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Abstract

Category learning is a core component of course curricula in science education. For instance,
geology courses teach categorization of rock types. Using the educationally authentic rock
categories, the current project examined whether category learning at a broad level (Igneous,
Sedimentary, and Metamorphic rocks) could be enhanced by learning category information at a
more specific level (e.g., Diorite under Igneous, Breccia under Sedimentary, etc.). Experiments 1
and 2 showed that specific-level training was inferior to broad-level training when participants
were required to respond at the broad level regardless of whether broad- and specific- level
category labels were presented simultaneously during classification training or specific-level
categories were learned initially followed by training on the specific-broad level name
associations. However, Experiments 3 and 4 showed that specific-level training was as good as
broad-level training when the training was more extensive and participants were allowed to
respond at the trained level. By considering confusion matrices (i.e., probabilities that instances
in a given category was erroneously classified as belonging to other categories), we conjectured
that between-specific-level category similarity, specifically the degree to which similar-looking
specific-level categories belong to the same broad-level category, is an important factor in

determining the efficacy of specific-level training.

Public Significance Statement

This study suggests that learning broad-level rock categories (Igneous, Sedimentary, and
Metamorphic rocks) can be supported through teaching the subtypes of these broad levels (e.qg.,
Diorite under Igneous, Breccia under Sedimentary) and doing so can be as effective as directly
teaching the broad-level categories. This subtype-teaching technique might be considered more
often in science education because it results in students learning a more expert-like multiple-

level structure of categories, even when broad-level training is the initial learning objective.
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Effects of Specific-level Versus Broad-level Training for Broad-Level Category

Learning in a Complex Natural Science Domain

Learning of naturally occurring categories can be found at the core of many science
disciplines. For example, ornithologists accurately distinguish between different bird species,
mycologists identify edible and poisonous mushrooms, and geological scientists must be able to
categorize rocks to assess geological features of terrain (Petcovic, Libarkin, & Baker, 2009). To
achieve this expertise in classification, students learn from many examples of target categories
throughout instruction in their respective discipline. Despite this prevalence in science education,
however, studies aimed at identifying factors that can enhance instruction on natural categories
have been scarce (for exceptions, see interleaving exemplars from multiple categories: Kornell &
Bjork, 2008; Kang & Pashler, 2012; test-enhanced learning of natural categories: Jacoby,
Wahlheim, & Coane, 2010; using training exemplars with exaggerated diagnostic features:
Pashler & Mozer, 2013; specific-level training: Nosofsky, Sanders, Gerdom, Douglas, &
McDaniel, 2017; feature highlighting: Miyatsu, Gouravajhala, Nosofsky, & McDaniel, in press).
In the present paper, we focus on learning rock categories, a fundamental objective in geological

science courses, and examine the efficacy of a theoretically motivated instructional technique.

Certain characteristics of natural categories, of which rock categories are an instance,
make them challenging to learn. Natural categories often have high variability among the
instances within a category (Murphy, 2002). That is, although there are instances that can reflect
prototypical features of a given category, there are also instances within the category that deviate
from such prototypical instances. In addition, this high variability often creates fuzzy boundaries
between categories. That is, in some cases, two exemplars from different categories are
perceptually more similar than two exemplars from a same category (See Figure 1). Therefore,
successful learning of natural categories requires learners to not only identify characteristic
(prototypical) features of a category but also to learn the variation in the category features

reflected in the unusual or less prototypical instances.
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Another important characteristic of natural category taxonomy is the hierarchical
organization that creates categories at multiple levels (Rosch, Mervis, Gray, Johnson, & Boyes-
Braem, 1976). For example, the light grey or reddish rock with darker dots that is often used as
kitchen counter tops can be classified as granite at the specific level or igneous rock at the broad
level. The three broad-level categories that are ubiquitous in geoscience courses are igneous,
sedimentary, and metamorphic. Under each of these three broad categories, there are many
specific-level categories, such as andesite, obsidian, and rhyolite under igneous; gneiss, marble,
and migmatite under metamorphic; and breccia, chert, and shale under sedimentary.
Examination of images of these rock types (see Figure 2), illustrates the high perceptual
variability among instances belonging to the same broad category. In the present article, we rely
on the hierarchical structure of rock categories to implement a possible technique to assist
learning of these highly variable rock categories. Specifically, we examine the interesting
possibility that rock-category learning at the broad level might be enhanced by training learners
at the specific category level. Note that such a technique would be counter to a typical training
sequence in a geological science course, in which the broad rock categories would first be
introduced and studied, followed by more in-depth learning of each broad category in terms of
the specific-level categories it encompasses (e.g., Busch, & Tasa, 2009: a popular geoscience lab

manual in which the rock classification is taught in a typical sequence).

Theoretically, specific-level training could be better at teaching the broad-level
categorization than training directly at the broad level for the following reason. In most cases
exemplars belonging to the same specific-level category will share more features among each
other (i.e., many granite look similar) compared to exemplars belonging to the same broad-level
category but coming from different specific-level categories (e.g., granite, basalt, and diorite, all
of which are igneous rocks, may look very different from each other). That is, any given
specific-level category likely has lower feature variability among its exemplars than any given

broad-level category that includes multiple specific-level categories. Consequently, learners
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should be able to pick up more easily what features are shared among the exemplars belonging to
the same category when presented with exemplars from the same specific-level category.
Learners could then structure each broad-level category as a collection of these relatively
coherent sets of specific-level categories. In contrast, learners trying to directly learn the broad-
level categories would be faced with the challenge of accommodating exemplars with widely
varying perceptual features (e.g., see Figure 2). That is, the premise is that trying to learn broad-
level categories through the highly variable examples that comprise each category might be less
effective than learning those broad-level categories as a collection of more coherent specific-

level categories.
Specific-level versus broad-level training

In light of the above considerations, a handful of recent studies have compared specific-
and broad-level training of natural categories. Tanaka, Curran, and Sheinberg (2005) had
participants study pictures of owls or wading birds either with their broad-level category names
(i.e., “owl” or “wading bird”) or with their specific-level category names of species (e.g., “great
blue crown heron” or “eastern screech owl”). Category learning was then assessed by a
sequential matching task (see Gauthier, Curran, Curby, & Collins, 2003) in which the
participants judged whether a pair of successively presented bird pictures belonged to the same
species. Their results indicated that the specific-level training enabled the participants to better
transfer to novel exemplars from the learned specific-level categories as well as to exemplars
from novel specific-level categories. That is, even when the participants were discriminating
between two specific-level categories that were not studied, the participants who were trained at
the specific-level were better able to discriminate them, presumably because the specific-level
training equipped them with a more sophisticated perceptual discrimination strategy. This study
IS important in demonstrating that learners’ category learning is affected by the perceptual
categorization experience, as manipulated by the labeling of the exemplars, not just the

perceptual exposure per se. However, the form of assessment used was more suited to studying
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perceptual expertise, therefore limiting the generalizability of these findings to a broader
category learning context. Specifically, in real life category induction situations, one would see a
novel exemplar and try to identify which category the observed exemplar belonged to, not just

judging several items as belonging to the same or different categories.

