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Abstract

Previous studies of supervised category learning show that par-
ticipants often prefer a unidimensional categorization strat-
egy. Studies also report that the perfectly diagnostic feature
is learned better compared to the partially diagnostic features.
We replicate these results, and we show that better learning of
partially diagnostic features leads to less preference for uni-
dimensional categorization. When participants have perfect
knowledge about all the diagnostic features, then it becomes
equivalent to memorizing the prototypes of the categories. We
compare our results with the match-to-standards procedure,
where category prototypes are shown during categorization
and unidimensional strategy is seldom preferred. We interpret
our results to suggest that the preference for unidimensional
categorization in supervised category learning, shown in ear-
lier studies, could be due to poor learning of the partially diag-
nostic features.
Keywords: supervised category learning; observational and
feedback learning; unidimensional categorization; memoriza-
tion of partially diagnostic features; match-to-standards proce-
dure

Introduction
In supervised learning, researchers study the nature of repre-
sentations that humans use to represent and generalize arti-
ficial categories. The supervised category learning paradigm
typically has a training phase and a transfer phase. In the
training phase, participants learn about the correct category
of the training stimuli. The category label associated with
each training stimulus depends on the category structure used
in the experiment. The training phase in supervised category
learning is usually followed by a transfer phase, where partic-
ipants categorize previously unseen (transfer) stimuli. Usu-
ally, all the stimuli are presented serially in both training and
transfer phases. Researchers draw inferences about human
category learning behaviour based on how the participants
categorize the transfer stimuli.

Traditionally two different supervised category learning
paradigms have been used, where categories are learned ei-
ther through observation or through feedback (Estes, 1976;
Nelson, 1984). Ashby, Maddox, and Bohil (2002) designed
an experiment that compared the observational and feedback
learning paradigms. These paradigms differ only in the train-
ing phase. In observational learning, participants are shown
the category labels along with each training stimulus during
the training phase. In feedback learning, participants must
categorize each training stimulus, and corrective feedback is
provided. It has been shown that feedback learning is more

effective than observational learning for category structures
that are not based on a unidimensional rule (Ashby et al.,
2002).

Levering and Kurtz (2015) have compared classification
(feedback) learning and observational learning to see which
type of supervised learning leads to better learning of the dis-
tributional properties of the features. At the end of the exper-
iment, participants were given a single feature inference test
where they judged the category in which a feature is more
likely to be in. The single feature inference test would show
how well participants could learned the distributional proper-
ties of various features. The results showed that participants
acquired a perfect knowledge about the perfectly diagnostic
feature (i.e. unidimensional criterial attribute), but not about
the partially diagnostic features. The results also showed that
observational training led to better learning of partially diag-
nostic features compared to feedback training.

Rabi, Miles, and Minda (2015) used feedback learning to
train participants on a category structure that could be cor-
rectly learned using either a unidimensional rule (criterial at-
tribute) or by learning the family resemblance structure. In
the transfer phase, test stimuli were used that contained the
criterial attribute of one category, but shared greater family
resemblance with the members of the other category. The
study aimed to compare the category generalization pattern
among adults and children. We wish to highlight the re-
sult that adults preferred to categorize the test stimuli using
the unidimensional rule. The second experiment contained a
single-feature test phase at the end. In the single-feature test
phase, participants were shown all the features one by one,
and they had to identify the category in which a feature was
most often found. The results showed that the participants —
who performed the best in the single-feature test — preferred
to categorize the test stimuli using family resemblance sort-
ing strategy instead of the unidimensional strategy (Rabi et
al., 2015, P. 164).

The above studies show that in supervised category learn-
ing, the (perfectly diagnostic) criterial attribute is learned bet-
ter compared to the partially diagnostic features. The pro-
totype of a category represents the most common features
(i.e. perfectly and partially diagnostic features) of a cate-
gory (Minda & Smith, 2011). This means that in supervised
category learning participants are unable to learn the proto-
types of the categories with a high degree of confidence.
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Regehr and Brooks (1995) showed that when participants
were shown the two prototypes of the underlying categories
and asked to categorize the stimuli one by one, participants
tend to prefer a family resemblance strategy (and not a uni-
dimensional strategy). This classification procedure has been
called match-to-standards procedure. These results have been
replicated for stimuli that have distinct and easily identifiable
features (Milton & Wills, 2004; Milton, Longmore, & Wills,
2008).

