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Abstract nonlinearly separable categories (Wattenmaker, Dewey,
We examined the time-course of the utilization of back- Murphy, & Medin, 1986) and can influence the ease of
ground knowledge in perceptual categorization by manipu- |earning conjunctive versus disjunctive rules (Pazzani,
lating the meaningfulness of labels associated with categories 1991). In addition, a number of studies have found a facili-

and by manipulating the amount of time given to subjects to . : .
make a categorization decision. Extending a paradigm origi- tative effect of prior background knowledge on learning

nally reported by Wisniewski and Medin (1994), subjects new categories (e.g., He'_t' ;994*_1998’ Murphy & Allo-
learned two categories of children's drawings that either were P€NNa, 1994; Murphy & Wisniewski, 1989). o
given standard labels (drawing by children from group 1 or We will describe the results of one particularly illumi-
group 2) or were given theory-based labels (drawings by nating study by Wisniewski and Medin (1994), both to il-
creative or noncreative children); meaningfulness of the label lustrate how background knowledge can influence categori-
had a profound effect on how new drawings were catego- zation and because the present experiment builds on this
rized. Half of the subjects were given unlimited time to re-  particular study. Subjects learned two categories of draw-
spond, the other half of the subjects were given a quick re- ings, shown in Figure 1. One group of subjects was pro-
sponse deadline; speeded response conditions had a relat've%ided standard labels (i.e., children from "group 1" drew the

large effect on categorization decisions by subjects given the . . . " "
standard labels but had a relatively small effect on categori- pictures in category A, children from "group 2" drew the

zation decisions by subjects given the theory-based labels. PICtures in category B), while anoth?r group Pf subjects was
These results suggest that background knowledge may haveprOVK_jed the_ory-based labels (i.e., creative' children drew
its influence at relatively early stages in the time-course of a the pictures in category A, "noncreative” children drew the

categorization decision. pictures in category B). Subjects were required to develop a
) set of rules that could be used to partition those drawings as
Introduction well as any new drawings into the two distinct categories.

In cognitive science, two distinct approaches to research dffhen Wisniewski and Medin analyzed the rules subjects
categorization and concept formation have been considerel@med, they found that those subjects given the standard
One approach focuses on the statistical aspects of learnif@Pels had generated rules based on fairly concrete percep-
categories via induction over a series of instances. A maityal features (such as "... all of the characters have their
theme of this work involves developing and testing formaR'ms out straight from their bodies and they're also standing
mathematical models of categorization that embody variouery straight, facing the front”) whereas those subjects
assumptions about the kinds of representations thought to B&/en the theory-based labels had generated rules based on
formed during category learning. Examples include rulefairly abstract features (such as "much more attention was
based models (e.g., Nosofsky & Palmeri, 1998; Nosofskygiven to the c_Iothlng or_"make drawings that show more
Palmeri, & McKinley, 1994; Palmeri & Nosofsky, 1995), Positive emotional expression ..."). _ _
exemplar-based models (Estes, 1994; Hintzman, 1986 Wisniewski and Medin next tested their subjects on new
Medin & Schaffer, 1978; Nosofsky, 1986; Nosofsky & drawings that factorially combined the perceptual features
Palmeri, 1997), various clustering models (e.g., Andersorand the abstract features of the two categories, as shown in
1990; Fisher, 1987), and numerous others. What these thegigure 2. For example, stimulus T5 had the abstract features
retical approaches have in common is that the category rept category A but had the concrete perceptual features of
resentations that are formed during learning are entirely déategory B, whereas stimulus T15 had the abstract features
pendent on the empirical regularities in the particular set ¢® category B but had the concrete perceptual features of
category instances that have been experienced. category A. As shown in Figure 3, Wisniewski and Medin
A contrasting approach focuses on how backgroun@bse_rV?d tha_lt su_b_jects given dlfferent labels clas_5|f|ed these
knowledge or theories might influence what is learned abowftonflicting stimuli in markedly different ways; subjects pro-
a category from experience with particular instances (Murvided the theory-based labels tended to classify according to
phy & Medin, 1985). For example, background knowledgehe abstract features and subjects provided the
can influence the ease of learning linearly separable versus
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Figure 1. Training drawings used in the experiment

(from Wisniewski & Medin, 1994).
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Figure 2. Transfer drawings used in the experiment

(from Wisniewski & Medin, 1994).
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Figure 3. Probability of categorizing each of the trans-
fer drawings into category A as a function of the type
of label provided to subjects (data from Experiment 1A
of Wisniewski and Medin, 1994).

standard labels tended to classify according to the concrete
perceptual features. For example, note in Figure 3 how
stimuli TS and T15 were classified into different categories
depending on what kind of label subjects were provided.