Noh, Yan, Vendetti, Castel, and Bjork (2014) more directly examined natural category
learning when multiple categorization levels were trained. In their experiments, participants were
presented with a series of pictures of snakes with their genus (e.g., Throp, Arix) and broader
category information (i.e., either venomous/non-venomous or tropical/non-tropical depending on
the condition) simultaneously and were instructed to focus on either the genus or broader
category information. Later the participants were presented with a new set of pictures of snakes
and asked to classify some of them according to their genus and to classify others according to
their broader category level. Participants’ broad-level classification performance was better
overall when they were told to focus on the broad level than when they were told to focus on the
specific level. In other words, focusing on the specific level did not help learn the broad
categories. The specific-level training disadvantage likely arose from the fact that the venomous
and non-venomous distinction could be made through a set of relatively clear-cut rules.
Specifically, while venomous snakes have arrow-shaped heads, slit pupils, and thicker and
shorter bodies with patchy patterns, non-venomous snakes have spoon-shaped heads, round
pupils, and longer bodies with more defined patterns (see Noh et al., 2014, for examples). Note
that these clear-cut rules are less noticeable when the participants were focused on the specific
level because these rules are not useful in learning the categorization at that level (i.e., many

specific-level categories of venomous snakes share arrow-shaped heads, slit pupils, etc.).

Nosofsky et al. (2017) formalized the theoretical justification for why training at a more
specific level can produce superior learning than the training at a broader level by applying the
generalized context model (GCM; Medin & Schaffer, 1978; Nosofsky, 1984, 1986). GCM, like

other exemplar-based models, assumes that learners classify exemplars according to their
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similarity to all the exemplars of different categories that are stored in memory. GCM also takes
into consideration that similarity is context-dependent, such that similarity in the dimension that
learners attend to is weighted more, and learners generally learn to focus their attention on highly
diagnostic dimensions and ignore less relevant ones (cf. Kruscke, 1992). Based on the GCM,
Nosofsky et al. delineated conditions specifying when specific-level training would be more
effective than broad-level training. Specifically, specific-level training would be effective when
the variability within the broad-level categories is high (and consequently the similarity between
some specific-level categories from contrasting broad-level categories is high). In the case of
high within-broad-level variability, specific-level training offers storage of exemplars of a
category that are more similar than the case of broad-level training. Then, when learners trained
at the specific level are presented with an item at test, the similarity signal would be very sharp
because the stored exemplars to be compared are based on the specific-level category structure
(for which within-category variability is relatively low). On the contrary, the similarity signal
would be blurry after broad-level training because the stored exemplars to be compared are based
on a highly variable set of within-category exemplars (the broad-level). By contrast, when the
within-broad-level variability is low, a few diagnostic dimensions that can separate broad-level
categories may be available (like Noh et al.’s, 2014, snake categories). In such cases, broad-level
training might allow learners to attend to the diagnostic dimensions, an opportunity that specific-

level training would not allow.

Nosofsky et al. (2017) tested their hypothesis using categories of rocks that were
artificially structured to exaggerate the within-broad-level variability. They compiled a set of
rock pictures that made up either compact (i.e., low variability within the broad-level categories)
or dispersed (i.e., high variability within the broad-level categories and high similarity between
specific-level categories from contrasting broad-level) category structure organized into the three
broad-level categories and three specific-level categories each. Their participants were trained at

the broad level by learning the pictures of rocks paired with their broad-level labeling or trained
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at the specific level by learning the pictures of rocks paired with their broad-level labeling and
specific-level number (e.g., S1, S2, and S3 for the specific-level categories under sedimentary).
The results confirmed the hypothesized interaction such that the specific-level training produced
better performance than did broad-level training in the dispersed condition, but the broad-level

training produced better learning in the compact condition®.

Nosofsky et al.’s (2017) and Tanaka et al.’s (2005) findings show promise that specific-
level training could enhance broader-level category learning, however, some aspects of their
methodology limit the applicability of their findings to more educationally authentic situations.
First, Nosofsky et al. used a constructed category structure with only a small number of selected
exemplars to either exaggerate or diminish the within-broad-level-category variability. Second,
they bypassed the challenge of learning the pairing between the broad-level and specific-level
category names by explicitly pairing the specific- and broad-level category names so that only
the correct pairings were shown as answer options (e.g., “11”, “S2”, or “Igneous:Granite”,
“Sedimentary:Dolomite” in the case of the replication study reported in their Supplemental
Material). In a similar vein, Tanaka et al.’s participants were not required to learn the names of
each category for the criterial test (indicate whether successively presented examples belonged to
the same category), and secondly, participants did not have to discriminate between all of the

learned categories which would be the case in most authentic situations.

Accordingly, it remains uncertain whether specific-level training can enhance broad-level
categorization when the learning situation is more representative of the challenges present in an
authentic training context. In particular, there are several challenges in specific-level training that
have not been captured in previous work demonstrating a specific-level advantage. First as just
mentioned, in authentic training situations, it is likely that learners given specific-level training

would be presented with both the specific-level and the broad-level labels (given that the criterial

! Also see their Supplemental Materials for an additional experiment that replicated the specific-level training
advantage in the compact condition using the actual rock names (e.g., Igneous:Granite, Metamorphic:Quartzite,
Sedimentary:Dolomite).



SPECIFIC-LEVEL TRAINING OF ROCK CATEGORIES 10

task is for learners to be able to categorize at the broad level, but are using the specific-level
categories to boot strap that learning). Therefore, the associative memory challenge in specific-
level training (learn two labels for each exemplar) would arguably be greater in many authentic
training situations than has been the case in extant studies (e.g., Tanaka et al., 2005; Nosofsky et
al., 2017), and as a consequence specific-level training might lead to worse outcomes that broad-

level training (for teaching broad-level categorization).

The above issues notwithstanding, it remains uncertain whether a more naturalistically
sampled rock category structure with its many specific-level categories, as found in authentic
learning situations, would favor specific-level training. There are a relatively large number of
specific-level categories within each broad-level rock category; for instance, in this study we
included 24 specific-level categories (eight within each of the three broad-level categories),
which is fairly representative of the specific-level categories from introductory geoscience lab-
training texts, albeit still not exhaustive (e.g., Busch & Tasa, 2009, a popular lab training text has
51 specific-level categories).  In this case, although each specific-level category may reflect a
less varied set of features (than the broad-level categories), some of these specific-level
categories may introduce a new challenge: that of, discriminating somewhat similar specific-
level categories that are members of different broad-level categories. Indeed, an examination of
a pictorial representation of all the specific-level categories and their exemplars used in the
current study (Appendix A), indicates some shared features among specific-level categories
within a broad-level category (e.g., see diorite and nepheline syenite, in the igneous broad-level
category) unlike the more idealized set displayed in Figure 2, and for the dispersed condition in
Nosofsky et al. (2017). Nevertheless, there are also similarities across specific-level categories
that belong in different broad-level categories (e.g., see the phyllite and siltstone in the

metamorphic and sedimentary broad-level category respectively), and thus the current use of
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relatively many specific-level training categories may place the structure of the category space
somewhere intermediate between a highly compact and highly dispersed structure (as
constructed in Nosofsky et al., 2017). The upshot is that the relatively naturalistic sampling of
the present category structures might mitigate or undermine the theoretical advantages of
specific-level category learning considered at the outset (after reporting 4 experiments we

provide some evidence for this possibility).

