CHAPTER o

Mental Models and Thought

P. N. Johnson-Laird

How do we think? One answer is that
we rely on mental models. Perception yields
models of the world that lie outside us.
An understanding of discourse yields mod-
els of the world that the speaker describes
to us. Thinking, which enables us to antic-
ipate the world and to choose a course of
action, relies on internal manipulations of
these mental models. This chapter is about
this theory, which it refers to as the model
theory, and its experimental corroborations.
The theory aims to explain all sorts of think-
ing about propositions, that is, thoughts ca-
pable of being true or false. There are other
sorts of thinking — the thinking, for in-
stance, of a musician who is improvising.
In daily life, unlike the psychological labo-
ratory, no clear demarcation exists between
one sort of thinking and another. Here is
a protocol of a typical sequence of every-
day thoughts:

I had the book in the hotel's restaurant,
and now I've lost it. So, either I left it in the
restaurant, or it fell out of my pocket on the
way back to my room, or it’s somewhere
here in my room. It couldn’t have fallen

from my pocket — my pockets are deep and
I walked slowly back to my room — and so
it’s here or in the restaurant.

Embedded in this sequence is a logical de-
duction of the form:

AorBorC
Not B.
Therefore, A or C.

The conclusion is valid: It must be true given
that the premises are true. However, other
sorts of thinking occur in the protocol (e.g.,
the inference that the book could not have
fallen out of the protagonist’s pocket).

A simple way to categorize thinking about
propositions is in terms of its effects on se-
mantic information (Johnson-Laird, 1993).
The more possibilities an assertion rules out,
the greater the amount of semantic informa-
tion it conveys (Bar-Hillel & Carnap, 1964).
Any step in thought from current premises
to a new conclusion therefore falls into one
of the following categories:

« The premises and the conclusion elimi-
nate the same possibilities.
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e The premises eliminate at least one
more possibility over those the conclusion
eliminates.

« The conclusion eliminates at least one
more possibility over those the premises
eliminate.

» The premises and conclusion eliminate
disjoint possibilities.

» The premises and conclusion eliminate
overlapping possibilities.

The first two categories are deductions (see
Evans, Chapter 11). The third category in-
cludes all the traditional cases of induction,
which in general is definable as any thought
yielding such an increase in semantic infor-
mation (see Sloman & Lagnado, Chap. 3).
The fourth category occurs only when the
conclusion is inconsistent with the premises.
The fifth case occurs when the conclusion
is consistent with the premises but refutes
at least one premise and adds at least one
new proposition. Such thinking goes beyond
induction. It is assotciative or creative (see
Sternberg, Chap. 13).

The model theory aims to explain all
propositional thinking, and this chapter il-
lustrates its application to the five preceding
categories. The chapter begins with the his-
tory of the model theory. It then outlines
the current theory and its account of de-
duction. It reviews some of the evidence for
this account. It shows how the theory ex-
tends to probabilistic reasoning. It then turns
to induction, and it describes the uncon-
scious inferences that occur in understand-
ing discourse. It shows how models underlie
causal relations and the creation of expla-
nations. Finally, it assesses the future of the
model theory.

The History of Mental Models

In the seminal fifth chapter of his book, The
Nature of Explanation, Kenneth Craik (1943)

wrote:

If the organism carries a ‘“small-scale
model” of external reality and of its oum

possible actions within its head, it is able to
try out various alternatives, conclude which
is the best of them, react to future situations
before they arise, utilize the knowledge of
past events in dealing with the present and
the future, and in every way to react in
a much fuller, safer, and more competent
manner to the emergencies which face it.

This same process of internal imitation of
the external world, Craik wrote, is carried
out by mechanical devices such as Kelvin’s
tidal predictor. Craik died in 1945, before
he could develop his ideas. Several earlier
thinkers had, in fact, anticipated him (see
Johnson-Laird, 2003). Nineteenth-century
physicists, including Kelvin, Boltzmann, and
Maxwell, stressed the role of models in
thinking. In the twentieth century, physicists
downplayed these ideas with the advent of
quantum theory (but cf. Deutsch, 1997).

One principle of the modern theory
is that the parts of a mental model and
their structural relations correspond to those
which they represent. This idea has many
antecedents. It occurs in Maxwell's (1911)
views on diagrams, in Wittgenstein’s (1922)
“picture” theory of meaning, and in Kéhler’s
(1938) hypothesis of an isomorphism be-
tween brain fields and the world. However,
the nineteenth-century grandfather of the
model theory is Charles Sanders Peirce.

Peirce coinvented the main system of
logic known as predicate calculus, which gov-
erns sentences in a formal language contain-
ing idealized versions of negation, sentential
connectives such as “and” and “or,” and quan-
tifiers such as “all” and “some.” Peirce devised
two diagrammatic systems of reasoning, not
to improve reasoning, but to display its un-
derlying mental steps (see Johnson-Laird,
2002). He wrote:

Deduction is that mode of reasoning which
examines the state of things asserted in the
premisses, forms a diagram of that state
of things, perceives in the parts of the di-
agram relations not explicitly mentioned in
the premisses, satisfies itself by mental ex-
periments upon the diagram that these re-
lations would always subsist, or at least
would do so in a certain proportion of cases,
and concludes their necessary, or probable,
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truth (Peirce, 1.66; this standard notation
refers to paragraph 66 of Volume1 of Peirce,

1931-1958).

Diagrams can be iconic, in other words, have
the same structure as what they represent
(Peirce, 4.447). It is the inspection of an
iconic diagram that reveals truths other than
those of the premises (2.279, 4.530). Hence,
Peirce anticipates Maxwell, Wittgenstein,
Kohler, and the model theory. Mental mod-
els are as iconic as possible (Johnson-Laird,
1983, pp. 125, 136).

A resurgence of mental models in cog-
nitive science began in the 1g70s. Theorists
proposed that knowledge was represented in
mental models, but they were not wed to
any particular structure for models. Hayes
(1979) used the predicate calculus to de-
scribe the naive physics of liquids. Other
theorists in artificial intelligence proposed
accounts of how to envision models and
use them to simulate behavior (de Kleer,
1977). Psychologists similarly examined
naive and expert models of various domains,
such as mechanics (McCloskey, Caramazza,
& Green, 1980) and electricity (Gentner
& Gentner, 1983). They argued that vi-
sion yields a mental model of the three-
dimensional structure of the world (Marr,
1982). They proposed that individuals use
these models to simulate behavior (e.g,
Hegarty, 1992; Schwartz & Black, 1996).
They also studied how models develop (e.g.,
Vosniadou & Brewer, 1992; Halford, 1993),
how they serve as analogies (e.g., Holland,
Holyoak, Nisbett, & Thagard, 1986; see
Holyoak, Chap. 6), and how they help in
the diagnosis of faults (e.g., Rouse & Hunt,
1984). Artifacts, they argued, should be de-
signed so users easily acquire models of them
(e.g., Ehrlich, 1996; Moray, 1990, 1999).

