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Abstract 
 
Karlsson, L. (2004). Additive Integration of Information in Multiple-Cue judgment. Department 
of Psychology, Umeå University, S-901 87 Umeå, Sweden. 
 
This thesis investigates adaptive shifts between different cognitive processes in multiple-cue 
judgment tasks. At least two qualitatively and quantitatively different cognitive strategies can be 
identified: one process in which abstraction and integration of cue-criterion relations form the 
basis for the judgment (Einhorn, Kleinmutz & Kleinmutz, 1979) and one which is based on 
similarity comparisons between a probe and similar exemplars stored in memory (Medin & 
Schaffer, 1978; Nosofsky, 1984; Nosofsky & Johanssen, 2000). Within the framework of a 
proposed model of judgment, ∑, these processes are regarded as complementary means to deal 
with a proposed capacity limitation of our cognitive architecture; in situations of unaided 
abstraction and integration of information we are forced to handle pieces of information in an 
additive and linear manner. Predictions by ∑ concern which of the two processes that will 
dominate judgments in different judgment tasks. In a judgment task where the underlying 
combination rule is additive and linear we are able to abstract and integrate information on how 
cues relate to a criterion and produce judgments that are consistent with the combination rule. In 
a judgment task where the underlying combination rule is multiplicative we are not able to 
abstract and integrate this information, and we are therefore induced to use a strategy of exemplar 
memory. Two studies test these predictions. In Study 1 the results confirm that in an additive 
judgment task cue abstraction was induced, while exemplar memory was induced in a 
multiplicative task. These results were replicated in Study 2, where a more complex judgment 
task was used. The results reported in this thesis provide tentative support for the idea of an 
adaptive division of labor between cue abstraction and exemplar memory as a function of the 
task, an ability we are equipped with to cope with a cognitive architecture only allowing 
elaboration of information in an additive and linear manner. 
 
This thesis for the licentiate degree is based on the following studies: 
 
Juslin, P., Karlsson, L., & Olsson, H. (submitted). Additive Integration of Information in 
Multiple-Cue Judgment: A Division of Labor Hypothesis. 
 
Karlsson, L., Juslin, P., & Olsson, H. (2004). Representational Shifts in a Multiple-Cue 
Judgment Task with Continuous Cues. In K. Forbus, D. Gentner, & T. Regier (Eds.) Proceedings 
of the Twenty-Sixth Annual Conference of the Cognitive Science Society. Mahwah, New Jersey: 
Cognitive Science Society (Lawrence Erlbaum Associates). 
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Additive Integration of Information in Multiple-Cue Judgment 
 

Linnea Karlsson 
 

INTRODUCTION 
 
The acts of judgment and decision making are some of the most prominent defining 
characteristics of the human species. Many times every day the mind is engaged in the 
spontaneous activity of “on the fly judgment”, as when you for example weigh the pros and cons 
of the pizza slice before you, to decide whether it is worth it’s price, or when you remember that 
last time your cat looked like that, he had the flue, so he might as well have it this time. Many 
times we also engage in judgments of greater importance to us. Being a doctor and considering 
different symptoms when making a diagnosis of whether a person has the HIV virus or the flue 
involves a certain competence of judgment. The notice an aircraft pilot makes of the information 
on the instrument panel, and how the pilot’s judgment concerning a maneuver is formed on the 
basis of that information, may be crucial for the survival of many people.  
 Have you ever stopped for a while, reflecting over the nature of these cognitive efforts? Has it 
ever struck you how a person’s memory and collected life experience are involved every time 
judgments like these are made?  
 The topic of this thesis is to highlight the interplay that takes place between different memory 
resources as humans are confronted with various judgments tasks. The broad postulation that will 
be made is that, although we most probably are unaware of it most of the times, some underlying 
judgment task structures will force us to rely on our gut feeling or intuition, others on analytical 
and explicit thought. It will be postulated that we are equipped with means that will make us 
switch to more holistic processes in situations where our cognitive capacity does not allow us to 
succeed using higher analytical thinking. In this thesis, support for this idea will be presented. 
First, a more careful look is needed in to what kind of judgment situations that are referred to. 
 
BACKGROUND 
 
Multiple-Cue Judgment  
 
A typical multiple-cue judgment involves a judge making inferences about a criterion on the basis 
of cues in the external world. A veterinarian that is to make a diagnosis of a cat may rely on 
different symptoms (cues) to make the diagnosis of what amount of medication the cat is in need 
of (the criterion). This paradigm has been under study since the mid-fifties. Beginning with the 
works of Brunswik and Herma (1951) the psychology of judgment was concerned with finding 
the relations between the task system and the cognitive system (Björkman, 1965; Brehmer, 1972; 
Hammond et al., 1964; Smedslund, 1955). Experimental designs where the task was to learn to 
make judgments in a fictitious environment where one or a few cues were probabilistically related 
to a category outcome (such as “the cat is either healthy or ill”) or a continuous criterion (such as 
“the amount of medicine needed”) were used in order to be able to draw conclusions on the 
nature of these judgments.  
 The main focus has been on statistical modeling of the judgment data and the judgment task 
(Brehmer, 1994; Cooksey, 1996; Hammond & Stewart, 2001). Summarizing the findings reveals 
that the judge usually uses rather few cues, he or she is inconsistent in using them, he or she has 
difficulties showing insight into the judgment process, individuals differ greatly when weighting 
the cues, and the judgment process is often well described by a linear and additive function (such 
as multiple linear regression) (Brehmer, 1994; Cooksey, 1996; Hammond & Stewart, 2001).  
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 In research on single cue probability learning (single-cue judgments) part of the focus has been 
to describe learning of the function relating the cue to the criterion (function learning; see 
Klayman, 1988; Koh & Meyer, 1991; Slovic & Lichtenstein, 1971). Many judgment tasks that 
we encounter require knowledge of functional relations. Consider for example the very simple 
estimation of how much sugar to put in your coffee each morning; too little sugar makes it bitter, 
some more makes it perfect, and too much makes it too sweet. An inverted U-shaped function 
relates the amount of sugar (cue) to the taste of the coffee (criterion). It has been found that some 
function forms are learned faster than others, as if humans are engaged in some form of 
hypothesis testing, where a positive linear function relating the cues to criteria has been argued to 
be the first hypothesis that is tested by a function learner (Brehmer, 1994). 
 Within this extensive research paradigm of multiple- and single cue judgment only a few 
studies have aimed at mapping how cognitive structures and memory representations may be 
involved (see Bott & Heit, 2004; DeLosh, Busemeyer, & McDaniel, 1997; Busemeyer, Byun, 
DeLosh & McDaniel, 1997). How is the learning of the relation between some probabilistic cues 
and a criterion value actually administered from a cognitive perspective? What cognitive 
mechanisms guide these judgments? Notice that the pervasive fit of linear and additive models to 
judgment data just summarizes the output of the judgment process, ignoring all further 
speculations of the process and the knowledge representations that serve as the basis for these 
judgments. One attempt to provide a cognitive theory is Hammonds Cognitive Continuum 
Theory (1996), which implies that judgments are based on a cognitive mode that lies on a 
continuum ranging from those based on intuition to those based on a mix of intuition and 
analysis to judgments based solely on analysis. Are there reasons to believe that we are equipped 
with at least two qualitatively and quantitatively distinct representational systems as the basis for 
our judgments? We turn to the literature on dual processes of the mind, and the implications of 
this view for the conceptually similar area of categorization research. Thereafter we are able to 
formulate the specific cognitive interpretations we would like to make on multiple-cue 
judgments. 
 