To evaluate the possible outcomes of specific-level training outlined above, we
conducted a series of four experiments that contrasted specific-level training with broad-level
category learning of a natural science category (rock categories). We were interested in doing
so in a paradigm that incorporated several features informed by authentic training contexts.
Specifically, the training instances were not artificially constrained (to either be highly dispersed
or compact within the broad category), and these instances were sampled from a relatively wide
range of specific-level categories, as reflected in standard geological sciences labs on learning

rock categories.

Experiment 1

One straightforward and authentic way to combine the category learning at the broad and
specific level is to present the category information at two levels simultaneously (as did Noh et
al., 2014, and Nosofsky et al., 2017). Thus, in Experiment 1, one group of participants studied
pictures of rocks with both broad- and specific- level category names (BL + SL condition), and
their test performance was compared to a group who studied the rock pictures with just their

broad-level category names (BL-only condition).

Participants’ learning was assessed through three types of test items: trained, near-

transfer, and far-transfer. Trained items were the ones that participants studied during the study



SPECIFIC-LEVEL TRAINING OF ROCK CATEGORIES 12

phase, near-transfer items were new items that belonged to one of the specific-level categories
that were included in the study corpus, and far-transfer items were items from a new specific-
level category (not included in the study phase). The idea of the far-transfer items was to
examine a possible limit of specific-level training for rock-category learning not yet considered.
In the BL-only condition, participants are trying to extract general characteristics of a given
broad-level category and these would presumably support identification of items even from
specific-level categories never studied (cf. Wahlheim, Finn, & Jacoby, 2012), By contrast, in the
BL + SL condition, learning would presumably be centered on characteristics of the specific-
level categories only, thereby possibly disadvantaging performance for items from an untrained

specific-level category.

To recapitulate, if the specific-level training makes the learning of the broad-level
categorization easier as suggested by the theoretical ideas and several experiments reviewed in
the introduction, the BL + SL condition should show an advantage relative to the BL-only
condition in generalization, but possibly limited to near-transfer items. Alternatively, the BL-
only condition could perform better than the BL + SL condition across all test types because of
several challenges in the BL + SL training that may disadvantage learning relative to the BL-
only condition. Notably, there is additional memory demand for the participants in the BL + SL
condition: they have to learn the pairings of the specific-level and broad-level names. The broad-
specific (B-S) category pairing could be an issue particularly if the participants in the BL + SL
condition primarily process the test items at the specific level. That is, one could identify the
correct specific-level category of a given test item, but in order to give a correct response at the
broad level, the B-S category pairing needs to also have been learned. In addition, it is possible
that the participants in the BL + SL condition try to associate training items to both the specific-
level and the broad-level names simultaneously. If so, the category learning task in the BL + SL
condition would be more complicated than that of the BL-only condition. Finally, for this

authentically sampled rock category structure, at least some specific-level categories may not be
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all that easily distinguished from one another, further compromising category learning in the BL

+ SL condition.
Method

Participants. Participants were recruited through Amazon Mechanical Turk and were
compensated $3 for their time. Out of the 60 participants who completed the entire experiment,
two of them were excluded for indicating in the post-experimental questionnaire that they had
known more than 75 percent of the presented information on the rock categories previous to their
experimental participation®. Fifty-eight participants (25 in BL-only and 33 in BL + SL condition:
the differing numbers of participants arising through random incompletions) were included in the
analysis. We determined the sample size (around 30 in each condition) based on Nosofsky et al.

(2017).

Materials. Materials were 264 pictures of rocks collected through a web search
organized into three broad-level categories, with eight specific-level categories within each
broad-level category, and 11 exemplars for each specific-level category (see Appendix A for the
list of specific-level categories and the rock pictures; high-resolution version of all the rock
images used as well as data from all experiments are available at Open Science Framework:
https://osf.io/n2awt). First, the lists of rock categories from websites such as geology.com and
Wikipedia were used to compile a list of specific-level rock types for each of the three major
rock categories. Then each specific-level rock name was used as a search term in google images
to acquire exemplar pictures; most of the pictures were taken from personal websites that were
designed to teach others about different rock types (e.g.,

http://earthphysicsteaching.homestead.com/Anorthosite.html ;

http://www.jsjgeology.net/Eclogite.htm). Out of specific-level rock types that had enough

number of pictures available, we excluded specific-level categories for which we suspected that

2 In this and all of the following experiments, we report all measures, conditions, and data exclusions.
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participants may have some prior knowledge (granite, rock salt, marble)®. The availability of
pictures of particular rock types were used as a proxy for how often they appear in educational
and recreational situations. This sampling method happened to overlap reasonably well with
specific-level categories that students would encounter in introductory geological science courses
(17 out of the 24 specific-level categories we used are covered in a popular geology lab manual,
Busch & Tassa, 2009), and they are more comprehensive than in previous related research (e.g.,
in Nosofsky et al.’s, 2017, 9 specific-level categories were used in their dispersed condition, with
6 of those covered in Busch & Tassa, 2009). A very experienced geoscience instructor, who has
been teaching an introductory geology lab for decades at one of the author’s institutions,
confirmed that this set reasonably well encompasses the wide range of features intended to be

taught in an introductory geology lab* (R. F. Dymek, personal communication, June, 2018).

Of the entire set of 264 exemplars, 168 of them were used for any given participant. 96 of
them (three broad-level categories, four specific-level categories each, eight exemplars each)
served as the training exemplars. The remaining three exemplars in each of the studied specific-
level categories served as the near-transfer test items, and three exemplars from each of the
remaining four specific-level categories in each broad-level category served as the far-transfer
test items. The assignment of exemplars in the studied specific-level categories to the training
exemplars or the near-transfer items was randomized for each participant. Three trained test
items were randomly chosen from the training exemplars. The assignment of each specific-level
category was counterbalanced so that all of them equally often became studied and non-studied
(far-transfer) categories. The data were collected using Collector

(http://github.com/gikeymarcia/Collector), a PHP-based open source experiment program.

% We retained chalk because in the sedimentary category there were no alternative specific-level rock types with a
sufficient number of pictures to serve as training and transfer stimuli.

* However, the expert also pointed out that Nepheline Syenite would not be usually included in the geoscience lab,
and a few specific-level categories that are almost always included, such as granite and sandstone, were missing.
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Procedure. The experiment consisted of a study phase and a test phase. During the study
phase, all participants were presented with 96 pictures of rocks one at a time for seven seconds in
a randomized order. The pictures of rocks were presented with their broad-level category names
in the BL-only condition, whereas the pictures of rocks were presented with both their broad-
and specific- level category names simultaneously in the BL + SL condition. The participants in
the BL + SL condition were told that their goal was to learn the categorization at the broad level,
but there were several specific-level categories within the three broad-level categories and
learning the specific-level categories would help them learn the broad-level categories. Both
groups were explicitly told that the final test would be on the broad-level categorization. Upon
finishing the study phase, participants played tetris for three minutes as a distractor task before

starting the test phase.