It is not clear whether a unidimensional strategy is always
preferred or whether such strategies depend on the learning
of partially diagnostic features in category learning. This
study aims to address this question. Karpicke and Roediger
(2008) showed that it is repeated retrieval (testing) of infor-
mation that leads to better long term retention compared to
repeated studying of information. In our study, we repeatedly
tested participants on their knowledge of the partially diag-
nostic features to achieve better learning of these features. We
hypothesized that as participants learn the features in the cat-
egory prototypes (perfectly and partially diagnostic features)
with a greater degree of confidence, there should be a corre-
sponding decrease in the preference for unidimensional cate-
gorization. We expected our results to be similar to those of
the match-to-standards procedure.

Experiment
In this study, we have made some modifications to the stan-
dard supervised category learning paradigm (see Figure 1).
Firstly, we use both observational learning as well as feed-
back learning in the training phase. It has been reported
that observational learning leads to (slightly) better learning
of partially diagnostic features compared to feedback learn-
ing (Levering & Kurtz, 2015). Also, it has been reported that
some category structures can be learned better using feed-
back learning, and not using observational learning (Ashby
et al., 2002). Since, our aim was to make participants learn
both the perfectly and partially diagnostic features, we have
included both observational learning and feedback learning
in the training phase of our supervised category learning
paradigm.

In the standard supervised learning paradigm, the training
phase is followed by the transfer phase. But we have added
a memorization phase between the training and the transfer
phases as show in Figure 1. In the memorization phase, par-
ticipants were repeatedly tested on the features that occur
more commonly in categories A and B. We had five mem-
orization phase conditions: M0, M1, M3, M4 and M5. In M0
condition, participants memorized task irrelevant features. In
M1 condition, participants memorized only the perfectly di-
agnostic feature, and so on. In M5 condition, participants
memorized all five features, that occur commonly in each of
the two categories.

In conditions M0 and M1, we expected the perfectly di-
agnostic feature to be learned with a high accuracy, but not
the partially diagnostic features. Also, we expected the uni-

Figure 1: The flowchart shows the experimental procedure.
We have added a memorization phase (shown in red) in the
supervised category learning paradigm. Also, we use both
observational and feedback learning in the training phase.
The experimental conditions differ only in the memorization
phase.

dimensional responses to be high. In condition M5, we ex-
pected participants to learn the common partially diagnostic
features for the two categories. If the preference for unidi-
mensional categorization is due to poor learning of the par-
tially diagnostic features, then we should expect a significant
decrease in unidimensional categorization for condition M5
compared to condition M0.

Method
Subjects We had hundred participants (30 females; mean
age = 20.5 years) in this experiment. The experiment used
a between-subject design, where participants were randomly
assigned to one of the five experimental conditions — M0,
M1, M3, M4 and M5. The five conditions had 20 participants
each.

Materials Figure 2 shows the fish-like stimuli that were
used in Experiment 1. The stimuli have five feature dimen-
sions — shape of the mouth, shape of the upper-fin, shape of
the tail, shape of the lower-fin and the body pattern. Each
feature along the five dimensions either occurs more fre-
quently in category A or in category B. For example, the
pointy mouth occurs more frequently in category A compared
to category B. Also, parallelogram-shaped body pattern oc-
curs more frequently in category A compared to category B.
One stimulus dimension was perfectly diagnostic of category
membership and the remaining four dimensions were par-
tially diagnostic.

The items shown in the first two rows of Figure 2 formed
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Figure 2: Sample categories used in the experiments. Here,
the shape of the tail is the perfectly diagnostic feature, and the
remaining features are partially diagnostic.

the training stimuli, and the items shown in the last two rows
formed the transfer stimuli. In Figure 2, a large tail is the
perfectly diagnostic feature that occurs in every member of
category A. This feature can be called the perfectly diagnos-
tic feature (criterial attribute) because category membership
of the training stimuli can be correctly determined using just
this one feature. We had five different sets of fish stimuli. A
different stimuli dimension formed the perfectly diagnostic
feature in each of the five sets. Each set of stimuli was used
the same number of times across the five experimental condi-
tions. Figure 2 shows the stimuli in one of the sets, where the
tail is the perfectly diagnostic feature.