Dual Process Theories of the Mind: Multiple Memory Representations 
 
There is a reason for us to be able to store different types of knowledge and to access it with 
different strategies. Sometimes we need to know the general tendency of something; sometimes 
we need a specific rule relating a cue to an outcome. We sometimes just need the feeling that 
something is correct; sometimes we need the facts and arguments giving us that feeling, allowing 
us to communicate our knowledge to other people. No single system for storing and retrieving 
knowledge can meet these functional demands. That is one of the arguments for proposing and 
assuming that two separate memory systems have evolved. After Aristoteles, William James was 
one of the first proclaimers of a theory of dual processes of the mind (1890/1950). Empirical 
thinking vs reasoning were under the scope of his analysis. “Whereas the merely empirical thinker 
stares at a fact in its entirety, and remains helpless, or gets ‘stuck’, if it suggests no concomitant or 
similar, the reasoner breaks it up and notices some one of its separate attributes”. (p. 957) 
 In recent research, the dual process idea has been elaborated within the fields of social- 
personal- and neuropsychology (Epstein, Pacini, Denes-Raj, & Heier, 1996; Schacter & Tulving, 
1994; Smith & DeCoster, 2000;), in parallel with the field of cognitive psychology (Hahn & 
Chater, 1998; Logan, 1988; Sloman, 1996; Smith, Patalano, & Jonides, 1998). The core of the 
idea is that there exists two qualitatively and quantitatively different processing modes. One of 
them has been described as holistic, automatic, “quick-and-dirty”, intuitive, associative, and 
similarity based. The other one has been described as analytical, rational, abstract, rule-based, and 
controlled. The research has been focused on showing evidence for this dissociation, the factors 
promoting one or the other processing mode, as well as their operation relative each other. In 
social psychology the term dual processes has been widely applied to a number of topic areas (for a 
review, see for example Smith & DeCoster, 2000). Although the specific terminology of use has 
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varied between these areas, a general claim of two different processing modes, one associative and 
one rule-based, has been demonstrated repeatedly. In personality psychology, Epstein et al. 
(1996) have argued for two different information processing systems, one experiential and one 
rational. Factors such as experience, task demands, emotions as well as personal disposition to rely 
on one or the other systems, are what promotes the domination of one system over the other. 
 Added to this distinction between processing modes is the notion of multiple cognitive 
representations. The two processing modes, the associative and the rule-based modes, are often 
referred to as using separate memory systems as their basis for functioning (Hahn & Chater, 
1998; Juslin, Olsson, & Olsson, 2003; Klein, Cosmides, Tooby, & Chance, 2002; Smith et al., 
1998). The associative mode is said to use a storage of cases or exemplars in long term memory, 
and the process is one of matching stored memories with the situation at hand. The rule-based 
mode is on the other hand said to use storage of abstract knowledge, in the form of 
semantic/verbal memory traces or as production rules (if-then statements; Andersson, 1983). 
Neuropsychological evidence serve as a complement to behavioral data, and different brain 
regions are activated when the different modes are used (for a review, see Smith et al., 1998).  
 Ideas and methods from the conceptually similar research paradigm of categorization are 
starting to nourish the field of multiple-cue judgment. A categorization task typically involves 
stimuli with cues with binary or continuous dimensions and typically requires a decision on 
which of two or more categories the stimuli belongs to. Today there exist a number of models of 
categorization that attempts at providing a mechanism for dual processing modes. COVIS 
(Competition Between Verbal and Implicit Systems; Ashby, Alfonso-Reese, Turken, Waldron, 
1998) is a neuropsychological theory of category learning. Two separate systems, with different 
neural correlates, are supposed to compete with each other when category boundaries are learned. 
It is proposed that we have a bias for rules, in that the verbal system will be activated in the 
beginning of learning. Another example is RULEX (rule-plus-exception model; Nosofsky, 
Palmeri, McKinley, 1994). In category learning, people are proposed to be learning simple 
dimensional rules. As soon as an exception to those simple rules is experienced, it will be stored in 
memory. Also ATRIUM (Erickson & Kruschke, 1998) is an extension of the now well known 
connectionist model ALCOVE with a rule module. A gating mechanism serves to decide 
whenever the rule-based or exemplar-based module is to provide the correct answer for a 
categorization task.      
 The issue of the interaction between these two systems has not yet been carefully elucidated; 
empirical research trying to describe the nature of this suggested interplay is in it’s commence. As 
stated by Hahn and Chater (1998): “This [the idea that rules and similarity might operate 
together] suggests a shift of emphasis in future research from pitting rules against similarity 
toward experimental and computational investigation of the potential interplay of rules and 
similarity in cognition”. (p. 224).   
 In the area of multiple-cue judgment a model with the aim of explaining the interaction 
between the two modules/processes is still lacking. The aim of Study 1 and 2 of this thesis is to 
present the outline of a model trying to describe the flexible interplay between multiple memory 
representations in multiple-cue judgment, together with some tentative empirical support.  
 The general process model that will be proposed, which is described in more detail in relation 
to Study 1 (below), intends to capture the essentials of multiple-cue judgment. The assumptions 
of the model, called ∑, are that our controlled and explicit thought processes have an 
architectural constraint enhancing sequential, real-time consideration of multiple pieces of 
evidence. The process involves successive adjustment of an estimate. The key assumption of the 
model is that all human integration of information involves addition (or subtraction). This 
hypothesis suggests that rule-based processes can only prove successful in tasks where the cues are 
related to the criterion by addition. By contrast, a task that involves non-linear or non-additive 
cue combination requires capitalization on the associative process. Thus, the structure of the task 
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becomes one of the most crucial mediators of the interplay between rule-based and associative 
processes. 
 To be able to test our assumptions we need a judgment task that allows us to do so. We need 
it in two versions; one involving linear and additive combination of information and one 
involving non-additive combination of information. Will this difference in underlying task 
structure promote differences in the cognitive processes and representations forming the basis for 
the judgments?  
 
