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Tracking mouse movement in feature inference:
Category labels are different from feature labels

TAKASHI YAMAUCHI, NICHOLAS KOHN, AND NA-YUNG YU
Texas A&M University, College Station, Texas

In this article, we examine the role of category labels in inductive inference. Some leading research has sug-
gested that information about category membership works just like any other feature in categorical inductions,
whereas other research has proposed that the influence of category membership on induction goes beyond that
of other features. To investigate these claims further, we developed an online measure of judgments that is
akin to eyetracking. The judgment results and the mouse-tracking data jointly support the view that category
labels do affect inductive inferences in a way distinct from that for feature information. When arbitrary labels
conveyed category membership information, participants viewed these labels more often and earlier in a trial,
in comparison with cases in which the same labels conveyed non—membership information. Our results suggest
that category membership information works like a guide for inference. An ecological rationale for this induc-

tion strategy is also discussed.

Consider the following sentence: James is a Harvard-
educated carpenter. By assigning James this label of a
Harvard-educated carpenter, we are able to elicit many
inductive inferences about James that go beyond a man
who is a carpenter who received an education from Har-
vard. Perhaps he is a man who values an education but
prefers a simple lifestyle. Or perhaps James went to Har-
vard due to family pressure but is now rebelling against
his father (Kunda, Miller, & Claire, 1990). In the present
study, we attempted to investigate how category labels can
influence inductive judgments.

Categorical noun labels can influence inference differ-
ently than does other feature information. However, con-
temporary theories of categorical induction make little
distinction between category labels and feature labels. For
example, in the model proposed by Sloman (1993), the
strength of an argument is assumed to depend on (1) the
extent to which a premise category and a conclusion cat-
egory have attributes in common (similarity) and (2) the
extent to which a premise category spans a conclusion
category (coverage; hereafter, we will call these two fac-
tors attribute-based similarity). Indeed, major research in
categorical inference has evolved around specifying the
boundary conditions in which these two factors are appli-
cable (Heit & Rubinstein, 1994; Medin, Coley, Storms, &
Hayes, 2003; but see Ross, Gelman, & Rosengren, 2005).
This approach is also prevalent in other fields, includ-
ing judgment and decision making (e.g., representative
heuristics; Kahneman & Tversky, 1973; Shafir, Smith, &
Osherson, 1990; Tversky & Kahneman, 1983) and stereo-
typing and impression formation research (Allport, 1954;
Duckitt, 1992; Hamilton & Sherman, 1994; Kashima,

Woolcock, & Kashima, 2000; Kunda & Thagard, 1996;
Stangor, 2000).

Implicit in these studies is an assumption that category
membership can be represented by a collection of fea-
tures or individual instances (Anderson, 1990; Kruschke,
1992; Love, Medin, & Gureckis, 2004; Nosofsky, 1986;
Sloutsky, 2003; see also A. B. Markman & Ross, 2003,
for a different approach) and that categorical noun labels
simply point to the content of the category. In this view,
category labels work just like other feature labels (Ander-
son, 1990).

In this study, we investigated the inductive potential of
noun labels from a different perspective. We think that
category labels have a special property that distinguishes
them from other features and that they influence induc-
tive inference differently from other attribute information.
Unlike other features, category labels guide induction by
leading an observer to actively search for similarities and
differences among objects. In other words, rather than
being a piece of information to be added as another fea-
ture, category labels initiate an inference process (Gel-
man & Coley, 1990; Gelman & Heyman, 1999; Yamauchi,
2005; Yamauchi & Markman, 2000). In the two experi-
ments reported in this article, we investigated this hypo-
thetical property associated with category labels. Specifi-
cally, we contrasted the process of predicting unknown
features when arbitrary labels carried category member-
ship information and when the same labels carried non—
membership information.

In two experiments, participants received pairs of
stimuli, a sample stimulus and a test stimulus, and were
instructed to make a prediction about a test stimulus on
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Figure 1. Examples of two stimulus frames for matched (A) and mismatched (B)
trials of the inference task and for matched (C) and mismatched (D) trials of the simi-
larity judgment task. In the matched trial, the sample and test stimuli had the same
label; in the mismatched trial, the sample and test stimuli had different labels. The
sample stimuli were the prototypes of the test stimuli (see Table 1).

the basis of a sample stimulus (Figures 1A and 1B; for a
similar procedure, see Murphy & Ross, 1994; Yamauchi
& Markman, 2000). These stimuli were fictional illustra-
tions of an insect. All the test stimuli were produced from
two sample stimuli by systematically replacing two of the
five feature values (Table 1). The test stimulus had one
feature missing, and the participants were asked to make
a judgment about the missing feature. Two choices for the
missing test feature were shown, and above each stimulus
was a label, which conveyed either category membership
information or feature information.

The main manipulation of this study was the instruc-
tions that the participants received. Depending on the
condition they were assigned to, the instructions would
state whether a label referred to the category a stimulus
belonged to or to a feature a stimulus had (e.g., the label
represents the shape of wings). We investigated how these
different characterizations of verbal labels would influence
the participants’ response behavior. The manipulation of
the presence of categorical versus feature information was
done in this manner in order to ensure that the participants
in both conditions viewed exactly the same stimuli.

