
Our experience of the world is mediated largely by the 
ways in which we categorize objects. What determines 
the categories that we learn and use? A great deal of 
research on human categorization has been done to ex-
amine how category structure affects this learning—for 
example, contrasting the ease of learning for disjunctive 
versus conjunctive categories, one- versus multidimen-
sional categories, or linearly versus nonlinearly separa-
ble categories (e.g., Bruner, Goodnow, & Austin, 1956; 
Medin & Schwanenflugel, 1981; Shepard, Hovland, & 
Jenkins, 1961). Such research has produced a large body 
of evidence demonstrating that category structure plays an 
important role in category learning, and our understand-
ing of this role becomes further refined with continued 
experimental efforts. In contrast to this predominant ap-
proach, some recent research has shifted the focus away 
from the structure of the to-be-learned categories and 
onto the characteristics of the learner. The present work 
extends this line of research by investigating the effects of 
the learner’s goals on the acquisition and organization of 
domain knowledge. Here, goals are considered as some 
end-state toward which the learner is striving (cf. New-
ell & Simon, 1972)—for example, determining foods to 
be eaten on a diet or gifts appropriate for a 2-year-old. 
Across three experiments, we presented different groups 
of participants with different goals as they learned about 
the same set of novel stimuli. We then investigated the ef-
fects of these varying goals by administering subsequent 
categorization and induction tasks.

Goals and the Organization  
of Domain Knowledge

There have been a number of studies demonstrating that 
expert individuals categorize domain-related information 

differently than do nonexperts (e.g., Chi, Feltovich, & 
Glaser, 1981; Murphy & Wright, 1984; Tanaka & Taylor, 
1991). The general picture that emerges from this research 
is that the transition from novice to expert involves the 
acquisition of progressively “deeper” knowledge struc-
tures (Bédard & Chi, 1992). However, when we examine 
differences between experts with different specializations 
in a domain (which are effectively overlooked in expert–
novice comparisons), we find evidence that there may be 
more to this story.

Recent research has shown that experts organize their 
domain knowledge around ideals—that is, characteris-
tics that best serve their goals (Burnett, Medin, Ross, & 
Blok, 2005; Lynch, Coley, & Medin, 2000; Medin, Lynch, 
Coley, & Atran, 1997; Shafto & Coley, 2003). Medin 
et al. (1997), for example, found that different types of 
tree experts (taxonomists, landscapers, and maintenance 
workers) categorized the same set of familiar tree species 
in distinctive ways. Not surprisingly, the taxonomists’ 
categorizations aligned closely with scientific structure. 
The other groups of experts, however, appeared to form 
categories based on properties relevant to their particular 
goals in interacting with trees, such as weediness, land-
scape utility, and aesthetics. Similar variability between 
expert specialists has been documented with genetics ex-
perts (Smith, 1990, 1992)  and experts in aquatic systems 
(Hmelo-Silver & Pfeffer, 2004). Experts may even rate 
the goodness of example (GOE) for exemplars in terms 
of similarity to ideals, rather than in terms of such factors 
as familiarity and central tendency (Burnett et al., 2005; 
Lynch et al., 2000). Thus, for some tree experts, the best 
examples of trees may have atypical attribute values, such 
as extreme height. Altogether, these findings suggest that 
goals have important consequences for expert knowledge, 
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with different specialists organizing their knowledge 
around different ideals. 

The influence of goals does not appear to be restricted 
to highly trained experts; it may be a factor in the orga-
nization of common knowledge as well. Barsalou (1983) 
found that people utilize so-called goal-derived categories 
for planning and reasoning (e.g., things to take out of the 
house in the event of a fire). These goal-derived catego-
ries seem to violate the correlational structure of the en-
vironment, in that their members bear little resemblance 
to one another (e.g., the aforementioned category may 
include expensive paintings, children, pets, and family 
heirlooms). Nevertheless, people demonstrate an impres-
sive consensus in their GOE ratings for members of goal-
derived categories, and these ratings maintain stability 
over time (Barsalou, 1985). In Barsalou’s (1985) research, 
participants appeared to base their GOE ratings on ideal 
feature values related to the goal(s) under consideration; 
the closer the exemplar’s feature values were to these ideal 
values, the higher its goodness rating. These results mirror 
the findings with expert specialists, who appear to use ide-
als in their GOE ratings for domain-related stimuli.

Interestingly, Barsalou (1985) also found that ideals 
contributed to participants’ GOE ratings for exemplars in 
common taxonomic categories, such as birds, furniture, 
and so forth. For example, the ideal of how much people 
like it accounted for a significant amount of unique vari-
ance in participants’ GOE ratings for exemplars from the 
category of birds. Similarly, Ross and Murphy (1999) 
found that people categorized familiar food items not only 
in terms of familiar food group distinctions (e.g., meats, 
dairy products, etc.), but also by apparently goal-based 
standards that dictate when they are eaten (e.g., break-
fast foods, snack foods, etc.). The picture seems to be that 
goals have far-reaching effects on knowledge organiza-
tion; experts are not the exception.

Although highly suggestive of the influence of goals 
during learning, the findings considered thus far are all 
correlational in nature. Thus, they do not rule out the pos-
sibility that some factor(s) other than goal use could ac-
count for the observed variations in knowledge organiza-
tion, both between expert specialists and within normal 
populations. Our experimental procedure was specifically 
designed to investigate the effects of goal use on knowl-
edge acquisition, while controlling for other variables that 
might affect category learning, such as the frequency of 
exposure to stimuli, the nature of the learning task, and, 
of course, the structure of the presented stimuli. We also 
manipulated goals across experiments, thus enabling us to 
explore what properties of the goal were responsible for 
their influence on domain knowledge. Because numerous 
studies point to the influence of goals on knowledge ac-
quisition, this experimental approach provides an impor-
tant bridge to previous research.

The Effects of Interacting With Stimuli
Exploring the influence of goal variation on categoriza-

tion and induction also extends recent research that has 
examined how category knowledge is affected by differ-
ent interactions with category members. One such line 

of research has compared how learning differs between 
traditional category learning tasks and other tasks, such as 
inference tasks, which require the learner to infer an ex-
emplar property on the basis of its category membership 
and other known properties (Yamauchi, Love, & Mark-
man, 2002; Yamauchi & Markman, 1998). The findings 
from this research suggest that learners develop different 
knowledge depending on the task constraints that govern 
their interactions with exemplars. For example, Yamauchi 
and Markman found that learning through inference led to 
the development of category knowledge that emphasized 
the internal structures of the learned categories, whereas 
learning through classification led to knowledge empha-
sizing the features that distinguished between them.

Another line of research has examined how previously 
acquired category knowledge is affected when exemplars 
are subsequently used in some additional task (Ross, 
1996, 1997, 1999, 2000). The findings from this research 
suggest that the learner establishes a single knowledge 
structure that is shaped by both classification and use, 
rather than forming separate representations for each 
task (Markman & Ross, 2003). For example, Ross (2000) 
found that the use of particular disease symptoms to pre-
scribe medical treatments led participants to favor these 
features in a subsequent classification task, even though 
they were no more diagnostic of category membership 
than were other features that accompanied them.

Our experiments extended this research by examining 
the effects of interacting with stimuli in an unsupervised 
learning environment, in which the learner received no ex-
plicit instruction or feedback about the category structure 
of the stimuli. Most previous studies have used supervised 
learning tasks—for example, the standard concept attain-
ment task (cf. Bruner et al., 1956), which typically in-
volves presenting the learner with exemplars from differ-
ent categories one by one, asking them to make a category 
decision for each exemplar, and then giving them feedback 
about the accuracy of each response. Thus, category infor-
mation is often explicitly taught prior to the interaction 
manipulation. Rather than examining the effects of goal-
directed interactions on preestablished category knowl-
edge, we examined how interactions affect the emergence 
of different knowledge structures. Unsupervised learning 
is arguably a more ecologically valid approach by which 
to examine the effects of goals on knowledge organization 
(see Murphy, 2002, 2003), especially when one considers 
that expertise develops through years of experience in a 
domain, rather than through a process of classification 
followed by external feedback.

In summary, a number of correlational studies have sug-
gested that goals influence how experts and nonexperts 
organize their domain knowledge, yet little experimental 
research has been done to investigate how goal use affects 
the emergence of goal-based knowledge structures. The 
purpose of the present research was to explore how goal-
directed learning affects the acquisition and organization 
of domain knowledge. In addition to examining the effects 
on knowledge organization by using a categorization task, 
we also examined how participants applied their domain 
knowledge by presenting them with a property induction 
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task. If goal use results in category knowledge that is bi-
ased toward goal-relevant ideals, then, in certain contexts, 
property induction may evidence a similar bias.