During the test phase, all participants were presented with 108 pictures of rocks
consisting of the three test item types discussed above. There were 36 items (three broad-level
categories, four specific-level categories each, three items each) of each of the trained, near-
transfer, and far-transfer test item types. Participants were told that the test items included some
pictures that they saw during the study phase as well as some pictures that they had not seen
before. Participants were presented with these items one by one for 10 seconds in a random order
and asked to indicate which broad-level category the given item belonged to by clicking on one
of four choices: Igneous, Sedimentary, Metamorphic, or “I don’t know”. After the test,
participants completed a post-experimental questionnaire that informally probed their prior
knowledge of the rock categories and the presence of logistical problems, such as internet
connection difficulty. The entire experiment took about 45 minutes to complete. This
experiment’s as well as all following experiments’ protocols were reviewed and approved by the

Washington University in St. Louis Institutional Review Board.

Results
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Figure 3 shows participants’ mean performance on the final test. A 2 X 3 mixed model
analysis of variance (ANOVA) with the study condition (BL-only or BL + SL) as the between-
subjects variable and the test item type (trained, near-transfer, or far-transfer) as the within-
subjects variable was conducted to assess the main effects of condition and test item types as
well as their interaction. There was a significant main effect of condition such that the BL-only
group (M = .60, SD = .12) outperformed the BL + SL group (M =.50, SD =.15), F(1, 56) =
11.98, p =.001, np? = .18. There was also a significant main effect of test item types, F(2, 112) =
37.27, p <.001, np? = .40. Post-hoc paired-sample t-tests showed that compared to far-transfer
items, (M = .48, SD = .13), the participants performed better on trained (M = .60, SD =.14), t(57)
=7.48,p<.001, d =0.82, and near-transfer items (M = .58, SD = .14), 1(57) = 6.28, p<.001,d =
0.73. There was no interaction between the study condition and test item type (F < 1, p > .05,

np® = .00).
Discussion

Participants in the BL-only condition outperformed those in the BL + SL condition on all
three test-item types: trained, near-transfer, and far-transfer. The overall BL + SL impairment
could be a reflection of imperfect B-S category pairing learning or participants trying to learn the
categorization at both levels simultaneously. As outlined before, even if a participant could
correctly identify a specific-level category to which a given test item belongs, correct B-S
category pairing knowledge is still required to support a correct broad-level response. It is
possible that being presented with the B-S category pairing while simultaneously trying to learn
the categorization was not sufficient to teach the pairing perfectly. In addition, the instruction
(i.e., the goal is to learn the broad-level categorization, and learning the specific-level categories
would help learn the broad-level categories) might not have been direct enough in stating how
the participants in the BL + SL condition should approach the task. For instance, some
participants might have tried to process the training items at both levels; one could see a training

item and assess the feature for igneous as well as for anorthosite. Plausibly, this would increase
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the complexity of the learning task, contributing to BL+ SL participants’ inferior performance
relative to BL-only participants. Further, it is possible that some participants in the BL + SL
condition may not have consistently attended to one or the other category levels, which would

also undercut a potential specific-level training advantage.

It is also possible that for the current materials, which we believe to be a reasonable
representative of rock categories as commonly encountered, at least some of the specific-level
categories were not reasonably discriminable from each other. If so, this could have produced
difficulty for specific but not broad-level training. We return to this point in the final two
experiments, but before doing so we next present an experiment addressing other challenges

facing specific-level training (e.g., B-S category pairing learning).
Experiment 2

The complex task in the BL + SL condition in Experiment 1 can be broken down into two
components, the learning of categorization at the specific level and the learning of the B-S
category pairing. In Experiment 2 we attempted to facilitate the B-S category-pairing learning in
the specific-level training condition by separating the category learning component from the
category-pairing-learning (CPL) component. This way, the participants in the new specific-level
training condition could focus on learning the categorization at one level, paralleling the
demands in the broad-level training condition. In this new condition, labeled SL -> CPL
(specific-level training, then category-pairing learning), participants learned specific-level
categorization by observing the rock pictures, and then learned the pairing between specific- and

broad- level category names>. In the separate CPL phase, participants were first presented with

> Some may worry that learning the B-S category pairing after studying the categorization might put this condition at
a disadvantage because the CPL portion increases the interval between category learning and testing, relative to the
BL-only condition. However, in a pilot study we also examined a condition in which participants completed the
associative learning first and then learned the lower-order categorization (a CPL -> SL condition) This pilot, using
an online sample, showed no statistically significant difference between a SL -> CPL condition and the CPL -> SL
condition. Because the longer retention interval for the SL -> CPL condition had minimal effect on final test
performance, we chose to use this condition in the current experiment.
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all the twelve pairs of broad- and specific- category names and then went through three rounds of
test-plus-feedback cycle to ensure a robust category-pairing learning. The idea is that at the final
categorization test, the participants in this condition could first categorize a given test item at the

specific level and then convert the response into its corresponding broad-level category name.

If the global impairment observed in the BL + SL condition in Experiment 1 was
primarily because of the B-S category-pairing-learning demand, potentially ambiguous learning
instructions, or both, then separating the two components of the task could remedy that deficit.
On that reasoning, the predicted outcome is that the SL -> CPL condition will approach or
exceed the levels of performance of the BL-only condition on the generalization test.
Alternatively, the broad-level training may continue to be superior because some challenges
remain for B-S category-pairing learning in specific-level training. First, with total study time
between the two conditions held constant, the category-pairing-learning training for the SL-
>CPL condition reduces the time that can be allocated for category learning. Accordingly, even
if the category learning in the SL -> CPL condition were somewhat accelerated, that may not be
sufficient to overcome the increased category-learning time afforded to the BL-only condition.
Second, some of the category pairings, even with a repeated testing and feedback training
protocol, may still be misremembered. For these misremembered pairings, the broad-level

category response would be incorrect even when the specific-level category was learned.
Method

Participants. Fifty-two undergraduates (26 in each condition) at Washington University
in St. Louis participated in this experiment for a course credit or $10. Again we determined the

sample size based on Nosofsky et al. (2017).

Materials. The materials were identical to Experiment 1.
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Procedure. Similarly to Experiment 1, Experiment 2 consisted of a study phase and a test
phase. During the study phase, participants in the SL -> CPL condition were first told that their
goal was to learn the broad-level categorization but they would learn the specific-level
categorization first and learn the broad-specific category name associations later. Then, they
were presented with 96 pictures of rocks (three broad-level categories, four specific-level
categories each, eight exemplars each) accompanied by their specific-level category names. The
pictures were presented one by one for seven seconds in a randomized order. Upon finishing
studying the pictures of rocks, participants in the SL -> CPL condition engaged in the category-
pairing learning task. First, they were presented with twelve B-S category pairs (i.e., all the
specific-level categories they learned in the SL phase) one at a time for five seconds in a
randomized order. Then they went through three rounds of test-plus-feedback cycles going over
the 12 pairs three times in a randomized order. During the test-plus-feedback cycle, participants
were presented with the specific-level category names one at a time and asked to identify which
broad-level category they belonged to by clicking on one of four choices: Igneous, Sedimentary,

Metamorphic, or “I don’t know™®

. Participants were given five seconds to answer during the first
round, and four seconds to answer during the second and third round. During all three rounds,
correct feedback was provided immediately after each trial for two seconds. Participants in the
BL-only condition studied the same 96 pictures of rocks but with only their broad-level category
names, one at a time for 10 seconds’. The total study time for the two groups was the same (960
seconds in both conditions).

