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Abstract 
 

Olsson, Anna-Carin (2002). Process and representation in Multiple-cue judgment. Department 
of Psychology, Umeå University, S-901 87, Umeå, Sweden.  

 
This thesis investigates the cognitive processes and representations underlying human judgment 
in a multiple-cue judgment task. Several recent models assume that people have several qualita-
tively distinct and competing levels of knowledge representations (Ashby, Alfonso-Reese, Turken, 
& Waldron, 1998; Erickson & Kruschke, 1998; Nosofsky, Palmeri, & McKinley, 1994; Sloman, 
1996). The most successful cognitive models in categorization and multiple-cue judgment are, 
respectively, exemplar-based models and rule-based models. Study 1 investigated if the different 
theoretical conclusions in categorization and multiple-cue judgment derive from genuine differ-
ences in the processes, or are accidental to the different research methods. The results revealed 
large individual differences and a shift from exemplar memory to cue abstraction when the crite-
rion is changed from a binary to a continuous variable, and especially for a probabilistic criterion. 
People appear to switch between qualitatively distinct processes in the two tasks. In Study 2, we 
expected learning in dyads to promote explicit rule-based thinking as a consequence of verbaliza-
tion (social abstraction effect) and performance to improve due to the larger joint exemplar knowl-
edge base (exemplar pooling effect). Study 2 suggests that dyads perform better, making more accu-
rate judgments than participants working alone, but we failed to detect any difference in the rep-
resentation of knowledge. When working in dyads, we can store more exemplars in memory to-
gether that leads to more efficient exploitation of memory and exemplar retrieval dominates the 
judgments. In contrast to earlier research, dyads surpassed the combined base-line level defined 
by the aggregated performance by members of the dyad working alone. Taken together, the re-
sults of these studies indicate that the differences that characterize typical categorization and mul-
tiple-cue judgment tasks are conducive of qualitatively different cognitive processes.  

 
 
 
This thesis for the licentiate degree is based on the following studies: 
 
    Juslin, P., Olsson, H., Olsson, A-C. (in press). Exemplar Effects in Categorization and        
      Multiple- Cue Judgment. Journal of Experimental Psychology: General. 
   
   Olsson, A-C., Juslin, P., Olsson, H. (2002). Individual and Dyadic Learning in a   
      Multiple-Cue Judgment task: Cognitive Processes and Performance.       
      Department of  Psychology, Umeå University. 
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Process and representation in Multiple-Cue judgment 
 

Anna-Carin Olsson 
 

 
This thesis investigates the cognitive processes and representations underlying human judgment in a 
multiple-cue judgment task. Several recent models assume that people have several qualitatively distinct 
and competing levels of knowledge representations (Ashby, Alfonso-Reese, Turken, & Waldron, 1998; 
Erickson & Kruschke, 1998; Nosofsky, Palmeri, & McKinley, 1994; Sloman,1996). The most success-
ful cognitive models in categorization and multiple-cue judgment are, respectively, exemplar-based 
models and rule-based models. Study 1 investigated if the different theoretical conclusions in categori-
zation and multiple-cue judgment derive from genuine differences in the processes, or are accidental to 
the different research methods. The results revealed large individual differences and a shift from exem-
plar memory to cue abstraction when the criterion is changed from a binary to a continuous variable, 
and especially for a probabilistic criterion. People appear to switch between qualitatively distinct proc-
esses in the two tasks. In Study 2, we expected learning in dyads to promote explicit rule-based thinking 
as a consequence of verbalization (social abstraction effect) and performance to improve due to the lar-
ger joint exemplar knowledge base (exemplar pooling effect). Study 2 suggests that dyads perform better, 
making more accurate judgments than participants working alone, but we failed to detect any differ-
ence in the representation of knowledge. When working in dyads, we can store more exemplars in 
memory together that leads to more efficient exploitation of memory and exemplar retrieval dominates 
the judgments. In contrast to earlier research, dyads surpassed the combined base-line level defined by 
the aggregated performance by members of the dyad working alone. Taken together, the results of these 
studies indicate that the differences that characterize typical categorization and multiple-cue judgment 
tasks are conducive of qualitatively different cognitive processes.  

 
  
 
 

INTRODUCTION 
 
The cognitive system is complex and composed of different cognitive processes. We collect in-
formation in the environment in order to solve problems and judge different objects or situations 
in the correct way and there exist several alternative cognitive processes that may underlie these 
judgments (Ashby et al., 1998; Erickson & Kruschke, 1998; Sloman, 1996, Nosofsky et al, 1994, 
Nosofsky & Palmeri, 1997; Sloman, 1996, Tulving, 1983). A central position in many social 
sciences is occupied by the idea of maximization of expected utility according to Neumann and 
Morgenstern´s (1947) formulation of classical rationality. Economists explain and anticipate be-
havior in terms of rational optimization, the so called “Homo economicus”. These paradigms 
assume that humans are rational decision makers. Research in cognitive psychology has focused 
on the question of human rationality actualized by these models – if we have the cognitive capac-
ity demanded by this idea of optimization. In earlier research the conclusion has been that we rely 
on simplifying heuristics that conflict with the demands for optimization (Kahneman, Slovic, & 
Tversky, 1982).   

The conclusions drawn about human rationality and the ability to make rational decisions are 
often stated in general and universal terms (Juslin & Olsson, in press). In these studies we wanted 
to relate these conclusions to the kind of processes and representations underlying judgment and 
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decision making. In particular, two kinds of processes have been emphasized in previous research, 
exemplar memory (Estes, 1994; Kruschke, 1992; Medin & Schaffer, 1978; Nosofsky, 1984; 
Nosofsky & Johansen, 2000; Nososky & Palmeri, 1997) and rule-based abstract knowledge 
(Einhorn, Kleinmuntz, & Kleinmuntz, 1979).  

For an illustration of exemplar memory, consider a physician who makes the diagnosis of a 
new patient by retrieving similar patients with known diagnoses. For an illustration of cue ab-
straction, on the other hand, imagine a physician that have abstracted specific symptom-diagnosis 
rules (e.g., fever co-varies with infection) from experience or previous instruction that are re-
trieved and integrated at the time of judgment to make a diagnosis. How do these two different 
kinds of thinking affect the judgment process? As a preliminary to answering these questions this 
thesis aims to investigate what factors affect the cognitive processes in a multiple-cue judgment 
task. In the following, I briefly review previous research on the topic, thereafter I summarize the 
results of two studies. 
 