Overview of Experiments
In the three experiments presented here, participants 

were exposed to the same stimuli (a set of novel creatures) 
but interacted with them according to different goals. 
These interactions required the participants to determine 
which of the stimuli were best suited for attaining their 
designated goal. After a two-session phase of goal-directed 
interactions with the stimuli, the participants were given 
a hierarchical sorting task, followed by a property induc-
tion task. The entire procedure took four experimental ses-
sions, because the participants were required to sort the 
stimuli both before and after the 2-day interaction phase, 
allowing us to assess changes in knowledge organization 
directly.

It was hypothesized that the nature of the participants’ 
goal-directed activities would influence their categoriza-
tions and inductions. If the participants organized their 
knowledge of the stimuli around goal-related features, an 
idealized category structure based on such features should 
provide a good fit to the categories that they construct. 
If the participants utilized goal-related information for 
property induction, they should generalize a novel prop-
erty from one item to another item that was similar with 
respect to goal-relevant features.

Experiment 1

The purpose of the first experiment was to experimen-
tally manipulate the participants’ goals as they learned 
about a novel set of creatures and to assess the effects of 
this manipulation on their domain knowledge. All the par-
ticipants were presented with the same cover story, that 
they had been hired as consultants for a corporation. The 
goal for this consultation position was manipulated be-
tween groups, but in all the conditions, the participants 
interacted with the same set of creatures. Each of these 
creatures had three types of properties in equal propor-
tions. Two groups of participants were assigned to a goal 
condition that required them to use one of these feature 
types, the particular type differing between groups. A con-
trol group was assigned to a goal condition that did not 
require the use of any particular feature type over another. 
Thus, different feature types were goal relevant for the 
former two groups, whereas no particular type was goal 
relevant for the control group.

In the first experiment, the participants were presented 
with two postlearning tasks: a hierarchical categorization 
task and a blank property induction task. In the hierarchi-
cal categorization task, the participants were required to 
sort the stimuli into pairs, then groups of four, and then 
groups of eight. In the blank property induction task, the 
participants were required to generalize a novel property 
from one stimulus to one of two options. This novel prop-
erty was a so-called blank property, designed so that it 
would be unfamiliar to the participants and could not be 
straightforwardly related to particular stimulus features 

(see Osherson, Smith, Wilkie, López, & Shafir, 1990; 
Rips, 1975).

Method
Participants

Twenty-one undergraduates from the University of Illinois at Chi-
cago participated to fulfill a course requirement. The participants 
were run individually, and 7 participants were randomly assigned to 
each of three conditions.

Goal Manipulation
Goals were manipulated between groups by providing different 

versions of a cover story. All the participants were informed that 
a large corporation had purchased an island habitat with the inten-
tion of introducing a set of 16 creatures to it. The participants were 
told that the corporation had hired them as consultants. Specifically, 
the avoid predators group (Group AP) was told that the corporation 
hired them to determine which creatures were best suited for avoid-
ing predators, the nutritional value group (Group NV) was told that 
the corporation hired them to determine which creatures were high-
est in nutritional value, and the control group (Group C) was told 
that the corporation was interested in monitoring the creatures and 
had hired them to determine which would be easiest to remember. 
The participants pursued their designated goals in the context of the 
interaction tasks described below.

Stimuli
On the basis of stimuli from a previous experiment (Jee & Wiley, 

2004),1 a set of 16 creatures was constructed using three feature 
types: pictorially represented (PR) features, features related to avoid-
ing predators (AP), and features related to nutritional value (NV). PR 
features were depicted in an illustration of the creature, and AP and 
NV features were written below the illustration. (Figure 1 displays 
two sample creatures; Appendix A provides written descriptions of 
the PR properties and information about their distribution.) The AP 
and NV features were designed to have no prior meaningfulness to 
the participants (e.g., izzdedd cells). However, their meanings were 
embedded within each feature label; for example, possessing izzdedd 
cells allowed a creature to play dead (Appendix B lists each feature 
label and its meaning). The reason that the AP and NV feature labels 
were presented, instead of their meanings, was to eliminate the pos-

Nocalin blood
Camo arch
Kwickru in blood
Nolofa artery
Noprolots in gut
Divin membrane

Wilnest in gut
Nocalin blood
Nolofa artery
Kwickru in blood
Divin membrane
Noprolots in gut

Figure 1. Two examples of the creature cards used in these ex-
periments. The actual cards were in color.



840        Jee and Wiley

sibility that the participants would use prior knowledge of these fea-
tures in their initial categorizations; this would obscure our pre- to 
postlearning comparison and could interfere with their performance 
in the goal-directed interaction tasks. To avoid these unwanted pos-
sibilities, the feature labels were presented in lieu of their meanings 
throughout the experiment. The participants were taught all of the 
feature meanings in the pretraining tasks outlined below.

In order to test our hypotheses about the effects of goal-directed 
activity on knowledge organization, the PR, AP, and NV features 
were distributed among the creatures so that unique hierarchies 
would be formed using each feature type. Each creature had 9 fea-
tures altogether, 3 of each type. These 3 features were selected from a 
pool of 14 features, which differed in frequency: 8 features occurred 
in 2 of the 16 creatures, 4 features occurred in 4 of the 16, and 2 fea-
tures occurred in 8 of the 16 (the Appendixes display each feature, 
along with its frequency). Each creature possessed 1 feature of each 
frequency for each type (the stimuli possessing each property are 
indicated in the Appendixes). This distribution permitted the crea-
tures to be sorted hierarchically, using each feature type by grouping 
them on the basis of feature commonalities at each frequency level: 
into eight pairs using the lowest frequency features, into four groups 
of 4 using the next lowest frequency features, and into two groups 
of 8 using the highest frequency features. The Appendixes show that 
different categories will be formed depending on which feature type 
is used as a basis for classification; for instance, Creature 1 is most 
similar to Creature 4 in terms of PR features, to Creature 2 in terms 
of AP features, and to Creature 3 in terms of NV features.

Another important characteristic of both the AP and the NV fea-
tures is that half of them were positive (e.g., camouflage capability, 
rich in vitamins), and half were negative (no camouflage capabil-
ity, not rich in vitamins). The negative features were designated by 
the prefix no in the feature labels (e.g., Camo arch 5 camouflage 
capability, Nocamo arch 5 no camouflage capability). Eight of 
the 16 creatures received positive AP features (Creatures 1–8), and 
8 received negative AP features (Creatures 9–16). Likewise, half 
of the creatures received positive NV features (the odd-numbered 
creatures), and the other half received negative NV features (the 
even-numbered creatures). Consequently, half of the creatures with 
positive AP features had positive NV features (Creatures 1, 3, 5, 
and 7), whereas the other half had negative NV features (Creatures 
2, 4, 6, and 8). Half of the creatures with negative AP features had 
positive NV features (Creatures 9, 11, 13, and 15), whereas the other 
half had negative NV features (Creatures 10, 12, 14, and 16). This 
distribution of positive and negative features implies that the sorting 
structures based on AP and NV features not only will be structur-
ally unique, but also will contain distinct groups and subgroups for 
creatures with positive and negative features of each type.

Overview of Procedure
As has been stated, goal information was varied between groups, 

but each group was exposed to the same stimuli. Before receiving 
goal information, the participants performed their first sorting of the 
stimuli (the hierarchical sorting task) and then learned the meanings 
of the feature labels displayed with each creature’s pictorial repre-
sentation, followed by a short test on this information (the preinter-
action tasks). This all took place during the first experimental ses-
sion. In the second and third sessions, the participants were required 
to use their goal in their interactions with the stimuli (the interaction 
tasks). The interaction tasks were preceded by a short test to as-
sess whether the participants remembered the meanings of all of the 
feature labels that they had learned about in Session 1, not just the 
goal-relevant ones. In Session 4, the hierarchical sorting task was 
administered again, followed by the blank property induction task. 
We will describe each of the experimental tasks below.

Preinteraction tasks. The participants learned the meanings of 
the feature labels in a self-paced slide show. Following this, they 
completed a computerized multiple-choice test consisting of 14 
questions about the feature meanings. Since the negative feature 
values simply contained the positive feature label preceded by 

the prefix no, we considered it redundant to test the participants’ 
memory for all 28 meanings. Each feature label was tested, either in 
positive or negative form. The participants were given up to five test 
attempts to complete the test without error. Three versions of the test 
were constructed by manipulating the order of the questions and the 
order of options within each question. A different test version was 
administered to each participant on Days 1, 2, and 3.