Upon finishing the study phase, participants played tetris as a distractor task for 3

minutes before starting the test phase, which was identical to Experiment 1.

Results and Discussion

® We chose observation learning for the category learning but feedback learning for the CPL portion because
observation learning is more common in real-life category learning situations, but feedback learning affords more
robust learning of the B-S category pairs.

" The study time in BL Only condition was increased to equate the total study time between the groups.
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Performance during the category-pairing learning. The mean performance of the
participants in the SL -> CPL condition during the category-pairing learning was .63 (SD = .15)
during the first round of testing, .68 (SD = .17) during the second round, and .76 (SD = .15) for

the last round.

Final test performance. Similarly to Experiment 1, a 2 X 3 mixed ANOVA was
conducted to assess the main effects of condition and test item types as well as their interaction
(see Figure 4 for means). There was a significant main effect of condition such that the BL-only
group (M = .63, SD =.13) outperformed the SL -> CPL group (M = .53, SD =.15), F(1, 50) =
11.55, p = .001, np? = .19. There was also a significant main effect of test item types, F(2, 100) =
41.65, p < .001, np® = .45. Post-hoc t-tests showed that there was no significant difference
between trained (M = .63, SD = .15) and near-transfer test items (M = .60, SD = .14), t(51) = 1.88,
p =.03,d =0.17. Participants performed worse on far-transfer items (M = .50, SD = .12)
compared to trained, t(51) = -7.71, p <.001, d = -0.96, and near-transfer items, t(51) = -6.97, p
<.001, d =-0.80. The interaction between the two independent variables was not significant, F(2,

100) = 1.27, p = .29, np? = .03.

Though learning of the B-S category-name pairings in the SL -> CPL condition was
reasonably high, it still was not perfect. This imperfect learning of B-S name pairings could
underlie the observed categorization-performance impairment in the SL -> CPL group relative to
the BL-only group. To examine this possibility, we conducted an analysis conditionalized on

successful pairing of B-S category names.

Conditional Analysis. In this analysis, the responses for particular test items were
considered only if the participant’s particular specific-level category name for the test item was
successfully paired with the corresponding broad-level category name during the last round of

the CPL phase (in the SL -> CPL condition). The far-transfer items were excluded from this
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analysis because they come from specific-level categories that were not learned during the

associative learning phase.

A 2 x 2 mixed ANOVA with the study condition (BL-only or SL -> CPL) treated as the
between-subjects variable and the test item type (trained or near-transfer) treated as the within-
subjects variable was conducted on the conditionalized categorization performances. The
performance of the BL-only group (M = .67, SD = .16) was not significantly different from that
of the SL -> CPL group (M = .61, SD = .16), F(1, 50) = 2.56, p = .12, np® = .049. In addition,
there was no significant effect of test item type, (for trained items, M = .65, SD = .15; for near-
transfer, M = .62, SD = .14), F(1, 50) = 3.49, p = .07, np” = .065. The interaction between the

two independent variables was not significant, F(1, 50) = 1.27, p = .16, np> = .040.

The conditional analysis suggests that when the B-S category-name pairing was
successfully learned, there was no significant difference between the SL -> CPL condition and
the BL-only condition in terms of learning to correctly categorize rocks at the broad level. Some
might wonder if this analysis is challenged by potential selection effects. That is, easier-to-learn
rocks (in terms of category) may be represented more so in the SL -> CPL than the BL-only
performances. However, the difficulty of learning the B-S category pairing (on which
performance was conditionalized) should not reflect the difficulty of learning the category per se
of any particular rock, so there should be little systematic bias in terms of the category difficulty
in the conditionalized analysis. To confirm this reasoning, we computed the correlation between
the learning performance for the B-S category pairing and the categorization performance for
each rock token. There was no significant correlation between the correct pairing rates during
the CPL phase and the categorization performance on the trained items (r(22) = .32, p = .13) and

on the near-transfer (r(22) = .32, p = .12) items®. Thus, excluding particular rock tokens based

®Correlation between the learning performance for the B-S category pairing and the conditionalized categorization
performance rock token was also not significant: r(22) = .28, p = .19 for trained and r(22) = .29, p = .17 for near-
transfer items.
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on CPL performance (the conditionalized analysis) would not produce a subset of rocks

significantly biased for ease of category learning.

The absence of a statistical difference between the SL -> CPL and BL conditions (in the
conditionalized analysis) was observed along with several nontrivial learning benefits conferred
by SL training. This condition learned a great deal about the specific-level categories that was
not trained for the BL-only group. SL -> CPL participants also learned detailed information
about the multi-level organization of rock categories that included the names of specific-level
categories and the hierarchical organization of the taxonomy of rocks. Further, it is possible that
the specific-level training produced more efficient category learning. To accommodate the CPL
training time, the specific-level training group was given less time to study the categorization of
the training items relative to the BL-only condition. Indeed, the participants in in the BL-only
condition received almost 50% more study time (ten seconds for each rock example and its
associated category) than those in the SL -> CPL condition (seven seconds for each item). Even
with the reduced study time, the SL -> CPL group showed statistically equivalent

conditionalized category learning performance relative to the BL-only group.

Though this pattern suggests that learning the rock categories might be more efficient at
the specific than the broad level, the observation learning paradigm (used in this experiment)
does not provide an index of learning rate. Further, we do not have a precise sense of how well
the specific-level categories per se were learned (as discussed at conclusion of Experiment 1)
because categorization responses (during testing) in the specific-level group were at the broad
level. Experiment 3 was conducted to examine the generalizability of the findings across
standard category-learning paradigms and to evaluate test performances in a paradigm in which
the specific-level training condition was not required to undertake learning of the broad-specific

category name pairings.

Experiment 3
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In this experiment, we used a feedback learning paradigm (as opposed to the observation
learning paradigm used in the previous experiments). During training participants made a
category response on a trial-by-trial basis, followed by corrective feedback. We did this for two
reasons. First, we wanted to see the generalizability of the findings across different learning
paradigms. Active (i.e., feedback) versus passive (observational) learning has been shown to
modulate the effects of other variables that are associated with category learning performance
(e.g., Carvalho & Goldstone, 2015). Second, we wanted to align the current paradigm with the

previous demonstration of the specific-level training advantage (Nosofsky et al., 2017).

We also implemented an important change to the specific-level training condition.
Following Nosofsky et al. (2017), we had participants in the specific-level training conditions
respond at the specific level at final test. We then scored their test responses in terms of broad-
level categorization accuracy to directly contrast the specific- and broad-level training conditions.
Our aim was to glean further insights into the dynamics of category learning at the specific level
versus the broad level, to help inform the initial applied question of the extent to which specific-
level training might enhance category learning at the broad level when the training stimuli sets
and classification tasks were presumably more educationally authentic than previously examined
(cf. Nosofsky et al., 2017; Tanaka et al., 2005). With these changes, we equated the amount of
time devoted to category learning across the specific- and broad-level training conditions, and we
eliminated the requirement that the specific-level learners had to learn the broad-specific
category name pairings. We reasoned that under these conditions, the theoretical advantage of
specific-level category learning over broad-level category learning—ease of learning the
specific-level categories relative to the broad-level categories which have high within-category

variability of exemplars—could come to the fore.