Discourse enables humans to experience
the world by proxy, and so another early
hypothesis was that comprehension yields
models of the world (Johnson-Laird, 1970).
The models are iconic in these ways: They
contain a token for each referent in the
discourse, properties corresponding to the
properties of the referents, and relations cor-
responding to the relations among the refer-

ents. Similar ideas occurred in psycholinguis-
tics (e.g., Bransford, Barclay, & Franks, 1972),
linguistics {Karttunen, 1976), artificial intel-
ligence (Webber, 1978), and formal seman-
tics (Kamp, 1981). Experimental evidence
corroborated the hypothesis, showing that
individuals rapidly forget surface and un-
derlying syntax (Johnson-Laird & Stevenson,
1970), and even the meaning of individ-
ual sentences {Garnham, 1987). They re-
tain only models of who did what to whom.
Psycholinguists discovered that models are
constructed from the meanings of sentences,
general knowledge, and knowledge of hu-
man communication (e.g., Garnham, z001;
Garnham & Oakhill, 1996; Gernsbacher,
1990; Glenberg, Meyer, & Lindem, 1987).

Another early discovery was that con-
tent affects deductive reasoning (Wason
& Johnson-Laird, 1972; see Evans, Chap.
8), which was hard to reconcile with
the then dominant view that reason-
ers depend on formal rules of inference
(Braine, 1978; Johnson-Laird, 1975; Osher-
son, 1974-1976). Granted that models come
from perception and discourse, they could
be used to reason (Johnson-Laird, 1975):
An inference is valid if its conclusion holds
in all the models of the premises because
its conclusion must be true granted that its
premises are true. The next section spells out
this account.

Models and Deduction

Mental models represent entities and per-
sons, events and processes, and the opera-
tions of complex systems. However, what
is a mental model? The current theory is
based on principles that distinguish mod-
els from linguistic structures, semantic net-
works, and other proposed mental represen-
tations (Johnson-Laird & Byrne, 1991). The
first principle is

The principle of iconicity: A mental model
has a structure that corresponds to the
Enown structure of what it represents.

Visual images are iconic, but mental mod-
els underlie images. Even the rotation of
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mental images implies that individuals ro-
tate three-dimensional models (Metzler &
Shepard, 1982), and irrelevant images im-
pair reasoning (Knauff, Fangmeir, Ruff &
Johnson-Laird, 2003; Knauff & Johnson-
Laird, 2002). Moreover, many components
of models cannot be visualized.

One advantage of iconicity, as Peirce
noted, is that models built from premises can
yield new relations. For example, Schaeken,
Johnson-Laird, and d’Ydewalle (1996) in-
vestigated problems of temporal reasoning
concerning such premises as

John eats his breakfast before he listens to
the radio.

Given a problem based on several premises
with the form:

A before B.
B before C.
D while A.
E while C.

reasoners can build a mental model with
the structure:

A B C
D E

where the left-to-right axis is time, and the
vertical axis allows different events to be
contemporaneous. Granted that each event
takes roughly the same amount of time,
reasoners can infer a new relation:

D before E.

Formal logic less readily vyields the conclu-
sion. One difficulty is that an infinite num-
ber of conclusions follow validly from any
set of premises, and logic does not tell you
which conclusions are useful. From the pre-
vious premises, for instance, this otiose con-
clusion follows:

A before B, and B before C.

Possibilities are crucial, and the second
principle of the theory assigns them a central
role:

The principle of possibilities: Each mental
model represents a possibility.

Table 9.1. The Truth Table for Exclusive
Disjunction

A B A or else B, but not both
True True False
True False True
False True True
False False False

This principle is illustrated in sentential
reasoning, which hinges on negation and
such sentential connectives as “if” and “or.”
In logic, these connectives have idealized
meanings: They are truth-functional in that
the truth-values of sentences formed with
them depend solely on the truth-values of
the clauses that they connect. For example,
a disjunction of the form: A or else B but not
both is true if A is true and B is false, and if
Ais false and B is true, but false in any other
case. Logicians capture these conditions in a
truth table, as shown in Table g.1. Each row
in the table represents a different possibility
(e.g., the first row represents the possibility
in which both A and B are true), and so here
the disjunction is false.

Naive reasoners do not use truth tables
(Osherson, 1974~1976). Fully explicit mod-
els of possibilities, however, are a step to-
ward psychological plausibility. The fully ex-
plicit models of the exclusive disjunction,
A or else B but not both, are shown here on
separate lines:

A -B
~A B
where “~” denotes negation. Table 9.2

presents the fully explicit models for the
main sentential connectives. Fully explicit
models correspond exactly to the true rows
in the truth table for each connective. As
the table shows, the conditional If A then B
is treated in logic as though it can be para-
phrased as If A then B, and if not-A then B or
not-B. The paraphrase does not do justice to
the varied meanings of everyday condition-
als (Johnson-Laird & Byrne, 2002). In fact,
no connectives in natural language are truth
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Table g.2. Fully Explicit Models and Mental Models of Possibilities
Compatible with Sentences Containing the Principal Sentential Connectives

Sentences Fully Explicit Models Mental Models
A and B: A B A B
Neither A nor B: —A -B —A -B
A or else B but not both: A -B A
-A B B
A or B or both: A -B A
-A B B
A B A B
If A then B: A B A B
-A B
—A B
If, and only if A, then B: A B A B
-A -B

functional (see the section on implicit induc-
tion and the modulation of models).

Fully explicit models yield a more effi-
cient reasoning procedure than truth tables.

Each premise has a set of fully explicit mod- .

els, for example, the premises:

1. A or else B but not both.
2. Not-A.

have the models:

(Premise 2)
-A

{Premise 1)
A —B
-A B

Their conjunction depends on combining
each model in one set with each model in
the other set according to two main rules:

« A contradiction between a pair of models
yields the null model (akin to the empty
set).

« Any other conjunction yields a model of
each proposition in the two models.

The result is:

Input Input Qutput
from (1) from (2)
A -B —-A null model
-A B —-A —-A B

or in brief:

-A B

Because an inference is valid if its conclu-
sion holds in all the models of the premises,
it follows that: B. The same rules are
used recursively to construct the models
of compound premises containing multiple
connectives.

Because infinitely many conclusions fol-
low from any premises, computer programs
for proving validity generally evaluate con-
clusions given to them by the user. Hu-
man reasoners, however, can draw conclu-
sions for themselves. They normally abide
by two constraints (Johnson-Laird & Byrne,
1991). First, they do not throw semantic in-
formation away by adding disjunctive alter-
natives. For instance, given a single premise,
A, they never spontaneously conclude, A or
B or both. Second, they draw novel conclu-
sions that are parsimonious. For instance,
they never draw a conclusion that merely
conjoins the premises, even though such
a deduction is valid. Of course, human
performance rapidly degrades with com-
plex problems, but the goal of parsimony
suggests that intelligent programs should
draw conclusions that succinctly express
all the information in the premises. The
model theory yields an algorithm that draws
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such conclusions (Johnson-Laird & Byrne,
1991, Chap. g).