 
BACKGROUND 
 
Judgment Research  

Multiple-Cue Judgment 

 
Research on judgment and decision making began in the 1940s and the1950s and two different 
research programs were introduced. One program was concerned with how people decide on a 
course of action and compared human behavior to normative models (Kahneman & Tversky, 
2000). Another program was based on ideas from perception, and investigated how judgments 
rely on external information in the environment to make a judgment (Hammond & Stewart, 
2001). In the latter program inspired by Brunswikian psychology, it was stressed that the accu-
racy of a judgment relied on the nature of the task and how we identify and use information from 
the environment to make inferences. A multiple-cue judgment task requires participants to use a 
number of cues to infer a continuous or binary criterion. Typical examples of multiple-cue judg-
ment are stockbrokers that judge the probability that the stock will rise or fall on the basis of a 
few company features. Multiple-cue judgment has primarily been studied in the latter 
Brunswikian-inspired paradigms. In general, multiple-cue judgments are well captured by multi-
ple linear regression models (Brehmer, 1994; Cooksey, 1996). The results show that the judg-
ment is often a linear additive function of the cues, that few cues are used, that judgments are 
inconsistent, and that judges have insufficient knowledge about the processes underlying human 
judgment. A mix of intuition and analysis termed to quasirationality is often observed (Brehmer, 
1994). It is often stressed that these regression models are ratiomorphic, statistical descriptions 
rather than process model (viz. Hoffman, 1960).  In research on multiple-cue judgment (Breh-
mer, 1994; Cooksey, 1996) the explicit or implicit cognitive interpretation has often been that 
people abstract explicit knowledge of cue-criterion relations that is retrieved and mentally inte-
grated into a judgment (Einhorn, Kleinmuntz, & Kleinmuntz, 1979). It is claimed that the im-
perfections in the judgments arise from cognitive capacity limitations. The picture emerging from 
the literature is generally one of controlled thought processes operating on explicit rule-based 
representations, although the processes and representations in multiple-cue judgments largely 
remain uncharted (Brehmer, 1994). It is important to note, however, that the fit of a linear mul-
tiple-regression model can not tell whether the judgments derive from exemplar memory or men-
tal cue abstraction as further described and illustrated in Figure 3C and 3D below. 
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Heuristics and Biases 
 

In the age of enlightenment it was commonly assumed that humans are rational.  During the 
romanticism critics of rationality emphasized the irrationality of unconscious factors that control 
our behavior, for example in the form of Sigmund Freuds influential psychoanalysis.  In the latter 
half of 20th century even stronger critics of human rationality appeared suggesting that, even if we 
are not affected by strong unconscious impulses, we do not have the mental capacity to optimize 
and behave in accordance with normative models (Kahneman, Slovic, & Tversky, 1982). It was 
proposed that the cognitive processes that underlie judgment and decision making do not coin-
cide with normative principles, instead they are based on simplifying heuristics that cause cogni-
tive biases (Tversky & Kahneman, 1982). The idea of bounded rationality presented by Herbert 
Simon (1992) suggested that we are, at best, rational given the information and the limitations 
we have: problem solving is not optimized, but rather satisfied. Moreover, we tend to choose 
adaptively between different decision rules depending on cost-benefit considerations (Payne, 
Bettman, & Johnson, 1993). 

Studies of rationality want to determine if behavior conform with the axioms of probability 
theory and decision theory, in other words, if the behavior is coherent. One example of such a 
norm is that preferences should be transitive (if A>B and B>C then A>C). If you do not obey this 
rule your preferences are intransitive and incoherent. Likewise, probability judgments should be 
additive (the probability for all exclusive events in the outcome space must sum to 1) and more 
generally fulfil the rules of probability theory (Tversky & Koehler, 1994). Other examples of 
cognitive biases are base-rate neglect - people tend to concentrate only on concrete information 
and neglect the base-rate frequencies (Koehler, 1996); the hindsight bias (Hertwig, Gigerenzer, & 
Hoffrage, 1997; Winman, Juslin, & Björkman, 1998) – the inability to learn from experience 
due to wisdom after an event; the overconfidence bias (Gigerenzer, Hoffrage, & Kleinbölting, 
1991; Juslin, Winman, & Olsson, 2000) – the tendency to overestimate one’s knowledge; and 
the conjunction fallacy (Tversky & Kahneman, 1983) – a violation of the conjunction rule imply-
ing that the probability of the conjunction of two events cannot be larger than the probability of 
the events alone (Tversky & Kahneman, 1971; 1973; 1974; 1980; 1981; Kahneman & Tversky, 
1982; Kahneman, Slovic & Tversky, 1982).  

Later research provided further interpretations of the idea of bounded rationality. Tversky and 
Kahneman´s (2000) Prospect theory predicts that our experiences of losses and gains differ. The 
theory assumes two different phases, an early editing phase and a second evaluation phase. The 
editing phase consists of a preliminary analysis of the offered prospects, which often yields a sim-
pler representation of these prospects. In the second phase, the edited prospects are evaluated and 
the prospect with the highest value is chosen. The function of the editing phase is to organize and 
simplify the judgment. This simplification often leads to irrational choices. Another interpreta-
tion of bounded rationality is support theory (Tversky & Koehler, 1994), a more psychological 
version of probability theory, in other words, a modified axiomatic model of probability. 
 
 
Ecological Rationality 

 
In recent years ecological rationality has provided a successful alternative interpretation of the idea 
of bounded rationality (Gigerenzer, 1993; Gigerenzer & Goldstein, 1996). This program criti-
cizes the previous conclusions about human irrationality. Previous approaches claim either that 
human judgments coincide with normative models or deviate from normative models producing 
human irrationality (the heuristics and biases program). Both the programs of classical rationality 
and the heuristics and biases program accept probability theory, statistics and decision theory as 
normative, but disagree about whether humans can satisfy the norms. Ecological rationality takes 
a step back and addresses the question of how an algorithm can exploit the structure of real envi-
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ronments (Gigerenzer, Todd & the ABC-group, 1999). Gigerenzer (2001) was inspired by Her-
bert Simons (Simon, 1956) idea that “Bounded rationality” consists of two central components. 
First, because of limitations in time, information, and computational ability, we cannot rely on 
complex optimization procedures, instead we have to use heuristics. Second, these heuristics are 
adjusted to specific structures in the environment which they exploit, and they cannot be under-
stood independently of these structures. Gigerenzer and colleagues suggest that in the heuristics 
and biases program the ecological part of the theory has been ignored. Rationality must thus be 
understood in relation to the environment. This theory of ecological rationality is inspired by 
evolutionary theory as it commonly occurs in biology and ecology and, also, now more often in 
cognitive psychology (Klein, Cosmides, Tooby, & Chance, 2002). Similar ideas have also been 
applied to explain the overconfidence bias in general knowledge (Gigerenzer, Hoffrage & Klein-
bölting, 1991; Juslin, 1994; Juslin, et al., 2000) and to question the generality of base-rate neglect 
(Cosmides & Tooby, 1996, Gigerenzer & Hoffrage, 1995).  