Interaction tasks. These tasks contained memory and evaluation 
components, in which the participants were expected to identify and 
use goal-relevant information. At the beginning of each trial, a crea-
ture (illustration and written features; see Figure 1) was displayed on 
a computer screen for 10 sec. Following this display, the participants 
completed a 2-page form. On page 1 was a checklist of all 28 pos-
sible creature features, and the participants were instructed to check 
the features possessed by the creature that had just been displayed. 
The participants in Groups AP and NV were asked to check only the 
features relevant to their respective goals, whereas the participants 
in Group C were asked to check all of the creature’s features. The 
purpose of this memory component of the task was to determine 
whether the participants could select and correctly remember the 
goal-relevant features belonging to the creature that they would have 
to evaluate. On page 2 of the form, the participants evaluated the 
presented creature with respect to their goal: whether it would be 
good at avoiding predators (Group AP), a good source of nutrition 
(Group NV), or difficult to recall later on (Group C). After complet-
ing both pages, the participant advanced the screen, initiating the 
next trial. Each of the 16 creatures was shown in a random order.

Hierarchical sorting task. Each of the 16 creatures was dis-
played on a 5 3 8 in. card, including both its pictorial and its written 
features. Before sorting the cards, the participants were shown each 
of them one by one for about 2 sec apiece. Following this, the cards 
were randomly arrayed on a table in front of the participants, and they 
were instructed to find the “best way” to organize them. First, the 
participants were asked to form eight pairs of creatures. They were 
then asked to form four groups of 4 creatures, using the pairs that they 
constructed. Finally, they were asked to combine the four groups of 
creatures into two groups of 8. This task was administered on Day 1 
and Day 4. The sorting instructions on Day 4 were identical to those 
given on Day 1, except that on Day 4, the participants were instructed 
to use their knowledge of the creatures to construct categories.

Blank property induction task. In each trial of this task, the 
participants were informed that a given creature had a novel prop-
erty, “sarca.” This property was selected to have no particular mean-
ingfulness to the participants and to have no privileged relation to 
PR, AP, or NV features. The task was to select which of two target 
creatures was most likely to also have the novel blank property, given 
that the base creature had it. All the items were presented on a com-
puter screen. The original item was presented for 10 sec and then 
replaced by two targets that were displayed until the participants 
made their selection. Following their response, a blank screen was 
displayed for 2 sec, followed by the next trial.

The participants received two types of trials. In both trial types, a 
more pictorially similar target (the PR target) competed with either 
a more AP-related or a more NV-related target. In AP versus PR tri-
als, one target shared more PR features with the original item, and 
the other target had more AP features in common with the original. 
Importantly, both targets had exactly the same NV-related features 
in common with the original. Thus, these trials tested whether in-
duction of the novel property would be based on pictorial or AP-
related commonalities between the original item and the targets. An 
example of an AP versus PR trial could have Creature 2 as the base 
and Creatures 8 and 10 as the targets. In terms of AP features, Crea-
ture 2 is more similar to Creature 8, because both have three posi-
tive AP properties and share the ability to dive underwater. In terms 
of PR features, Creature 2 is more similar to Creature 10, because 
both have stripes on their bodies. In terms of NV features, however, 
Creature 2 is equally similar to Creatures 8 and 10, because all three 
creatures have three negative NV features and do not have a lot of 
protein. The NV versus PR trials were analogously designed so that 



Goal-Based Knowledge        841

a target with more NV features in common with the base would 
compete against one with more PR commonalities, while controlling 
for AP similarities. The participants were presented with an equal 
number of AP versus PR and NV versus PR trials. Trial order was 
randomized to create a single task list of 34 trials.

Procedure
The experiment took place over 4 consecutive weekdays. In Ses-

sion 1, the participants performed the hierarchical sorting task for the 
first time (as a prelearning baseline), completed the preinteraction 
tasks (learning the feature labels and completing a test on this infor-
mation), and then received goal information specific to their group 
assignment. Sessions 2 and 3 had formats that were similar to each 
other, with the participants first completing a test on the meanings of 
the feature labels and then completing the interaction task. Different 
versions of the feature test and interaction task were presented on each 
day. Finally, in Session 4, the participants completed the hierarchi-
cal sorting task for the second time (with the instruction to use their 
knowledge of the creatures to sort them) and then performed the blank 
property induction task. Each session took under 1 h to complete.

Results

Effects of Goal Use on Categorization: 
Hierarchical Sorting Task

The participants were required to sort the stimuli twice; 
once before the goal-directed interaction phase to estab-
lish a baseline and once afterward to examine the effects 
of these goal-directed interactions. Treatment of the sort-
ing data closely followed techniques used by Medin et al. 
(1997). Each sorting hierarchy was used to derive a 16 3 
16 pairwise distance matrix, yielding an initial and final 
distance matrix for each participant. A number was as-
signed to each cell of the matrix corresponding to the level 
at which the pair of creatures was combined. Creatures 
combined at the lowest level (when the participant formed 
pairs) were assigned a distance of 1; creatures combined 
at the next level (groups of four) were assigned a distance 
of 2; creatures combined at the highest level (groups of 
eight) were assigned a 3; creatures not combined at any 
level were assigned a default distance of 4. Only the 120 
unique cells above the diagonal were used in subsequent 
analyses, because of their redundancy with the cells below 
and because the cells on the diagonal (the distance between 
a creature and itself) are irrelevant. Distances were aver-
aged across participants in each group to create six differ-
ent matrices, representing each group’s initial (Day 1) and 
final (Day 4) sorting. Distance matrices were also derived 
from the ideal sorting structures (APi and NVi), as well as 
the ideal based on PR features (PRi). The initial and final 
distance matrices for each group were correlated with the 
matrices derived from each of the ideal structures. Be-
fore presenting the correlations between the group and 
the ideal matrices, it must be noted that as a result of the 
distribution of each feature type in the stimulus set, the 
ideal structures were not significantly correlated with one 
another (these correlations ranged between ].16 and .15, 
n.s.). This implies that a high correlation between a group 
structure and an ideal structure cannot be attributed to co-
variance among the ideal structures.

Table 1 displays the correlations between each group’s 
initial and final distance matrices and each of the ideal ma-
trices. (Individual participants’ data will be displayed later, 

in the Results section for the second experiment.) A similar 
pattern of correlations is revealed in the initial sorts for all 
three groups, with pictorial commonalities being highly fa-
vored. This initial pictorial bias is no longer evident in the 
participants’ final sorts, although Group C’s final correla-
tion with PRi approximates their correlations with the other 
two ideals, APi and NVi. The pattern of correlations for 
the final sorts also reveals important differences between 
groups. Specifically, Groups AP and NV formed category 
structures that closely aligned with their respective ideals, 
APi and NVi, whereas Group C showed a modest correla-
tion with each structure. This pattern of results was further 
explored by determining which ideal structure, APi or NVi, 
provided a better fit to each group’s final sort.

Following procedures outlined by Pellegrino and Hu-
bert (1982), these analyses of fit involved normalizing 
the APi and NVi distance matrices, using these normal-
ized matrices to compute a difference matrix, and then 
correlating this difference matrix with each group’s final 
distance matrices. A significant correlation between the 
difference matrix and a group matrix would imply that 
one of the ideal structures provided a better fit to the data 
than did the other structure. These analyses of fit revealed 
that APi provided a significantly better fit than did NVi 
for Group AP’s final sort [r(120) 5 .61, p , .01], NVi 
provided a better fit for Group NV’s final sort [r(120) 5 
.59, p , .01], and APi and NVi fit Group C’s final sort 
equally well [r(120) 5 .10, n.s.].

In summary, all three groups evidenced the initial ten-
dency to use the pictorially represented features for sorting 
the creatures on Day 1, as could be expected; at this point, 
the written features were nonsensical. However, the sorts 
on Day 4 evidenced the influence of goal-directed activity 
on category formation. All the groups shifted away from 
using the PR features in their final sorts, but only Groups 
AP and NV showed a strong shift toward another ideal, the 
ideal related to their respective goals.