The transfer stimuli were created by changing the perfectly
diagnostic feature of the training stimuli. For example, the
transfer stimuli in row three of Figure 2 are same as the cate-
gory A stimuli in row one, except that the perfectly diagnos-
tic feature (shape of tail) is flipped for the transfer stimuli.
Thus, the transfer stimuli are more similar to members of one
category, but have the criterial attribute of the opposite cate-
gory. The category structure that was used in this experiment
is same as that used in Rabi et al. (2015).

Procedure Participants were tested in a silent room on a
laptop with a 15 inch screen. Participant responses were ob-
tained through the keyboard. Participants had to press A to
select category A, and B to select category B. Participants re-
sponded to all the trials in a self-paced manner.

The training phase had two parts: observational learning
and feedback learning. In observational learning, each of the
ten training stimuli were presented, one by one, along with
its category label (A or B). The stimuli were presented in a
random order. After observational learning participants pro-
ceeded to feedback learning. In each trial, participants were
presented a training stimulus, which they had to categorize
correctly. The training stimuli were again presented, one by
one, in a random order. Participants could respond by press-
ing either A or B. In each trial, participants were given feed-
back as to whether their categorization response was correct

Figure 3: In memorization phase of condition M5, partici-
pants were shown all five common features of each category.

or not. At the end of feedback learning, participants were
shown their overall accuracy for the ten training stimuli. Each
training phase block consisted of one observational learning
sub-block and one feedback learning sub-block. Participants
had to achieve 90% accuracy twice (learning criterion) in or-
der to proceed to the memorization phase. If a participant has
not achieved 90% accuracy twice, then the training phase was
repeated.

In the memorization phase, participants were repeatedly
tested about their knowledge of the perfectly and partially
diagnostic features of each category; there was no learning
criterion that had to be achieved. As discussed earlier, this
experiment had five conditions: M0, M1, M3, M4 and M5.
These conditions differed in the number of features that par-
ticipants were made to learn through repeated testing. Partic-
ipants were not given any feedback.

Condition M5. In the memorization phase of condition M5,
participants were shown all the five features that occur more
commonly in each category as shown in Figure 3. Then par-
ticipants were asked to recall the common features of cate-
gory A. If participants could not recall the features, then they
could go to the previous screen and study the common fea-
tures again. After this, participants were tested about their
knowledge of the common features of category A. Partici-
pants could click and select the common features of category
A. No feedback was given.

The process was repeated for category B. Each memoriza-
tion phase block consisted of learning the common features
of both categories A and B. The memorization phase block
was repeated three times. After the memorization phase par-
ticipants proceeded to the transfer phase.

In the transfer phase, transfer stimuli were presented one
by one, and participants could categorize each stimulus into
one of the two categories. There were ten transfer stimuli
as shown in Figure 2. In the transfer phase, the stimuli were
presented in a random order, and no feedback was provided to
the participants. The transfer phase was repeated two times
for each participant. So there were 20 trials in the transfer
phase.

After the transfer phase, there was a surprise all features
test phase. In each block, all the 10 features (two features
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Figure 4: Accuracy for the perfectly diagnostic feature (crite-
rial attribute) in the final all features test.

along each of the five stimuli dimensions) were presented,
one by one, in a random order. Participants were asked
to identify the category in which the given feature occurred
more commonly. The all features test phase consisted of two
blocks, and in each block all the ten features were tested. In
the all features test phase, there were 20 trials in total.

Condition M4. Condition M4 was just like condition M5,
except that participants learned about only four common fea-
tures in each category. These included the perfectly diagnos-
tic feature and three partially diagnostic features. All other
details were same as that of condition M5.

Condition M3. In condition M3, participants learned about
only three common features of each category. These again in-
cluded the perfectly diagnostic feature and two partially diag-
nostic features. Other details were same as that of conditions
M5 and M4.

Condition M1. In condition M1, participants learned only
the perfectly diagnostic feature of each category. So condi-
tion M1, should have no effect on the category level knowl-
edge of the partially diagnostic features.