Judgment Tasks 
 
The conceptual design of the judgment tasks used in Study 1 and 2 is virtually the same (Juslin, 
Olsson, & Olsson, 2003; Juslin, Jones, Olsson, & Winman, 2003). By having the participants go 
through a learning phase where outcome feedback is provided, learning of a fictitious judgment 
task is enabled. This learning is hypothesized to be in one of two ways; either the participant is 
learning the task through the associative system of exemplar memory, or the participant is 
learning the relationship between specific cues and the outcome criterion (i.e., the weight and 
sign attached to each cue; cue abstraction).  
 Two versions of the task exist that involve different combination rules. Combining the impact 
of each cue to a criterion in the additive version of the task is made by weighting the four cues 
and adding them together, while in the multiplicative version of the task the combination is made 
by weighting the four cues and multiplying them together (Table 1).  
 In the binary version, a total of 16 different cue combinations are possible (Table 2). In the 
continuous version the total possible number is 114. A random error is added to the criterion, 
yielding a probabilistic relation between cues and criteria.  
 
Table 1 
The Underlying Combination Rules in the Additive and Multiplicative Tasks, the Binary Version Appearing in Study 1 
and the Continuous Version Appearing in Study 2 
 
Cue 
Variation 

Additive criterion 
 

Multiplicative criterion 

 
Binary  

 
ε+⋅+⋅+⋅+⋅+= 4321 123450 CCCCc  

 
ε+⋅+= ⋅+⋅+⋅+⋅ 1234 43210009875.051 CCCCec * 

 
Continuous  

 
ε+⋅+⋅+⋅+⋅+= 4321 1234500 CCCCc ε

ω
+⋅+=

∑ ⋅
=

4

1
18/)(

54545.005.509 i
iiM C

ec
 
* In a replication of Experiment 1 (addressed in Study 1) the error term in this equation was removed, the intercept 
was changed from 51 to 53.796, and the coefficient was changed from .0009875 to .001027. 
 
In Study 1 the cover story of the task is to judge the toxicity of a lethal bug and in Study 2 to 
judge the effectiveness of a herb as a medical treatment to a virus. In each task there are four cues 
that vary either binary (has/has not a specific trait; Study 1) or continuous (a scale ranging from 
0-10; Study 2).  
 The idea of the design is as follows: in a training phase the participant is exposed to a 
constrained set of the original total amount of exemplars. In the binary version, this means that 
five of the 16 exemplars are omitted from training. In the test phase that follows, these omitted 
exemplars are introduced. The processes we are interested in distinguishing provide different 
predictions concerning the judgments of these new exemplars.  
 
 
 
 



 8

 
 
Table 2 
Structure of the Task in Study 1. The Table Shows 16 Different Exemplars, Their Cue Values, Their Additive and 
Multiplicative Criterion, and Whether They Were Seen in Training or Introduced at Test  
 

Exemplar 
Cues 

Criteria Role 

# C1 C2 C3 C4 Add Mult  

1 1 1 1 1 60 72.75 E 
2 1 1 1 0 59 59.00 T 
3 1 1 0 1 58 53.94 T 
4 1 1 0 0 57 52.08 O 
5 1 0 1 1 57 52.08 N 
6 1 0 1 0 56 51.40 N 
7 1 0 0 1 55 51.15 N 
8 1 0 0 0 54 51.15 T 
9 0 1 1 1 56 51.40 O 
10 0 1 1 0 55 51.14 O 
11 0 1 0 1 54 51.05 T 
12 0 1 0 0 53 51.02 T 
13 0 0 1 1 53 51.02 T 
14 0 0 1 0 52 51.00 T 
15 0 0 0 1 51 51.00 T 
16 0 0 0 0 50 51.00 E 

 
Note: E = extrapolation exemplar, T = training exemplar, N = interpolation exemplar (new exemplar in the middle 
region of the distribution) and O = old matching exemplar (old exemplar in the middle region of the distribution, 
used for comparison with the new interpolation exemplars) 
    
Cognitive Models  
 
The judgment task allows us to distinguish what cognitive process and representation that has 
dominated when a participant makes the judgments in the test phase. Mathematical formulations 
of cognitive theories are a fruitful way of theory-building in cognitive psychology and cognitive 
science. To be able to test the assumption that a shift between distinct cognitive processes will 
arise as a function of task manipulation in a multiple cue judgment task we use two widely 
assessed mathematical formulations of the rule-based and similarity-based cognitive processes; a 
linear additive model, which we hereafter refer to as cue abstraction (Einhorn, Kleinmutz & 
Kleinmutz, 1979) and the exemplar model (Medin & Schaffer, 1978; Nosofsky, 1984; Nosofsky 
& Johanssen, 2000). These mathematical formulations (models) give rise to different predictions 
of the judgments on the new exemplars introduced at test.  
 
The Cue Abstraction Model 
The assumptions of the cue abstraction model (CAM(A); A for Addition) are that people 
explicitly abstract the relationships between the individual cues and the criterion and store 
knowledge of the weight and sign of this relationship in long-term memory. At the time of 
judgment, an integration of this stored knowledge is made in an additive and linear manner. This 
process is structurally equivalent to an additive linear process model (Einhorn et al., 1979). To 
make a judgment of a criterion ĉ the process of cue abstraction is described as: 
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∑
=

⋅+=
4

1
ˆ

i
ii Ckc ω                                                           (1) 

 
where k is the intercept, and ωi is the weight of the cue i. Hence, in the cue abstraction model, 
the process is one of additive and linear integration on the basis of cues. 
 Opposed to the assumptions derived by ∑, a multiplicative cue abstraction process might yet 
be a viable alternative in a multiplicative task. In a multiplicative cue abstraction model 
(CAM(M); M for Multiplication), a person is assumed to abstract the relationships between the 
individual cues and the criterion and store knowledge of the weight and sign of this relationship. 
At the time of judgment, this knowledge is integrated in a manner consistent with the 
multiplicative underlying combination rule. 
 