Fully explicit models are simpler than
truth tables but place a heavy load on work-
ing memory. Mental models are still simpler
because they are limited by the third princi-
ple of the theory:

The principle of truth: A mental model rep-
resents a true possibility, and it represents a
clause in the premises only when the clause
is true in the possibility.

The simplest illustration of the principle is
to ask naive individuals to list what is possi-
ble for a variety of assertions (Barrouillet &
Lecas, 1999; Johnson-Laird & Savary, 1996).
Given an exclusive disjunction, not-A or else
B, they list two possibilities corresponding
to the mental models:

-A
B

The first mental model does not represent
B, which is false in this possibility; and the
second mental model does not represent not-
A, which is false in this possibility, in other
words, A is true. Hence, people tend to ne-
glect these cases. Readers might assume that
the principle of truth is equivalent to the
representation of the propositions mentioned
in the premises. However, this assumption
yields the same models of A and B regardless
of the connective relating them. The right
way to conceive the principle is that it yields
pared-down versions of fully explicit mod-
els, which in turn map into truth tables, As
we will see, the principle of truth predicts a
striking effect on reasoning.

Individuals can make a mental footnote
about what is false in a possibility, and these
footnotes can be used to flesh out mental
models into fully explicit models. However,
footnotes tend to be ephemeral. The most
recent computer program implementing the
model theory operates at two levels of
expertise. At its lowest level, it makes no use
of footnotes. Its representation of the main
sentential connectives is summarized in Ta-
ble g.2. The mental models of a conditional,
if A then B, are

A B

The ellipsis denotes an implicit model of the
possibilities in which the antecedent of the
conditional is false. In other words, there are
alternatives to the possibility in which 4 and
B are true, but individuals tend not to think
explicitly about what holds in these possibil-
ities. If they retain the footnote about what
is false, then they can flesh out these mental
models into fully explicit models. The men-
tal models of the biconditional, If and only
if, A then B, as Table g.2 shows, are identical
to those for the conditional. What differs is
that the footnote now conveys that both A
and B are false in the implicit model. The
program at its higher level uses fully explicit
models and so makes no errors in reasoning.

Inferences can be made with mental mod-
els using a procedure that builds a set of
models for a premise and then updates them
according to the other premises. From the
premises,

A or else B but not both.
Not-A.

the disjunction yields the mental models

A
B

The categorical premise eliminates the first
model, but it is compatible with the second
model, yielding the valid conclusion, B. The
rules for updating mental models are sum-
marized in Table g.3.

The model theory of deduction began
with an account of reasoning with quanti-
tiers as in syllogisms such as:

Some actuaries are businessmen.
All businessmen are conformists.

Therefore, some actuaries are
conformists.

A plausible hypothesis is that people con-
struct models of the possibilities compati-
ble with the premises and draw whatever
conclusion, if any, holds in all of them.
Johnson-Laird (1975) illustrated such an
account with Euler circles. A premise of
the form, Some A are B, however, is com-
patible with four distinct possibilities, and
the previous premises are compatible with
16 distinct possibilities. Because the infer-
ence is easy, reasoners may fail to consider
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Table ¢.3. The procedures for forming a conjunction of a pair of models. Each procedure is presented
with an accompanying example. Only mental models may be implicit and therefore call for the first

two procedures

1: The conjunction of a pair of implicit models yields the implicit model:

...and...yield...

2: The conjunction of an implicit model with a model representing propositions yields the null model

(akin to the empty set) by default, for example,

...and B C yield nil.

But, if none of the atomic propositions (B C) is represented in the set of models containing the
implicit model, then the conjunction yields the model of the propositions, for example,

...and B Cyield BC.

3: The conjunction of a pair of models representing respectively a proposition and its negation yield

the null model, for example,
A —B and —A yield nil.

4: The conjunction of a pair of models in which a proposition, B, in one model is not represented in
the other model depends on the set of models of which this other model is a member. If B occurs in
at least one of these models, then its absence in the current model is treated as negation, for

example,
A B and A yields nil.

However, if B does not occur in one of these models (e.g., only its negation occurs in them), then its
absence is treated as equivalent to its affirmation, and the conjunction (following the next

procedure) is
A B and A vyields A B.

5: The conjunction of a pair of fully explicit models free from contradiction update the second model
with all the new propositions from the first model, for example,

—A Band ~A C yield ~A B C.

all the possibilities (Erickson, 1974), or
they may construct models that capture
more than one possibility (Johnson-Laird &
Bara, 1984). The program implementing the
model theory accordingly constructs just one
model for the previous premises:

actuary [businessman] conformist

actuary

[businessman] conformist

where each row represents a different sort of
individual, the ellipsis represents the possi-
bility of other sorts of individual, and the
square brackets represent that the set of
businessmen has been represented exhaus-
tively — in other words, no more tokens
representing businessmen can be added to
. the model. This model yields the conclusion
that Some actuaries are conformists. There are
many ways in which reasoners might use
such models, and Johnson-Laird and Bara

(1984) described two alternative strategies.
Years of tinkering with the models for syl-
logisms suggest that reasoning does not rely
on a single deterministic procedure. The fol-
lowing principle applies to thinking in gen-
eral but can be illustrated for reasoning:

The principle of strategic variation: Given
a class of problems, reasoners develop a va-
riety of strategies from exploring manipu-
lations of models (Bucciarelli & Johnson-
Laird, 1999).

Stenning and his colleagues anticipated this
principle in an alternative theory of syl-
logistic reasoning (e.g., Stenning & Yule,
1997). They proposed that reasoners focus
on individuals who necessarily exist given
the premises (e.g., given the premise Some
A are B, there must be an A who is B).
They implemented this idea in three differ-
ent algorithms that all yield the same in-
ferences. One algorithm is based on Euler
circles supplemented with a notation for
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necessary individuals, one is based on tokens
of individuals in line with the model theory,
and one is based on verbal rules, such as

If there are two existential premises. that
is, that contain “some”, then respond that
there is no valid conclusion.

Stenning and Yule concluded from the
equivalence of the outputs from these al-
gorithms that a need exists for data be-
yond merely the conclusions that reason-
ers draw, and they suggested that reasoners
may develop different representational Sys-
tems, depending on the task. Indeed, from
Stérring (1908) to Stenning (2002), psy-
chologists have argued that some reasoners
may use Euler circles and others may use
verbal procedures.

The external models that reasoners con-
structed with cut-out shapes corroborated
the principle of strategic variation: Individ-
uals develop various strategies (Bucciarelli
& Johnson-Laird, 1999). They also overlook
possible models of premises. Their search
may be organized toward finding necessary
individuals, as Stenning and Yule showed,
but the typical representations of premises
included individuals who were not neces-
sary; for example, the typical representation
of Some A are B was

A B
A B
A

A focus on necessary individuals is a partic-
ular strategy. Other strategies may call for
the representation of other sorts of individ-
uals, especially if the task changes - a view
consistent with Stenning and Yule’s theory.
For example, individuals readily make the
following sort of inference (Evans, Handley,
Harper, & Johnson-Laird, 1999):

Some A are B.
Some B are C.