Condition M0. In condition M0, participants were made to
memorize features that were not task relevant. These features
looked like parts of robot like stimuli, and were very different
from parts of the fish stimuli. This condition was included to
control for the effect of adding the additional memorization
phase in our expermental procedure.

Since participants were not made to memorize any partially
diagnostic features in conditions M0 and M1, the results for
these conditions should be same as those reported in the ear-
lier studies (Levering & Kurtz, 2015; Rabi et al., 2015).

Results
First we discuss the results of the all features test phase. We
expected the accuracy to be high as reported in the previous
studies (Levering & Kurtz, 2015; Rabi et al., 2015). Fig-
ure 4 shows the accuracy for the perfectly diagnostic feature
in the final all features test. The result of one-way between-

Figure 5: Accuracy for the partially diagnostic features in the
final all features test. The significance levels are based on the
adjusted p-values found using Tukey HSD test.

subjects ANOVA shows that there was no significant effect
of memorization on the accuracy of the perfectly diagnos-
tic feature for the five experimental conditions, F(4,95) =
1.04, p = .39,η2 = .042,ω2 = .002. This shows that partici-
pants learned the perfectly diagnostic feature with a high level
of confidence irrespective of the experimental conditions.

We expected participants to learn the partially diagnos-
tic features better when their knowledge is repeatedly tested.
Figure 5 shows the accuracy for the partially diagnostic fea-
tures in the final all features test. The result of one-way
between-subjects ANOVA shows that there was a signifi-
cant effect of memorization on the accuracy of the partially
diagnostic features across the five experimental conditions,
F(4,95) = 12.06, p < .001, η2 = .34,ω2 = .31.

Post hoc comparisons using the Tukey HSD test (at p <
.05) indicates that the accuracy for the partially diagnostic
features (Figure 5) for condition M0 (M = 70.63%,SD =
20.64) was significantly different from condition M3 (M =
91.25%,SD = 10.72), condition M4 (M = 89.06%,SD =
11.33) and condition M5 (M = 95.63%,SD = 8.64). Also,
condition M1 (M = 67.19%,SD = 23.87) was significantly
different from condition M3 (M = 91.25%,SD = 10.72),
condition M4 (M = 89.06%,SD = 11.33) and condition M5
(M = 95.63%,SD = 8.64). Remaining comparisons were not
found to be significant using the Tukey HSD test.

Independent-samples t-test (two-tailed) shows that the ac-
curacy for the partially diagnostic features for condition M0
(M = 70.63%,SD = 20.64) was not significantly different
from condition M1 (M = 67.19%,SD = 23.87); t(38) =
.47, p = .64,d = 0.15. But, the difference in accuracy for
the partially diagnostic features between condition M0 and
condition M3 (M = 91.25%,SD = 10.72) was significant;
t(38) = 3.87, p < .001,d = 1.22. Also, the difference in
accuracy for the partially diagnostic features between con-
dition M0 and condition M4 (M = 89.06%,SD = 11.33)
was significant; t(38) = 3.41, p = .002,d = 1.08. Finally,

3446



Figure 6: Percentage of unidimensional categorization in the
transfer phase. The significance levels are based on the ad-
justed p-values found using Tukey HSD test.

the difference in accuracy between condition M0 and con-
dition M5 (M = 95.63%,SD = 8.64) was also significant;
t(38) = 4.87, p < .001,d = 1.54 Overall, the results in Fig-
ure 5 show that the category level knowledge about the par-
tially diagnostic features improved when more features were
learned through repeated testing.

Studies using supervised learning paradigm report that par-
ticipants prefer unidimensional categorization (Rabi et al.,
2015; Conaway & Kurtz, 2014), and perfectly diagnostic fea-
tures are learned better compared to partially diagnostic fea-
tures (Levering & Kurtz, 2015). If poor learning of the par-
tially diagnostic features is leading to the preference for uni-
dimensional categorization, then as partially diagnostic fea-
tures are learned better there should be a corresponding de-
crease in unidimensional categorization.

Figure 6 shows the percentage of unidimensional cate-
gorization in the transfer phase of the experimental con-
ditions. The result of one-way between-subjects ANOVA
shows that there was a significant effect of memorization on
the percentage of unidimensional categorization of the trans-
fer stimuli across the five experimental conditions, F(4,95)=
19.45, p < .001, η2 = .45,ω2 = .42.