Many studies in which inductive judgments have been
examined have done so by manipulating the similarity be-
tween the stimuli and then analyzing the responses made
by the participants (Gelman & Markman, 1986; Sloutsky
& Fisher, 2004; Yamauchi & Markman, 2000). However,
this paradigm is not sufficient for investigating ~ow people
make inductive judgments. In order to make a real-time ex-
amination into a judgment process, we used a new method
that will be referred to as mouse tracking. In Experiment 2,

the stimuli were blurred to a point where visual recognition
was impossible. In order to reveal the stimuli in a clearly
visible form, the participants had to move the computer cur-
sor/mouse over the part of the stimulus. Once they moved
the mouse away from that area, it would be immediately
blurred again (Figure 2). Thus, by using this technique, we
were able to trace a participant’s viewing of the stimuli
and measure the time spent on each of the features of a
stimulus. Our mouse movement measure is similar to eye-
tracking procedures in its design and analyses. Evidence

Table 1
Category Structure Used in Experiments 1 and 2
Features
Stimuli Horns Head Body Legs Tail Labels
Test la ? 1 1 0 0 1
Test 2a 1 1 0 0 1
Test 3a 1 0 0 ? 1 1
Test 4a 0 0 ? 1 1 1
Test Sa 0 ? 1 1 0 1
Sample A 1 1 1 1 1 1
Test 1b ? 0 0 1 1 0
Test 2b 0 0 1 1 ? 0
Test 3b 0 1 1 ? 0 0
Test 4b 1 1 ? 0 0 0
Test 5b 1 ? 0 0 1 0
Sample B 0 0 0 0 0 0

Note—All test stimuli were produced from two sample stimuli, Sam-
ple A and Sample B, by switching two of the five feature values. “?”
represents an inference question given in an inference trial. (1, 0) =
horns (long, short), head (round, angular), body (dotted, striped), legs
(eight, four), tail (short, long), and labels (monek, plaple).
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Based on the sample bug shown on the left,
which legs do you think the test bug is likely to have?
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Figure 2.A sample of a stimulus frame of the restricted viewer program used in Experiment 2. The
sample (left) and test (right) stimuli were blurred, and the viewer window moved as the participant
moved the mouse. A small portion of the stimuli could be seen through the viewer window. In actual
trials, the two prediction features shown next to the test stimulus were also blurred.

has shown that the Java-based computer program used for
this study simulates eye movement behavior in a normal
setting (Jansen, Blackwell, & Marriott, 2003).

Predictions

The predictions for the two experiments arise from a
view that category labels play a guiding role in feature in-
ference and helps integrate diverse features (E. M. Mark-
man, 1989; Yamauchi, 2005; Yamauchi & Yu, 2005). The
following two variables were assessed to test this idea.
First, we measured the proportions for selection of the fea-
ture value consistent with the sample stimulus (consistency
score) when the sample and the test stimuli had a common
label (matched condition; Figure 1A) and when they had
different labels (mismatched condition; Figure 1B). Our
prediction was that the participants’ consistency scores
would rise when the two labels were matched and would
decrease sharply when the two labels were mismatched (see
Corneille, Klein, Lambert, & Judd, 2002; Tajfel & Wil-
kes, 1963). We expected that this tendency would increase
sharply when the two arbitrary labels carried category in-
formation and would remain robust even after Sloman’s
(1993) similarity and coverage factors were controlled.

Second, in Experiment 2, we compared the frequency
with which and the order in which verbal labels and other
components were viewed. It was predicted that when two
labels carried category membership information, category
labels would be viewed more often, particularly at the be-
ginning of a trial.

EXPERIMENT 1

Experiment 1 was an initial investigation into the role
of categorical information in inductive inferences. We

examined whether category information would have an
effect on inferential judgments above and beyond that of
attribute-based similarity (similarity and coverage). To
control the effect of similarity information, the partici-
pants carried out a similarity judgment task after a feature
inference task. The participants’ assessments of the simi-
larity between the sample and the test stimuli were used
to control the influence of perceived similarity between
stimuli. To control the effect of coverage, two pilot stud-
ies were carried out (see the Appendix). To control other
extraneous effects, the stimuli in the two conditions were
identical. The only difference between the two conditions
was the instructions given prior to the experiment. In the
category condition, the arbitrary labels monek and plaple
were associated with two different fypes of bugs, whereas
in the feature condition, these two names were associated
with two different shapes of wings.

Method

Participants

A total of 133 undergraduate students participated in this experi-
ment for course credit. They were randomly assigned to one of two
conditions: a category condition or a feature condition. The data
for 5 participants were removed because they responded exclusively
with one of the two designated keys (binomial distribution test, p <
.001).Altogether, the data from 128 participants (category condition,
n = 70; feature condition, n = 58) were analyzed.

Materials

Ten stimuli were devised for this experiment. These stimuli were
schematic illustrations of cartoon insects, which consisted of five
dimensions of a binary feature (horns, long or short; head, round or
angular; body, dotted or striped; legs, eight or four legs; tail, short or
long) and a label (monek or plaple). The stimuli were created from
two prototypes, which belonged to one of two categories: monek
or plaple. Each test stimulus had two features consistent with the
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prototype of the corresponding category and two features consistent
with the prototype of the other category (see Table 1).

Each trial contained a sample bug and a test bug. The sample bug
was always one of the two prototypes used to produce the test bugs
(Table 1). The test bugs had one of the five body features missing. In
each trial, an inference question was presented in the following for-
mat: “Based on the sample bug shown on the left, which FEATURE do
you think the test bug is likely to have?”” In the actual questions, FEA-
TURE was replaced with one of the five feature terms—horns, head,
body, legs, or tail. The target feature of the test bug was covered
by a mask. Two depictions of a feature were presented as choices
with which to answer the inference question. One of these feature
depictions was consistent with the sample bug, and the other was
inconsistent with the sample bug (Figure 1). The participants indi-
cated their choice of feature depiction by clicking the corresponding
button.

Procedure and Design

At the beginning of the experiment, each participant was given
one of the two instruction sheets, which divided the participants into
the category condition or the feature condition, and the participants
carried out the inference task, a filler task, and a similarity judgment
task, in this order. Excerpts of the instructions from the two condi-
tions are shown below:

Category condition. In this experiment, we are interested in the
way you make judgments . . . Each bug belongs to two types—
“monek” and “plaple.” These bugs are depicted with 5 differ-
ent body parts—horns, head, body, legs, and tail, along with a
tag, “monek” or “plaple” . .. Based on the samples shown on
the left side of the screen, please answer each question as ac-
curately as youcan. . ..