Effects of Goal Use on Induction:  
Blank Property Induction Task

To test whether the pursuit of goals during knowledge ac-
quisition affects the way that domain knowledge is used, the 

Table 1 
Correlations Between the Ideal Matrices for the Pictorially 

Represented, Avoid Predator, and Nutritional Value Features 
and the Initial and Final Distance Matrices for Each Group  

in Experiment 1

Group

 Structure  AP  NV  C  

Initial Sorts (Day 1)

PRi .96 .99 .93
APi .40 .13 .28
NVi ].08 ].17 ].01

Final Sorts (Day 4)

PRi .35 ].11 .51
APi .95 .22 .67
NVi .15 .99 .53

Note—PRi, pictorially represented ideal; APi, avoid predators ideal; 
NVi, nutritional value ideal.
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participants were presented with a blank property induction 
task. The participants’ choices in each of the two trial types 
were scored according to whether they were consistent with 
the use of nonpictorial commonalities between the base and 
the target. Thus, for AP versus PR trials, the participant’s 
choice was scored as a 1 if the AP target was chosen and as 
a 0 if the PR target was chosen. In NV versus PR trials, NV 
choices were scored as a 1 and PR choices as a 0. Figure 2 
displays the mean proportions of non-PR target selections 
in each trial type for Groups AP, NV, and C. It appears that 
Groups AP and NV were most likely to generalize the novel 
blank property to a goal-related target when they were given 
the opportunity to do so—that is, in AP versus PR trials 
for Group AP and in NV versus PR trials for Group NV. In 
contrast, Group C appears to have made roughly the same 
number of non-PR target selections in each trial type. This 
pattern of results is supported by a 3 (group) 3 2 (trial type: 
AP vs. PR and NV vs. PR) ANOVA on the mean propor-
tions of non-PR target selections. The analysis revealed a 
significant group 3 trial type interaction [F(2,18) 5 12.18, 
MSe 5 0.03, p , .01]. Follow-up analyses on this interaction 
compared the mean proportions of non-PR target selections 
in each trial type for each group. These follow-up analyses 
revealed that Group AP made more non-PR target selec-
tions in AP versus PR trials [F(1,18) 5 8.00, MSe 5 0.03, 
p , .05], Group NV made more non-PR selections in NV 
versus PR trials [F(1,18) 5 15.96, MSe 5 0.03, p , .01], 
and Group C made about the same proportion of non-PR 
selections in each trial type [F(1,18) 5 0.23, MSe 5 0.03, 
n.s.]. These results suggest that similarity with respect to 
goal-relatedness served as a basis for Groups AP and NV’s 
inductions. For trials on which goal-relevant commonali-
ties distinguished the two targets, members of Groups AP 
and NV were likely to select the non-PR target. When goal-
relevant commonalities could not be used to distinguish the 
two targets, these participants were less likely to select the 
non-PR target, making about the same proportion of non-
PR selections as did Group C.

At the group level, the participants in the AP and NV con-
ditions were found to use goal-related features across sort-
ing and induction. We examined the data within groups to 
determine whether the participants who sorted more closely 
to their group’s ideal also made inductions that were more 
consistent with the use of goal-related features. For the par-
ticipants in Group AP, the association between correlation 
with APi and mean proportion of non-PR choices in AP 
versus PR trials was slightly negative [r(7) 5 ].10, n.s.]. For 
the participants in Group NV, the association between cor-
relation with NVi and mean proportion of non-PR choices 
in NV versus PR trials was also negative [r(7) 5 ].22, n.s.]. 
Thus, there is no evidence that, within groups, bias toward 
goal relatedness in sorting is associated with bias toward 
goal relatedness in induction (in fact, there is some evidence 
to the contrary). These analyses, however, suffer from two 
severe limitations: (1) They were based on samples of only 
7 individuals, and (2) the range of each variable (correlation 
with ideal and proportion of non-PR selections) was highly 
restricted. Thus, even if there were consistency across tasks 
at the individual level, the lack of variability within each 
group would prevent us from detecting it.

Discussion

In Experiment 1, we sought to examine how the use of 
goals in an unsupervised learning environment affects the 
organization of domain knowledge and the application of 
this knowledge. We hypothesized that goal use would lead 
to a reliance on goal-relevant features in both the catego-
rization and the induction tasks. For categorization, ideal-
ized structures based on goal-relevant properties provided 
a good fit to Groups AP and NV’s categorizations. This 
implies that the participants did not merely distinguish 
“good” from “bad” exemplars with respect to their goal; 
they were sensitive to the particular features that contrib-
uted to these evaluations and categorized on the basis of 
exact matches of these features. The participants in the AP 
and NV conditions also based their property inductions on 
goal-relevant feature commonalities. Group C, who used 
all of the feature types about equally in their goal-directed 
task, did not evidence a bias toward any particular feature 
type in categorization or induction.

The results across the categorization and induction tasks 
suggest that the participants structured their knowledge 
of the experimental stimuli around ideal features—those 
related to the goal they had in evaluating the stimuli. This 
finding corroborates similar suggestions from correla-
tional studies about the influence of goal use—for instance, 
Medin et al.’s (1997) study of tree experts. Indeed, the ef-
fects of goal use in the present experiment are relatively 
clear-cut (no pun intended), since the correlations between 
different feature types were strictly controlled. Our findings 
are also consistent with previous research on the effects of 
interacting with stimuli prior to categorization (e.g., Ross, 
1996, 2000). They add to this prior research by demonstrat-
ing that goal use may affect categorization in the absence 
of instruction about category structure. Finally, the results 
of this experiment align with Love’s (2003) finding that 
participants’ learning modes (i.e., how they interacted with 
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(PR) target selections in the blank property induction task for 
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groups as a function of trial type (6 SE).  *p , .05.  **p , .01.



Goal-Based Knowledge        843

exemplars) affected their evaluations of category member-
ship for simple one-dimensional stimuli. The results of the 
present study show a similar effect, using multidimensional 
stimuli and a hierarchical categorization measure.

Experiment 1 showed that participants are biased to-
ward goal-related information across different tasks, 
categorization and induction. Will this bias extend to a 
context in which goal-unrelated information is task rel-
evant? Some research suggests that extended goal use may 
lead to a general bias toward goal-relevant information. 
Hashem, Chi, and Friedman (2003), for example, found 
that medical experts were more likely to overdiagnose dis-
eases from their own area of specialization (e.g., a cardi-
ologist who favors a diagnosis of heart disease over other 
likely diagnoses). Similarly, in an experimental study, 
Ross (2000) found that the use of certain information to 
prescribe medical treatments led to a bias to use this infor-
mation in later tasks, such as disease diagnosis.

We examined the limitations of participants’ goal-
related biases in Experiment 2 by presenting them with an 
induction task that included meaningful properties, rather 
than blank properties. Previous research has shown that 
people may use different features as a basis for induction, 
depending on the meaning of the projected property. Heit 
and Rubinstein (1994), for example, found that biological 
class inclusion was used for induction of novel anatomical 
properties (e.g., base and target are mammals) but that, 
when the novel property was behavioral, it was more likely 
to be projected on the basis of behavioral similarity (e.g., 
base and target are predators). Our question was whether 
participants who completed a phase of goal-directed inter-
actions would use property-related features as a basis for 
induction or whether they would continue to rely on goal-
related information. In other words, would they display a 
general bias toward goal-relevant information, or would 
they apply their knowledge flexibly?

Experiment 2

In Experiment 2, we used essentially the same tasks and 
stimuli as those in Experiment 1. Our main extension was 
to examine property induction with nonblank (meaning-
ful ) properties—unfamiliar, novel properties related to ei-
ther avoiding predators or nutritional value. This allowed 
us to examine whether the participants would base their 
inductions on goal-relevant commonalities, as was found 
in Experiment 1, or on commonalities related to the mean-
ing of the property.

Method
Participants

Twenty-seven undergraduates from the University of Illinois at 
Chicago participated to fulfill a course requirement. The partici-
pants were run individually, and 9 participants were randomly as-
signed to each of three conditions.

Materials and Tasks
The same materials and tasks as those in Experiment 1 were used 

in Experiment 2, with the exception that the blank property induc-
tion task was replaced with the nonblank property induction task 
described below.

Nonblank property induction task. On each trial of this task, 
the participant was informed that a given creature was found to pos-
sess a novel property: the ability to detect predators from far away 
(AP), possessing high nutrient content (NV), or having abnormal 
sarcaloid levels (blank). The nonblank AP property was intended to 
be straightforwardly related to the AP features from the stimulus set, 
and the nonblank NV property was intended to be straightforwardly 
related to the NV features. The blank property was intended to ap-
pear equally related to the AP and NV features.