Post hoc comparisons using the Tukey HSD test (at p <
.05) indicates that the percentage of unidimensional catego-
rization in the transfer phase (Figure 6) for condition M0
(M = 83.25%,SD = 28.25) was not significantly different
from condition M1 (M = 86.75%,SD = 21.23). But, the
difference in the percentage of unidimensional categoriza-
tion for condition M0 was significantly different from con-
dition M3 (M = 51.75%,SD = 27.81), condition M4 (M =
47.75%,SD = 32.15) and condition M5 (M = 21.0%,SD =
24.06).

Independent-samples t-test (two-tailed) shows that the per-
centage of unidimensional categorization, was not signifi-
cantly different between condition M0 (M = 83.25%,SD =
28.25) and condition M1 (M = 86.75%,SD = 21.23),

t(38) = .43, p = .67,d = 0.14. But, results of independent-
samples t-test show a significant difference between per-
centage of unidimensional categorization between conditions
M0 and M3 (M = 51.75%,SD = 27.81), t(38) = 3.46, p =
0.001,d = 1.10; between M0 and M4 (M = 47.75%,SD =
32.15), t(38) = 3.62, p < .001,d = 1.14; and between
M0 and M5 (M = 21.0%,SD = 24.06), t(38) = 7.31, p <
.001,d = 2.31.

Overall, the results in Figure 6 show that as participants
learned the partially diagnostic features with a high level of
accuracy, there was a corresponding decrease in preference
for unidimensional categorization.

Our experimental conditions varied only in the number of
diagnostic features that participants were made to memorize.
All instructions given to the participants across the five con-
ditions were the same. However, it can be argued that our
results are because we have made participants memorize the
features and this influenced them to categorize based on the
memorized features (experimenter-expectancy effect). Our
results would be stronger if, within each experimental condi-
tion, we can show a significant correlation between percent-
age of unidimensional categorization and accuracy for par-
tially diagnostic features.

In condition M5, results of linear regression indicated
that there was a significant effect between the accuracy
for partially diagnostic features and percentage of unidi-
mensional categorization, (F(1,18) = 14.12, p = .001,R2 =
.44,adjusted R2 = .41). The accuracy for partially diagnos-
tic features was a significant predictor in the model (t =
3.76, p = .001). In condition M4 also, results of linear
regression indicated that there was a significant effect be-
tween the two variables, (F(1,18) = 7.06, p = .02,R2 =
.28,adjusted R2 = .24). The accuracy for partially diag-
nostic features was again a significant predictor in the
model (t = 2.66, p = .02). However, the results of lin-
ear regression did not indicate a significant effect be-
tween the accuracy for partially diagnostic features and per-
centage of unidimensional categorization in the following
three conditions — condition M3, (F(1,18) = 2.47, p =
.13,R2 = .12,adjusted R2 = .07); condition M1, (F(1,18) =
2.60, p = .12,R2 = .13,adjusted R2 = .08) and condition M0,
(F(1,18) = 3.52, p = .08,R2 = .16,adjusted R2 = .12).

In conditions M4 and M5, more participants could learn all
the partially diagnostic features. So, the effect size is moder-
ate and we obtained a significant effect. For conditions M0,
M1 and M3, fewer number of participants could learn all the
partially diagnostic features and the effect was not significant
even though there was a trend.

As a final analysis, we grouped conditions M0 and M1 to-
gether since in both these conditions participants were not
made to memorize any partially diagnostic features. Any
effect of learning of partially diagnostic features in these
groups would indicate that the effect is not solely induced
by expectancy created by the task. When conditions M0
and M1 are taken together, results of linear regression indi-
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cated that there was a significant effect between the accu-
racy for partially diagnostic features and percentage of uni-
dimensional categorization, (F(1,38) = 6.27, p = .02,R2 =
.14,adjusted R2 = .12). The accuracy for partially diagnos-
tic features was a significant predictor in the model (t =
2.50, p = .02). This shows that participants who could learn
the partially diagnostic features more accurately were less
likely to prefer unidimensional categorization. When only
a few participants learn the partially diagnostic features the
effect between the accuracy for partially diagnostic features
and percentage of unidimensional categorization is low, but
the effect becomes moderate when more participants learn all
the partially diagnostic features.