 
 

Categorization Research 
 

There exist many cognitive models of human categorization learning. Early cognitive models em-
phasized abstract representations in the form of rules (Bruner, Goodnow, & Austin, 1956) or 
prototypes (Reed, 1972). Rule-based theory implies mental integrated rules, while prototype-
based models are the average of different exemplars. Recent models often stress exemplar memory 
(Estes, 1994; Kruschke, 1992; Medin & Schaffer, 1978; Nosofsky, 1984; Nosofsky & Johansen, 
2000; Nososky & Palmeri, 1997) or multiple representation levels (Ashby et al., 1998; Erickson 
& Kruschke, 1998). Overall, it appears that exemplar models have proven extremely useful in 
many research areas (Delosh, Busemeyer, & McDaniel, 1997; Dougherty, Gettys, & Ogden, 
1999; Hintzman, 1986; Juslin & Persson, 2002; E. R. Smith & Zarate, 1992). 

Recent research on categorization and memory has produced several models that assume that 
people have several qualitatively distinct and competing levels of knowledge representations 
(Ashby et al., 1998; Erickson & Kruschke, 1998; Sloman, 1996, Nosofsky, Palmeri, & 
McKinley, 1994, Nosofsky & Palmeri, 1997). Logan (1988) proposes an instance-based model of 
automaticity in which people start with explicit algorithms for performing skilled actions. If the 
skilled actions are successfully performed, they are laid down in memory as instances and these 
instances are later retrieved and used to perform the tasks. A rule-plus-exception model (RULEX) 
of classification learning was proposed by Nosofsky, Palmeri, and McKinley (1994) in which 
people learn to classify objects by forming logical rules and remembering occasional exceptions to 
these rules. Erickson and Kruschke (1998) similarly presented evidence for both rule induction 
and exemplar memory, as well as a connectionist model that specifies the mechanism for combin-
ing rule and exemplar representations. Ashby et al. (1998) postulate a conscious rule-based level 
and a procedural level where responses are directly associated with perceptual inputs (for another 
recent example, see Klein et al., 2002). However, theories about competing levels of knowledge 
representation have not yet been related to issues about rationality of judgment and decision 
making.  

The most successful cognitive models in categorization and multiple-cue judgment are pro-
foundly different in terms of the computations they assume, for example, whether knowledge 
comes as explicitly abstracted cue-criterion relations (Einhorn et al., 1979) or as exemplar mem-
ory Nosofsky & Johansen, 2001). However, the structure of the task in categorization and multi-
ple-cue judgment is similar. Both tasks involve known aspects of an object or a situation (“fea-
tures” or “cues”) and presume elaboration of these aspects in one way or another to infer an un-
known variable (e.g., a “category” or a continuous “criterion variable”). In spite of the similarity 
between the two tasks, there have been few connections between these areas. 
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TASK, COGNITIVE MODELS, AND PREDICTIONS 
 
A Model Task 

 
The task used in the two studies was a simple model task developed to investigate knowledge rep-
resentations in the lab. The task, requires the participants to use four binary cues to infer a con-
tinuous criterion (Jones, Juslin, Olsson, & Winman, 2000; Juslin et al., 2001, Juslin, H. Olsson 
& A-C. Olsson, in press). The cover story involves judgments of the toxicity of subspecies of the 
exotic (but fictitious) Death Bug. The subspecies vary in concentration of poison from 50 to 60 
ppm (a continuous criterion), where a concentration below 55 ppm is harmless but a concentra-
tion above 55 ppm is lethal (a binary criterion, harmless vs. dangerous). Toxicity can be inferred 
from four cues of the subspecies (e.g., length of their legs, color of the back), see Figure 1 for ex-
amples of the stimuli.  

                       
 
A                                                           B 
 
 
 
 
 
 
 
 
 
 
Figure 1. Panel A. An analogue subspecies example of the Death bug, with 57% toxicity. Panel 
B: A propositional subspecies example of the Death bug, with 57% toxicity. 

 
 

The task structure is summarized in Table 1. The binary cues C1, C2, C3, and C4 take on values 
1 or 0. The toxicity c of a subspecies is a linear, additive function of the cue values: 

                                      4321 123450 CCCCc ⋅+⋅+⋅+⋅+= ,                  (1) 
C1 is the most important cue with a coefficient of 4 (i.e., a relative weight .4), C2 is the second 

to most important cue with a coefficient of  3, and so forth. The binary criterion b is formed 
from the continuous criterion by assigning c<55 b=0 (harmless), c>55 b=1 (dangerous), and c=55 
randomly as b=1 or b=0. A subspecies with feature vector (0, 0, 0, 0) thus has 50 ppm and is 
harmless; a subspecies with feature vector (1, 1, 1, 1) has 60 ppm and is dangerous. The criteria 
for all 16 subspecies (i.e., possible cue configurations) are summarized in Table 1.  

In a training phase, the participants encounter 11 subspecies. Participants make either binary 
judgments about the toxicity of each subspecies (i.e., “harmless” or “dangerous”), or continuous 
judgments about the toxicity of each subspecies (e.g., “The amount of poison is 57 ppm”) as illus-
trated in Figure 1. In a test phase, the participants make judgments for all the 16 subspecies and 
without feedback (see Table 1). In both studies reported below either exemplar memory or cue 
abstraction can be applied to solve the task. 

 

Long green legs 
Patterned green buttock 

Short darkblue nose 
Green foreback with two red spots 



 10

Table 1 
Structure of the Task Used in the Experiments. In the Constrained Training Sets, Exemplars 
Denoted with ‘‘Training’’ are Presented in the Training Phase, Where as Exemplars Denoted 
with ‘‘Exp.’’ and ‘‘Interp.’’ are Introduced in the Test Phase 
 

Exemplar Cues Criteria Constrained training set 
# C

1 
C

2 
C

3 
C

4 
Continuous Binary Group A                Group B 

1 1 1 1 1 60 1 Exp.                      Exp. 
2 1 1 1 0 59 1 Training                Training 
3 1 1 0 1 58 1 Training                Training 
4 1 1 0 0 57 1 Training (Old)        Interp. (New) 
5 1 0 1 1 57 1 Interp.(New)        Training (Old) 
6 1 0 1 0 56 1 Interp.(New)        Training (Old) 
7 1 0 0 1 55 p=.5 Interp.(New)        Training (Old) 
8 1 0 0 0 54 0 Training               Training 
9 0 1 1 1 56 1 Training (Old)        Interp.(New) 

10 0 1 1 0 55 p=.5 Training (Old)        Interp. (New) 
11 0 1 0 1 54 0 Training                Training 
12 0 1 0 0 53 0 Training                Training 
13 0 0 1 1 53 0 Training                Training 
14 0 0 1 0 52 0 Training                Training 
15 0 0 0 1 51 0 Training                Training 
16 0 0 0 0 50 0 Exp.                      Exp. 