These results may be difficult to explain by theories of
categorization that assume nothing more than some form of
an abstraction of the statistical structure of the training pat-
terns. In this experiment, both groups of subjects observed
the identical set of training drawings. Yet, by simply ma-
nipulating the meaningfulness of the labels applied to those
drawings, subjects categorized new transfer drawings in
markedly different ways. To explain these results, Wishiew-
ski and Medin (1994) suggested that background knowledge
and empirical information about instances closely interact
during categorization. They contended that background
knowledge does not just weight the features of an object
that are extracted during early perceptual processing.
Rather, background knowledge may influence what features
are actually extracted from an object for purposes of catego-
rization (see also Wisniewski & Medin, 1991). The sugges-
tion is that knowledge may have an influence on categori-
zation at the very earliest stages of processing, not just after
the objects have been analyzed into their constituent parts.

We chose to investigate this claim by manipulating the
amount of time provided to subjects for making a categori-
zation decision. We chose to introduce a response deadline
in which one group of subjects was signaled to response
very soon after stimulus onset while another group of sub-
jects was given unlimited time to respond. Such response
signal paradigms can be quite useful for determining what
information is available at various points within the time-
course of a categorization decision (e.g., Lamberts, 1998;
see also Meyer, Irwin, Osman, & Kounios, 1988).

For example, it is possible that background knowledge
might influence categorization at relatively late stages of
processing, contrary to the claims made by Wisniewski and
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Medin (1994)- knowledge might be used to interpret fea-the fourth set of four drawings, shown in the bottom row of
tures after they have been extracted, or knowledge might Bégure 2, were not detailed and unusual. For each set of four
used to guide the combination of a number of simple perdrawings, two were best described by the concrete rules of
ceptual features into something more meaningful and useftihe category A drawings and the other two were best de-
for determining category membership. Introducing a rescribed by the concrete rules of the category B drawings.
sponse deadline might force subjects to make their categofror example, the first two drawings of the first set, test
zation response before background knowledge has yet hadawings T1 and T2, had the concrete rules of the category
any time to perform these interpretive operations. ThereB, whereas the second two drawings, test drawings T3 and
fore, under a response deadline, subjects given the theory4, had the concrete rules of category A. See Figure 2 for
based labels might have much more difficulty categorizingnore information.
both training and transfer drawings than subjects given the
standard labels. Procedure. Half of the subjects were instructed that they
In this experiment, we extended the paradigm developedould be studying drawings by "creative" or "noncreative"
by Wisniewski and Medin (1994). Subjects learned thechildren, the other half of the subjects were instructed that
categories of drawings shown in Figure 1 either using starthey would be studying drawings by children from "group
dard labels or using theory-based labels. Subjects were th&h or "group 2." In the initial study phase, subjects were
asked to classify the training drawings and new transfeshown the mounted drawings simultaneously, laid out on
drawings either under speeded conditions (issuing a rehe table in front of them, and separated into two labeled
sponse signal just 200ms after stimulus onset) or under ugfroups (with theory-based labels of "creative" or "noncrea-

speeded conditions (unlimited decision time). tive", or standard labels of "group 1" or "group 2"). The in-
structions for the "creative" / "noncreative" subjects were as
Method follows (adapted from Wisniewski and Medin, 1994):
Subjects. Sixty Vanderbilt University undergraduates par- [N this experiment, you will be shown two groups of
ticipated for partial course credit. children’s drawings. One group was done by creative