Feature condition. In this experiment, we are interested in the
way you make judgments . . . Each bug is depicted with 6 dif-
ferent body parts—horns, head, body, legs, tail and wings.
Because the wings of the bugs are folded on their back, we
were not able to show them, so that we specified them with
two names—"“monek” and “plaple,” which roughly stand for
two different shapes of wings . . . Based on the sample shown
on the left side of the screen, please answer each question as
accurately as you can. . . .

The inference task consisted of 20 inference questions. For each
trial, the participants were shown a pair of sample and test stimuli
on a computer screen and were asked to select one of two feature
values for the body part in question (Figures 1A and 1B). The sam-
ple stimuli were the prototype stimuli used to produce test stimuli
(Table 1). Ten test stimuli were shown twice—once paired with the
corresponding sample stimulus (matched trials; the sample and the
test bugs had the same label) and once paired with a sample stimu-
lus of the opposite category (mismatched trials; the sample and the
test bugs had different labels). For example, Test 1a in Table 1 was
shown twice, once with Sample A (a matched trial, because Test 1a
and Sample A had the same label, monek) and once with Sample B
(a mismatched trial, because Test 1a and Sample B had different
labels, monek and plaple).

The dependent measure in this experiment was consistency score
(the proportion of responses that selected the feature value consis-
tent with the sample stimulus; Figures 1A and 1B). To assess the
impact of labeling in the two instruction conditions further, we also
calculated polarity score by subtracting the mean consistency score
for the mismatched stimuli from that for the matched stimuli. To
make the task more challenging, the 20 inference questions were
randomly mixed with 20 other, unrelated inference questions. The
order in which the trials were presented was determined randomly
for each participant.

After the inference task, an unrelated filler task was given. This
task took approximately 15 min. Following the filler task, the partic-
ipants conducted a similarity judgment task, in which they indicated

the perceived similarity between the sample and the test stimuli on
a 0—100 scale. The stimuli for the similarity task were analogous to
those given in the inference task, except that the target questions, the
mask, and the answer choices were removed (Figures 1C and 1D).
The target features in the test stimuli were replaced with the feature
consistent with the corresponding sample stimulus. This procedure
was implemented in order to ensure that the participants’ similarity
judgments corresponded to their inference performance. As in the in-
ference task, the instructions in the category condition characterized
the two labels as two types of bugs, and the instructions in the feature
condition characterized the two labels as two shapes of wings. Other
than this single point, the two conditions were identical.

The design of the experiment was 2 (instruction condition: cat-
egory vs. feature—a between-subjects factor) X 2 (label match:
matched vs. mismatched—a within-subjects factor) factorial. Label
match refers to the two types of trials: matched (labels were matched)
and mismatched (labels were mismatched).

Results and Discussion

As was predicted, characterizing the two arbitrary
names as category labels modified the participants’ re-
sponse patterns significantly (see Table 2).

A 2 (instruction condition: category vs. feature) X 2
(label match: matched vs. mismatched) ANOVA showed
that there was a significant interaction effect between the
two factors on the consistency score [F(1,126) = 8.24,
MS,= 0.08, p < .01, 2= 0.06]. The mean polarity
scores, which were calculated by subtracting the consis-
tency scores obtained in the mismatched trials from those
obtained in the matched trials, were significantly larger
in the category condition than in the feature condition
[t1(126) = 2.82, p < .01, d = 1.26]. There was a main ef-
fect of label match on the consistency score [see Table 2;
F(1,126) = 79.93, MS, = 0.08, p < .01, n2 = 0.38]. The
main effect of instruction condition was not significant
(F < '1). To control the similarity and coverage factors,
an item-based ANCOVA was performed with the similar-
ity and coverage factors as covariates (see the Appendix
for the procedure for estimating the coverage of stimuli).

Table 2
Mean Consistency Scores and
Standard Deviations in Experiment 1

Match —
Match Mismatch Mismatch
Condition M SD M SD M SD
Inference Task
Category 72* 27 30" .26 42+ 43
Feature .62 .23 40 22 22 37
Similarity Judgment Task
Category .60 15 53 13 .07 .08
Feature .60 .16 53 .16 .07 .10
Estimated Coverage
Category .34 .07 .19 .06 .14 .10
Feature 35 .13 23 .08 13 .08

Note—To make a comparison between these values meaningful, the
similarity judgment scores are divided by 100. For the procedure of esti-
mating the coverage values, please see the Appendix. The asterisks show
the results from 7 tests comparing two instruction conditions along each
column. For example, in the column under “Match,” the mean score in
the category condition (M = .72) was compared with that in the feature
condition (M = .62). *p<.05. *p<.0l.
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This analysis showed that even after controlling for these
two factors, the effect of categorical labeling was substan-
tial—an interaction effect between instruction condition
and label match [F(1,35) = 14.41, MS, = 0.01, p < .01].

These results are consistent with the following ideas:
(1) Even when exactly the same materials are presented,
drastically different inferential patterns can appear, depend-
ing on whether a label is described as a category label or as
a feature label, and (2) this impact of category labels occurs
even after the similarity and coverage factors (Sloman, 1993)
are controlled. In Experiment 2, we examined whether cat-
egory labels would influence the decision processes.

EXPERIMENT 2

Experiment 2 was designed to replicate Experiment 1
but also to further investigate the mechanisms of induc-
tive inferences. Experiment 1 provided evidence that the
participants were using category membership information
differently from feature information. However, we do not
know the exact role that category labels play in a decision
process. By measuring how long and in what order a par-
ticipant spent viewing a feature, we assumed that we could
estimate how much that feature was guiding his/her deci-
sion process. In Experiment 2, the same conditions and
stimuli as those in Experiment 1 were used, but the trials
were presented using our mouse-tracking program.