 
Note: Exp. = Extrapolation, Interp. = Interpolation, p=.5 assigns binary cue value 1 to the exem-
plar with probability .5. Copyright © from the American Psychological Association. The table is 
reproduced with permission. 
 
 

Cognitive Models 
 

Cue Abstraction Model 
 

It is common to distinguish between two basic levels of knowledge representation, the levels of 
rule-based and exemplar-based representations (Nosofsky, Palmeri, & McKinley, 1994, Nosofsky 
& Johansen, 2000). The cue-abstraction models suggest that human categorization relies on ab-
straction of sets of mental rules, referring to a number of specific features of the objects. On this 
level we expect intensional, conscious, and controlled cognitive processes and representations that 
are explicit cue-criterion rules that represent abstract knowledge, retrieved from semantic memory 
(Schacter & Tulving, 1994). In this thesis we represent rule-based judgments by the cue abstrac-
tion model (CAM). The cue abstraction model assumes that the participants abstract explicit cue-
criterion relations at the time of training that become the objects of mental cue integration at the 
time of judgment. When presented with a new exemplar, the participants retrieve rules connect-
ing cues to the criterion. The rules for each cue are stored in memory and specify the sign of the 
relation and the importance of the cue with a cue weight. The judgment is a linear additive com-
bination of such cue criterion relations (see Figure 2, and Study 1 for further details). This view 
of the cognitive processes is implied in much research on multiple-cue judgment (e.g., Einhorn et 
al., 1979). 
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EXEMPLAR RETRIEVAL 

MENTAL CUE ABSTRACTION 

 

 

 
 
Figure 2. Illustration of how the continuous judgments are computed according to the exemplar 
model (the upper part of the figure) and the cue abstraction model (the lower part of the figure). 
Copyright © from the American Psychological Association. The figure is reproduced with per-
mission.  
 

 
Exemplar Model 

 
Exemplar models assume that the participants make judgments by retrieving similar exemplars 
from long-term memory. Exemplar memory is rapid, similarity-based and relies on holistic mem-
ory traces retrieved from episodic memory (Schacter & Tulving, 1994). According to the context 
model of perceptual classification (Medin & Schaffer, 1978) the probability of categorization 
equals the ratio between the summed similarity of the judgment probe to the exemplars of the 
target category and the summed similarity to all exemplars. Because the similarity is values be-
tween 0 and 1, the judgment is a weighted average of the criteria of the stored exemplars, where 
the weights are the probe-exemplar similarities (see the upper part of Figure 2).  In categorization 
research, exemplar memory is often emphasized. Basically, with cue abstraction, the rules refer to 
single cues as abstracted across many exemplars and exemplar representations correspond to con-
crete and holistic representations of individual objects in a category.  

 

Probe p 

[1, 1, 1, 1,] ? 

Exemplar memory-
Exemplars 

jix  

[1, 1, 0, 0]  57 

[1, 0, 1, 0]  56 

[0, 0, 0, 1]  51 

[1, 1, 1, 0]  59 

Similarity 

),( jxpS  

s2 = .01 

s2 = .01 

s3 = .001 

s  = .1 

Judgment process 

∑
∑ ⋅

=

J
j

J
jj

E xpS

xcxpS
c

),(

)(),(
ˆ

 = 

1.001.01.01.
591.51001.5601.5701.

+++
⋅+⋅+⋅+⋅  

 

Memory for cues 

Cue weight iω  

Cue i 

1 2 3 4 

4 3 2 1 

Judgment process 

∑ ⋅+=
I

iiR Ckc ωˆ
 = 

1112131450 ⋅+⋅+⋅+⋅+
 

 

Experience 

 
Exemplars             Cues          Criterion 

 
       4                    1  1  0  0           57 (1)  
 
       6                    1  0  1  0           56 (1) 
        
      15                   0  0  0  1           51 (0) 
 
       2                    1  1  1  0           59 (1) 

   60 

  58.5
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The computations implied by the exemplar and cue abstraction models are distinctly different. 
Figure 2 represents the input data as a matrix where the rows correspond to encountered exem-
plars of the bug and the columns to cues, for example, long green legs or short dark blue nose. 
The middle section of Figure 2, assumes the experience of four such bug exemplars, each de-
scribed by presence of absence of the four binary cues (the “Experience” box). In this task the 
continuous criterion equals 50 + 4 • cue 1 + 3 • cue 2 + 2 • cue 3 + 1• cue 4. The exemplar model 
implies representation of the concrete bug exemplars that have been encountered, as illustrated in 
the upper part in Figure 2 (episodic memory box). When a new bug (probe p) is presented its 
similarity to each of the stored bug exemplars is computed by the similarity rule of the original 
context model (Medin & Schaffer, 1978) and the judgment is a weighted average of the criteria 
(i.e., of  the toxicity of the stored bug exemplar). 

The cue abstraction model implies representation of abstracted cue weights of the bugs. It is 
assumed that the importance or weight of each of the four cue dimensions has been abstracted in 
training, as illustrated in the lower part of Figure 2 (semantic memory box). We assume that the 
intercept (50) and the optimal weights have been derived (i.e., 4, 3, 2, 1) and the sum of the cue 
values multiplied by these weights thus produce the criteria. When probe p [1, 1, 1, 1] is pre-
sented the judgment is a weighted average of the cues of the probe plus the intercept, where the 
weights signify the importance of each cue (i.e., 50 + 4 • 1 + 3 • 1 + 2 • 1 + 1 • 1 = 60). The 
judgment is thus made by retrieving abstracted cue weights that are integrated. Both models in-
volve a linear additive combination, although in different ways: The exemplar model implies 
combination of criteria of concrete exemplars. Cue abstraction implies combination of the ob-
served cues, and produces explicit representations of the structural relations between cues and 
criterion.  