Therefore, it is possible that Some A
are C.

Such inferences depend on the representa-
tion of possible individuals.

The model theory has been extended
to some sorts of inference based on pre-

mises containing more than one quantifier
(Johnson-Laird, Byrne, & Tabossi, 1989).
Many such inferences are beyond the scope
of Euler circles, although the general prin-
ciples of the model theory still apply to
them. Consider, for example, the inference
(Cherubini & Johnson-Laird, 2004):

There are four persons: Ann, Bill, Cath,
and Dave.

Everybody loves anyone who loves some-
one.

Ann loves Bill.
What follows?

Most people can envisage this model in
which arrows denote the relation of loving:

Ann —) Bill Cath Dave

Hence, they infer that everyone loves Ann.
However, if you ask them whether it follows
that Cath loves Dave, they tend to respond
“no.” They are mistaken, but the inference
calls for using the quantified premise again.
The result is this model (strictly speaking, all
four persons love themselves, too):

T

It follows that Cath loves Dave, and people
grasp its validity if it is demonstrated with
diagrams. No complete model theory exists
for inferences based on quantifiers and con-
nectives (cf. Bara, Bucciarelli, & Lombardo,
2001). However, the main principles of the
theory should apply: iconicity, possibilities,
truth, and strategic variation.

Experimental Studies of
Deductive Reasoning

Many experiments have corroborated the
model theory (for a bibliography, see the
Web page created by Ruth Byrne: www.tcd.
ie/Psychology/People/Ruth_Byrnelmental_
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models/). This section outlines the corrob-
orations of five predictions.

Prediction i: The fewer the models
needed for an inference, and the simpler they
are, the less time the inference should take
and the less prone it should be to error. Fewer
entities do improve inferences (e.g., Birney &
Halford, 2002). Likewise, fewer models
improve spatial and temporal reasoning
(Byrne & Johnson-Laird, 1989; Carreiras &
Santamaria, 1997; Schaeken, Johnson-Laird,
& d'Ydewalle, 1996; Vandierendonck & De
Vooght, 1997). Premises yielding one model
take less time to read than corresponding
premises yielding multiple models; how-
ever, the difference between two and three
models is often so small that it is un-
likely that reasoners construct all three mod-
els (Vandierendonck, De Vooght, Desim-
pelaere, & Dierckx, 2000). They may build a
single model with one element represented
as having two or more possible locations.

Effects of number of models have been
observed in comparing one sort of sentential
connective with another and in examining
batteries of such inferences (see Johnson-
Laird & Byrne, 1991). To illustrate these
effects, consider the “double disjunction”
(Bauer & Johnson-Laird, 1993):

Ann is in Alaska or else Beth is in Barba-
dos, but not both.

Beth is in Barbados or else Cath is in
Canada, but not both.

What follows?

Reasoners readily envisage the two possibil-
ities compatible with the first premise, but
it is harder to update them with those from
the second premise. The solution is

Ann in Alaska Cath in Canada
Beth in Barbados

People represent the spatial relations: Mod-
els are not made of words. The two models
yield the conclusion: Either Ann is in Alaska
and Cath is in Canada or else Beth is in Bar-
bados. An increase in complexity soon over-

loads working memory. This problem de-
feats most people:

Ann is in Alaska or Beth is in Barbados,
or both.

Beth is in Barbados or Cath is in Canada,
or both.

What follows?

The premises yield five models, from which
it follows: Ann is in Alaska and Cath is in
Canada, or Beth is in Barbados, or all three.
When the order of the premises reduces the
number of models to be held in mind, rea-
soning improves (Garcia-Madruga, Moreno,
Carriedo, Gutiérrez, & Johnson-Laird, 2001;
Girotto, Mazzocco, & Tasso, 1997; Mac-
kiewicz & Johnson-Laird, 2003).

Because one model is easier than many,
an interaction occurs in modal reasoning. It is
easier to infer that a situation is possible (one
model of the premises suffices as an exam-
ple) than that it is not possible (all the mod-
els of the premises must be checked for a
counterexample to the conclusion). In con-
trast, it is easier to infer that a situation is
not necessary (one counterexample suffices)
than that it is necessary (all the models of
the premises must be checked as examples).
The interaction occurs in both accuracy and
speed (Bell & Johnson-Laird, 1948; see also
Evans et al., 1999).

Prediction 2: Reasoners should err as a re-
sult of cverlooking models of the premises.
Given a double disjunction (such as the pre-
vious one), the most frequent errors were
conclusions consistent with just a single
model of the premises (Bauer & Johnson-
Laird, 1993). Likewise, given a syllogism of
the form,

None of the A is a B.

All the B are C.
reasoners infer: None of the A is a C (New-
stead & Griggs, 1999). They overlook the

possibility in which Cs that are not Bs are
As, and so the valid conclusion is

Some of the C are not A.

They may have misinterpreted the second
premise, taking it also to mean that all



194 THE CAMBRIDGE HANDBOOK OF THINKING AND REASONING

the C are B (Newstead & Griggs, 1999),
but many errors with syllogisms appear
to arise because individuals consider only
a single model (Bucciarelli & Johnson-
Laird, 1999; Espino, Santamaria, & Garcia-
Madruga, 2000). Ormerod proposed a “min-
imal completion” hypothesis according to
which reasoners construct only the min-
imally necessary models (see Ormerod,
Manktelow, & Jones, 1993; Richardson &
Ormerod, 1997). Likewise, Sloutsky pos-
tulated a process of “minimalization” in
which reasoners tend to construct only sin-
gle models for all connectives, thereby re-
ducing them to conjunctions (Morris &
Sloutsky, 2002; Sloutsky & Goldvarg, 199g).
Certain assertions, however, do tend to
elicit more than one model. As Byrne
and her colleagues showed (e.g, Byrne,
2002; Byrne & McEleney, 2000; Byrne &
Tasso, 199¢), counterfactual conditionals
such as

If the cable hadn't been faulty then the

printer wouldn't have broken

tend to elicit models of both what is factu-
ally the case, that is,

cable faulty printer broken

and what holds in a counterfactual possibil-
ity

- cable faulty - printer broken
Prediction 3: Reasoners should be able to
refute invalid inferences by envisaging coun-
terexamples (i.e., models of the premises
that refute the putative conclusion). There
is no guarantee that reascners will find a
counterexample, but, where they do suc-
ceed, they know that an inference is in-
valid (Barwise, 1993). The availability of a
counterexample can suppress fallacious in-
ferences from a conditional premise (Byrne,
Espino, & Santamaria, 199¢9; Markovits,
1984; Vadeboncoeur & Markovits, 199q).
Nevertheless, an alternative theory based
on mental models has downplayed the
role of counterexamples (Polk & Newell,

1995), and reasoners’ diagrams have some-
times failed to show their use (e.g., New-
stead, Handley, & Buck, 1999). However,
when reasoners had to construct exter-
nal models (Bucciarelli & Johnson-Laird,
1999), they used counterexamples (see
also Neth & Johnson-Laird, 1999; Roberts,
in press).