Our predictions were as follows. First, if labels were
used merely as a shortcut to make a response quickly, the
overall response time for the participants in the category
condition would be shorter than those in the feature condi-
tion. Second, if category labels were used to guide a deci-
sion, labels should be viewed longer and more frequently
in the category condition than in the feature condition.
Finally, if labels initiated an inference, labels should be
viewed earlier in a trial in the category condition than in
the feature condition.

Method

Participants

A total of 73 undergraduate students participated in the experi-
ment. The data from 4 participants were removed because they
did not conduct the experiment as suggested in the instructions.!
To eliminate the outliers, we removed the data for the participants
whose average viewing time for the stimulus areas exceeded 20 sec
and whose average viewing times for the test stimulus area were
below 1.2 sec.2 We reasoned that at least 1.2 sec were needed to
examine the stimulus areas and to make a judgment. Altogether,
the data from 57 participants (category condition, n = 28; feature
condition, n = 29) were analyzed. The assignment of the two condi-
tions was made in an alternate order as the participants arrived at
the laboratory. The participants were tested in groups ranging in
size from 1 to 4.

Materials

The stimuli for this experiment were the same illustrations of
fictional insects as those used in Experiment 1. To monitor mouse
movement, a Java-based Restricted Focus Viewer program was
used (Jansen et al., 2003).3 This program uses blurred images on
the screen that can only be temporarily revealed by moving a small
viewer window, using the mouse (Figure 2). Thus, to view a desired
feature, the user must move the mouse to its location. This program
records the movement of a mouse across the images, as well as the

amount of time spent at each location. The size of the viewer win-
dow for this experiment was 27 X 27 pixels.# Our Restricted Focus
Viewer program presented two stimuli (sample bug and test bug)
that were blurred beyond visible recognition. As in Experiment 1,
the target feature in the test bug was covered with a mask. Also
blurred was the label (either monek or plaple) appearing above each
of the bugs and inference questions attached to the test stimulus.
To create the blurring effect, four different versions of stimuli were
created, each treated with the Gaussian blur filter in Adobe Pho-
toshop (with a radius of 5, 8, 11, or 14 pixels). These four images,
combined with an unblurred version, were used by the program to
create the desired effect. Above the two blurred stimuli, an inference
question was presented in the same format as that in Experiment 1.
Two depictions of a feature were presented as choices to answer the
inference question. One of these feature depictions was consistent
with the sample bug, and the other was inconsistent with the sample
bug. The participants indicated their choice of feature depiction by
clicking the corresponding button.

As in Experiment 1, the category and feature conditions differed
only in the instruction sheet that was given to the participants.

Table 3
Definitions of Dependent Variables and Other Terms
Areas of Interest (Aols)
Aols were defined on the computer screen. Each sample stimulus and
test stimulus was divided into 12 different areas: label, horns, head,
body, legs, and tail—in the sample and test stimuli (see Figure 3).

Fixation
If a cursor stayed at the same spot continuously for a time equal to or
more than 50 msec, it was regarded as one fixation.

Fixation Time (ft)

The ft was the duration (measured in milliseconds) of one fixation. For
example, if the cursor stayed at a particular position for 150 msec, the
ft of that particular fixation was 150 msec.

Fixation Count ( fc)

Any given fixation was counted as one fixation regardless of its ft. For
example, there was a 100-msec fixation at one Aol and another 200-
msec fixation at the same Aol some time later in the trial. This means
that there were two fcs at that particular Aol.

Weighted Fixation Time (wft) and Weighted Fixation Count (wfc)

To assess the order of fixation, all occurrences of fixation in each trial
were numbered in a descending order, and each fc and ft was weighted
in accordance with its order of occurrence (wfc = weight X fc; wit =
weight X ft). For example, the first fixation in a trial had a weight of
NJ/N, the second fixation had a weight of (N—1)/N, and so on until

the last fixation, which had a weight of 1/N (see Rehder & Hoffman,
2005a, for a similar procedure). Here, N stands for the number of total
fcs in a trial.

Fixation Score and First Fixation

To identify when a label was viewed for the first time in each trial, we
measured first fixation score of labels. Specifically, we (1) numbered
every occurrence of fixation from 1 to N in each trial and (2) divided
these numbers by the number of total fixations, creating a series of fix-
ation scores (i.e., Fixation Scores™ = {1/N, 2/N, 3/N, . . . N/N}, where
N is a total number of fixations in a given trial). For example, assume
that a total of 10 fixations occurred in a given trial in the following
order: [Sample_Head, Test_Legs, Test_Tail, Sample_Label, Test_Tail,
Test_Head, Sample_Label, Test_Label, Test_Legs, Test_Label]. The
fixation scores of this example will be [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, 0.9, 1], and the first fixation score of Sample_Label is 0.4 and
that of Test_Label is 0.8. This statistic helps identify when a label was
viewed in the course of decision making, independently of total view-
ing times of individual participants and trials. For example, the fixation
that occurred at the 25th percentile of a viewing history of a trial will
be .25, and the fixation that occurred at the 50th percentile of a view-
ing history will be .5. We recorded first fixation scores of labels and
heads in all the trials.
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Figure 3. For the data analysis, the stimulus frame was divided
into four different locations: the label of a sample stimulus (in-
side the upper rectangle on the left), the body parts of a sample
stimulus (inside the lower rectangles on the left), the label of a test
stimulus (inside the upper rectangle on the right), and the body
parts of a test stimulus (inside the lower rectangles on the right).
We also examined the viewing times of 12 individual components:
two labels and 10 body parts in the sample and test stimuli.

Procedure and Design

At the beginning of the experiment, each participant was given
one of the two instruction sheets. Next, all the participants viewed
the same demonstration video clip, which showed how to use the
Restricted Focus Viewer program. After the demonstration, the par-
ticipants completed 20 trials at their own pace.