children. The other group was done by noncreative

Stimuli. The stimuli were drawings by children who were children. Your task is to come up with a rule that some-
given a "draw-a-person” test and were the same as thosePn€ could use to decide whether a new drawing belongs
used in Experiment 1 of Wisniewski and Medin (1994; 0 the group drawn by the creative children. In writing
taken from Koppitz, 1984, and Harris, 1963). The drawings down a rule_, it is important that the rule "works" for all
are displayed in Figures 1 and 2. For the first part of the ex- Of the drawings in the creative group and none of the
periment, the drawings were individually mounted and cov- drawings in the noncreative group. That is, if someone
ered in clear-coat plastic. For the remaining parts of the ex- Were given your rule and the drawings from the two
periment, scanned drawings were individually displayed on 9roups (all mixed up), they should be able to use it to
a computer monitor. divide the drawings into those that belong in one group
Following Wisniewski and Medin (1994), the training set and those that belong in the other group. Also, please
consisted of two categories of six drawings each, as shownWrite your rule clearly and describe the rule so that the
in Figure 1. The first set (category A) were deemed to be €xperimenter will be able to understand what your
relatively detailed and the second set (category B) were Mmean. § . R
deemed to be relatively unusual. In pilot studies Wisniewski N€ instructions for the "group 1" / "group 2" subjects were
and Medin conducted, people expected drawings made Bjrtually the same, except that "creative” was replaced by
creative children to be more detailed or more unusual thaf¥roup 1" and “noncreative” was replaced by "group 2.
drawings made by noncreative children. Whereas Wisniewski and Medin (1994) ran(_jomlzed t_he as-
In addition to these abstract properties, the drawings ifignment of category labels to sets of drawings, we instead
the two categories could be distinguished on the basis of §i0Se to have the "creative” and "group 1" labels apply to
least three simple rules based on concrete perceptual féf€ category A drawings and to have the "noncreative” and
tures (Wisniewski and Medin modified the drawings to con-9roup 2" labels apply to category B drawings. _
form to these rules). For category A (top row of Figure 1), After developing a set of rules to classify _the drawings
the drawings had "curly hair and arms not at the sides!nto the two categories, the mounted drawings were re-
"light-colored shoes or not smiling,” and "wearing a CO||armov_ed but subjects were allowed to keep _th_elr rules_at hand.
or tie." For category B (bottom row of Figure 1), the draW_SubJe_cts were then shown each of the training dr{awmgs one
ings had "straight hair or arms at the sides,” "dark-colore@t @ time on the computer, were asked to classify them as
shoes and not smiling," or "ears and short sleeves." creative” / "noncreative” or "group 1" / "group 2", were
Sixteen test drawings, shown in Figure 2, were selectedtPplied corrective feedback, and were permitted to modify
and appropriately modified to factorially combine the ab-their rules if necessary. After classifying each of the draw-
stract and concrete features of the training drawings. Th9s twice, their rules were removed. Order of drawings was
first set of four drawings, shown in the top row of Figure 2 fandomized for every subject. _
were not detailed and not unusual; the second set of four N the next phase of the experiment, subjects were asked
drawings, shown in the second row of Figure 2, were botfP classify the training drawings and some new test draw-
detailed and unusual; the third set of four drawings, show{ds using the rules they had developed in the first part of
in the third row of Figure 2, were detailed and not unusuaithe experiment. They were also instructed that they would
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receive no corrective feedback following their response. Unspeeded Condition Speeded Condition
Half of the subjects in each group were allowed to classify \ \
the drawings without any time limit (unspeeded condition), 86 | B6 (|
the other half of the subjects in each group were instructe B85 | B5 FA— |
that they would be required to make their responses ac B4 | | B4 4 |
cording to a response s_i_gnal (speeded condition). B3 14 } B3 {22722 }

In the speeded condition, a tone was presented 200ms ¢g o, | | B2 22 |
ter the onset of the drawing. Subjects were required to makg _ |, | 81 Z7zzezn |
their classification response within 300ms of hearing the® i ) 3
tone. These subjects were provided a series of practice tria ne ‘ | Ao ‘ ‘
to familiarize themselves with the demands of the speede & A5 i | AS A
condition. On the practice trials, a category label (either A4 4 A4 M
"creative" or "noncreative", or "group 1" or "group 2") was A3 % 1 A3 f L
displayed at the center of the screen. After 200ms, the ton a2 : A2 Z -
sounded and subjects were required to press the respon ,, G 2Ny % -
key associated with the displayed category label. If the | |
subject responded before the tone sounded, they were il 01 03 05 07 09 01 03 05 07 09
formed to wait until the tone sounded; if the subject re- P(A) wzzz1 Standard P(A)
sponded more than 300ms after the tone sounded, they we. . > Theory

informed to respond more quickly; if the subject made an Figure 4. Probability of categorizing each of the train-
incorrect response, they were informed not to make errors. N9 drawings into category A as a function of response
The practice trials continued until the subject was able to déadline (unspeeded in the left panel, speeded in the
make 15 valid responses in a row. Once the subject had'ight panel) and as a function of label (hatched bars for
achieved this criterion for responding appropriately to the Standard labels, open bars for theory-based labels).
signal, they were moved on to the test phase. . . .