The participant’s task was to select which of two target creatures 
was most likely to also have the novel property that was attributed to 
the base creature. The base creature had novel pictorial features—for 
example, swirled body markings and novel facial features—so there 
was minimal pictorial feature overlap between the base and the tar-
gets. This base creature possessed familiar written features, three 
AP and three NV, which were distributed in line with the frequencies 
listed in Appendix A. In all the trials, one of the targets had more 
AP features in common with the base (AP target), and the other had 
more NV features in common with the base (NV target). Thus, the 
participant could project the novel property on the basis of either 
AP or NV feature commonalities between the base and the target. 
On all the trials, AP competed with NV. Each trial was presented 
on a computer screen. The original item was presented for 10 sec 
and was then replaced by two targets that were displayed until the 
participant made a selection. Following the response, a blank screen 
was displayed for 2 sec, followed by the next trial. The participant 
was presented with an equal number of trials in which AP, NV, and 
blank properties were attributed to the base creature (12 of each). 
Trial order was randomized to create a single task list that was ad-
ministered to each participant.

Procedure
The same procedure as that in Experiment 1 was followed, with 

the exception that on Day 4, the participants in this experiment com-
pleted the nonblank property induction task.

Results

Effects of Goal Use on Categorization: 
Hierarchical Sorting Task

As in Experiment 1, distance matrices were computed 
for each group’s initial and final sorts and were correlated 
with the matrices derived from the ideal structures—PRi, 
APi, and NAPi. Table 2 displays these correlations. All 
three groups initially favored the use of PR features for 
sorting on Day 1 but displayed different tendencies in 
their final sorts on Day 4, with Groups AP and NV show-
ing close alignment with their respective ideals (APi and 
NVi) and Group C showing a modest correlation with 
each ideal. Analyses were once again conducted to deter-
mine which ideal structure, APi or NVi, provided a better 
fit to each group’s final sort. These analyses revealed that 
APi provided a significantly better fit than did NVi for 
Group AP’s final sort [r(120) 5 .45, p , .01], NVi pro-
vided a better fit for Group NV’s final sort [r(120) 5 .48, 
p , .01], and APi and NVi fit Group C’s final sort equally 
well [r(120) 5 .15, n.s.]. Altogether, the results of the hi-
erarchical sorting task essentially replicated the results 
from Experiment 1. Again, Groups AP and NV formed 
categories in close alignment with their respective ideal 
category structures.

Up to this point, each group’s categorization perfor-
mance has been considered only in the aggregate. It is 
particularly of interest to examine Group C’s categoriza-
tions at the individual level. Is the observed pattern of 
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correlations (i.e., moderate correlations with each ideal) 
representative of the performance of the individual par-
ticipants in Group C, or could it be a product of averaging 
across participants who had a relatively pure preference 
for different feature types? To address this question, we 
plotted the correlations between each participant’s final 
distance matrix and the AP and NV ideal matrices. Fig-
ure 3 displays these data for all the participants across 
Experiments 1 and 2 (n 5 16). As was expected, the par-
ticipants in Groups AP and NV formed two distinct clus-
ters, one highly correlated with APi and the other highly 
correlated with NVi. Note that 4 participants in Group AP 
and 7 in Group NV evidenced perfect correlations with 
their respective ideals; thus, their data points overlap.

If the participants in Group C had a relatively pure pref-
erence for either AP or NV features in their sorting, they 
ought to fall within one of these clusters. However, it is 
clear from Figure 3 that this was not the case. The partici-
pants in Group C are distributed far less uniformly than 
are those in the other two groups, with some evidencing 
relatively low correlations with each ideal, whereas oth-
ers are relatively high. Only a couple of participants in 
Group C show a clear bias toward one of the two ideals. 
Thus, we can conclude that the mean pattern of results for 
each group does not distort the performance at the indi-
vidual level. This lends further support to our conclusion 
that forming categories around a particular feature type 
depended on whether this type was used exclusively in 
goal-directed activity prior to categorization.

Effects of Goal Use on Induction:  
Nonblank Property Induction Task

This task had three different trial types, which differed 
in terms of whether an AP, NV, or blank property was at-
tributed to the base creature. On each trial, an AP target 
competed against an NV target. We examined the mean 
proportion of AP target selections that the participants 
made in each trial type, although the same results would 
be obtained using mean proportion of NV target selections 
as the dependent variable. Figure 4 displays the mean pro-
portion of AP target selections by each group for each of 
the three trial types—AP, NV, and blank.

If each group made their target selections on the basis 
of goal-relevant feature commonalities, as was clearly the 
case for Groups AP and NV in Experiment 1, Group AP 
ought to have made a high proportion of AP target selec-
tions regardless of trial type, Group NV ought to have 
made a consistently low proportion of AP selections, and 
Group C could be expected to fall somewhere in between. 
Clearly, this was not the case. In fact, the meaning of the 
property seems to have played a significant role in each 
group’s inductions. All the groups appear to have favored 
AP targets in AP feature trials but selected NV targets in 
NV and blank feature trials (thus, the lower proportion of 
AP target selections). This observed pattern of results is 
supported by a 3 (group) 3 3 (trial type: AP, NV, or blank) 
ANOVA on the mean proportions of AP target selections. 
This analysis revealed main effects of group [F(2,24) 5 
3.93, MSe 5 0.07, p , .05] and trial type [F(2,48) 5 13.64, 
MSe 5 0.13, p , .01], but the group 3 feature type inter-
action was not significant [F(4,48) 5 0.15, MSe 5 0.13, 
n.s.]. Follow-up analyses on the main effect of trial type 
revealed that the participants made a significantly higher 
proportion of AP target selections in AP feature trials than 
in NV and blank trials [F(1,48) 5 8.87, MSe 5 0.13, p , 
.01]. Follow-up analyses on the main effect of group re-
vealed that Group NV made a lower proportion of AP tar-
get selections than did Group C [t(16) 5 2.90, p , .05].

Overall, when the participants were asked to project an 
AP-related property to either an AP or an NV target, they 
were likely to select the AP target. When asked to project 
an NV-related or blank property, they were less likely to 
select the AP target—that is, more likely to select the NV 
target. This pattern of results was observed across groups. 
However, the groups were found to differ in the proportion 
of AP target selections they made overall. Group NV was 

Table 2 
Correlations Between the Ideal Matrices for the Pictorially 

Represented, Avoid Predator, and Nutritional Value Features 
and the Initial and Final Distance Matrices for Each Group 

in Experiment 2

Group

 Structure  AP  NV  C  

Initial Sorts (Day 1)

PRi .99 .97 .99
APi .18 .22 .20
NVi ].14 ].14 ].11

Final Sorts (Day 4)

PRi .18 ].04 .40
APi .94 .34 .69
NVi .35 .97 .50

Note—PRi, pictorially represented ideal; APi, avoid predators ideal; 
NVi, nutritional value ideal.
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Figure 3. Correlations between each participant’s final dis-
tance matrix and the avoid predators (AP) and nutritional value 
(NV) ideal matrices. The data from both Experiments 1 and 2 
are displayed.
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the least likely to select the AP target across trials; that is, 
they were the most likely to select the NV targets.

One unexpected result from the nonblank induction 
task is that the participants in each group projected the 
blank property, abnormal sarcaloid levels, much as they 
did the NV-related property. Perhaps the participants in-
terpreted this property as being related to the NV features 
because it seems to refer to some internal, possibly bio-
chemical substance. Thus, the property may not have been 
as “blank” as we had intended. In support of this conjec-
ture, we presented each list of AP and NV feature mean-
ings to 28 naive participants and asked them to indicate 
which list seemed to fit the AP, NV, and blank properties 
used in the nonblank induction task best. All 28 partici-
pants indicated that the NV property fit best with the NV 
feature meanings, and 26 out of 28 indicated that the AP 
property fit best with the AP list. As was suspected, 23 
out of the 28 participants indicated that the blank prop-
erty fit best with the NV feature meanings [χ2(1) 5 11.57, 
p , .01]. Thus, it appears that the blank property was, in 
fact, biased toward one property type. Assuming that the 
participants in Experiment 2 were also inclined to relate 
the blank property to NV features, their bias toward NV 
feature commonalities on the blank property trials seems 
quite reasonable.

Discussion

Experiment 2 replicated the categorization results from 
the first experiment, finding that the participants in Groups 
AP and NV sorted the stimuli on the basis of goal-relevant 
commonalities. Whereas Experiment 1 showed that the 
use of certain features in goal-directed activities led to 
their use for the projection of blank properties, Experi-
ment 2 showed that the projection of nonblank (unfamiliar 
but meaningful) properties was not limited to goal-relevant 
commonalities. Thus, the participants were capable of ap-
plying their knowledge flexibly, using the information that 
was most salient within the context of the task, regardless 
of whether it was goal related or unrelated.