There are two sorts of invalid conclusions.
One sort is invalid because the conclusion is
disjoint with the premises; for example,

A or B or both.
B or else C but not both.
Therefore, not-A and C.

The premises have three fully explicit
models:

A - B C
- A B -C
A B -C

The conclusion is inconsistent with the
premises because it conflicts with each of

_their models. But, another sort of invalid

conclusion is consistent with the premises
but does not follow from them such as the
conclusion A and not-C from the previous
premises. It is consistent with the premises
because it corresponds to their third model,
but it does not follow from them because
the other two models are counterexamples.
Reasoners usually establish the invalidity of
the first sort of conclusion by detecting its
inconsistency with the premises, but they
retute the second sort of conclusion with a
counterexample (Johnson-Laird & Hasson,
2003). An experiment using functional mag-
netic resonance imaging showed that reason-
ing based on numeric quantifiers, such as ar
least five — as opposed to arithmetical cal-
culation based on the same premises — de-
pended on the right frontal hemisphere. A
search for counterexamples appeared to ac-
tivate the right frontal pole (Kroger, Cohen,
& Johnson-Laird, 2003).

Prediction 4: Reasoners should succumb
to illusory inferences, which are compelling
but invalid. They arise from the principle of
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truth and its corollary that reasoners neglect
what is false. Consider the problem:

Only one of the following assertions is true
about a particular hand of cards:

There is a king in the hand or there is
an ace, or both.

There is a queen in the hand or there is
an ace, or both.

There is a jack in the hand or there is a
ten, or both.

Is it possible that there is an ace in the

hand?

Nearly everyone responds, “yes” (Goldvarg
& Johnson-Laird, 2000). They grasp that
the first assertion allows two possibilities in
which an ace occurs, so they infer that an ace
is possible. However, it is impossible for an
ace to be in the hand because both of the first
two assertions would then be true, contrary
to the rubric that only one of them is true.
The inference is an illusion of possibility:
Reasoners infer wrongly that a card is pos-
sible. A similar problem to which reason-
ers tend to respond “no” and thereby com-
mit an illusion of impossibility is created by
replacing the two occurrences of “there is
an ace” in the problem with, “there is not
an ace.” When the previous premises were
stated with the question

Is it possible that there is a jack?

the participants nearly all responded “yes,”
again. They considered the third assertion,
and its mental models showed that there
could be a jack. However, this time they
were correct: The inference is valid. Hence,
the focus on truth does not always lead to er-
ror, and experiments have accordingly com-
pared illusions with matching control prob-
lems for which the neglect of falsity should
not affect accuracy.

The computer program implementing
the theory shows that illusory inferences
should be sparse in the set of all possi-
ble inferences. However, experiments have
corroborated their occurrence in reasoning
about possibilities, probabilities, and causal

and deontic relations. Table g.4 illustrates
some different illusions. Studies have used
remedial procedures to reduce the illusions
(e.g., Santamaria & Johnson-Laird, 2000).
Yang taught participants to think explic-
itly about what is true and what is false.
The difference between illusions and con-
trol problems vanished, but performance
on the control problems fell from almost
100% correct to around 75% correct (Yang
& Johnson-Laird, 2000). The principle of
truth limits understanding, but it does so
without participants realizing it. They were
highly confident in their responses, no less
so when they succumbed to an illusion
than when they responded correctly to a
control problem.

The rubric, “one of these assertions is
true and one of them is false,” is equiva-
lent to an exclusive disjunction between two
assertions: A or else B, but not both. This us-
age leads to compelling illusions that seduce
novices and experts alike, for example,

If there is a king then there is an ace, or
else if there isn't a king then there is an
ace.

There is a king.
What follows?

More than 2000 individuals have tackled this
problem (see Johnson-Laird & Savary, 1999),
and nearly everyone responded, “there is an
ace.” The prediction of an illusion depends
not on logic but on how other participants
interpreted the relevant connectives in sim-
ple assertions. The preceding illusion occurs
with the rubric: One of these assertions is
true and one of them is false applying to the
conditionals. That the conclusion is illusory
rests on the following assumption, corrobo-
rated experimentally: If a conditional is false,
then one possibility is that its antecedent
is true and its consequent is false. If skep-
tics think that the illusory responses are
correct, then how do they explain the ef-
fects of a remedial procedure? They should
then say that the remedy produced illusions.
Readers may suspect that the illusions arise
from the artificiality of the problems, which
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Table g.4. Some illusory inferences in abbreviated form, with percentages of illusory responses. Each
study examined other sorts of illusions and matched control problems

Percentages of

Premises HMusory responses illusory responses
1. If A then B or else B. A. B. 100
2. Either A and B, or else C and D. A. B. 87
3. If A then B or else if C then B. A and B. Possibly both are true. 98
4. Aorelse not both Band C. A and not B. Possibly both are true. 91
5. One true and one false: not-A or not-B, or neither.

Not-C and not-B. Possibly not-C and not-B. 85
6. Only one is true: At least some A are not B.

No A are B. Possibly No B are A. 95

7. If one is true so is the other: A or else not B. A. A is more likely than B. 95
8.1f one is true so is the other: A ifand only if B.A.  Ais equally likely as B. go

Note: 1 is from Johnson-Laird and Savary (19¢9), 2 is from Walsh and Johnson-Laird (2003), 3 is from Johnson-
Laird, Legrenzi, Girotto, and Legrenzi (2000), 4 is from Legrenzi, Girotto, and Johnson-Laird (2003), 5 is from
Goldvarg and Johnson-Laird (2000), 6 is from Experiment 2, Yang and Johnson-Laird (z000), and 7 and § are from
Johnson-Laird and Savary (1996).

never occur in real life and therefore
confuse the participants. The problems may
be artificial, although analogs do occur in
real life (see Johnson-Laird & Savary, 199g),
and artificiality fails to explain the cor-
rect responses to the controls or the high
ratings of confidence in both illusory and
control conclusions.

Prediction 5: Naive individuals should de-

velop different reasoning strategies based on
models. When they are tested in the labo-
ratory, they start with only rough ideas of
how to proceed. They can reason, but not
efficiently. With experience but no feedback
about accuracy, they spontaneously develop
various strategies {Schaeken, De Vooght,
Vandierendonck, & d'Ydewalle, 1999). De-
duction itself may be a strategy (Evans,
2000), and people may resort to it more
in Western cultures than in East Asian cul-
tures (Peng & Nisbett, 1999). However,
deduction itself leads to different strate-
gies (Van der Henst, Yang, & Johnson-
Laird, 2002). Consider a problem in which
each premise is compound, that is, contains
a connective:

A if and only if B.

Either B or else C, but not both.

C if and only if D.

Does it follow that if not A then D?

where A, B, ... refer to different colored

marbles in a box. Some individuals develop
a strategy based on suppositions. They say,
for example,

Suppose not A. It follows from the first
premise that not B. It follows from the sec-
ond premise that C. The third premise then
implies D. So, yes, the conclusion follows.