 
Quantitative Predictions 

 
Figure 3 illustrates the predictions by the cue abstraction model and the exemplar model for ei-
ther judgments of a binary criterion (Figures 3A & 3B) or a continuous criterion (Figures 3C & 
3D) when applied to all 16 exemplars in Table 1. With the binary criterion you classify or catego-
rize the objects as dangerous or harmless, while the continuous criterion involves judgment of a 
continuous variable, toxicity. Figure 3 illustrate that in certain conditions both models predict 
perfectly accurate judgments. The reasons for this accuracy are different in the two models. With 
the cue abstraction model, the accuracy derives from correct knowledge of the cue weights and 
error-free integration of this knowledge into a judgment. With the exemplar model, on the other 
hand, the accuracy derives from retrieval of stored exemplars, where only identical exemplars are 
allowed to have a strong effect on the judgment. Binary judgments are typically relevant to stud-
ies of categorization where exemplar models have been influential and continuous judgments 
applies to studies of multiple-cue judgment where cue abstraction models has been the most 
common implicit or explicit interpretation. 

In studies where all exemplars are presented in the training phase it is impossible to discrimi-
nate the different models from each other, because they produce the same predictions (see Figure 
3C and 3D). To discriminate the models from each other, exemplars in the training phase need 
to be withheld and presented for the first time in the test phase, as illustrated in Figure 4, where a 
constrained training set of exemplars has been used. The essence in the discrimination between 
the two models concerns the ability to extrapolate (Delosh, Busemyer, & McDaniel, 1997). If you 
rely on cue abstraction, and you have identified the cues in the right way and weight them to-
gether appropriately, judgments for the most extreme exemplars is always more extreme then the 
judgments for the second to most extreme exemplar – you have the ability to extrapolate (see Fig-
ure 4A and 4C). For example, if you have identified all four cues that go with an increase in tox-
icity, you will make a more extreme judgment for an exemplar with all four cues present than for  
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an exemplar with only three cues present, even if you have never seen the exemplar with four cues 
before. On the other hand, if you rely on exemplars you have difficulty with judging the new 
extreme exemplar in the right way, because the retrieval of exemplars with values in the interval 
51-59 can never produce a value outside of this range – inability to extrapolate (see Figure 4B and 
4D). Moreover, the exemplar model predicts that the judgments for the new exemplars in the 
middle will be judged erroneously because those exemplars are similar to objects that are members 
of the other category. With exemplar-based model, the judgments are always more exact for old 
than for new exemplars, because old exemplars can benefit from stored identical exemplars with 
the true criterion value. The reader is referred to Study 1 (Juslin, H. Olsson, & A-C Olsson, in 
press) for further details on how these predictions are computed. 
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Figure 3. Predictions for judgments of a binary (A, B) and a continuous (C, D) criterion with the 
complete training set. Panel A and C: Cue abstraction model with no noise and noise for the 
complete training set. Panel B and D: exemplar model with similarity parameters s equal to 
.0001 and 1. Copyright © from the American Psychological Association. The figures are repro-
duced with permission. 
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Figure 4.  Judgments for a binary (A, B) and a continuous (C, D) criterion with the constrained 
training set. Panel A and C: Cue abstraction model with noise for the constrained training set. 
Panel C and D: Exemplar model with similarity parameter s = .1. Copyright © from the American 
Psychological Association. The figures are reproduced with permission. 
 
 

EMPIRICAL STUDIES 
 

In the last decades, two research paradigms have emerged in cognitive science that addresses the 
issues of object categorization, categorization learning and multiple-cue judgment. Both tasks 
involve known aspects of an object or a situation, presume elaboration of these aspects in one way 
or another to infer an unknown variable (a category or a criterion variable). While categorization 
research, with its focus on cognitive modelling continues to flourish the more descriptively ori-
ented multiple-cue judgment research largely disappeared in the 1980´s (Brehmer, 1994; Cook-
sey, 1996). It is often difficult to tell the tasks apart, and yet there is rarely cross-reference be-
tween the two literatures. As we have seen, in spite of the similarity of the tasks, different cogni-
tive theories have dominated in these two paradigms. The two studies in this thesis, Study 1 and 
Study 2, are based on these paradigms and the idea that there exist multiple representational levels 
(e.g., Ashby et al. 1998). The studies question why the theoretical conclusions are so different in 
categorization and multiple-cue judgment, considering that the task structure is similar in the two 
domains. In the two studies we therefore investigate if different factors as tasks and social interac-
tion shape which process that is used. 
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Study 1 
 

Study 1 contained 3 experiments and the multiple-cue judgment task presented earlier was used, 
and the general method was the same for Experiments 1 and 2 except for the difference in the 
criterion variable, binary versus continuous. The participants in Experiment 1 judged the binary 
criterion and the participants in Experiment 2 judged the continuous criterion.  The participants 
in Study 1 were given written instructions that informed them that there were different subspe-
cies of a Death bug that was to be classified into harmless or dangerous. The subspecies differed 
in toxicity between 50 and 60 ppm, while toxicity below 55 was harmless and toxicity above 55 
was dangerous (Experiment 1). The subspecies were also directly estimated in the toxicity of the 
subspecies as a number between 50 and 60 (Experiment 2). The training phase in Experiment 1 
provided trial-by-trial outcome feedback about the binary criterion (“This bug is dangerous “) 
and in Experiment 2 about the toxicity (“This bug has toxicity 57 ppm”). The design of Experi-
ment 1 and 2 was a 2x2 factorial design where presentation format at training (analogue vs. pro-
positional: between subjects) was crossed with presentation format at test (analogue vs. proposi-
tional: within subjects). In both experiments, half of the participants were trained with analogue 
stimuli and the other half with propositional stimuli. All participants were tested with both pres-
entation formats. Two different training sets were used and counterbalanced in the two experi-
ments (see Table 1 above). The analogue format presented the cue values in terms of a picture of 
the Death bug and the propositional format provided the four cue values stated as four proposi-
tions (see Figure 1).  Experiment 3 was a between group design and, the same as Experiment 2 in 
all information and presentation regards except that an independently distributed random error 
was added to the continuous criteria (probabilism). Only one training set was used in Experiment 
3 and all participants also made both training and test judgments with the same presentation for-
mat, half of them consistently receiving propositional stimuli and the other half analogue stimuli 
(see Figure 1 examples).  

The question addressed in the study was why the theoretical conclusions from categorization 
and multiple-cue judgment research are so different, considering that the task structure is similar 
in the two domains. There are two alternative possibilities; (a) the differential emphasis arises 
from accidental differences in the research methods and tasks in the two paradigms (b) the differ-
ences that characterize the tasks as they typically appear in the two domains are conducive of 
genuine differences in the cognitive processes. With Study 1, we wanted to investigate if the two 
judgment tasks indeed promote a shift from exemplar memory to abstraction of explicit cue-
criterion relations when the task is changed from a typical categorization task to a typical multi-
ple-cue judgment task. This presumes a cognitive system with multiple qualitatively distinct rep-
resentations that compete to control behavior depending on the task requirements.  