The Exemplar Model 
The assumptions of the exemplar model (EBM) is that, when a person is confronted with the task 
of assessing the criterion value of a probe with several cues, the person retrieves similar previously 
stored exemplars, and their respective criterion values from long term memory (Medin & 
Schaffer, 1978; Nosofsky, 1984; Nosofsky & Johanssen, 2000). The similarity of the probe and 
those exemplars retrieved from memory is calculated as well as an estimation of the criterion value 
on the basis of the retrieved criterion values. 
 The similarity process is described as: 
 

∏
=

=
4

1

),(
i

ij dxpS                                                        (2) 

 
where p is the probe, xj is the exemplar retrieved from memory, di is an index that takes value 1 if 
the cue values on cue dimension i coincide (i.e., both are 0 or both are 1), and si if they deviate 
(i.e., one is 0, the other is 1). si are four parameters in the interval [0, 1] that capture the impact of 
deviating cues on the overall similarity S(p,xj). si close to 1 implies that a deviating feature on this 
cue dimension has no impact on the perceived similarity and is considered irrelevant. si close to 0 
means that the similarity S(p,xj) is close to 0 if this feature is deviating assigning crucial 
importance to the feature. 
 The criterion estimation process is described as: 
 

∑

∑ ⋅
= N

j

N

jj

S

cS
c

1

1ˆ                                                             (3) 

 
where ĉ is the criterion to be estimated, Sj is the similarity, and cj is the stored criterion. In the 
exemplar model, the process is one of additive and linear integration on the basis of exemplars.  
 
Quantitative Predictions from the Models 
These two models imply distinct predictions in the judgment task previously described (for 
model predictions for the binary version of the task, see Figure 1. Equivalent predictions can be 
derived for the continuous task). 
 The cue abstraction model predicts judgments that are a linear and additive function of the 
cues. The extreme exemplars that were introduced no sooner than in the test phase are given 
judgments that are more extreme than the judgments on the second to most extreme old 
exemplars. For example, one exemplar in the binary task has the values [1, 1, 1, 0] on the four 
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dimensions and a criterion value of 59 (Table 2). In the training phase, the participant may have 
learned that this exemplar goes with a high criterion value. In the test phase, when confronted 
with an exemplar with cue values [1, 1, 1, 1] a person utilizing a cue abstraction process is able to 
retrieve the “rules” stored for each cue dimension concerning the weight and sign of its 
relationship with the criterion and produce a judgment stating that [1, 1, 1, 1] has a higher 
criterion value than [1, 1, 1, 0]. 
 The exemplar based model, on the other hand, predicts an inability to extrapolate beyond the 
range of training, since the judgments are based on similarity to previously encountered 
exemplars. When in a test phase a person is confronted with an exemplar with cue values [1, 1, 1, 
1] and a criterion value of 60 (Table 2), no “rules” concerning the relationship between the 
individual cues and the criterion are available from memory, hence the judgment cannot be based 
on integration of such rules. The judgment is instead based on the perceived similarity between 
the extreme exemplar and the old exemplars, and the retrieval of previously stored criterion 
values. Since no stored criterion value is above 59 or below 51 (the binary task, Table 2) no other 
criterion value can be retrieved from memory and integrated in to a judgment. 
 Despite the apparent success of these models in diverse fields of cognitive psychology, there is 
a limited knowledge on how they interact in multiple-cue judgment. 
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Figure 1. Illustration of model predictions. Panel A: Additive cue-abstraction model [CAM(A)] in the additive task 
with noisy weights typical of data ( 1ω =3.2, 2ω =2.4, 3ω =1.6, & 4ω =.8). Panel B: Exemplar model in the additive 
task with all similarity parameters si=.1 (the choice of all si=.1 is arbitrary and used to compute illustrative 
predictions). Panel C: Additive [CAM(A)] and multiplicative cue-abstraction [CAM(M)] models in the 
multiplicative task with noisy weights ( 1ω =3.2, 2ω =2.4, 3ω =1.6, & 4ω =.8). Panel D: Exemplar model in the 
multiplicative task with all s=.1.  
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OBJECTIVES 
   
The aim of the studies reported in this thesis is to provide outlines of a cognitive theory that 
allows us to predict when exemplar memory and cue abstraction will dominate the judgments. 
The aim is further to test the prediction that through manipulating the underlying structure of a 
task, shifts between exemplar memory and cue abstraction will be induced. 
 
EMPIRICAL WORK 
 
One general aim of the empirical work presented in this thesis is therefore to discern qualitatively 
different underlying processes in multiple-cue judgment (i.e., cue abstraction and exemplar-
memory), by postulating that the underlying structure of the task is an important factor 
promoting an interaction between these processes. Although the statistical modeling tools most 
often used in multiple-cue judgment reveal that judgment data are well described linearly and 
additively (Brehmer, 1994; Cooksey, 1996), this does not reveal what underlying cognitive 
process the judge has been using. In the two studies that serve the basis of this thesis we wanted to 
assess the claim that the structure of the task is a powerful predictor of what cognitive process that 
will dominate judgments in a given situation.  
 In Study 1 we present the outlines of ∑ - a unified theory of judgment, and focus on the 
relation between the cues and the criteria in a task with binary cues, and in Study 2, with a 
continuous task, we manipulate the cue-criterion functions as well as the combination rule. 
 