Discussion
Multiple studies have investigated the effect of memoriza-
tion on categorization. Medin, Wattenmaker, and Hampson
(1987) investigated the effect of making participants mem-
orize the features of all the items. There were four feature
dimensions that took binary values. Participants were made
to study and recall the features of the items three times. Af-
ter memorization, participants categorized the items into two
categories. The results showed that participants preferred to
categorize using a unidimensional strategy. Similar results
were reported by Wattenmaker (1992). Again, participants
memorized the features of each item, and then categorized
them into two categories. Results show that a majority pre-
ferred unidimensional categorization.

In the above mentioned studies (Medin et al., 1987; Wat-
tenmaker, 1992), participants were made to memorize all the
features of all the items, but participants still preferred a uni-
dimensional strategy. In these experiments, if participants
had changed their strategy, then it could have been argued that
the results were due to the attentional bias induced by mak-
ing participants memorize all the features. The fact that par-
ticipants continued to prefer a unidimensional strategy was
an important finding. In our experiment, we tested whether
participants would continue to use a unidimensional strategy
after they memorize the common features of each category.
It is possible that participants might have continued to pre-
fer a unidimensional strategy due to other reasons like overall
similarity based strategy being more effortful (Wills, Milton,
Longmore, Hester, & Robinson, 2013). The results of our
experiment show that participants do not continue to prefer
a unidimensional strategy. Also, we show that in conditions
M0 and M1, the preference for unidimensional categorization
was negatively correlated with how well partially diagnostic
features were learned.

It is possible that after participants memorize the common
features they use a more-is-greater strategy, where an item is
assigned to a category if it has more features that commonly
occur in the category. This change in strategy could have been
induced by the memorization phase in conditions M3, M4 and
M5. At the same time, if we evaluate studies in which a unidi-
mensional strategy is not preferred, we notice that this occurs

when all the items of a category are presented simultaneously
in an array (Murphy, Bosch, & Kim, 2017); also, a unidimen-
sional strategy is not preferred for most real world categories
(Xu & Tenenbaum, 2007; Abbott, Austerweil, & Griffiths,
2012). In short, a unidimensional strategy is not preferred
when participants either know the diagnosticities of different
features (e.g. real world categories) or can observe the diag-
nosticities of different features (e.g. when artifical stimuli are
presented in an array). The results in conditions M3, M4 and
M5 agree with this pattern, because in these conditions par-
ticipants know the diagnosticities of multiple features. But to
strengthen this argument, a further experiment in which par-
ticipants learn the prototypes of each category in an implicit
manner may be needed.

In our experiment, participants were made to memorize the
perfectly and partially diagnostic features of each category.
The perfectly and partially diagnostic features are nothing but
the features of the category prototypes. So, the M5 condi-
tion in our experiment is like the match-to-standards proce-
dure (Regehr & Brooks, 1995); instead of presenting the pro-
totype, we have let participants memorize the prototypes. Our
results show that as participants learn the partially diagnostic
features with a high level of confidence there is a correspond-
ing decrease in preference for unidimensional categorization.
This result resembles the result in Regehr and Brooks (1995),
which shows that participants in the match-to-standards pro-
cedure did not prefer unidimensional categorization.

Milton and Wills (2004) have shown that the results of
match-to-standards procedure are influenced by factors such
as features not being distinct and easy-to-identify. Milton et
al. (2008) showed that results can also be influenced by time
pressure. These results show that match-to-standards proce-
dure may not always lead to a perfect family-resemblance
sorting.

Conclusion

It has been shown that in supervised category learning par-
ticipants often prefer to categorize using a unidimensional
strategy (Conaway & Kurtz, 2014; Rabi et al., 2015). Also,
perfectly diagnostic feature is learned better compared to the
partially diagnostic features (Levering & Kurtz, 2015). Our
results suggest that the preference for unidimensional strat-
egy (in supervised category learning) could be due to the fact
that partially diagnostic features are not learned with a high
level of confidence. There is a lesser preference for a unidi-
mensional categorization strategy once participants learn the
partially diagnostic features.
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