Together, Experiments 1 and 2 suggest that goal-directed 
interactions with stimuli produce knowledge that is orga-
nized around goal-related features. What is it about goal-
directed learning that leads to these effects? A reasonable 
possibility is that the participants in the experimental con-
ditions organized their knowledge around goals because 
this structure seemed most meaningful to them. For the 
participants in the control groups, there was little consen-
sus on the properties related to their goal; thus, a single 
ideal organizational structure did not emerge. There is, 
however, an alternative explanation for our results. In the 
experimental conditions, goal-directed learning required 
the participants to selectively attend to particular subsets 
of goal-related information (the memory component of 
the interaction task) and to evaluate category members 
with respect to their goal (the evaluation component). 
Perhaps the effects of goal-directed learning were simply 
a by-product of the participants’ attending to and using 
certain information and did not depend on the presence 
of a meaningful goal. If this was the case, simply direct-
ing the participants to attend to and use certain subsets of 
features would have led them to organize their knowledge 
around these features. Although we suspect that in every-
day life, selectively attending to and using certain infor-
mation rarely occurs in the absence of a meaningful goal, 
it is possible to tease apart mere use from the meaningful 
use that the participants performed in the first two experi-
ments. This was the purpose of Experiment 3.

Experiment 3

In this experiment, we examined the effects of the mere 
use of certain information. In each of two conditions, the 
participants were required to use a certain subset of stimu-
lus features, but they were not given a meaningful goal as 
the basis for doing so. One group of participants was asked 
to monitor the creatures’ R-type features, whereas the other 
was asked to monitor the B-type features. These subsets of 
features corresponded to the AP-related and NV-related fea-
tures, respectively. Goal-relevant information was explicitly 
revealed to the participants by coloring each creature’s writ-
ten features either red or blue. The red features corresponded 
to the R-type/AP features, and the blue corresponded to the 
B-type/NV features. The participants therefore used exactly 
the same information as that used by the participants in 
Groups AP and NV in the first two experiments. The same 
tasks as those in Experiment 1 were presented, with slight 
modifications to accommodate the novel goals.

Our question was whether the participants would subse-
quently organize their knowledge around the features that 
they used, similar to our findings for the meaningful use 
conditions in the previous experiments. If they did, this 
would suggest that the emergence of goal-related knowl-
edge structures might be a by-product of simply attending 
to and using certain stimulus features and did not depend 
on the presence of a meaningful goal. If the participants 
in the mere use conditions did not appear to organize their 
knowledge around the features that they used, this would 
suggest that the meaningfulness of the goal was critical to 
such effects.
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Method
Participants

Fourteen undergraduates from the University of Illinois at Chi-
cago participated to fulfill a course requirement. The participants 
were run individually, and 7 participants were randomly assigned to 
each of two conditions.

Materials and Tasks
The same materials and tasks as those in Experiment 1 were used 

in Experiment 3, except that different goals were presented to the 
participants and the interaction task was modified to reflect these 
different goals. Note that the participants performed the blank induc-
tion task, as in the first experiment.

Goals and background story. One group of participants, Group 
Red, was told that they had been hired as consultants for a large 
corporation. They were told that the corporation was interested in 
documenting the creatures’ R-type features and that these features 
would be indicated in red. The other group of participants, Group 
Blue, was told a similar background story, except that they were 
required to document the creatures’ B-type (blue) features.

Modified interaction task. During the modified task, the AP- 
and NV-related written features were colored red and blue, respec-
tively. The written features were colored only on the stimuli, not in 
the feature checklists that the participants completed for the memory 
component of the task. The written features were not colored for any 
of the other tasks. As in the previous experiments, the interaction 
task included a memory component, in which the participants were 
asked to indicate the R-type or B-type features of a recently presented 
creature. There was also an evaluation component, in which the par-
ticipants were asked (1) whether they thought it would be difficult to 
remember the creature’s R-type (or B-type) features later on, (2) why 
they thought it would be difficult or not, and (3) how difficult it would 
be, on a 1–10 scale. The evaluation component, like the memory com-
ponent, was intended to keep the participants focused on goal-related 
information in completing each task component. The participants saw 
the same items in the same order as in the previous interaction tasks.

Procedure
The same procedure as that in Experiment 1 was followed, except 

that the participants were given different goals and background sto-
ries and they performed the modified interaction task.

Results

Effects of Mere Use on Categorization: 
Hierarchical Sorting Task

As in Experiments 1 and 2, distance matrices were 
computed for each group’s initial and final sorts and 
were correlated with the matrices derived from the ideal 
structures—PRi, APi, and NVi. Table 3 displays these cor-
relations. As in the previous experiments, both groups ini-
tially favored the use of PR features for sorting on Day 1. 
Unlike in our prior findings for Groups AP and NV, how-
ever, the participants in the mere use conditions did not 
evidence a marked shift toward goal-relevant organiza-
tions in their final sorts. Group Red (AP) evidenced strong 
correlations with both the APi and PRi structures. Indeed, 
these two structures fit Group Red’s final sort equally well 
[r(120) 5 .15, n.s.]. Group Blue (NV) evidenced moderate 
correlations with all three ideal structures, much like the 
control groups in the previous experiments. This group’s 
final sort corresponded most closely with the APi and NVi 
structures; however, these two structures fit Group Blue’s 
final sort equally well [r(120) 5 .07, n.s.].

From inspecting the data in Table 3, there is some indi-
cation that mere use affected the information that the par-

ticipants used in their final sorts. The final sort for Group 
Red (AP) was most highly correlated with APi, whereas 
the final sort for Group Blue (NV) correlated highest with 
NVi. Inspection of the individual data revealed that these 
trends were driven mainly by two members within each 
group, whose sorts were nearly identical to their group’s 
ideal. Perhaps these participants noticed the commonali-
ties underlying the different colored features or simply 
responded more strongly to the mere use manipulation. 
At any rate, goal-related biases were not observed for the 
majority of the participants. Overall, the mere use of par-
ticular features, unlike meaningful use, did not result in a 
significant shift toward a goal-related organization.

Effects of Mere Use on Induction:  
Blank Property Induction Task

In this task, as in Experiment 1, the participants were 
asked to project a novel blank property from a base item to 
one of two possible target items. In two trial types, either 
AP and PR targets or NV and PR targets competed. For 
each group, we computed the mean proportion of non-PR 
selections for each trial type. If the mere use of certain 
features leads participants to use these features for induc-
tion, we would expect Group Red (AP) to make a higher 
proportion of non-PR selections in AP versus PR trials 
and Group Blue (NV) to make a higher proportion of non-
PR selections in NV versus PR trials. Figure 5 displays the 
mean proportions of non-PR target selections in each trial 
type for each group.

Unlike in the meaningful use groups, the mere use 
groups do not appear to differ in their selection of non-PR 
targets across trial types. It does appear that the participants 
made slightly more non-PR selections in the NV versus PR 
trials. It also appears that the participants in Group Blue 
(NV) were more likely to select the non-PR target than 
were the participants in Group Red (AP). To explore these 
results further, we conducted a 2 (group) 3 2 (trial type: 
AP vs. PR and NV vs. PR) ANOVA on the mean propor-
tions of non-PR target selections. This analysis, however, 
revealed no main effects of group [F(1,12) 5 2.68, MSe 5 
0.11, n.s.] or trial type [F(1,12) 5 1.58, MSe 5 0.02, n.s.]. 
There was no interaction between group and trial type 

Table 3 
Correlations Between the Ideal Matrices for the Pictorially 

Represented, Avoid Predator, and Nutritional Value Features 
and the Initial and Final Distance Matrices for Each Group  

in Experiment 3

Group

 Structure  Red (AP)  Blue (NV)  

Initial Sorts (Day 1)

PRi ].98 ].99
APi ].18 ].14
NVi ].14 ].19

Final Sorts (Day 4)

PRi ].63 ].35
APi ].82 ].62
NVi ].07 ].71

Note—PRi, pictorially represented ideal; APi, avoid predators ideal; 
NVi, nutritional value ideal.
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[F(1,12) 5 0.35, MSe 5 0.02, n.s.]. Altogether, we find 
no evidence that mere use of particular stimulus features 
led the participants to use these features as a basis for the 
induction of a novel property. The participants made about 
the same proportion of non-PR selections, regardless of 
their goal condition and regardless of the trial type.