Some individuals construct a chain of con-
ditionals leading from one clause in the con-
clusion to the other - for example: If D then
C, If C then not B, If not B then not A. Oth-
ers develop a strategy in which they enu-
merate the different possibilities compatible
with the premises. For example, they draw
a horizontal line across the page and write
down the possibilities for the premises:

A B

C D

When individuals are taught to use this
strategy, as Victoria Bell showed in un-
published studies, their reasoning is faster
and more accurate. The nature of the
premises and the conclusion can bias rea-
soners to adopt a predictable strategy (e.g.,
conditional premises encourage the use of
suppositions, whereas disjunctive premises
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encourage the enumeration of possibilities)
{Van der Henst et al., 2002).

Reasoners develop diverse strategies for
relational reasoning (e.g., Goodwin &
Johnson-Laird, in press; Roberts, 2000),
suppositional reasoning (e.g., Byrne & Han-
dley, 1997), and reasoning with quantifiers
(e.g., Bucciarelli & Johnson-Laird, 1999).
Granted the variety of strategies, there re-
mains a robust effect: Inferences from one
mental model are easier than those from
more than one model (see also Espino,
Santamaria, Meseguer, & Carreiras, 2000).
Different strategies could reflect different
mental representations (Stenning & Yule,
1997), but those so far discovered are all
compatible with models. Individuals who
have mastered logic could make a strategic
use of formal rules. Given sufficient expe-
rience with a class of problems, individuals
begin to notice some formal patterns.

Probabilistic Reasoning

Reasoning about probabilities is of two
sorts. In intensional reasoning, individuals
use heuristics to infer the probability of
an event from some sort of index, such as
the availability of information. In extensional
reasoning, they infer the probability of an
event from a knowledge of the different ways
in which it might occur. This distinction
is due to Nobel laureate Daniel Kahneman
and the late Amos Tversky, who together
pioneered the investigation of heuristics
(Kahneman, Slovic, & Tversky, 1982; see
Kahneman & Frederick, Chap. 12). Studies
of extensional reasoning focused at first on
“Bayesian” reasoning in which participants
try to infer a conditional probability from the
premises. These studies offered no account
of the foundations of extensional reasoning.
The model theory filled the gap (Johnson-
Laird, Legrenzi, Girotto, Legrenzi, & Cav-
erni, 1999), and the present section outlines
its account.

Mental models represent the extensions
of assertions (i.e., the possibilities to which
they refer). The theory postulates

The principle of equiprobability: Each
mental model is assumed to be equiproba-
ble, unless there are reasons to the contrary.

The probability of an event accordingly de-
pends on the proportion of models in which
it occurs. The theory also allows that mod-
els can be tagged with numerals denoting
probabilities or frequencies of occurrence,
and that simple arithmetical operations
can be carried out on them. Shimojo and
Ichikawa (1589) and Falk (1992) proposed
similar principles for Bayesian reasoning.
The present account differs from theirs in
that it assigns equiprobability, not to ac-
tual events, but to mental models. And
equiprobability applies only by default. An
analogous principle of “indifference” oc-
curred in classical probability theory, but it
is problematic because it applies to events
(Hacking, 1975).
Consider a simple problem such as

In the box, there is a green ball or a blue
ball or both. ]

What is the probability that both the
green and the blue ball are there?

The premise elicits the mental models:

green
blue
blue

green

Naive reasoners follow the equiprobability
principle, and infer the answer, “1/3.” An ex-
periment corroborated this and other pre-
dictions based on the mental models for
the connectives in Table g.2 (Johnson-Laird
etal, 1999).

Conditional probabilities are on the bor-
derline of naive competence. They are dif-
ficult because individuals need to consider
several fully explicit models. Here is a typi-
cal Bayesian problem:

The patient's PSA score is high. If he doesn't
have prostate cancer, the chances of such
a value is 1 in 1000. Is he likely to have
prostate cancer?

Many people respond, “yes.” However, they
are wrong. The model theory predicts the
error: Individuals represent the conditional
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probability in the problem as one explicit
model and one implicit model tagged with
their chances:

high PSA 1
999

- prostate cancer

The converse conditional probability has
the same mental models, and so people as-
sume that if the patient has a high PSA
the chances are only 1 in 1000 that he
does not have prostate cancer. Because the
patient has a high PSA, then he is highly
likely to have prostate cancer (9y9/1000).
To reason correctly, individuals must envis-
age the complete partition of possibilities
and chances. However, the problem fails to
provide enough information. It yields only:

— prostate cancer high PSA 1
— prostate cancer — high PSA 999
prostate cancer high PSA ?

prostate cancer - high PSA ?

There are various ways to provide the miss-
ing information. One way is to give the
base rate of prostate cancer, which can be
used with Bayes’s theorem from the prob-
ability calculus to infer the answer. How-
ever, the theorem and its computations
are beyond naive individuals (Kahneman &
Tversky, 1973; Phillips & Edwards, 1966).
The model theory postulates an alternative:

The subset principle: Given a complete
partition, individuals infer the conditional
probability, P(A | B), by examining the sub-
set of B that is A and computing its propor-
tion (Johnson-Laird et al., 1999g).

If models are tagged with their absolute fre-
quencies or chances, then the conditional
probability equals their value for the model
of A and B divided by their sum for all the
models containing B. A complete partition
for the patient problem might be

— prostate cancer high PSA 1
— prostate cancer — high PSA 999
prostate cancer high PSA 2

— high PSA o

prostate cancer

The subset of chances of prostate can-
cer within the two possibilities of a high
PSA (rows 1 and 3) yields the conditional
probability: P(prostate cancer | high PSA) =
2/3. It is high, but far from 999 /1000.

Evolutionary psychologists postulate that
natural selection led to an innate “mod-
ule” in the mind that makes Bayesian in-
ferences from naturally occurring frequen-
cies. It follows that naive reasoners should
fail the patient problem because it is about
a unique event (Cosmides & Tooby, 1996;
Gigerenzer & Hoffrage, 1995). In contrast, as
the model theory predicts, individuals cope
with problems about unique or repeated
events provided they can use the subset prin-
ciple and the arithmetic is easy (Girotto &
Gonzalez, 2001).

The model theory dispels some common
misconceptions about probabilistic reason-
ing. It is not always inductive. Extensional
reasoning can be deductively valid, and it
need not depend on a tacit knowledge of the
probability calculus. It is not always correct
because it can yield illusions (Table ¢.4).

Induction and Models

Induction is part of everyday thinking (see
Sloman & Lagnado, Chap. 5). Popper (1972)
argued, however, that it is not part of sci-
entific thinking. He claimed that science is
based on explanatory conjectures, which ob-
servations serve only to falsify. Some sci-
entists agree (e.g., Deutsch, 1997, p. 159).
However, many astronomical, meteorologi-
cal, and medical observations are not tests
of hypotheses. Everyone makes inductions
in daily life. For instance, when the starter
will not turn over the engine, your immedi-
ate thought is that the battery is dead. You
are likely to be right, but there is no guar-
antee. Likewise, when the car ferry, Herald
of Free Enterprise, sailed from Zeebrugge on
March 6, 1987, its master made the plausi-
ble induction that the bow doors had been
closed. They had always been closed in the
past, and there was no evidence to the con-
trary. However, they had not been closed,



MENTAL MODELS AND THOUGHT 199

the vessel capsized and sank, and many peo-
ple drowned. Induction is a common but
risky business.