The design of Experiment 2 was a 2 (instruction condition: cat-
egory vs. feature) X 2 (label match: matched vs. mismatched) fac-
torial. For mouse tracking, viewing time data were analyzed using
a 2 (instruction condition: category vs. feature) X 2 (stimulus area:
sample vs. test) X 2 (label match: matched vs. mismatched) X 2
(mouse location: label vs. body part) factorial. Instruction condi-
tion was a between-subjects factor, and all the other factors were
within-subjects manipulations. Stimulus area refers to the two de-
pictions of stimuli—a sample stimulus and a test stimulus. Mouse
location refers to where the participant was focusing the viewer win-
dow. Viewing times for body parts were calculated by averaging the
viewing times for the five different body parts—horns, head, body,
legs, and tail.

As in Experiment 1, the participants’ selection of a particular fea-
ture value was assessed by measuring the consistency score. For
the mouse movement data, a stimulus frame was divided into 12
different areas of interest (Aols; see Figure 3), and the following
dependent variables were evaluated: fixation time, fixation count,
and the order of fixation (see Table 3 for the definitions of these
terms). These dependent measures and the analyses employed in this
study were based on the eyetracking studies by Rehder and Hoffman
(2005a, 2005b).

Results and Discussion

The individual trials whose viewing times were 0 msec
were removed from the data analyses. Here, we defined
viewing time as the time that a mouse stayed on sample
and/or test stimulus areas. We also eliminated 1 partici-
pant in the feature condition because the responses of this
participant deviated far from those of his/her group. This
participant’s viewing times of labels exceeded 4.5 stan-
dard deviation units from the mean and 13 times more
than the median of the condition. All the other responses
were within 4.5 standard deviation units of the mean of

each condition. Because response time measures are par-
ticularly sensitive to outliers, we considered these proce-
dures to be necessary (see Ratcliff, 1993; Wilcox, 1998).

Consistency score. The results from the consistency
scores were in accord with those reported in Experiment 1
(see Table 4). As in Experiment 1, a 2 (label status) X 2
(instruction condition) ANOVA revealed a significant in-
teraction between instruction condition and label match
on the consistency score [F(1,54) = 7.34, MS, = 0.05,
p <.01,7%2=0.12]. To identify the locus of the interaction
effect, we compared the mean polarity scores, which were
calculated by subtracting the consistency scores obtained
in the mismatched trials from those in the matched tri-
als. The mean polarity score was larger in the category
condition than in the feature condition [#(54) = 2.71,p <
.01, d = 0.72]. The main effect of instructions was not
significant (F' < 1). Overall, matched stimuli received
higher consistency scores than did mismatched stimuli
[F(1,54) = 28.65, MS, = 0.05, p < .01, > = 0.35].

Mouse movement analyses. In our mouse movement
analyses, we will report the results based on fixation count
(fc) and fixation time (ft) and then the results based on
weighted fixation count (wfc) and weighted fixation time
(wft). We will report primarily interaction effects involv-
ing instruction condition.

As was predicted, labels were viewed longer and more
frequently in the category condition than in the feature con-
dition. There were significant interaction effects between
instruction condition and mouse location [fc, F(1,54) =
5.80, MS, = 98.15, p < .05, 52 = 0.1; ft, F(1,54) = 5.95,
MS, =562,159.9, p < .05, n2 = 0.1]. The two labels were
viewed more often and longer in the category condition
than in the feature condition [fc, #(54) = 2.23, p = .03,
d = 0.60; ft, t(54) = 2.20, p = .03, d = 0.59; see Table 5
and Figure 4A). Viewing times of the body parts did not
differ between the two conditions [7s(54) < 0.6, ps > .50,
ds < 0.18]. Two additional ANOVAs, which were applied
separately to the data obtained from the sample stimulus
and the test stimulus, suggested that categorical labeling
influenced viewing times of the label in the test stimu-
lus a great deal. Given the test stimulus, the interaction
between instruction condition and mouse location was
robust [fc, F(1,54) = 7.65, MS, = 28.86, p < .01, n2 =
0.12; ft, F(1,54) = 6.33, MS, = 159,885.22,p = .02, =
0.11]. The interactions between the two factors were mar-
ginally significant in the sample stimulus [fc, F(1,54) =
3.12, MS, = 25.90,p = .08, n2 = 0.55; ft, F(1,54) = 3.87,
MS, = 175,103.40, p = .05, n?2 = 0.07; see Figure 4A].

Table 4
Mean Consistency Scores and
Standard Deviations in Experiment 2

Polarity Score

(Match —
Match Mismatch Mismatch)
Condition M SD M SD M SD
Category .70 28 36" .29 34 37
Feature .61 23 .50 27 11 .26

Note—The asterisks show the results from 7 tests comparing two instruc-
tion conditions along each column. *p <.05. *p < .01.



858 Y AMAUCHI, KOHN, AND YU

The three-way interaction between instruction condition,
label match, and stimulus area was marginally significant
for the fc measure [fc, F(1,54) =2.99, MS. = 11.41,p =
.09, 2 = 0.05], but not for the ft measure (ft, F < 1). All
the other interactions related to instruction condition were
not significant [Fs(1,54) < 1.4, ps > .25, n2 < 0.02].

Categorical labeling per se neither prolonged nor reduced
the total viewing time for the stimuli. A 2 (label match:
matched vs. mismatched) X 2 (instruction condition: cat-
egory vs. feature) X 2 (stimulus area: sample stimulus vs.
test stimulus) ANOVA showed that modifying the instruc-
tions had no effect on the total viewing times for the trials
[F(1,54) = 1.53, MS, = 2,802,036.14, p = .22, > = 0.03].
Thus, categorical labeling did not simply generate a quick-
and-easy “short-cut” strategy. Rather, it led to a specific
interaction between viewing locations and viewing times.