When categorization was considered at the individual 
level, 2 participants in each condition were found to have 
sorted the stimuli closely to their respective ideal. Did 
these same participants favor goal-related properties as 
a basis for inference? For the participants in Group Red 
(AP), one of these ideal sorters made slightly more non-
PR selections in AP versus PR trials, whereas the other 
made more non-PR selections in NV versus PR trials. For 
the ideal sorters in Group Blue (NV), both made more 
non-PR selections in NV versus PR trials, but the differ-
ence was pronounced for only 1 of these participants and 
was slight for the other. Thus, although all 4 individuals 
showed a strong bias toward ideals in their sorts, only 1 
participant evidenced a comparable bias in their induc-
tions. Perhaps this ideal sorter noticed the meaningful re-
lations between the features that they had used, whereas 
the other 3 did not. 

Discussion

The main purpose of Experiment 3 was to assess the 
importance of having a meaningful goal in the context of 
learning about a novel domain. In particular, we were in-
terested in whether participants who were simply directed 
to attend to and use certain features (mere use) would then 
rely on these features for organizing their domain knowl-
edge. Our results revealed that the mere use of certain in-
formation did not result in the effects that we observed in 
the meaningful use conditions in the previous experiments. 
On average, the participants in the mere use conditions did 
not evidence a clear shift toward a goal-related organiza-

tion in their final sorting of the stimuli, nor did they favor 
the use of goal-related information in their induction of a 
novel property. These results suggest that the presence of 
a meaningful goal—that is, one that links the goal and the 
selected features in a nonarbitrary fashion—plays an im-
portant role in the emergence of goal-related knowledge 
structures. We will elaborate further on this point in the 
General Discussion section that follows.

General Discussion

Altogether, our experiments showed that participants 
who pursued a meaningful goal were likely to organize 
items into goal-based categories. In general, these ef-
fects were not observed when the participants were given 
a goal that did not require the use of particular stimulus 
features (the control conditions in the first two experi-
ments) or when the goal was nonmeaningful (the mere 
use conditions in the third experiment). The participants 
in the meaningful use conditions also used goal-relevant 
information as a basis for the induction of novel proper-
ties; however, this was found to depend on the property’s 
meaning. When induction involved nonblank (meaning-
ful) properties, the participants tended to base their induc-
tions on property-related features, regardless of whether 
they were goal related or unrelated. Only when the prop-
erty was not straightforwardly related to certain category 
features (i.e., a blank property) did the participants ap-
pear to base their inductive generalizations on goal-related 
commonalities.

Our findings from the hierarchical sorting task align 
well with those from previous research involving expert 
populations (e.g., Burnett et al., 2005; Medin et al., 1997; 
Shafto & Coley, 2003). Like expert specialists who devote 
a great deal of time engaging in goal-related activities in 
their domain, the participants in the meaningful use con-
ditions were found to organize their domain knowledge 
around goals. Unlike previous correlational research, 
however, our experiments establish a causal relation be-
tween goal use and knowledge organization. Our findings 
also imply that goals play a role in knowledge organiza-
tion beyond such factors as the frequency of exposure to 
stimuli and the use of certain stimulus features. Indeed, 
the participants in the mere use conditions were exposed 
to the same stimuli and used the same information as did 
the participants in the meaningful use conditions, but they 
did not appear to develop goal-related organizations of the 
stimuli. We will discuss how goals may affect knowledge 
acquisition and organization in further detail below. 

Our induction findings also align well with those from 
previous research demonstrating that individuals with a 
wealth of knowledge in a given domain, such as experts 
with highly specialized knowledge or laypeople with com-
mon knowledge of a familiar domain, draw on different 
aspects of their knowledge in different contexts of infer-
ence. For instance, although different tree experts may 
categorize trees into goal-related categories (Medin et al., 
1997), they may rely on their knowledge of causal and 
ecological relations to project properties (Proffitt, Medin, 
& Coley, 2000; Shafto & Coley, 2003). As Medin, Coley, 
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Storms, and Hayes (2003) suggested, category-based in-
duction may draw on the most salient or relevant infor-
mation at hand. In our experiments, goal-related proper-
ties may have been most salient when the novel property 
could not be associated with other known properties—that 
is, when it was blank or meaningless. When the property 
could be associated with other known features, these other 
features were then used.

In what contexts might we observe limitations to the 
flexible use of knowledge; in other words, when might the 
learner display goal-related biases? One important factor 
is the nature of the task that is presented to participants. 
Previous research on the effects of goal use has shown 
evidence of goal-related biases in such tasks as feature 
generation and ratings of feature frequency (Ross, 1997, 
2000). Other studies have shown that experts are biased 
toward ideals in their ratings of exemplar goodness or typ-
icality (Burnett et al., 2005; Lynch et al., 2000). It would 
be of interest to incorporate such tasks into the present 
paradigm. Comparisons between the mere and the mean-
ingful use conditions might be especially informative, 
since they could address whether is it lower level selec-
tion of features or the presence of meaningful knowledge 
structures that leads to goal-related biases. Knowledge 
flexibility may also be affected by the way in which the 
participants learn about the domain—that is, their mode 
of learning. As Markman and Ross (2003) argued, the way 
in which category information is learned has important 
consequences for how it is represented and used. It would 
be of interest to extend the present work by comparing dif-
ferent modes of learning, such as supervised versus unsu-
pervised learning or classification versus inference learn-
ing. Perhaps, for example, supervised learning would lead 
participants to appear more biased toward goal-relevant 
information, because category boundaries are perceived 
as more rigid. By examining performance across different 
tasks and different modes of learning, we could further ex-
plore the limitations of flexibility and the causes of these 
limitations. 

The Function of a Goal in Knowledge Acquisition 
and Organization

In the context of learning about a novel domain, the 
function of a meaningful goal may be twofold. First, in 
light of the learner’s background knowledge, the goal 
provides a basis for intelligently selecting and ignoring 
information. As Barsalou (1995) suggested, the storage 
of goal-relevant information may be a side effect of this 
selective process, not necessarily an intended outcome. 
Second, the goal can provide coherence to the members of 
an otherwise nonsensible category, such as things to take 
out of a house in the event of a fire (Barsalou, 1983). Our 
use of the term coherence aligns closely with Murphy and 
Medin’s (1985) usage, in which a coherent category is a 
grouping of objects that makes sense to the perceiver. For 
this coherence to be appreciated, an individual must pos-
sess knowledge of the goal-related features of category 
members; it is this background knowledge that ultimately 
determines the sensibleness of the grouping. If, for ex-
ample, a nonexpert were shown the goal-related catego-

ries formed by one of the tree experts in Medin et al.’s 
(1997) study, the organizational structure would not seem 
sensible; it might, in fact, appear quite mysterious. To the 
appropriate expert, however, the organization would ap-
pear coherent, because he or she would be aware of the 
relevant properties that category members share. Here, 
goal-relevant knowledge plays a role similar to that of a 
theme in a text passage. Unless the theme is known, a text 
may seem to be no more than a curious collection of unre-
lated sentences (e.g., Bransford & Johnson, 1973).

In our first two experiments, the presence of a meaning-
ful goal enabled the participants to select goal-relevant 
information and provided a basis for organizing the stim-
uli into goal-related categories. Thus, both functions of a 
goal, selection and coherence, were likely at play. When 
the connection between the participants’ goals and the 
selected features was arbitrary, as in the mere use condi-
tions, the effects on knowledge organization and induction 
largely disappeared. This suggests that the coherence pro-
vided by a goal is critical to the formation of goal-related 
categories. Without the “conceptual glue” provided by 
a meaningful goal, a goal-based organization may not 
emerge.

Our results, however, do not completely rule out the 
importance of feature selection in the formation of goal-
related categories. It could be argued that the meaningful 
use conditions required more effortful feature selections 
as the participants learned about the domain. Indeed, dur-
ing the interaction task, the participants in the meaning-
ful use conditions selected features on the basis of their 
meanings, whereas the participants in the mere use condi-
tions relied on color. To more thoroughly determine the 
contributions of coherence and selection, it would be de-
sirable to control for the demands of selection during the 
goal-directed learning phase. This, however, is a difficult 
problem: How can processing effort be equated between a 
condition in which selection is based on feature meaning 
and one in which selection is based on some other aspect 
of the features? If selection were meaning-based in both 
conditions, we would potentially be introducing a new, 
meaningful goal to the learning context. It may be more 
tractable to devise a condition in which the goal is mean-
ingful but goal-relevant features are indicated by a super-
ficial characteristic, such as color. Thus, the meaningful-
ness of the goal would be controlled, while the demands of 
selection would be varied. This might allow us further in-
sight into the contribution of the feature selection process 
itself. Currently, what we can conclude is that the mean-
ingful connection between a goal and its related features 
is of great importance to the development of goal-based 
knowledge. This appears to be due mainly to the coher-
ence that this goal provides to a category, but it may also 
be due, in part, to the “deeper,” more effortful processing 
required to select features under a meaningful goal.