The textbook definition of induction -
alas, all too common — is that it leads from
the particular to the general. Such argu-
ments are indeed inductions, but many in-
ductions such as the preceding examples
are inferences from the particular to the
particular. That is why the “Introduction”
offered a more comprehensive definition:
Induction is a process that increases semantic
information. As an example, consider again
the inference:

The starter won't turn.
Therefore, the battery is dead.

Like all inductions, it depends on knowledge
and, in particular, on the true conditional:

If the battery is dead, then the starter
won't turn.

It is consistent with the possibilities:
— starter turn

— starter turn
starter turn

battery dead
- battery dead
— battery dead

The premise of the induction eliminates the
third possibility, but the conclusion goes be-
yond the information given because it elim-
inates the second of them. The availability
of the first model yields an intensional infer-
ence of a high probability, but its conclusion
rejects a real possibility. Hence, it may be
false. Inductions are vulnerable because they
increase semantic information.

Inductions depend on knowledge. As
Kahneman and Tversky (1982) showed, var-
ious heuristics constrain the use of knowl-
edge in inductions. The availability heuris-
tic, illustrated in the previous example, re-
lies on whatever relevant knowledge is avail-
able (e.g., Tversky & Kahneman, 1973). The
representativeness heuristic yields inferences
dependent on the representative nature of
the evidence (e.g., Kahneman & Frederick,
2002; also see Kahneman & Frederick, Chap.
12). The present account presupposes these
heuristics but examines the role of models

in induction. Some inductions are implicit:
They are rapid, involuntary, and unconscious
(see Litman & Reber, Chap. 18). Other in-
ductions are explicit: They are slow, volun-
tary, and conscious. This distinction is fa-
miliar (e.g., Evans & Over, 1996; Johnson-
Laird & Wason, 1977, p. 341; Sloman, 1996;
Stanovich, 1999). The next part considers
implicit inductions, and the part thereafter
considers explicit inductions and the resolu-
tion of inconsistencies.

Implicit Induction and the Modulation
of Models

Semantics is central to models, and the con-
tent of assertions and general knowledge can
modulate models. Psychologists have pro-
posed many theories about the mental rep-
resenitation of knowledge, but knowledge is
about what is possible, and so the model the-
ory postulates that it is represented in fully
explicit models (Johnson-Laird & Byrne,
2002). These models, in turn, modulate the
mental models of assertions according to

The principle of modulation: The meanings
of clauses, coreferential links between them,
general knowledge, and knowledge of con-
text, can modulate the models of an asser-
tion. In the case of inconsistency, meaning
and knowledge normally take precedence
over the models of assertions.

Modulation can add information to mental
models, prevent their construction, and flesh
them out into fully explicit models. As an il-
lustration of semantic modulation, consider
the following conditional:

if it's a game, then it’s not soccer.

Its fully explicit models (Table g.2), if they
were unconstrained by coreference and se-
mantics, would be

game - soccer
— game — soccer
— game soccer

The meaning of the noun soccer entails that
it is a game, and so an attempt to construct



200

the third model fails because it would yield
an inconsistency. The conditional has only
the first two models.

The pragmatic effects of knowledge have
been modeled in a computer program,
which can be illustrated using the example

If the match is struck properly, then it
lights.

The match is soaking wet and it is struck
properly.

What happens?

In logic, it follows that the match lights, but
neither people nor the program draws this
conclusion. Knowledge that wet matches
do not light overrides the model of the
premises. The program constructs the men-
tal model of the premises:

match lights
[the model of

the premises]

match
struck

match wet

If a match is soaking wet, it does not light,
and the program has a knowledge base con-
taining this information in fully explicit
models:

— match lights
— match lights
match lights

match wet
— match wet
— match wet

The second premise states that the match is
wet, which triggers the matching possibility
in the preceding models:

match wet = match lights
The conjunction of this model with the
model of the premises would yield a contra-
diction, but the program follows the princi-
ple of modulation and gives precedence to
knowledge yielding the following model:
match wet  match struck = match lights
and so the match does not light. The model
of the premises also triggers another possi-
bility from the knowledge base:

— match wet  match lights

THE CAMBRIDGE HANDBOOK OF THINKING AND REASONING

This possibility and the model of the
premises are used to construct a counterfac-
tual conditional:

If it had not been the case that match wet
and given match struck, then it might have
been the case that match lights.

Modulation is rapid and automatic, and
it affects comprehension and reasoning
(Johnson-Laird & Byrne, 2002; Newstead,
Ellis, Evans, & Dennis, 1997; Ormerod &
Johnson-Laird, in press). In logic, connec-
tives such as conditionals and disjunctions
are truth functional, and so the truth value
of a sentence in which they occur can be
determined solely from a knowledge of the
truth values of the clauses they interconnect.
However, in natural language, connectives
are not truth functional: It is always nec-
essary to check whether their content and
context modulate their interpretation.

Explicit Induction, Abduction, and the
Creation of Explanations :

Induction is the use of knowledge to increase
semantic information: Possibilities are elim-
inated either by adding elements to a mental
model or by eliminating a mental model al-
together. After you have stood in line to no
avail at a bar in Italy, you are likely to make
an explicit induction:

In Italian bars with cashiers, you pay the
cashier first and then take your receipt to
the bar to make your order

This induction is a general description. You
may also formulate an explanation:

The barmen are too busy to make change,
and so it is more efficient for customers to
pay a cashier.

Scientific laws are general descriptions of
phenomena (e.g, Kepler's third law de-
scribes the elliptical orbits of the planets).
Scientific theories explain these regularities
in terms of more fundamental considerations
(e.g., the general theory of relativity explains
planetary orbits as the result of the sun’s
mass curving space-time). Peirce (19o03)
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called thinking that leads to explanations ab-
duction. In terms of the five categories of the
“Introduction,” abduction is creative when it
leads to the revision of beliefs.

Consider the following problem:

If a pilot falls from a plane without a
parachute, the pilot dies. This pilot did not
die, however. Why not?

Most people respond, for example, that

The plane was on the ground.
The pilot fell into a deep snow drift.

Only a minority draws the logically valid
conclusion:

The pilot did not fall from the plane without

a parachute.

Hence, people prefer a causal explanation
repudiating the first premise to a valid de-
duction, albeit they may presuppose that
the antecedent of the conditional is true.
Granted that knowledge usually takes prece-
dence over contradictory assertions, the ex-
planatory mechanism should dominate the
ability to make deductions.

In daily life, the propensity to explain is
extraordinary, as Tony Anderson and this
author discovered when they asked partic-
ipants to explain the inexplicable. The par-
ticipants received pairs of sentences selected
at random from separate stories:

John made his way to a shop that sold TV
sets.
Celia had recently had her ears pierced.