Alternatively, as emphasized earlier in this article, if the performance patterns observed
in the specific-level training condition in Experiments 1 and 2 was mostly due to the rock

structure in the current experiments not conforming to the properties required to benefit from
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specific-level training (difficult to learn broad-level categories because of high within-broad-
level-category variability and specific-level categories that are relatively easy to learn,
presumably because of low within-broad-level category variability and low between-specific-
level category similarity), it is possible that the performance in the SL conditions will still be no
better (or perhaps worse) relative to the BL conditions. We inform aspects of the present rock

structure more directly at the conclusion of Experiments 3 and 4 with confusability analyses.

Finally, we manipulated the number of unique training exemplars (and the number of
their repetitions) to compare specific- and broad-level training in a wider variety of conditions to
establish the generality (see Wahlheim & DeSoto, 2017; Wahlheim et al., 2012). Specifically, in
Experiment 3 half the participants in each learning condition (specific- or broad-level) learned
the rock categories with three unique training exemplars with six repetitions per specific-level
category (U3Rg conditions), and the other half learned with six unique training exemplars with
three repetitions (UgR3 conditions) per specific-level category. That is, in the U3R¢ broad-level
training condition, each broad-level category was learned through 12 unique training exemplars
(three unique exemplars times four specific-level categories) with six repetitions, in the UgR3
broad-level training condition, each broad-level category was learned through 24 unique training
exemplars (six unique exemplars times four specific-level categories) with three repetitions. It is
possible that a potential specific-level training advantage could be accentuated in the condition
where a few examples are repeated several times (i.e., U3sRg), a condition that happens sometimes
in authentic learning situations because of a limited availability of the examples. The reasoning
is based on consideration of the strength of stored examples and the differential likelihood of
similarity of a novel example to the stored examples depending on the type of training (specific-
or broad- level). As described before, the variability within a specific-level category is lower
than the variability within a broad-level category that includes several specific-level categories.
Thus, when a novel example that is similar to the few examples that have been learned well

through a greater number of repetitions is presented, it elicits a strong similarity signal favoring
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that particular specific level category. In contrast, given the higher variability within the broad-
level rock categories, it is likely that a novel example at test would be relatively more dissimilar
to the stored examples after the broad-level training, and when there are fewer numbers of
examples stored, it is even less likely that some of these stored examples would capture

similarity to the novel example®.
Method

Participants. Eighty-one undergraduates (18 in UsRg-BL, 21 in U3Rs-SL, 21 in UgR3-BL,
and 21 in UgR3-SL) at Washington University in St. Louis participated in the experiment for a
course credit or $10. We determined the sample size based on Wahlheim et al. (2012), who also

manipulated the number of unique training exemplars (for bird categories).

Materials. The materials were identical to the previous experiments.

Procedure. The experiment consisted of two phases, a study phase and a test phase. In
the study phase, first, all participants went through one round of observation learning of all the
training items (72 in the 6-unique-training-exemplars conditions and 36 of them in the 3-unique-
training-exemplars conditions) in a random order. Then, in the 6-unique-training-exemplars
conditions, the participants went through 216 feedback learning trials consisting of the 72 unique
training exemplars repeated three times. In the 3-unique-training-exemplars conditions, the
participants went through 252 feedback learning trials consisting of the 36 training exemplars
repeated six times plus one additional time to make up for the differential number of the initial

observation learning and equate the total number of training trials™. In a given feedback learning

® It should be noted that this prediction is not based on formal modeling, and models in which categorization is
based on relatively similarity of the novel example to exemplars from different categories (not absolute similarity)
might well generate different predictions.

19 Because our intention was to create as naturalistic of a learning condition as possible within the active learning
paradigm, we decided to include the initial observation phase (in naturalistic learning situations, learners are not
typically required to categorize something that they have not yet studied). In doing so, we were then faced with the
choice either to control the total number of trials between UzRg and UgR; conditions (which we did) or to control the
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trial, the participants were presented with a rock picture and clicked an option corresponding to
which category they thought the presented rock belonged to from four options in the BL
conditions (three broad-level category names plus “I don’t know”) and 13 options in the SL
conditions (12 specific-level category names plus “I don’t know”). They were given five seconds
to make the response and two seconds to review the correct answer afterwards. Upon finishing
the learning phase, participants played tetris as a distractor task for 3 minutes before starting the
test phase. The test procedure of the BL conditions was identical to Experiment 1 except the
timing was participant-paced rather than 10 seconds per trial. The test procedure of the SL
conditions was identical to that of the BL conditions except the classification was made at the

specific level by choosing from the 13 options.

Results and Discussion

Training performance. Figure 5 shows the participants’ performance during
training as a function of the condition and the feedback learning block. Because the U3Rg
conditions had a greater number of feedback learning trials (due to the initial observation trials
including all unique exemplars), the extra feedback learning block for the UsRg conditions was
dropped from the analysis below. However, the means for the dropped block are plotted in
Figure 5 as block 0. Note that in all the analyses reported below, the responses from the specific-
level training groups were converted to corresponding broad-level responses to calculate the

accuracy at the broad-level for all groups.

A 2 x 2 x 6 mixed ANOVA, with the number of unique training exemplar (3 or 6) and the

training level (BL or SL) as the between-subjects variables and the feedback learning block (1-6)

number of feedback learning trials, in which case the UgR3 conditions would have had 36 more training trials in total
than the UsR¢ conditions. We acknowledge that the proportion of observation and feedback learning trials slightly
differed between conditions in the current protocol (UsRg: 36 observation and 252 feedback trials; UgR3: 72
observation and 216 feedback), but we reasoned that it would have little impact on the final test performance given
the large number of total trials.
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as the within-subjects variable, was conducted. There was a significant main effect of the number
of unique training exemplars such that the training performance was higher for the 3-unique-
training-exemplar conditions (M = .84, SD = .11) than for the 6-unique-training-exemplar
conditions (M = .73, SD = .12), F(1, 76) = 18.74, p < .001, np? = .20. There was also a
significant main effect of the feedback learning block suggesting that performance increased as
the training progressed, F(5, 380) = 49.47, p < .001, np? = .39. The main effect of the training
level was not significant, F(1, 76) < 1, np” = .01. None of the interactions between the
independent variables was significant (highest F =1.80 for feedback learning block by the

number of unique exemplar interaction).

Final test performance. Figure 6 shows the mean performance during the final test as a
function of the level of categorization (broad- or specific- level), the number of unique training

exemplars (3 or 6), and the test item type (trained, near-transfer, or far-transfer).