A final question to consider is the role of interacting 
with stimuli. After a goal is defined, what is the additional 
impact of using this goal? Although our research did not 
separate the mere presence of a meaningful goal from its 
use, there is reason to believe that actually using a goal 
does have an additional influence on category knowledge. 
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Ross and Warren (2002), for example, found that goal use 
leads to an appreciation of abstract category relations that 
would otherwise go unnoticed. Other research by Ross 
(e.g., 1997, 2000) has shown that goal use affects people’s 
judgments about the frequency and distribution of stimu-
lus features. Although these studies suggest ways in which 
goal use may be unique, it would be of interest to contrast 
goal presence with goal use in a single experiment. Per-
haps the methodology presented in this article could be 
extended to explore this issue.

Relating This Research to Real-World Learning
Outside of the laboratory, goal-directed learning gener-

ally operates in the presence of a meaningful goal, one that 
links the goal and the selected features in a nonarbitrary 
fashion. Thus, there is reason to think that our results from 
the meaningful use conditions will be generalizable to real-
world learning contexts. Yet, in extrapolating our results, it 
is important to recognize that goal-directed learning may 
be far more complex outside of the laboratory. With our 
stimuli, all the features of each item (pictorial and written) 
were available to the participant at once. In the real world, 
goal-relevant features must often be retrieved from rep-
resentations stored in memory, rather than merely being 
recognized in the presented stimulus. The features that be-
come available can be biased by the context of evaluation 
(Barsalou, 1982; Tversky & Kahneman, 1974), and even 
interpreting the available features may be context depen-
dent (Medin, Goldstone, & Gentner, 1993; Wisniewski & 
Medin, 1994). Another consideration is that, whereas the 
written features in our experiments were either positive 
or negative with respect to a particular goal, features of 
real-world stimuli may vary in their idealness on a con-
tinuous scale. For instance, rather than being either high 
or low in fat, foods may vary in fat content on a continuous 
scale, from 0 g on upward. Previous research has shown 
that people are sensitive to the continuous nature of ideals 
in their evaluations of typicality for goal-based categories 
(Barsalou, 1985), so they may show similar sensitivity in 
knowledge organization. Finally, the stimuli used in these 
experiments were designed so that they had either three 
positive or three negative features with respect to each 
goal. Real-world stimuli, in contrast, may have both posi-
tive and negative features. Thus, evaluating their idealness 
may require the use of a more complicated cost–benefit 
analysis. All of these complexities highlight the need for 
further research into the effects of goal use on knowledge 
acquisition.

Besides the learning itself, it is important to consider 
the ecological validity of our measures of knowledge or-
ganization and use. Do our sorting results imply that the 
participants developed the particular category structures 
that they produced during the task? It may be the case that 
they did, but it is also possible that these structures were 
assembled ad hoc. Although our results do imply that the 
participants prioritized goal-relevant information, they do 
not imply the presence of goal-based categories in long-
term memory. It would be of interest to address this limi-
tation in future research. A similar consideration can be 
raised about our findings in the induction task. Here, too, 

the participants could inspect all the features of each target 
item. Thus, they did not have to rely on their memory for 
these features, as is required when only a category label is 
provided. It is interesting to ask whether the participants 
in our study would have used property-related common-
alities for induction if they had been required to retrieve 
information about the base and target items from memory. 
Perhaps both blank and nonblank properties would be pro-
jected on the basis of goal-related commonalities, since 
goal-relevant information may be better encoded. This is 
also a question for future research.

In closing, we would like to emphasize that continued 
research is required to explore the effects of specializa-
tion in expert populations and to integrate this research 
with relevant experimental findings. Some recent studies 
have documented interesting differences in knowledge 
and reasoning between expert specialists in domains such 
as aquatic systems (Hmelo-Silver & Pfeffer, 2004), medi-
cal diagnosis (Hashem et al., 2003), and tree life (Proffitt 
et al., 2000). Other research has explored cross-cultural 
differences in biological categorization and reasoning 
(e.g., Bailenson, Shum, Atran, Medin, & Coley, 2002; 
Medin, Ross, Atran, Burnett, & Blok, 2002). There also 
exists a fairly extensive body of research on artifact cat-
egorization, which bears some interesting relations to the 
research on goal-related categorization. For one, mem-
bership in an artifact category, such as ashtray or spoon, 
depends critically on the intended function of an object 
(e.g., Matan & Carey, 2001). Such attributions of intention 
may involve associations between the goals of an agent 
(the creator) and the manifest features of an artifact (the 
creation), analogous to those present in goal-related cat-
egories. Although it is beyond the scope of this article to 
explore this issue in full, comparing the function of goals 
in the acquisition and use of artifact categories would 
provide an interesting extension to this work. Altogether, 
these diverse lines of research may provide fertile ground 
for a comprehensive and interdisciplinary approach to 
understanding the relationship between goal-directed in-
teractions and the development of knowledge across the 
continuum of expertise.
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Note

1. The stimuli used in the present experiment differed from those used 
in Jee and Wiley (2004) in terms of the feature labels. The feature labels 
used in the previous work were designed to be unrelated to their mean-
ings. This made the meanings more difficult to learn overall. In the pres-
ent experiment, we designed the labels to be straightforwardly related to 
their meanings. This allowed us to streamline the procedure, since less 
time would be devoted to learning the feature meanings.
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Appendix A 
Pictorially Represented Features in the Stimuli

Written Description
of Feature  Frequency Stimuli With Feature

Eyebrows 2/16 1, 4
Horns 2/16 5, 8
Tail 2/16 9, 12
Cleft chin 2/16 13, 16
Large ear 2/16 2, 3
Spines on back 2/16 6, 7
Round nose 2/16 10, 11
Cheekbones 2/16 14, 15
Cone-shaped head 4/16 1, 4, 5, 8
Feather on head 4/16 9, 12, 13, 16
Antennae on head 4/16 2, 3, 6, 7
Hair on head 4/16 10, 11, 14, 15
Spots on body 8/16 1, 4, 5, 8, 9, 12, 13, 16
Stripes on body  8/16  2, 3, 6, 7, 10, 11, 14, 15

Appendix B 
Feature Labels and Meanings in the Stimuli

Feature Label  Meaning  Frequency  Stimuli With Feature

Features Related to Avoiding Predators
Camo arch camouflage capability 2/16 1, 2
Wilnest in gut nest-building ability 2/16 3, 4
Izzdedd cells able to play dead 2/16 5, 6
Hidigg lining can dig holes for hiding 2/16 7, 8
Nocamo arch no camouflage capability 2/16 9, 10
Nowilnest in gut no nest-building ability 2/16 11, 12
Noizzdedd cells not able to play dead 2/16 13, 14
Nohidigg lining cannot dig holes for hiding 2/16 15, 16
Kwickru in blood able to run quickly 4/16 1, 2, 3, 4
Sigmake vessel can signal for help 4/16 5, 6, 7, 8
Nokwickru in blood not able to run quickly 4/16 9, 10, 11, 12
Nosigmake vessel cannot signal for help 4/16 13, 14, 15, 16
Divin membrane can dive underwater 8/16 1, 2, 3, 4, 5, 6, 7, 8
Nodivin membrane cannot dive underwater 8/16 9, 10, 11, 12, 13, 14, 15, 16

Features Related to Nutritional Value
Calin blood calcium in blood 2/16 1, 3
Hirn cavity high in iron 2/16 5, 7
Fibhi arch high in fiber 2/16 9, 11
Virich tissue rich in vitamins 2/16 13, 15
Nocalin blood no calcium in blood 2/16 2, 4
Nohirn cavity not high in iron 2/16 6, 8
Nofibhi arch not high in fiber 2/16 10, 12
Novirich tissue not rich in vitamins 2/16 14, 16
Lofa artery low in fat 4/16 1, 3, 5, 7
Minhi bones high in minerals 4/16 9, 11, 13, 15
Nolofa artery not low in fat 4/16 2, 4, 6, 8
Nominhi bones not high in minerals 4/16 10, 12, 14, 16
Prolots in gut lots of protein 8/16 1, 3, 5, 7, 9, 11, 13, 15
Noprolots in gut  not a lot of protein  8/16  2, 4, 6, 8, 10, 12, 14, 16
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