Experiment 1 involved binary criterion judgments, a condition that provides a baseline where 
the exemplar model is expected to dominate (see Nosofsky & Johansen, 2000). With a continu-
ous criterion in Experiment 2, the feedback is more informative about the task structure and we 
expected this to increase the prevalence of cue abstraction. We proposed that the judgments of a 
continuous criterion are more conducive of mental cue abstraction because, while the feedback 
for binary judgments is often insufficient to induce the task structure, the feedback for continu-
ous judgments generally provides constraints that are informative for inferring the relations be-
tween cues and criterion. Multiple-cue judgment in general involves the judgment of a continu-
ous criterion (Brehmer, 1994; Cooksey, 1996; Hammond, 1996). In view of memory principles 
like encoding specificity (Tulving, 1983) and transfer appropriate processing (Morris, Bransford, 
& Franks, 1977) we also expected a direct use of memory in the form of retrieval of similar ex-
emplars to be particularly important when the test and training conditions match. The training 
context would affect the cue abstraction model less because of its reliance on abstracted represen-
tations and explicit processes. Because Experiment 1 contains the less informative feedback, how-
ever, it might conceal the beneficial effect of matching training and test stimuli by making exem-   
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plar memory dominating regardless of the training-test match. Experiment 2 is more amenable to 
both processes and should be more sensitive for testing this hypothesis. Experiment 3 involved 
judgments of a continuous criterion, like Experiment 2. While the task is deterministic in Ex-
periment 2, it is probabilistic in Experiment 3, a normally and independently distributed random 
error is added to the criteria to produce a correlation of .9 between cues and criteria. We expected 
the exemplar memory to be more prevalent in a deterministic task, because the repetition of iden-
tical exemplars particularly invites exemplar memorization (Smith & Minda, 2000). 

 
Results 

 
In Experiment 1, training with propositional stimuli produced more accurate judgment in the 
test phase. One possible explanation for the marginally higher accuracy and somewhat better fit 
of the exemplar model in the propositional condition is that the propositional format elicited 
more efficient training. Because automatic behavior often is aligned with exemplar memory, the 
behavior may have become more automatic in the propositional condition, producing higher 
accuracy and a clearer dominance for exemplar memory (Logan, 1988, Nosofsky & Palmeri, 
1997). In all conditions the judgments of the binary criterion were dominated by exemplar mem-
ory, with large differences between old and new exemplars. This conclusion was confirmed by 
negative exemplar indices and quantitative model fits. 
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Figure 5. Panel A: Mean observed response proportions in log odds form from Experiment 1 
plotted against the continuous criterion. Panel B: mean judgments from Experiment 2 plotted 
against the continuous criterion. Copyright © from the American Psychological Association. The 
figures are reproduced with permission. 

 
 
In Experiment 2, the model fits and the graphs (see Figure 5) suggest a mix of the two processes, 
in contrast to the dominance of exemplar processes in Experiment 1. The performance data sug-
gest similar results as in Experiment 1, where the propositional conditions produced better per-
formance, especially when training and test conditions coincide. The function relating mean 
judgments to the criterion is fairly linear as predicted by the cue abstraction model but the local 
slopes and the exemplar index suggest the presence of exemplar processes. Individual participant 
data and analysis in terms of exemplar indices, suggest large individual differences in Experiment 
2, with some participants clearly relying on cue abstraction while others rely on exemplar memory 
as illustrated in Figure 6.  
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Figure 6. Panel A: A participant relying on exemplar memory along with his or her exemplar 
index. Panel B: A participant guided by cue abstraction along with his or her exemplar index. A 
negative exemplar index suggests exemplar processes, see Study 1 for details. Copyright © 
from the American Psychological Association. The figures are reproduced with permission. 
 
 
The results of Experiment 3 suggest that cue abstraction increases in a task where the cue-
criterion relations are probabilistic. Figure 7 suggests stronger exemplar effects in the determinis-
tic condition (Experiment 2) than the probabilistic condition (Experiment 3). Figure 7 suggests a 
clear inability to extrapolate in the deterministic condition. 
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Figure 7. Panel A: Mean judgments for all exemplars in Experiment 2 (deterministic condition). 
Panel B: Mean judgments for all exemplars in Experiment 3 (probabilistic condition). Copyright 
© from the American Psychological Association. The figures are reproduced with permission. 
 
 
Discussion 

 
The question addressed in this article was why the theoretical conclusions from categorization 
and multiple-cue judgment research are so different, considering that the task structure is similar 
in the two domains. Research on categorization emphasizes the role of exemplar memory (Nosof-
sky & Johansen, 2000) and multiple-cue judgment research has stressed mental cue abstraction 
(Einhorn et al., 1979). The two kinds of processes are qualitatively different in terms of the com-
putations, the cognitive processes, and the neural substrate they imply, despite the similar struc-
ture of the tasks. We hypothesized that the differences that characterize the tasks as they typically 
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appear in the two domains are conducive of qualitatively different cognitive processes. The results 
suggest that the change from a binary to a continuous criterion indeed produces a shift towards 
mental cue abstraction, but exemplar memory continues to play a role as long as the task is de-
terministic and there are few exemplars. When the feedback is informative enough, however, the 
participants exploit the possibility to infer explicit representations of cue-criterion relations.  

The results reported in this study suggest that people have an inclination to abstract explicit 
representations whenever possible (a rule bias, cf. Ashby et al., 1998), where exemplar memory 
acts as a back-up system in tasks where explicit representations of cue-criterion relations cannot 
be abstracted or when behavior has become automatic (Logan, 1988). Our interpretation of Ex-
periment 3 is that the deterministic task, where participants are exposed to a small set of exactly 
the same exemplars, promotes memorization of these exemplars that can later be used in judg-
ment. In a probabilistic task, the same exemplars do not reappear except by chance and this is less 
conducive of exemplar memory, creating a shift towards mental cue abstraction (see Smith & 
Minda, 2000, for similar arguments). 

The tendencies observed often pointed in the opposite direction to the one predicted – to-
wards stronger exemplar effects with the propositional format. This may be a side effect of the 
more efficient learning with the propositional format (Logan, 1988). The results also revealed 
considerable individual differences, with some participants predominantly relying on exemplar 
memory and others on mental cue abstraction. This mix of processes within and between partici-
pants provides one explication and interpretation of the notion of quasirationality that occurs in 
multiple-cue judgment research (Brehmer, 1994). These results also concur with the increased 
attention paid to multiple and qualitatively distinct representation levels in categorization re-
search. 