In the test phase, a crosshairs appeared at the center of §f&€90ry A (Figure 5 plots the two response deadline condi-
screen for 1 sec. Then one of the 28 drawings (12 trainin%)_nS separately, Figure 6 plots the two category label con-
and 16 test) was displayed at the location of the crosshai tions separately). In the spee_ded condition, categorization
and the subject was required to classify it as "creative" /€SPONses that were made prior to the response signal or
"noncreative” or "group 1" / "group 2". In the unspeededM°re than 300ms after the response signal were excluded
condition, the subject could take as much time as the{fom the analyses (12.8% of the observations); further
needed to make their response. In the speeded condition2galyses in which we excluded none of the categorization
tone sounded 200ms after the drawing was displayed af8SPOnses were essentially identical to those presented here.
subjects were required to make their response within 300msA 28 (stimulus)x 2 (category labelx 2 (response dead-
of the tone; subjects were informed if they had made a rdiN€) mixed analysis of variance was conducted on the prob-
sponse prior to the tone or had made a response more tH@lity data with stimulus (12 training drawings and 16
300ms after the tone. In both the speeded and unspeeo‘éﬁnSfer drawings) as a within-subjects vanable_, and with
conditions, no other corrective feedback was provided. Afl@bel (standard versus theory-based) and deadline (speeded
ter the response was made, the drawing was erased from ¥fISUS unspeeded) as between-subjects variables. A signifi-
screen. After a one second interval, the next drawing weant main effects of stimulu§(27,1512)=56.454, and sig-
presented. Subjects classified each of the 28 drawings eighficant interactions of stimuluslabel, stimulusc deadline,
times. Each stimulus was presented once per block in a ragd Stimulusx label x deadiine were observed(27,
domized order for every subject. 512):1_8.282, F(27,1512)=5.787, and:(27,1512_):1.636,

To summarize the design of the experiment, each subjet§SPectively (an alpha level of .05 was established for all
could be classified into one of four groups: theory-based |Statistical tests reported in this article). No main effects of
bels (creative versus noncreative) with unspeeded ra2Pelor deadline were observed. _ _
sponses, theory-based labels with speeded responses, stad¥Ot Surprisingly, for the training drawings, subjects were
dard labels (group 1 versus group 2) with unspeeded rSignificantly more accurate in the unspeeded condition than

sponses, and standard labels with speeded responses. ~ the sSpeeded condition. Somewhat surprisingly, for the
training drawings, subjects were significantly more accurate

Results and Discussion in the speeded condition when applying theory-based labels

0, I 0,
The primary data of interest were the probabilities of c:ate(84'1/0 correct) than when applying standard labels (75.6%

. h stimul b f A h(:orrect). This provides our first piece of evidence inconsis-
gorizing each stimulus as a member of category A In gyt yith the hypothesis that background knowledge might

testing phase as a function of category label (standard Vehifluence categorization only at relatively late stages in the
sus theory-based) and as a function of response deadha cision making process

(speeded versus unspeeded). Figure 4 displays the probabi Turning to the categorization of the transfer drawings, let

ity of categorizing each of the original training drawmgsus first note the fairly close correspondence between the

into category A. Figures 5 and 6 both display .the F?mba‘bi“t)findings we obtained in the unspeeded condition, shown in
of categorizing each of the new transfer drawings into '
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Figure 5. Probability of categorizing each of the trans-
fer drawings into category A as a function of response
deadline (unspeeded in the left panel, speeded in the
right panel) and as a function of label (hatched bars for
standard labels, open bars for theory-based labels).

Figure 6. Probability of categorizing each of the trans-
fer drawings into category A as a function of label
(standard labels in the left panel, theory-based labels in
the right panel) and as a function of response deadline
(hatched bars for unspeeded, open bars for speeded).