Study 1 
 
Outline of ∑ 
In Study 1 we propose the first draft of a unified model of judgment - ∑. Models trying to 
summarize behavior in numerous cognitive domains exist, for example Mental Models Theory of 
reasoning (Johnsson-Laird, 1999) and Problem-Space Theory (Newell & Simon, 1972). General 
frameworks summarizing behavior in judgment and decision making also exist (Gigerenzer, 
Todd, and the ABC-group, 1999; Gilovich, Griffin, & Kahneman, 2002; Hammond & Stewart, 
2001;). However, detailed cognitive theories of judgment are surprisingly few (see Busemeyer et 
al, 1997; Dougherty, Gettys, & Ogden, 1999).    
 In ∑ we claim that it is not a mere coincidence that linear and additive models fit judgment 
data well (Brehmer, 1994; Cooksey, 1996) and that exemplar models involve linear and additive 
integration of exemplars (Medin & Schaffer, 1978; Nosofsky, 1984; Nosofsky & Johanssen, 
2000). It is an actuality that stems directly from a proposed additive and sequential structure of 
our cognitive architecture; when performing spontaneous integration of information we are 
predestined to use a process that is linear, additive and sequential in its nature. Controlled 
processes are thus not just limited in terms of the amount of information that can be handled or 
in terms of time pressure; they are also limited when it comes to how information is processed.  
 The pervasiveness of additivity has been demonstrated in the literature in diverse fields of 
psychology. In Anderson’s Information Integration Theory (1981), for example, the idea is that 
people integrate information in the environment in an additive way; “In everyday life, 
information integration is a sequential process. Information is received a piece at a time and 
integrated into a continuously evolving impression. Each such impression, be it of a theoretical 
issue, another person, or a social organization, grows and changes over the course of time. At any 
point in time, therefore, the current impression looks both forward and back.” (p. 144). Another 
example is research on additive and multiplicative problem solving (Roussel, Fayol, & Barrouillet, 
2002). While addition is demonstrated to involve both a calculation algorithm and retrieval of an 
answer from memory (procedural and declarative knowledge), multiplication is dominated solely 
by retrieval of declarative chunks stating the product as a fact (c.f. Andersson, 1983). 
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 If the judgment process is of a linear, additive, and sequential structure, then what 
implications does this have for the environment in which this process is to function? To be able 
to perform well in an environment utilizing a cue abstraction process, the environment itself must 
also be linear and additive. Therefore, we propose that, since there is no doubt that not all the 
judgment tasks we encounter in our everyday life are additive and linear in their structure, 
evolution has equipped us with means to cope also with non-additive and non-linear cue-
criterion relations. In ∑ we propose a division of labor between different cognitive representations 
that allows us to be adaptive to different judgment tasks and switch between cue abstraction and 
exemplar memory, as the task shifts from being additive to non-additive. The judgment processes 
as described by ∑ hence conforms to a linear, additive and sequential consideration of cues or of 
exemplars and aims to predict when exemplar memory or cue abstraction underlies the judgment.  
 The concrete formulation of ∑ is consistent with a number of models of judgment. First, ∑ is 
consistent with multiple linear regression. In multiple linear regression predictions are made of the 
criterion on the basis of a number of predictors. Inherent in this procedure is linear and additive 
weighting of information. Not only a widely applied statistical tool for many decades, this model 
has been used as a tool in multiple-cue judgment research (Brehmer, 1994; Cooksey, 1996; 
Hammond & Stewart, 2001).    
 Second, the anchoring and adjustment heuristic proposed by Tversky and Kahneman (1974; see 
Gilovich et al., 2002) springs from the idea of adjustment on the basis of an anchor point. It has 
been demonstrated that, if people are to make an estimate concerning certain pieces of 
information, some of that information serves as the anchor to that estimation in that the 
produced response is affected by the value of the anchor point. The anchoring-and-adjustment 
heuristic has been used to explain mistakes, or biases, in judgment. 
 Third, ∑ is consistent with the belief adjustment model, proposed by Hogarth and Einhorn 
(1992). In the belief adjustment model, based on anchoring-and-adjustment, judgments are 
supposed to be updated sequentially as new pieces of evidence are taken into account, and has 
been used to predict order effects in judgment (e.g. primacy and recency effects).  
 Fourth, in the light of ∑ there is not a coincidence that exemplar models (Medin & Schaffer, 
1978; Nosofsky, 1984; Nosofsky & Johanssen, 2000) have been so successful models for 
describing categorization learning; this model encompass an additive and linear integration of 
retrieved criterion values. 
 In the concrete formulation of ∑ it is assumed that the judge considers implications nδ  
(n=1…N) of N pieces of evidence to estimate a criterion. The estimate nĉ  after considering piece 
of evidence n is,   

)ˆ(ˆˆ 11 −− −⋅+= nnnnn ccc δη ,    (4) 
 
where nη  is the importance attached to the nth piece of evidence, 1ˆ −nc  is the previous estimate 
and nδ is the implications by newly considered piece of evidence. Eq. 4 is the algorithm level 
description of the judgment process. This equation, through mathematical transformation, is 
identical to both the cue abstraction model and the exemplar model. 
    Not only consistent with a range of models, ∑ differs from them by addressing how different 
cognitive representations will serve as the input to the process. The prevalence of additive and 
linear integration of pieces of information stems, according to ∑, from a limited cognitive 
architecture predisposed at summation. This implies that cognitive representations in the form of 
how cues relate to a criterion only can serve as input to the process when combining the 
representations additively and linearly provide a good estimation of the underlying task structure. 
Cognitive representations in the form of previously stored exemplars (and their criterion) are 
however a viable input to the process regardless of the underlying task. 
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Specific Aims of Study 1 
Study 1 consisted of two experiments where the main manipulation was contrasting judgments in 
a) an additive task where the cues are combined to form the criterion by an additive function, and 
b) a multiplicative task where the cues combine by a multiplicative function.  
    In Experiment 1 we hypothesized that in the additive condition participants would be able to 
abstract the underlying cue-criterion relations and a cue-abstraction process with intuitive cue 
integration would be induced. In the multiplicative condition, on the other hand, we 
hypothesized that participants would not be able to abstract the cue-criterion rules or perform the 
appropriate cue integration and therefore they would be forced to use their back-up system of 
exemplar memory to be able to perform well. Additionally, we tested the hypothesis that, if a 
distracter of working memory limits the number of informational pieces that can be considered in 
the judgment process, a dual task would affect performance in the additive condition more than 
in the multiplicative condition. This would be because an exemplar-based process can produce an 
accurate answer on the basis of just one retrieved exemplar, while a cue-abstraction process 
demands the integration of several pieces of information. By introducing a working memory 
distracter task we predict lower performance in both conditions and also a shift from using cue 
abstraction to more reliance on exemplar memory, since this process would be less consuming on 
working memory.  
    Eighty participants were randomized to each of the two conditions. The experiment consisted 
of a training phase followed by two test phases, one test phase with and one without a working 
memory distracter. The task was to judge the toxicity of a number of fictitious Death bugs on a 
continuous range. The training range were held constant between the two tasks and varied 
between 51 and 59 ppm. The bugs were shown as illustrated pictures varying binary on four 
dimensions. In training the participants were given outcome feedback of the correct toxicity, but 
not in the test phases. As imposed by the task design discussed above, the training phase consisted 
of 11 different bugs, while the test phase consisted of 16 different bugs; thus giving the possibility 
to measure extra- and intrapolation ability.  
    In Experiment 2 we investigated the generalizability of knowledge gained in an additive versus 
a multiplicative task. If participants were specifically, yet implicitly, trained to acquire the 
appropriate knowledge concerning the underlying cue criterion rules and mode of cue integration 
in the two tasks, would they be equally able to learn this in an additive and a multiplicative task? 
By constructing a training phase where the criterion value given by only two cues at a time were 
shown to the participants, and after this letting the participants generalize their knowledge in a 
test phase with full (four cue) exemplars this would reveal whether knowledge consistent with the 
combination rules had been achieved.  
    Twenty-four undergraduate students participated, and were randomized between the two 
conditions. The bugs were shown as written propositions on the screen. In a training phase, the 
task was to judge the amount of toxicity that two cues contributed to the criterion. In a test phase 
the task was to judge the toxicity of full exemplars. 
    Dependent measures. The measure of performance is Root Mean Square Error (RMSE) 
between judgments and criteria. The measures of model fit are Root Mean Square Deviation 
(RMSD) between judgments and model predictions and the coefficient of determination (r2). 
Exemplar-index (Delta E) is a combined measure of extra- and intrapolation ability, computed as 
the deviation between judgments on old and judgments on new exemplars in the test phase (for a 
more detailed explanation of exemplar index, see Study 1). 
 