 
 

Study 2 
 

In Study 2, we wanted to investigate if social factors can also shape which process mode that is 
used. Most theories in decision making have focused solely on one kind of process and thus as-
sumed that all processes work in similar ways. Moreover, virtually all research on category learn-
ing and multiple-cue judgment is based on single individuals. If the knowledge representation can 
differ between individuals, can it also be affected by co-operative situations?  Dyads often outper-
form individuals in different tasks, but in general they do not reach the base-line predicted by the 
statistical aggregation of the performance by members of the dyad working alone (Andersson, 
1996). For example, person A may remember ten out of twenty words and person B may also 
remember ten out of twenty words. When they are working in a dyad they remember twelve out 
of twenty words, but when we combine the individual recall we would expect fifteen words out of 
twenty.  It has been suggested that this is caused by factors such as social loafing and lack of co-
operation between the members of the group (Brown, 1988; Harkins & Szymanski, 1989; North, 
Linley & Hargreaves, 2001; Sheffard, 1993). These negative effects can be reduced by psycho-
logical independence (Budescu & Rantilla, 2000; Ariely, Bender, Dietz, Gu, Wallsten, & 
Zauberman,  2001). Factors such as group size (Mortensen, 1972) and friends versus non friends 
(Andersson, 2001) can affect the quality of the communication. Social interaction is more unsta-
ble in dyads compared to larger groups and communication between dyads members provides 
more sufficient cueing when the persons know each other.  

In the context of the cue abstraction and exemplar models of concern here, consideration of 
the task suggested a number of alternative ways in which people can adapt to the demand for 
learning to make judgments in dyads. A first possibility is what we refer to as an exemplar pooling 
effect. This effect is plausible in a task where the individual participants rely strongly on exemplar 
memory. When co-operating in dyads, they can store more exemplars in memory together, and 
this exploitation of memory should lead to both improved performance and superior fit for the 
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exemplar models in the dyad conditions (the exemplar storage refer to a dyad of individuals and 
not within a single individual). The exemplar pooling effect comes both in a weaker statistical 
version and a stronger synergetic version. The weaker statistical version refers to the mere aggrega-
tion effect when the exemplar memories of two individuals are combined. The synergetic version of 
the exemplar pooling effect implies beneficial effects of working in dyads over and above the im-
provement expected from mere aggregation, for example, because of better encoding or storage of 
exemplars during training or more efficient retrieval at test. The hypothesis of a social abstraction 
effect predicts a shift towards more cue abstraction in the condition where the participants train to 
make judgments in dyads (i.e., due to a larger rate of verbalization of their knowledge).  

The multiple-cue judgment task was the same as in Study 1. The design in Experiment 1 was a 
between-group design, where all participants made both training and test judgments with the 
same presentation format (analogue), with half of them trained and tested individually and the 
other half trained and tested in dyads. Experiment 2 was a 2x2 factorial design where judgment 
situation at training and test was factorially manipulated (Between subjects). Both factors can take 
the values “single “or “dyad”, implying 4 cells instead of  2 cells as in Experiment 1, with two cells 
where training and test do not concide (training alone -tested in dyads and training in dyads-
tested alone). The hypothesis of a social abstraction effect received a more sensitive test in Ex-
periment 2, where a continuous criterion affords a better chance for cue abstraction, and also 
allows us to compare statistical dyads based on means of individual judges to real dyads.  

We thus investigated if other processes and knowledge representations are developed if people 
make judgments individually or in dyads and how performance differs between participants 
working alone and in dyads. Other questions were if the exemplar pooling effect is just a statisti-
cal aggregation effect at test, and if language promotes more cue abstraction. 

 
Results 

 
In Experiment 1 the results indicated that participants in the dyad condition performed better 
than the individuals (see Figure 8), but they are not significantly more consistent in dyads than in 
individuals. The exemplar indices provided no support for a social abstraction effect; data from 
both conditions were best explained by the exemplar model. This together with the improvement 
in performance suggests an exemplar pooling effect. Because there is no non-arbitrary way to ag-
gregate the binary judgments by two individuals – especially when they disagree – the binary task 
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Figure 8. Panel A: Mean response proportions as a function of the continuous criterion for the 
individual participants of Experiment 2. Panel B: Mean response proportions as a function of 
the continuous criterion for the dyads of Experiment 2. Compare with predictions in Figure 4A 
and 4B.  
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is not well suited for testing the synergetic version against the statistical version of the exemplar 
pooling effect. On the other hand, Experiment 2 allows us to compare statistical dyads with real 
dyads to investigate if mere statistical aggregation explain the better perform in dyads. 

The results in Experiment 2 also indicated that participants trained and tested in dyads made 
judgments more accurately than participants trained and tested individually. This beneficial effect 
arises from additive effects both of training in dyads – supporting the synergetic version of the 
exemplar pooling effect – as well as of testing in dyads – supporting the aggregation effect implied 
by the statistical version. Exemplar indices show exemplar effects with an inability to extrapolate 
in all four cells.  

The results showed a beneficial effect of working in dyads and the performance of dyads there-
fore surpass the average judgment by two individuals (see Figure 9). 
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Figure 9. Mean RMSE (Root Mean Square Error) of the judgments with confidence intervals for 
the individual training-individual test condition, a statistically aggregated dyad condition based 
on individuals test data, individual training-dyad test condition, and dyad training-dyad test 
condition.  

 
 

Discussion 
 

We suggested that the effect of social interaction is of importance for understanding our judg-
ments and we wanted to investigate if this factor has an effect on which specific knowledge sys-
tem that is used in a multiple-cue judgment task.  The results in Experiment 1, indicated that the 
participants in the dyad condition performed better than the individuals as a result of working 
together. The results in Experiment 2 showed clear differences in performance between the indi-
vidual and dyad conditions and indicated that the participants that were trained and tested in 
dyads learned to make judgments more accurately than the participants that were trained and 
tested individually. Figure 9 showed lower (better) RMSE (Root Mean Square Error between 
judgments and criteria) in the real dyads training – dyads test condition than the statistical dyads. 
This speaks against that the difference in performance is due to mere statistical aggregation and 
supports – the synergetic exemplar pooling hypothesis that implies additional beneficial effects of 
working in dyads. In contrast to earlier research, dyads reached the combined base-line level ob-
tained by statistical aggregation of two individuals. One interpretation is that in contrast to previ-
ous abstract memory tasks (e.g., remembering word lists), this task draws on remembering in a 
more meaningful context of problem solving.   
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The performance is different in dyads and individuals, but we were unable to detect any differ-
ences in the representation of knowledge between participants working alone or participants 
working in dyads. Our results suggest that when co-operating in dyads we can store more exem-
plars in memory leading to a more efficient exploitation of memory with exemplar-processes do-
minating the judgments. Another possibility is that when working in dyads the communication 
between the members of the dyad makes them work with every exemplar more, regarding to time 
and quality of learning, resulted in better storing of exemplars. In sum, we can say that working 
in dyads increases the ability to correctly learn and classify objects and, in the tasks that we have 
used, the cognitive processes underlying dyad judgments seems to be exemplar-based. 