the left panel of Figure 5, and the findings obtained by Wiseondition as the "correct" category response for that stimu-
niewski and Medin, shown in Figure 3. Our results providdus (e.g., for subjects given standard labels, the "correct" re-
an important replication of their study by again demonsponse for T5 is category B, but for subjects given the the-
strating that the meaningfulness of a label can have a strilory-based labels, the "correct" response for T5 is category
ing effect on how subjects categorize new transfer drawing#\). For each stimulus, we then recode each subjects' cate-
The general pattern of how the transfer drawings were catgory responses with respect to this nominally "correct" re-
gorized can probably best be explained by assuming thaponse. Figure 7 displays categorization "accuracy" aver-
subjects given theory-based labels tended to categorize aged across all the transfer stimuli. With standard labels,
the basis of abstract features whereas subjects given staubjects were significantly less “accurate” in the speeded
dard labels tended to categorize on the basis of concretendition than the unspeeded condition; with theory-based
perceptual features (see Wisniewski & Medin, 1994). labels, subjects actually tended to be more “accurate” in the
The novel aspect of the present work is a finding that respeeded condition than the unspeeded condition, although
sponse deadlines had quite different effects depending ahis difference did not reach significance.
the type of label that was provided. To see this, compare Either way we examine the data, we find that introducing
categorization probabilities under speeded and unspeedadvery rapid response deadline, causing subjects to make
conditions for subjects given standard labels, shown in thiairly complex categorization responses in an average of
left panel of Figure 6, with those for subjects given theoryjust 370ms, had surprisingly little effect on categorization
based labels, shown in the right panel of Figure 6. One useerformance when subjects were provided meaningful la-
ful way of summarizing this data is as follows: With stan-bels that tapped into background knowledge. Subjects
dard labels, categorization probabilities tended to be closer

to 50% or even crossed over to the opposite category in the 0.9

speeded condition compared to the unspeeded condition. By

contrast, with theory-based labels, categorization probabili- . 08

ties actually tended to be further from 50% in the speeded 3

condition compared to the unspeeded condition. A simple g o7

explanation for this difference solely in terms of the amount = 06

of time needed to apply the rules in the two conditions is ~— Theory
unlikely; in the unspeeded conditions, there was no signifi- 05 ~@— Standard
cant difference in response times for subjects given standard Speeded Unspeeded

(1420ms) and theory-based labels (1601ms).

Another useful way of summarizing this data requires
slightly recoding the categorization responses as follows. To
develop a measure analogous to categorization accuracy fo
the new transfer drawings, for each stimulus, we simply de-
fine the modal categorization response in the unspeeded

Response Deadline

Figure 7. Categorization “accuracy” averaged across
the transfer drawing as a function of response deadline
r(x-axis) and as a function of label (closed circles for

standard labels, open triangles for theory-based labels).
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appeared to be able to utilize this background knowledge atJournal of Experimental Psychology: Human Perception
the earliest stages of a categorization decision, consistentand Performance?3, 1153-1169.

with the hypothesis that the joint influences of background Medin, D.L., & Schaffer, M.M. (1978). A context theory of
knowledge and empirical evidence are tightly coupled in the classification learningPsychological Review85, 207-
service of making a categorization decision (see Wisniew- 238.

ski, 1995). This is one of the first fairly direct demonstra-Meyer, D.E., Irwin, D.E., Osman, A.M., Kounios, J. (1988).
tions that background knowledge can have a very early in- The dynamics of cognition: Mental processes inferred
fluence in the time course of a perceptual categorization de-from a speed-accuracy decomposition technidesy-
cision (see also Lin & Murphy, 1997). chological Reviewd5, 183-237.

It was somewhat surprising that introducing a very rapidMurphy, G.L., & Allopenna, P.D. (1994). The locus of
response deadline had a quite a detrimental effect on cateknowledge effects in concept learningpurnal of Ex-
gorization performance when subjects were provided stan- perimental Psychology: Learning, Memory, and Cogni-
dard labels. Although the rules subjects developed in this tion, 20, 904-919.
condition were based on simple perceptual features, testinjlurphy, G.L., & Medin, D.L. (1985). The role of theories
these rules on a given drawing may have required a serialin conceptual coherencPsychological Reviey92, 289-
evaluation of the various component features making up 316.
that categorization rule (see Palmeri & Nosofsky, 1995)Murphy, G.L., & Wisniewski, E.J. (1989). Feature correla-
Under a response deadline, subjects simply did not havetions in conceptual representations. In G. Tiberghien
sufficient time to check all of the various features of the rule (Ed.), Advances in cognitive science: Vol. 2. Theory and
they formed, causing them to respond in a haphazard fash-applications Chichester, England: Ellis Horwood.

ion. Nosofsky, R.M. (1986). Attention, similarity, and the identi-
fication-categorization relationshiplournal of Experi-
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