Now we will examine the impact of viewing order. If
category labels were used to guide inference, they should
be viewed earlier in a trial.

Viewing order. To investigate the effect of viewing order,
the following measures were taken. First, we performed the
same analyses as those described above, with the data set
weighted with the order of viewing (see Table 3 for the pro-
cedure to obtain weighted data). Second, we identified the
viewing “history” of the labels and investigated whether
category labels were viewed earlier in a trial (the procedure
of identifying viewing history will be described later).

Overall, the disparity between the two instruction con-
ditions was intensified when viewing order was taken into
account (see Figure 4B). The interaction effects between
instruction condition and mouse location for fcs and fts
were quite robust [wfc, F(1,54) =9.07, MS, =39.73,p <
.01, n2 = 0.14; wft, F(1,54) = 7.84, MS, = 265,897.38,
p < .01, 52 = 0.13; see Table 5]. Additional analyses ap-
plied separately to the test stimuli and the sample stimuli
showed that this interaction was particularly conspicuous
for the test stimuli, but it was also present in the sam-
ple stimuli [test stimulus, wfc, F(1,54) = 11.56, MS, =
9.38,p < .01, 2= 0.18, and wft, F(1,54) = 9.16, MS, =
53,601.54, p < .01, 2 = 0.15; sample stimulus, wfc,
F(1,54) = 5.52, MS, = 13.30, p = .02, »> = 0.093, and
wit, F(1,54) = 4.50, MS, = 110,448.77, p = .03, n2 =
0.09]. Why was the effect of category labels particularly

pronounced for the test stimuli, as compared with the sam-
ple stimuli? We do not have a clear answer to this question.
It is possible that there is an asymmetrical relationship in
the direction of comparison in feature inference (see A. B.
Markman & Gentner, 1993).

In general, the two labels were viewed more often in the
category condition than in the feature condition [fc, #(54) =
2.63,p =.01,d =0.72; ft,1(54) = 2.43,p = .02,d = 0.64].
The viewing times for the body parts did not differ between
the two instruction conditions [for all dependent measures,
t1s(54) < 1.34, ps > .18, ds < 0.37]. There was no interac-
tion between instruction condition and stimulus location
[fe, F(1,54) = 2.01, MS. = 12.08, p = .16, n* = 0.04; ft,
F(1,54) = 1.33, MS, = 128,553.49, p = .25, 2 = 0.02].

These results support the idea that the labels were
viewed earlier in the category condition than in the fea-
ture condition.

Viewing history: First fixations. Were labels viewed
earlier in the category condition than in the feature condi-
tion? To answer this question, we compared the viewing
histories of labels and head in individual trials (i.e., first
fixation score; see Table 3 for the definition). It was shown
by ¢ tests that the first fixation of the label of a test stimu-
lus occurred significantly earlier in the category condition
than in the feature condition [#(51) = 2.30, p = .03, d =
0.64; see Table 6].° In contrast, the head of the test stimulus
was viewed earlier in the feature condition than in the cat-
egory condition [#(54) = 2.26, p = .03, d = 0.60]. Given
the sample stimulus, there was a tendency that the labels
were viewed earlier in the category condition than in the
feature condition [#(53) = 1.78, p = .08, d = 0.48]. The
first fixation scores for the sample head did not differ in
the two conditions [#(54) = 0.90, p = .37,d = 0.24].

Taken together, the results from this experiment indi-
cate that category labels (1) were viewed more often and
(2) were viewed earlier in a decision process, supporting
the hypothesis that category labels, unlike other features,
play a guiding role in inferential judgments.

GENERAL DISCUSSION

The goal of the present study was to investigate the in-
fluence of category labels on inductive inferences. We ex-

Table 5
Summary of Mouse Movement Data in Experiment 2
Fixation Count Fixation Time
Label Body Part Label Body Part
Condition M SD M SD M SD M SD
Category 1075 6.82 1072 5.65 855.32" 57742 79749 41439
Feature 7.36 538 11.71 478  586.32 42041  835.12 31545
Weighted Fixation Count Weighted Fixation Time
Label Body Part Label Body Part
M SD M SD M SD M SD
Category 8.64" 476 624 266 69551° 42592 46220 174.78
Feature 5.65 3.65 683 238 456.17 300.44  495.70  151.66

Note—The mean and standard deviation of fixation count and fixation time measures in
Experiment 2. The numbers in the body part category represent the average of the five
different body parts. The asterisks show the results from ¢ tests comparing two instruction
conditions along each column. *p <.05. **p < .0l.
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Figure 4. (A) Summary of fixation counts and fixation times obtained in Experiment 2. (B) Summary of weighted fixation
counts and weighted fixation times collected in Experiment 2. The length of each error bar represents two units of weighted
standard error obtained from the two instruction conditions. These bars correspond to two units of 7 score used for the 7 tests

between the two instruction conditions.

plored this issue in the two experiments by manipulating
the information the labels conveyed and then measuring the
participants’ inferences, as well as their mouse movement
patterns. The results from Experiment 1 indicated that cat-
egorical information has a strong effect on inferences, even

after the similarity and coverage factors were being con-
trolled. Trials in which the labels were congruent directed
the participants to select a feature choice consistent with the
sample stimulus, whereas incongruent label trials led the
participants to select the feature choice inconsistent with
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Table 6
Mean First Fixation Scores in Experiment 2

Sample Stimulus Test Stimulus
Label Head Label Head
Condition M SD M SD M SD M SD

Category .10 .06 74 .08 26" .09 49 .09
Feature 13 08 .76 .08 .33 A2 437 11

Note—These numbers represent the means and standard deviations for
the first fixation scores obtained over individual participants. The trials
that had no fixation of labels or head were not included in this analysis.
The participants who had fewer than three data points were not included
in this analysis. Small numbers represent the fixations that occurred
earlier in a trial. For example, .26 in the category condition of the test
stimulus means that the first fixation of the label of a test stimulus oc-
curred at the 26th percentile of the entire fixation history. The asterisks
show the results from # tests comparing two instruction conditions along
each column. *p <.05. ™p < .01.

the sample stimulus. This polarized response pattern was
reduced when the labels were characterized as features.