 
 

CONCLUSIONS 
 

This thesis indicates that the differences that characterize typical categorization and multiple-cue 
judgment tasks are conducive of qualitatively different cognitive processes. The change from a 
binary to a continuous criterion appears to produce a shift towards processes of explicit cue ab-
straction. Exemplar memory, however, continues to play an important role when the task is de-
terministic and there are few exemplars. The tendency to infer explicit representations of cue cri-
terion relations appears when the feedback is informative enough. This suggests that exemplar 
memory acts as a back-up system in tasks where cue criterion relations cannot be abstracted or 
behavior has become automatic. We also proposed that the notion of quasirationality can be ex-
plicated as the mix of rule-based and exemplar-based processes within and between participants, 
which also concurs with the recent attention paid to multiple and qualitatively distinct represen-
tational, levels (Ashby et al., 1998; Erickson & Kruschke, 1998; Nosofsky, Palmeri, & McKinley, 
1994; Sloman, 1996). 

Working in dyads increased the ability to correctly learn and classify objects. There was a 
beneficial effect of working in dyads that surpasses the average judgment by two individuals. It 
seems like criterion change does not produce an equally strong shift towards mental cue abstrac-
tion when participants are working in dyads, even though the use of language should promote 
rule-based learning. Rather dyads appear to exploit memory more efficiently leading to improved 
performance and superior fit for the exemplar model. These results differ from earlier research in 
the sense that dyads reached the combined base-line level obtained by statistical aggregation of 
two individuals. In contrast to previous abstract memory tasks, this task draws on remembering 
in a more meaningful context of problem solving, which could be one possible interpretation for 
these results. 

These two studies suggest that humans are rational in relation to the environment, according 
to ecological rationality. When the switch between cognitive processes depends on the nature of 
the task, the rationality seems to be different in different environments. We are not completely 
lack of the mental capacity that makes us irrational, but we can neither be regarded as completely 
rational, when there are boundaries in our mentally system, for example in working memory.  

Potential criticism may point to the difficulty of distinguishing between rule-based and exem-
plar-based processes and question the support for the assumption that exemplar-based processes 
are rapid, unconscious and automatizised, in contrast to the rule-based processes that are expected 
to be intentional, conscious and controlled. The most straightforward evidence for that distinc-
tion is the striking dissociation between the neural regions activated in the rule and memory con-
ditions, where the known functionality of the activated regions show that only rule application 
involves selective attention and working memory, while visual-perceptual and visual-memory 
processes may be common to episodic memory (Smith, Patalano, & Jonides, 1998). The evidence 
is consistent with the view that rule-application and exemplar-similarity are qualitatively different. 
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In previous research participants have made their judgments based on knowledge about only a 
few cues. In real environments there exist a great number of cues we have to take into account 
when making a judgment about objects. We also have to identify the most important cues, be-
cause it is impossible to take all the environmental cues into account. This is a shortcoming of 
previous studies that has to be further investigated. It is easier to figure out the relations among 
cues when they are a few and they are all remembered. Therefore, judgments made with a few 
cues could be different from judgments that are made on a great number of cues (Gigerenzer et 
al., 1999). Further research should investigate if the number of cues can affect which cognitive 
process that is used in judgments. 

The insights about multiple memory systems (see Schacter & Tulving, 1994 for an example) 
that support different representations have not yet been sufficiently projected into research on the 
use of this stored knowledge in judgment. It seems evident that categorization and multiple-cue 
judgment is likely to be mediated by different processes depending on the task and circumstances 
(Ashby & Ell, 2001). Therefore, we conclude that research should concentrate on understanding 
the factors determining how different knowledge systems are applied to make adaptive judgments 
as a function of individual and environmental characteristics.  

Manipulations inducing shifts in the cognitive modes, for example, by introducing distracters 
of working memory could be one possible way to further investigate the effects of task and cir-
cumstances on the cognitive processes. Humans have a bias for rules (suggested by Ashby et al., 
1998): whenever the environment allows for it, there will be an abstraction of explicit cue-
criterion relations and exemplar-based process will serve as back-up system. This predicts that a 
linear additive task should induce an analytic rule-based process and a non-linear, non-additive 
task should induce an exemplar-based process (Karlsson, 2002). It has indeed been found that the 
analytic part of a judgment process is affected most in a dual task (Cooksey, 1996) and working 
memory is more involved in a rule-based process than in an exemplar-based process. Therefore, 
when introducing a distracter of working memory it is expected that performance in the additive 
task should deteriorate more than in the multiplicative task (Karlsson, 2002). 

Moreover, in categorization research the participants have in general been forced to decide be-
tween two alternatives or categories. The research in this thesis has also focused on either exem-
plar-based or rule-based models and largely rejected other possible cognitive processes such as 
prototype-based models. In future research, we will perform experiments that involve choice be-
tween more than two categories, to investigate which knowledge representation is used in such 
complex tasks. This may show the presence of prototype-based rather than exemplar-based 
knowledge. Maybe the exemplar effects in earlier studies do not depend on exemplar-based proc-
esses, but instead on prototype-based processes? 

In Study 2 we concluded that the more meaningful remembering task could be one explana-
tion of why dyads reached the combined base-line level. I suggest that even more meaningful real-
world based tasks could be used, for example, that participants pretend to be physicians that make 
diagnoses of patients with different symptoms. There is also a lack of control of communication 
between the dyads in Study 2 and this can explain the absence of the social abstraction effect. To 
increase this effect, maybe a more real-world problem solving would increase the communication 
between the two participants. 

The participants in the two studies have all been students and criticism can be addressed to 
this. It could, however, be argued that processes at basic levels of cognition like this, is the same 
for all human beings. What should be further investigated, though, is if there exist differences 
between different work domain groups, social groups and cultures in making judgments, like 
theoretical versus practical working domains. This would also be a step towards studying the dif-
ferences between novices and experts. Earlier, there have been assumed that experts rely more on 
exemplar-based processing than novices, because of their well informed knowledge and a great 
deal of experience of different objects within their domain. It is possible that experts rely on dif-
ferent cognitive processes depending on their specific domain. 
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