners presented with worked examples of
problem solutions to study learn more than learners presented the same
problems to solve (Chen et al., 2015, 2016a, 2016b; Cooper & Sweller,
1987; Kyun et al., 2013; Paas & van Merrienboer, 1994; Renkl, 2014a,
2014b; Sweller & Cooper, 1985). The theoretical explanation of the ef-
fect provided by cognitive load theory is that studying a worked example
reduces element interactivity compared to solving a problem (Sweller,
2010). A learner attempting to solve a problem using means-ends
analysis must consider for each move they make, their current prob-
lem state, the goal state, multiple differences between the two states,
and an indefinite number of possible moves to reduce those differences.
In contrast, a good worked example clearly indicates each problem state
and the move required to reach the next state which is also depicted. A
worked example considerably reduces the number of interacting
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elements that require consideration. Based on the worked example ef-
fect, expertise can be acquired much more easily and rapidly by studying
worked examples rather than solving problems. A similar reduction in
element interactivity explains the advantage of other extraneous
cognitive load effects (Sweller, 2010), including the redundancy effect,
discussed next.

2.3.2. The redundancy effect

The redundancy effect occurs when learners are presented with
redundant information that is not required for learning (Chandler &
Sweller, 1991). Experimentally, the effect is demonstrated when
learners presented with redundant information learn less than learners
presented the same information with redundant information excluded.
Redundant information may be the same information presented in more
than one modality or form such as identical written and spoken text,
diagrams and text providing the same information, or completely un-
related information added to essential information such as cartoons
added solely for their humour without any useful, informational con-
tent. Adding redundant information increases the number of elements
with which learners must deal resulting in an unnecessary increase in
working memory load.

The common technique of providing the same information in spoken
and written form provides an example of the redundancy effect. A
PowerPoint presentation in which large slabs of orally presented infor-
mation also are presented in written form on a screen does not facilitate
learning by an audience. Instead, by increasing extraneous cognitive
load, it can interfere with learning (Kalyuga et al., 2004).

2.3.3. The expertise reversal effect

Providing students with information that they do not need because
they have already acquired the information provides another example of
the redundancy effect. To provide an example, while worked examples
facilitate learning compared to solving the equivalent problems, as
expertise increases, studying worked examples may no longer be effec-
tive. With increased expertise, the effect first decreases in size, then
disappears, and may eventually reverse with problem solving superior to
studying worked examples (Kalyuga et al., 2001). The cause is the
decrease in element interactivity associated with increases in expertise.
Worked examples are highly effective when learners are dealing with
novel, high element interactivity information because, as indicated
above, a worked example reduces element interactivity. As element
interactivity decreases with increasing expertise, studying a worked
example becomes redundant because at some point, all that is needed is
practice at problem solving rather than instruction in how to solve a
particular class of problems. The same instructional procedure, studying
worked examples, which is beneficial for novices because it reduces
element interactivity, becomes redundant when levels of expertise have
increased to the point where all that is needed is practice at problem
solving. The result is the expertise reversal effect (Kalyuga et al., 2003)
with no advantage for worked examples or even an advantage of prob-
lem solving over studying worked examples.

All cognitive load theory effects are due to variations in element
interactivity. The expertise reversal effect is assumed to occur because
element interactivity is reduced as expertise increases. Based on the
cognitive architecture that underlies cognitive load theory, information
stored in long-term memory reduces element interactivity. In turn,
element interactivity explains and relates the worked example effect, the
redundancy effect and the expertise reversal effect. For novice learners
in a particular area, studying worked examples reduces extraneous
cognitive load by reducing element interactivity and so facilitating
learning. With increasing expertise, studying worked examples becomes
redundant and so the advantage of studying worked examples disap-
pears due to the redundancy effect. Practice at solving problems be-
comes more important than studying worked examples, leading to the
expertise reversal effect. Each of these effects facilitates the acquisition
of information held in long-term memory by reducing the load on
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working memory. That increase in knowledge leads to expertise and a
major source of individual differences.

3. Conclusions

The cognitive architecture used by cognitive load theory, along with
the cognitive load theory effects, provide information on how learning
creates individual differences. We all know that knowledge is trans-
formational. While there are many factors that lead to individual dif-
ferences, the acquisition of knowledge is a major, possibly the only
cognitive factor that is readily malleable and alterable. Differences be-
tween individuals in their knowledge have profound consequences for
their ability to navigate their way in specific areas. A person with
knowledge of a particular historical epoch or the science associated with
energy production is in a vastly better position to think critically about
the relevant subject areas than a person who does not have that requisite
knowledge held in long-term memory. Cognitive load theory, through
the cognitive load theory effects, is concerned with techniques that
facilitate the acquisition of that knowledge.
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