Results 
The mean judgments in Experiment 1 (Figure 2) reveal that participants in the additive condition 
have been able to extrapolate their judgments, giving their most extreme response to the new 
items in the endpoint of each continuum. On the other hand, in the multiplicative task, great 
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inabilities to extrapolate are shown, indicating that the participants have been using an exemplar-
based process.  
    Performance was better in the additive than in the multiplicative condition when comparing 
across all exemplars in the test phase, but almost equal when only comparing performance on old 
exemplars (Panel 2 C). This, together with a more negative exemplar-index in the multiplicative 
condition suggests that in the multiplicative task exemplar-memory was induced (Panel 2 D). In 
the additive condition the results suggests that cue-abstraction has dominated the judgments. A 
more negative exemplar index in the additive condition opposed to a more positive exemplar 
index in the multiplicative condition was the result of the working memory distracter (Panel 2 
D). 
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Figure 2. Panel A: Mean judgments from the test phase in the additive task of Experiment 1 plotted against the 
criterion with the best-fitting regression line. Panel B: Mean judgments from the test phase in the multiplicative task 
of Experiment 1 plotted against the criterion with the best-fitting regression line (“equal range, probabilistic 

criterion”). The data for “equal variance, deterministic criterion” refers to a replication of the multiplicative task with 
equated variance of the criterion and a deterministic criterion, as detailed in Study 1. Panel C: The Root Mean 
Square Error (RMSE) of judgment for old exemplars and all exemplars in the additive and the multiplicative tasks. 

Panel D: The mean exemplar index E∆  for the additive and the multiplicative tasks with undistracted and 
distracted test phases with 95% confidence intervals. 
 
Model fit. The three models outlined in the introduction were fitted to data. Through the 
procedure of projective fit (Juslin et. al., 2003) data from the training phase were used to estimate 
the parameters. The models were fitted so as to minimize the Root Mean Square Deviation 
(RMSD) between training judgment data and model predictions. The models were then used to 
predict the judgments in the test phase. 
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    The results from the model fit reveals a poor fit for the cue abstraction model in the 
multiplicative condition, but a good fit in the additive condition. On the other hand, the 
exemplar based model fits data best in the multiplicative condition. 
 
In Experiment 2, the results strongly suggests that participants in the additive task have been able 
to abstract knowledge consistent with the underlying combination rule, while in the 
multiplicative task the participants have not been able to do so (Figure 3). While participants 
where performing almost equally well after the training phase, their ability to integrate the 
information differs to a great extent. Even though the judgments in the multiplicative test 
condition (Panel D) are a positive function of the criteria and even though the range in this task 
is much wider than in the additive task, the most extreme judgments are as best to be seen as the 
result of a mere adding of the pieces of information confronted with in the training phase. 
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Figure 3. Panel A: Mean judgments from the training phase with two cues in the additive task of Experiment 2 
plotted against the criterion. Panel B: Mean judgments from the training phase with two cues in the multiplicative 
task of Experiment 2 plotted against the criterion. Panel C: Mean judgments from the test phase in the additive task 
of Experiment 2 plotted against the criterion. Panel D: Mean judgments from the test phase in the multiplicative task 
of Experiment 2 plotted against the criterion. 
 
Discussion 
The hypothesis of a division of labor between distinct cognitive processes in multiple-cue 
judgment is supported by the experiments. Because of limitations of our cognitive architecture, 
abstraction and controlled elaboration and integration of the impact of several cues (cue-
abstraction processes) is not a viable alternative in environments where cues are not combined in 
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an additive and linear manner. In Experiment 1, participants in the additive condition obviously 
conformed to a cue-abstraction process. In the multiplicative condition, cue abstraction was not a 
viable alternative, and hence the participants employed exemplar-memory.  
    As well as impairing performance in both tasks, the working memory distracter induced a 
small but significant representational shift. These results implies that a) through allocation of the 
cognitive resources needed for proper working memory involvement in cue abstraction a shift to 
the back-up system of exemplar memory might be a strategy and b) as predicted by ∑, exemplar-
memory, as well as cue abstraction, also involves controlled cognitive processing. 
    In Experiment 2, the results indicate that, although facilitating the acquisition of knowledge 
consistent with the underlying multiplicative combination rule, participants fail in that respect. 
Since no proper abstraction has been done, no proper integration of information in the test phase 
was managed. Experiment 2 provides a strong support for ∑. 
    