The mouse movement data in Experiment 2 showed
that category labels influence inductive inferences in a
manner differently from feature labels. This was reflected
in the viewing time and order data from the mouse move-
ment program. Characterizing the labels with categori-
cal information increased the proportion of viewing time
spent on the labels in the test stimuli, as compared with
the condition in which labels were characterized with fea-
ture information. Categorical labeling also influenced the
order of viewing a stimulus. The labels were viewed ear-
lier in a trial when the labels carried category information.
This tendency was pronounced in the test stimuli.

These results are consistent with the ideas that (1) the
presence of category labels (i.e., verbal labels that convey
category membership information) redirects the way in
which people approach the problem, (2) the category in-
formation has the effect of changing the strategy by which
persons view the label and features, as well as manipulat-
ing the weight of the labels and features in their decision
process, and (3) category labels and feature labels play
different roles in inductive inference. Note that the feature
labels in the present study were characterized as repre-
senting the shapes of wings. In a separate study, we also
introduced feature labels representing different islands,
different kinds of food, and different kinds of disease that
bugs live, eat, or carry and compared them with category
labels. Even with these manipulations, we observed re-
sults analogous to those found in the present study (Yama-
uchi & Yu, 2005, 2007).

It is difficult to interpret these results with similarity-
based theories of inductive inference alone (Osherson,
Smith, Wilkie, Lopez, & Shafir, 1990; Pothos, 2005;
Sloman, 1993, 1998; Sloutsky, 2003; Sloutsky & Fisher,
2004). According to the similarity-based approach, labels
are only salient features. If this were the case, we would
not expect label-viewing times and orders to differ be-
tween the category and the feature conditions. The two
conditions had the same verbal labels and the same stim-
uli. Thus, the disparity between the two conditions should
come only from the category information presented in
the instructions, not from the presence/absence of verbal

labels per se, as has been examined in previous studies
(Gelman & Markman, 1986; Sloutsky & Fisher, 2004).

It is possible that the category information given in the
instructions made the verbal labels attentionally salient,
leading the participants to view labels earlier and more
often. The viewing order data in Experiment 2 show that
the labels conveying category information were viewed
earlier, as compared with labels associated with feature
information, implying that the category labels gave a
goal-driven preparatory clue. All the stimuli in our exper-
iments had the same labels, the participants received the
same stimulus frames, and the manipulation was made
solely in instructions. Thus, the attentional salience ob-
served in the two experiments was unlikely to be stimulus
driven.

Why does categorical labeling change people’s induc-
tive strategy? We speculate that there are two possibilities.
A first possibility concerns the effect of communication.
In order for linguistic communication to be effective,
speakers and listeners must establish an agreement as
to what a particular word stands for. For example, some
object is called booklet, rather than pamphlet, chiefly be-
cause that particular reference was established earlier be-
tween communicators (Malt & Sloman, 2004; Malt, Slo-
man, & Gennari, 2003; Markman & Makin, 1998). This
communicative “pact” may become particularly strong
when labels represent a category of objects, rather than
a feature of objects. A second possibility concerns eco-
logically driven reasoning heuristics (Gigerenzer, Todd,
& the ABC Research Group, 1999). Natural categories
are clustered by family resemblance (Rosch & Mervis,
1975). In many basic-level categories, no single feature
defines categorical boundaries. In this setting, using cat-
egory membership as a default reasoning strategy might
be a robust and reasonably satisfying means of induction.
It is possible that our adult participants learned such a rea-
soning strategy as they experienced numerous categories
in their lives (Sloutsky, 2003; Sloutsky & Fisher, 2004).
It is also possible that the category-based reasoning strat-
egy, which may be related to psychological essentialism
(Medin & Ortony, 1989), is ingrained through evolution
as an ecologically rational decision process (Gelman,
2003). Future studies should investigate this issue.

CONCLUSION

This experiment has shed light on how people use cat-
egory labels and feature labels to make inductive infer-
ences; it has also demonstrated a new method for study-
ing inductive-reasoning research. Although we cannot be
totally sure what participants are thinking when they view
stimuli, the combination of decision responses and deci-
sion process measures inferred from mouse movement
patterns can point to the idea that category membership
information plays a distinct role in feature inference and
separates itself from other features.

AUTHOR NOTE

This article is an extension of the paper “Feature Inference: Track-
ing Mouse Movement,” presented at the 27th Annual Meeting of the
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NOTES

1. These participants responded almost exclusively with one of the two
designated buttons (for all cases, p < .001; binomial distribution test).

2. Following the recommendation of Ratcliff (1993), we reanalyzed the
mouse movement data with several different cutoff points—removing the
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data from the participants whose viewing times exceeded 18, 19, 20, 21, or
22 sec, and removing the data from the participants whose average view-
ing times of the test stimuli were less than 400, 600, or 800 msec, all the
way up to 2,000 msec. The overall results of these additional analyses were
consistent with those described in the Results and Discussion section.

3. Restricted Viewer Program can be downloaded at www.csse
.monash.edu.au/projects/RFV/.

4. The computer screen had 1,027 X 768 pixels, and the viewer win-
dow measured approximately 0.85 X 0.85 cm?2. The labels were placed
about 1.2 cm above the top of the horns, so that the participants were
unable to see a label and other body parts (e.g., horns) simultaneously.

5. The t tests described here were calculated over the average first
fixation scores obtained from individual participants. The participants
who had fewer than three data points were not included in these ¢ tests.