In another condition, the sentences were
modified to make them coreferential:

Celia made her way to a shop that sold TV
sets.

She had recently had her ears pierced.

The participants’ task was to explain what
was going on. They readily went beyond
the given information to account for what
was happening. They proposed, for example,
that Celia was getting reception in her ear-
rings and wanted the TV shop to investigate,
that she wanted to see some new earrings on
closed circuit TV, that she had won a bet

by having her ears pierced and was spend-
ing the money on a TV set, and so on. Only
rarely were the participants stumped for an
explanation. They were almost as equally
ingenious with the sentences that were not
coreferential.

Abduction depends on knowledge, es-
pecially of causal relations, which accord-
ing to the model theory refer to tempo-
rally ordered sets of possibilities (Goldvarg &
Johnson-Laird, 2001; see Cheng & Buehner,
Chapter 5.). An assertion of the form C
causes E is compatible with three fully ex-
plicit possibilities:

C E
-C E
-C -E

with the temporal constraint that E cannot
precede C. An “enabling” assertion of the
form C allows E is compatible with the three
possibilities:

C E
C - E
-C —-E

This account, unlike others, accordingly dis-
tinguishes between the meaning and logical
consequences of causes and enabling condi-
tions (pace, e.g., Einhorn & Hogarth, 1978;
Hart & Honoré, 1985; Mill, 1874). It also
treats causal relations as determinate rather
than probabilistic (pace, e.g., Cheng, 1997;
Suppes, 1970). Experiments support both
these claims: Participants listed the previous
possibilities, and they rejected other cases
as impossible, contrary to probabilistic ac-
counts (Goldvarg & Johnson-Laird, 2001}.
Of course, when individuals induce a causal
relation from a series of observations, they
are influenced by relative frequencies. How-
ever, on the present account, the mean-
ing of any causal relation that they induce
is deterministic.

Given the cause from a causal relation,
there is only one possible effect, as the pre-
vious models show; however, given the ef-
fect, there is more than one possible cause.
Exceptions do occur (Cummins, Lubart,
Alksnis, & Rist, 1991; Markovits, 1984),
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but the principle holds in general. It may
explain why inferences from causes to ef-
fects are more plausible than inferences from
effects to causes. As Tversky and Kahneman
(1982) showed, conditionals in which the
antecedent is a cause such as

A girl has blue eves if her mother has blue
eyes.

are judged as more probable than condition-
als in which the antecedent is an effect:

The mother has blue eyes if her daughter
has blue eyes.

According to the model theory, when in-
dividuals discover inconsistencies, they try to
construct a model of a cause and effect that
resolves the inconsistency. It makes possible
the facts of the matter, and the belief that
the causal assertion repudiates is taken to be
a counterfactual possibility (in a comparable
way to the modulation of models by knowl-
edge). Consider, for example, the scenario:

If the trigger is pulled then the pistol will fire.
The trigger is pulled, but the pistol does not
fire. Why not?

Given 20 different scenarios of this form
(in an unpublished study carried out by
Girotto, Legrenzi, & Johnson-Laird), most
explanations were causal claims that repu-
diated the conditional. In two further ex-
periments with the scenarios, the partici-
pants rated the statements of a cause and
its effect as the most probable explanations;
for example,

A prudent person had unloaded the pistol
and there were no bullets in the chamber

The cause alone was rated as less probable,
but as more probable than the effect alone,
which in turn was rated as more probable
than an explanation that repudiated the cat-
egorical premise; for example,

The trigger wasn't really pulled.

The greater probability assigned to the con-
junction of the cause and effect than to
either of its clauses is an instance of the

“conjunction” fallacy in which a conjunc-
tion is in error judged to be more probable
than its constituents (Tversky & Kahneman,
1983).

Abductions that resolve inconsistencies
have been implemented in a computer pro-
gram that uses a knowledge base to create
causal explanations. Given the preceding ex-
ample, the program constructs the mental
models of the conditional:

trigger pulled pistol fires

The conjunction of the categorical assertion
yields

[the model of
the premises]

trigger pistol fires

pulled

That the pistol did not fire is inconsistent
with this model. The theory predicts that
individuals should tend to abandon their be-
lief in the conditional premise because its
one explicit mental model conflicts with the
fact that the pistol did not fire (see Girotto,
Johnson-Laird, Legrenzi, & Sonino, 2000,
for corroborating evidence). Nevertheless,
the conditional expresses a useful idealiza-
tion, and so the program treats it as the basis
for a counterfactual set of possibilities:

trigger —pistol fires [the model of
pulled the facts]
trigger pistol fires  [the models of
pulled counterfactual
possibilities]

People know that a pistol without bullets
does not fire, and so the program has in its
knowledge base the models:

- pistol fires
- pistol fires
pistol fires

- bullets in pistol
bullets in pistol
bullets in pistol

The model of the facts triggers the first
possibility in this set, which modulates the
mode] of the facts to create a possibility:
= bullets in - pistol fires
pistol

trigger
pulled
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The new proposition in this model triggers a
causal antecedent from another set of mod-
els in the knowledge base, which explains
the inconsistency: A person emptied the pis-
tol and so it had no bullets. The counterfac-
tual possibilities yield the claim: If the per-
son had not emptied the pistol, then it would
have had bullets, and . . . it would have fired.
The fact that the pistol did not fire has been
used to reject the conditional premise, and
available knowledge has been used to create
an explanation and to modulate the condi-
tional premise into a counterfactual. There
are, of course, other possible explanations.

In sum, reasoners can resolve inconsisten-
cies between incontrovertible evidence and
the consequences of their beliefs. They use
their available knowledge - in the form of
explicit models - to try to create a causal
scenario that makes sense of the facts. Their
reasoning may resolve the inconsistency, cre-
ate an erroneous account, or fail to yield any
explanation whatsoever.

. Conclusions and Further Directions

Mental models have a past in the nineteenth
century. The present theory was developed
in the twentieth century. In its application to
deduction, as Peirce anticipated, if a conclu-
sion holds in all the models of the premises,
it is necessary given the premises. If it holds
in a proportion of the models, then, granted
that they are equiprobable, its probability
is equal to that proportion. If it holds in
at least one model, then it is possible. The
theory also applies to inductive reasoning —~
both the rapid implicit inferences that un-
derlie comprehension and the deliberate in-
ferences yielding generalizations. It offers an
account of the creation of causal explana-
tions. However, if Craik was right, mental
models underlie all thinking with a proposi-
tional content, and so the present theory is
radically incomplete.

What of the future of mental models? The
theory is under intensive development and
intensive scrutiny. It has been corroborated
in many experiments, and it is empirically
distinguishable from other theories. Indeed,

there are distinguishable variants of the the-
ory itself (see, e.g., Evans, 1993; Ormerod,
Manktelow, & Jones, 1993; Polk & Newell,
1995). The most urgent demands for the
twenty-first century are the extension of the
theory to problem solving, decision making,
and strategic thinking when individuals com-
pete or cooperate.
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