Study 2 
 
In Study 2 we constructed a task more compatible with what is a standard multiple-cue judgment 
task. The cues vary on a continuous dimension instead of a binary dimension and they are 
presented as written proposals on the screen. There were two main aims with this study: a) to 
replicate the results from Study 1 Experiment 1 with this more complex task and b) to 
manipulate the direction of the cue-criterion function to allow investigation of how people were 
able to learn the cue-criterion function forms. The majority of the empirical data on the issue of 
learning cue-criterion function forms stems from experiments where only one cue-criterion 
relation has to be learned (Klayman, 1988; Koh & Meyer, 1991; Slovic & Lichtenstein, 1971). 
How does this relate to learning of multiple cues and their function forms?  
    In the experiment in Study 2 we manipulated the combination rule to be either additive or 
multiplicative. We also manipulated whether the cue-criterion functions were linear with positive 
slopes or linear with two cues having positive and two cues having negative slopes. The 
hypothesis given from ∑ is that in an additive task, whether the cue-criterion functions are all 
positive linear (homogeneous condition) or whether two of them are positive and two negative 
(heterogeneous condition) there would be evidence for cue abstraction, although cue abstraction 
might be more complex in the heterogeneous condition. In a multiplicative task, this 
manipulation should not affect the postulated prevalence of exemplar memory. 
    Thirty-two participants conducted the experiment. In a training phase the participants were to 
judge the effectiveness of a herb as a medical treatment to a lethal virus on a continuous scale 
ranging from 510-590. Outcome feedback was provided. In a test phase without feedback, 
exemplars in the extreme ends of the continuum were introduced, as well as some new exemplars 
in the interpolation range. 
    Dependent measures. The measure of performance is Root Mean Square Error (RMSE) 
between judgments and criterion. The measures of model fit are Root Mean Square Deviation 
(RMSD) between judgments and prediction and the coefficient of determination (r2). 
 
Results 
The results from Study 2 indeed show a qualitative shift between cue abstraction and exemplar 
memory when the underlying function are shifted from additive to multiplicative. Figure 4 shows 
the mean judgments in this task. In the additive conditions the judgments are a positive linear 
function of the criteria. In the multiplicative task, inabilities of extrapolation are evident. 
Performance was better in the additive task with a lower RMSE in both additive conditions, than 
in both multiplicative conditions. 
    The model fits show that in the additive task, both conditions, the cue abstraction model fits 
the data best. In the multiplicative task, in the homogeneous condition the exemplar based model 
fits data best. In the multiplicative heterogeneous task performance was very poor, hence the 
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model fit is very difficult to interpret. However, the trend seems to be that the exemplar based 
model fits data best in terms of r2 but not in terms of RMSD, where the multiplicative cue 
abstraction model fits data best. Still, however, the exemplar based model provides the best fit for 
most of the participants in both multiplicative tasks. 
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Figure 4. Mean judgments plotted against the criterion for the different conditions. Panel A: additive, homogeneous. 
Panel B: multiplicative, homogeneous. Panel C: additive, heterogeneous. Panel D: multiplicative, heterogeneous. 
Best-fitting regression lines are based on a) the old exemplars seen in training or b) the new exemplars introduced at 
test. 
 
Reanalysis of the results 
The exact model fit procedure in Study 2 was that, for each participant, the judgments on the 
110 last exemplars encountered in training was used to estimate the values on the free parameters 
(i.e. the cue weights in the cue abstraction model and the attention weights in the exemplar 
model). Thereafter, these values were used when the models predicted test data (the procedure of 
projective fit). However, a more appropriate procedure in a task where all exemplars encountered 
in the training phase are unique (i.e., Study 2; 300 unique exemplars) would be to conceive of the 
possibility that all those exemplars are stored in memory. Hence, only allowing the last 110 
exemplars to form the knowledge base seems not to be the best alternative. However, it is 
reasonable to believe that it is during the last part of the training phase that learning of the cue 
weights/attention weights is stabilized. The correct way of modeling data in this task thus appear 
to be to estimate the parameters from the last part of the training phase (for example the last 40) 
with 300 exemplars assumed to be stored in memory.  
    A reanalysis of the data were made, using the new procedure just described. The interaction 
between the cue abstraction model and the exemplar model hypothesized by ∑ was significant; in 
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the additive task the cue abstraction model fits data best, in the multiplicative task the exemplar 
model fits data best. However, the results also show that the task do not allow us to distinguish 
between the exemplar model and the multiplicative cue abstraction model. Figure 5 shows the 
number of participants accounted for by each of the models. 
 

Multiplicative Condition

Homogeneous Cues

EBM, 25.0 %

CAM(M), 37.5 %

CAM(A), 37.5 %

Additive Condition

Homogeneous Cues

CAM(A), 100.0 %

Multiplicative Condition

Heterogeneous Cues

CAM(A), 40.0 %

EBM, 60.0 %

Additive Condition

Heterogeneous Cues

EBM, 33.3 %

CAM(A), 66.7 %

A B

 
Figure 5. The proportion of participants best accounted for by any of the three models in the additive and the 
multiplicative conditions in terms of RMSD. Panel A: additive condition. Panel B: multiplicative condition. 
 
Discussion 
Also in a more typical multiple-cue judgment task, where the cues vary continuously and are 
presented as written statements, do we find support for the predictions made by ∑. When the 
cues are related to the criterion with an additive function, homogeneous or heterogeneous, 
participants are able to abstract the underlying relations and conform to cue abstraction. When 
the cues are related to the criterion with a multiplicative function, participants rely on exemplar-
memory.  
    Low performance (much noise in data) and a high correlation between the predictions from 
the exemplar model and the multiplicative cue abstraction model may explain why the 
multiplicative cue abstraction model fits data just as well as the exemplar model. However, there 
are reasons to believe that exemplar memory has been the dominating process. Considering that 
in Experiment 1, Study 1, where the binary task enabled more distinct predictions between the 
multiplicative cue abstraction model and the exemplar model, the exemplar model described 
judgment data best. When successful performance in the binary multiplicative task required 
utilization of exemplar memory, the implications are that the complex continuous task in Study 2 
would make multiplicative cue abstraction even more difficult, and hence promote exemplar 
memory. Further experiments are needed that enable us to distinguish between these two models 
before we can draw certain conclusions. 
    In terms of model fit, after the reanalysis the results concerning the cue directions show that in 
both the additive and the multiplicative task the observed reliance of exemplar memory increased 
when the cue functions were changed from homogeneous to heterogeneous. In the additive task 
this can be interpreted as an increase on the working memory demand, thus the back-up of 
exemplar memory is a viable strategy to cope with the complexity of the task. The possibly 
extensive use of hypothesis testing in the multiplicative homogeneous task may have proven to be 
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a strategy way to ineffective in the heterogeneous task, hence learning in the form of exemplar 
memory increased in prevalence. 
 