APPENDIX
Estimating the Coverage Factor: An Analysis of the Sloman (1993) Model

Sloman’s (1993) feature-based model provides simple yet elegant explanations for most of the psychological
phenomena examined by Osherson et al. (1990). For this reason, we adopted the Sloman model to estimate the
coverage factor of induction. The model explains the strength of a conclusion, such as lions have disease X, given
a premise, zebras have disease X, by Equation A1:

(P: Premise) Zebras have disease X.
(C: Conclusion) Lions have disease X.

F(P)-F(C) _|F(P)I[F(P)-F(O)] _ |F(P)|

C = = =
“CPY = or - F@)FCIEC) ~ FO)

sim (P, C) (A1)

where

. _ F(P)-F(C) . _3 e
Sm(P.C) = o oy TP FO) g{picl., and |F(P))| E{pi.

a(C| P)stands for the strength of conclusion C, given premise P. F(P) and F(C) are vectors representing an
item in premise P (i.e., zebras) and in conclusion C (i.e., lions), respectively. Each element of these vectors
specifies a feature value of an item (e.g., having four legs).

In our experiments, we treated a sample stimulus in a stimulus frame as a premise and a test stimulus as a
conclusion (see Figure 1) and translated Equation A1 into Equations A2A and A2B:

a(T} f)zmsim(sf,rf) (A2A)
and
a(1|s!) = ggii,;sim(sf', ¥). (A2B)

Equations A2A and A2B correspond to trials in the category condition and in the feature condition, respec-
tively. Each of SX, TX, S¥', and T stands for vectors of a sample stimulus or a test stimulus given in the category
condition or in the feature condition. The superscripts k and k” represent the values of the labels (monek or
plaple) that are given in the category condition (k) or in the feature condition (k") ({k,/,k",l’| k,L,k" I’ e(Monek L
Plaple), k+1,k" #1’}), and subscript i stands for the value of the target feature ({1, /,|i,je(Value_0 U Value_1),
i|7}). We assume that the consistency score (i.e., P(T¥| S}) and the argument strength [a(T}| S¥)] are monotoni-
cally related by some logistic regression function:

B exp{ﬁo + ﬂla(Tik Sik)} - 1
k) B 1+ eXp{Bo + ﬁla(];'k S,vk)} B 1+ exp{_(ﬂo + ﬁla(y;k Sik ))} o

s} _ |
1+ exp{ﬂo + ﬁla(Tik) Sikl)} 1+ exp{—(ﬂo + ﬁla(Tikl Sl.k'))}

The same assumption can be applied to the polarity score by calculating the consistency scores for matched and
mismatched stimuli separately and then obtaining the difference between the two.

The present analysis is concerned with whether or not the similarity and coverage factors alone can account
for the effect of category labels. Thus, the two parameters of the logistic regression functions (S, and j3,) are
fixed. Note that the Sloman model reveals that the consistency score [i.e., P(T}|S})] is monotonically related
to the two variables (similarity and coverage), and no inductive differences are expected to arise whether labels
carry category information or feature information, as long as the influence of these two components is equivalent
in the two instruction conditions.

P(7}]s

and

s)= exp{ﬁo + BT

i

(A3B)




CATEGORICAL REASONING

863

To estimate the coverage factor, two independent pilot studies were conducted. In Pilot Study 1 (N = 70), all
verbal labels were removed from the test stimuli, and the participants answered inference questions when only
the sample stimuli had verbal labels. In Pilot Study 2, this condition was reversed. All the verbal labels were
removed from the sample stimuli, and the participants answered inference questions when only the test stimuli
carried verbal labels. Except for these two points, the materials, procedure, and design of Pilot Studies 1 and 2
were identical to those described in Experiment 1. The products of inference scores obtained in these two pilot
studies were assumed as estimates of the coverage factor (e.g., |F(P)| / |F(C)| in Equation A1).

Equations A4A and A4B show an estimated consistency score in Pilot Study 1 given in the category condition
(A4A) or in the feature condition (A4B):

a(T?|st) = igij’; sim(S), 7 (A4A)
and
a(1?|s)) = msm(&k; ) (A4B)

Equations ASA and A5B show an estimated consistency score in Pilot Study 2 given in the category condition
(ASA) or in an attribute condition (A5B):

a(TF|s¢) = ggii; sim(S¢, T (ASA)
and
a(1¥|s?) = ;((:f,))sim(s;”, ) (A5B)

(})n Pilot Study 1, the test stimuli had no label (7}), and in Pilot Study 2, the sample stimuli had no label
(857).

By multiplying Equations A4A and ASA and Equations A4B and A5B, we obtain Equations A6A and A6B,
respectively:

F(sf) F(s? F(sf F(s? . .
FET¢; Slm( - Ti(p)x FET‘k; Slm(Si¢’ Tik) = FETk; X FET."’; X sm(Si", Tl,‘f’)x s1m(Slf”, Tt.k)
_IE(st) u (A6A)
(')
and
F(s¥ , F(s? N E(SE) O |F(s?) . ,
) ) ) T ol
= ‘F(S’ki) X u (A6B)
(i)
where
i O il
d
an oo o in(s )7,

Note that » and u” are identical, except for their similarity components. Because two other pilot studies (N =
95) estimating the similarity components of u and u” [sim(Sl-]‘, T i"’) X sim(S,-"', T, l-k)] and [sim(S}, T ,-’/’) X sim(S?,
T¥)] showed no statistical difference between the two instruction conditions [item-based ¢ tests, #(38) = 0.91,
p = .36,d = 0.30], we assumed u = u’. Accordingly, products of inference scores obtained in the two pilot stud-
ies (Equations 6A and 6B) were used as the estimates of the coverage factor.

(Manuscript received May 12, 2005;
revision accepted for publication May 9, 2006.)