A 2 X 2 X 3 mixed ANOVA, with the level of categorization and the number of unigue training
exemplars treated as the between-subjects variables and the test item type treated as the within-
subjects variable, was conducted on these data. Crucially, there was no significant overall
difference in performance between specific-level and broad-level training, F(1, 76) <1, p = .58,
np? = .004. This pattern was qualified, however, by a significant interaction with the test item
type, F(2, 152) = 5.22, p = .006, np? = .06. Post-hoc independent-sample t-tests showed that the
broad-level training groups performed better than the specific-level training groups on the far-
transfer items (M = .55, SD =.12 vs M = .50, SD = .12), t(78) = 2.11, p = .02, d = 0.47, but their
performance did not differ for trained (M = .86, SD =.11 vs M =.89, SD =.11), t(78) = 0.94, p
=.18, d = 0.21, and near-transfer items (M = .68, SD = .12 vs M = .69, SD = .12), t(78) = 0.10, p
= .46, d = 0.02. Neither the interaction between the level of categorization and the number of

unique exemplars nor the three-way interaction was significant, (Fs < 1).
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There was a significant main effect of the test item type, F(2, 152) = 379.76, p < .001,
np® = .83. Post-hoc paired-samples t-tests showed that the participants performed better on
trained items (M = .87, SD = .10) compared to near-transfer items (M = .69, SD =.11), t(79) =
15.88, p <.001, d = 1.72, and far-transfer items (M = .52, SD =.13), t(79) = 23.08, p < .001, d =
2.95, and on near-transfer items compared to far-transfer items, t(79) = 11.91, p <.001, d = 1.39.
There was a significant interaction between the test item type and the number of unique training
exemplars, F(2, 152) = 9.40, p < .001, np® = .11, suggesting that the 3-unique-training-exemplars
groups performed better than the 6-unique-training-exemplars groups on the trained items (M
=.92,SD =.10 vs M = .82, SD = .10), but their performance did not differ on near- and far-
transfer items (near-transfer: M = .68, SD = .11 vs M = .69, SD = .11, far-transfer: M = .58, SD
= .12vs M = 52, SD = .12).

In sum, when the challenges associated with learning the broad-specific category-name-
pairing were bypassed, specific-level training produced category learning at levels displayed by
the broad-level training (for near-transfer). The Experiment 3 training protocol was very similar
to the protocol that demonstrated specific-training advantages in a previous study (i.e., feedback
learning paradigm, repetition of training exemplars; Nosofsky et al., 2017). Specifically, both our
U3Rs conditions and the Nosofsky et al. (2017) conditions had three unique training exemplars
per category and six repetitions of each exemplar (technically seven repetitions in ours) learned
through feedback learning. Yet, our results showed equivalent performance between the BL and
SL conditions, rather than an advantage for an SL training condition (but previously found only
for the dispersed training items in Nosofsky et al.). These results may suggest that with a more
comprehensive set of rock categories and training instances that are haphazardly sampled, the
training does not uniformly reflect the properties that favor specific-level training (high within-
broad-level variability and easy to learn specific-level categories). In the General Discussion,

we address these points in more depth.
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Another novel finding related to the far-transfer performance (not tested in Nosofky, et
al., 2017), for which broad-level training produced superior performance than specific-level
training. This pattern suggests that discriminative aspects of the overarching broad-level
category structure were learned with training at the broad level, aspects that were not acquired
with specific-level training. Still, specific-level training produced far transfer (with broad-
category scoring), as evidenced by above-chance performance. We defer additional discussion
pending the replication and extension of this finding (and the near-transfer pattern) in the next

experiment.
Experiment 4

In our final experiment we investigated whether implementing a different type of training
schedule that might better align with the demands of specific-level training might produce
superior category learning with specific-level versus broad level training. Specifically, we
employed a blocked training sequence (i.e., examples from the same category are presented
consecutively) in Experiment 4, as opposed to an interleaved sequence (i.e., examples from
different categories are presented successively) as in Experiments 1 through 3. Presumably,
training in an interleaved sequence requires learners to keep track of characteristics in features
associated with many categories and be able to retrieve shared features when they encounter
another example from the same category. In this case, the greater number of categories to be
learned in specific- compared to broad- level training will pose a greater memory demand for
specific-level training. By contrast, when the examples from the same categories are blocked,
learners do not have to keep track of feature characteristics associated with all of the to-be-
learned categories simultaneously; rather, they are able to focus on identifying features that are
similar for members of each particular category one by one. Thus, it is possible that with a
blocked training sequence, the specific-level training facilitates extracting key features that are

shared among exemplars from the each specific-level category, whereas broad-level training
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remains a difficult situation to determine features that are shared across exemplars from the same

broad-level category.

We compared the blocked specific-level training to two versions of blocked broad-level
training. The first version, simply referred to as the broad-level (BL) condition is what
commonly is thought of as blocking, where the participants see examples from several different
specific-level categories successively with their unifying broad-level labeling within a training
block. For example, one may see examples from anorthosite, basalt, diorite, and dunite
successively, all labeled as igneous rocks. The second version, referred to as broad-level-
labeled—blocked by specific level (BL-blocked specific) condition, is essentially what a
specific-level training looks like except the examples are labeled according to their broad-level
categories. For example, one may see examples of anorthosite successively labeled as igneous
rocks. This condition was necessary to tease apart the contribution from the effect of
categorization experience (i.e., labeling: encoding the examples at a different level of
categorization) and the effect of perceptual experience (i.e., successively encoding similarly
looking examples) because the categorization experience on its own has been shown to enhance

category learning (Tanaka et al., 2005).

Because of the nature of the feedback learning paradigm (i.e., guessing which category
the presented exemplar belongs to), a strict implementation of blocking was not possible
(because participants could simply keep on responding with the same category). Accordingly, we
implemented a probabilistic blocking (e.g., Carvalho & Goldstone, 2014) in which a particular
category appears at a high probability within one feedback learning block. In the current
experiment, out of 4 trials within one feedback learning mini-block (see below), three of them

belonged to a blocked category.

Method
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Participants. Eighty-six undergraduates (31 in BL, 26 in BL- blocked specific, and 29 in
SL) at Washington University in St. Louis participated in the experiment for a course credit or

$10. We determined the sample size based on Nosofsky et al. (2017).
Materials. The materials were identical to the previous experiments.

Procedure. The experiment consisted of three phases, an observation learning phase, a
feedback learning phase, and a test phase. In the study phase, first, all participants went through
one round of observation learning of all the training items (48 total training exemplars: four
exemplars per one specific-level category, four specific-level categories per one broad-level
category, and three broad-level categories to be learned). The training exemplars were randomly
selected from the set for each participant. In all three conditions (BL, BL- blocked specific, and
SL as described above), the order of the presentation was blocked by the broad-level categories,
such that the participants saw all 16 training exemplars from the same broad-level category and
moved on to the next broad-level category although in the SL condition the exemplars were
labeled according to their specific-level categories. The order of the broad-level categories
during the observation learning was counter-balanced. The participants were given seven

seconds per observation trial.

Upon completing the observation learning, the feedback learning followed. At any given
feedback learning trial, the participants made their response by pressing a key representing the
category they thought the given picture of rock belonged to (out of four options in the BL and
BL- blocked specific conditions, and out of 13 options in the SL condition similar to the previous
experiments), and feedback with a correct answer was presented afterwards. The participants had
five seconds to make a response and a feedback was presented for two seconds. The participants
went through the 48 training exemplars three times (i.e., three feedback learning blocks). At any

given feedback learning mini-block of four trials, three exemplars came from the same category.
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The order of feedback learning trials was block-randomized for each participant, such that the

order of categories was randomized anew for each feedback learning block.