CONCLUSIONS AND GENERAL DISCUSSION 
 
In this thesis the aim was to discern the underlying cognitive processes of human multiple-cue 
judgment and point to one important factor shaping the interplay between these processes; the 
structure of the task. 
    In Study 1 we proposed a unified model of judgment; ∑. Models of judgment with detailed 
cognitive processing assumptions are few, compared to the growing body of such efforts in other 
fields of cognition. In ∑ we summarize much of what is known about controlled cognitive 
processing. The additive nature of cognition stressed in psychology (Andersson, 1981; Roussel et 
al., 2002) together with the extensive fit of linear and additive models to judgment data 
(Brehmer, 1994; Cooksey, 1996) implies an additive and sequential process structure also for 
judgment processes. When abstracting and integrating information into a judgment, we are 
constrained by the additivity of our minds not to engage in cue abstraction with intuitive cue 
integration in situations where the information combine non-additive and non-linear to form a 
criterion. In those situations we instead utilize our ability to store exemplars in our long term 
memory for later recall and integration in to a judgment. ∑ hence predicts that in a multiple-cue 
judgment task where the underlying combination rule is additive, cue abstraction will dominate 
the judgments, but in a task where the underlying combination rule is multiplicative exemplar 
memory will be induced. 
    Indeed, the results from Study 1 supported the claims made by ∑. In additive tasks abstraction 
of the underlying cue-criterion rules as well as integration of cues consistent with the additive 
combination rule were evident in the judgment data. On the other hand, in multiplicative tasks, 
no evidence for abstraction and integration consistent with the underlying multiplicative 
combination rule was found. These tasks instead seem to have induced processes of exemplar 
memory. 
    In Study 2 we aimed to draw the reasoning one step further and tested this prediction by ∑ on 
a more typical multiple-cue judgment task of greater informational complexity. Also in this task, 
and after reanalysis of the model fits, we found evidence for cue abstraction in an additive task 
and exemplar memory in a multiplicative task. However, according to the model fit data, we 
could not rule out the possibility that the participants were using cue abstraction based on the 
correct underlying multiplicative rule. Neither can we rule out the possibility that the 
multiplicative cue abstraction model is more flexible (i.e., accounting for more error variance in 
data) than the exemplar model. That multiplicative cue abstraction might be even more complex 
in the continuous task than in the binary task is one tentative reason to suspect that exemplar 
memory has been the dominating process. We can not bring clarity to this question until we have 
managed to design a task that provides more clear cut and distinct predictions between the two 
models.  
    Some important issues rising from the results from the studies are worthy of special notice. 
First is the issue concerning the extent of controlled processing within the exemplar based 
process. A more or less pronounced assumption has long been that exemplar memory involves 
little or no cognitive control. The resemblance between exemplar memory and automatization 
has been stated (Logan, 1988; Nosofsky & Palmeri, 1997). However, there is also an opinion in 
the direction of exemplar memory being more resembling of pure episodic memories (Knowlton, 
Ramus, & Squire, 1992). The difference may appear subtle but entails assumptions concerning 
the involvement of controlled processes. Seeing exemplar memory as implicit implies that 
elaborate manipulation of the retrieved exemplars is not to be seen as likely. Seeing exemplar 
memory as episodic, on the other hand suggests that retrieving episodes from memory and 
elaborate on them on the basis of controlled processes is an option. As stated in Study 1, ∑ 
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conforms to the latter proposal. Additive integration of information is either done with cues as 
the information pieces or with exemplars. A working memory distracter proves to impair both 
processes, as would be predicted following this assumption. 
    A second important issue is how learning on the basis of exemplar memory is arranged in more 
detailed terms. If it is just mere remembrance of exemplars that have crossed before the eyes, in 
principal all underlying task structures would be equally easy to learn. Obviously, as noticed in 
the results of Study 2, a multiplicative task with heterogeneous cue directions was barely managed 
with an exemplar based process.  A possible explanation for this phenomenon is in line with the 
previous reasoning; when the conscious control and focus of the learner is on hypothesis testing, 
that is, on trying different hypothesis of the underlying rule, exemplars are not stored as 
effectively as they would have been without the load on working memory capacity that hypothesis 
testing might impose. Thus, exemplar memory might involve conscious control both at the stage 
of learning (encoding) and at the stage of utilization (retrieval, similarity computation and 
criterion estimation). Future experiments, potentially aided with the methods of fMRI, are under 
consideration in which we will examine in more precise ways the nature of exemplar-based 
processes.  
    The most obvious limitations of the studies reported in this thesis are; a) the question of 
ecological validity, since learning in everyday tasks seldom takes the form as in our experiments 
(220 trials with outcome feedback) and since the stimuli usually are much more complex in real 
life, b) the possibility of other today unknown ways of modeling judgment data, accounting for 
more of the variance than our models, and c) the skewed distribution of criteria in the 
multiplicative task compared to the additive task. This latter point could in principle mean that 
participants have not encountered enough exemplars in the higher region of the distribution to be 
willing to give an extreme answer, as demanded in the test phase. However, this objection is 
partly ruled out when considering Study 1, Experiment 1, where the extreme judgments in the 
multiplicative condition are actually significantly lower than the judgments of the second to most 
extreme exemplar. The predictions by a resistance to giving the correct extreme judgment because 
it is high would rather be that the judgments stay near the maximum criterion experienced in 
training (i.e., 59, Experiment 1, Study 1). 
    Several of the assumptions in ∑ remain to be carefully tested. Studies are planned where we 
will examine the learning of correlations between cues. Hypothetically, correlations other than 
perfect in that respect (1.0), would not affect learning of a judgment task as long as exemplar 
memory is the strategy. However, with a cue abstraction process, the discovery of for example one 
cue correlating high with a second cue may lead to the ignorance of the second one, since the 
value of that cue gives no new information when trying to estimate the criterion. Also, the 
sequential assumption stated in ∑ need to be examined more in detail. With this respect we are 
also planning experiments where we will present stimuli sequentially so that the exemplars follow 
after each other when they vary on only one dimension. For example, after exemplar [1,1,0,0] 
will follow [1,1,1,0]. This manipulation we expect will enhance learning with a cue abstraction 
process. Also an implementation of ∑ as a process model, where judgments are made in real time 
based on either successive adjustments on the basis of cues or on the basis of exemplars, remains 
to be tested. 
    The research reported in this thesis does not only integrate research on multiple-cue judgment 
with methods and inquiries from categorization and memory research, also it is a contribution to 
the lack of knowledge reported in the literature of dual processes of the mind, when pinpointing 
details of the flexible interplay between different knowledge representations. The structure of the 
task is one important factor when predicting the relative contribution of qualitatively distinct 
representational systems to behavior. A continuing work thus hopefully will result in a unified 
model of human judgment. 
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