After the feedback learning phase, the participants played tetris for three minutes as a
distractor task, and then completed the final test. The procedure of the final test was identical to
Experiment 3 (36 each of trained, near-transfer, and far-transfer items were tested in a unique

randomized order for each participant, and it was self-paced).
Results and Discussion

Training performance. Figure 7 shows the participants’ performance as a function of
the condition and the feedback learning block. Note that in all the analyses reported below, the
responses from the specific-level training groups were converted to corresponding broad-level
responses to calculate the accuracy at the broad-level for all groups. A 3 X 3 mixed ANOVA,
with the training condition treated as the between-subjects variable and the feedback learning
block treated as the within-subjects variable, was conducted on these data. There was a main
effect of the feedback learning block suggesting the participants’ performance increased across
the blocks (Block 1: M = .67, SD = .13; Block 2: M =.78, SD = .12; Block 3: M = .84, SD =.10),
F(2, 166) = 215.54, p > .001, np® = .72. The main effect of conditions was not significant, F(2,
83) <1, p=.74, np° = .007. The interaction between the two variables was not significant, F(4,
166) = 2.36, p = .06, np° = .05.

Final test performance. Figure 8 shows the participants’ final test performance as a
function of the training condition (BL, BL-blocked specific, or SL) and the test item type. A 3 X
3 mixed ANOVA, with the training condition as the between-subjects variable and the test item
type as the within-subjects variable, was conducted on these data. There was a significant main
effect of test item type, F(2, 166) = 269.31, p > .001, np2 = .76. Post-hoc paired-samples t-tests
showed that the participants performed better on trained items (M = .85, SD = .11) than near-

transfer (M = .68, SD =.11) , t(85) = 14.50, p <.001, d = 1.56, and far-transfer items (M = .54,
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SD =.11), t(85) = 22.98, p < .001, d = 2.79, and on near-transfer than far-transfer items, t(85) =
9.71, p<.001, d = 1.30. Neither the main effect of training condition, F(2, 83) < 1, p = .48, np°
=.02, nor the interaction between this variable and test item type was significant, F(4, 166) < 1,

p =.61, np° = .02.

In sum, with a blocked training sequence in Experiment 4, final test performance was
again equivalent across BL and SL conditions (even for far-transfer items in this experiment).
This pattern generally converges with the results from an interleaved training sequence
(Experiment 3). Therefore, it appears training sequence is not critical for the equivalent
performances across specific-level and broad-level training; rather the natural structure of the
rock categories may not afford an advantage from specific-level training. We address this point

in the next section.
Confusion Matrix Analyses

As outlined in the introduction, the generalized context model formally predicts that
specific-level training benefits category learning at the broad level when the within-broad-level
variability is high and the between-specific-level similarity across contrasting broad-level
categories is relatively high (Nosofsky et al., 2017). Figure 9 presents a schematic illustration of
the dispersed broad-level category structure that is theorized to benefit from specific-level
training. An extreme case of dispersed structure illustrated on the right panel of Figure 9 shows
similar-looking specific-level categories from contrasting broad-level categories (e.g., 11, M1,
and S1) forming a cluster in a psychological similarity space. On the other hand, a compact
structure illustrated in the left panel has low within-broad-level variability and high between-
broad-level variability, such that all specific-level categories belonging to one broad-level
category (e.g., 11, 12, and 13) are situated close to each other. In this section, we report analyses

on the pattern of errors from the responses from Experiments 3 and 4 to gauge the degree of the
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between-specific-level similarity across contrasting broad-level category in the current category
structure. Figures 10 and 11 present confusion matrices for Experiment 3 and 4 final test
performance on the near-transfer items**. We focused on the near-transfer items in these analyses
because the trained items are inappropriate in assessing category learning (contaminated by
memory for the specific item) and far-transfer items disfavors specific-level training conditions
(no explicit mention of broad-level structure that encompass the far-transfer items). Further, we
focused on Experiments 3 and 4 results because these provide the contrast between the items
when categorized at the specific level versus at the broad level.

The rows and columns are the names of the 24 specific-level categories used in the
current experiments organized in the alphabetical order within each broad-level category. The
rows represent the proportion at which a near-transfer test item was classified as a member of a
given specific-level category. For instance, in Figure 10 as you move through the top row from
left to right, you can see the proportion at which an instance from anorthosite was classified as
each specific-level category (i.e., P(response|stimulus); e.g., correctly classified as anorthosite
at .29, often mis-classified as Granulite at .22 and as three other igneous specific-level categories
at .08-.11). Note that the darker shades of green highlight higher proportions.

For a number of reasons, the confusion rates based on the data from the specific-level
training conditions (Figures 10 & 11) appear to represent systematic errors based on the
between-specific-level-category similarity rather than random errors. First, in the majority of
cases the confusion is bidirectional such that if category A was incorrectly classified as category
B at a high rate, then category B was also incorrectly classified as category A at a high rate. For

example, dunite was incorrectly categorized as Iherzolite 32% of the time while lherzolite was

! Note that the sum of some rows does not add up to 1 because the proportions shown in the matrix tables do not
include the “I don’t know” responses.
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incorrectly categorized as dunite at 24 % of the time (Figure 10). Second, the confusions align
with the similarity in the visual features for the specific-level categories that were confused as
each other (see Appendix A to compare anorthosite and granulite or dunite and lherzolite for
examples). Third, the pattern of confusions is highly consistent across Experiment 3 and 4
(Figures 10 and 11). A cell-by-cell correlational analysis of the confusion matrices from
Experiments 3 and 42 shows that they are indeed extremely highly correlated, r(550) = .81, p
<.001.

Critically, an examination of these figures reveals that the between-specific-level
similarity across contrasting broad-level categories in the current category structure was neither
very high nor very low. One way to quantify the between-specific-level similarity across broad-
level categories from the confusion matrices is to see for a given specific-level category, if the
specific-level category that was incorrectly classified most often belonged to the same or
different broad-level category. Out of 24 specific-level categories, 14 of them in Experiment 3
(excluding two ties, multiple specific-level categories from within and between broad-level
categories had the identical confusion rates) and 8 of them in Experiment 4 (excluding four ties)
had their most confusable counterparts in other broad-level categories. In other words, about
half the specific-level categories were most similar to another specific-level category in a
different broad-level category, whereas about half were more similar to a specific-level category
in the same broad-level category. Importantly, if the present broad-level categories had a clear
dispersed structure (as did in Nosofsky et al., 2017), a structure that has been shown in one
previous study to afford a specific-level training advantage, the above analyses would have been

expected to show that most of the specific-level categories were most confusable with a specific-

12 This analysis excluded the diagonal cells (i.e., the correct responses) to examine whether the pattern of confusion
errors aligned across experiments.
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level category from a different broad-level category. By the same token, if the present broad-
level category structure were generally compact, then it would be expected that most of the
specific-level categories were confusable with other specific-level categories from the same
broad-level category. But neither pattern emerged; instead approximately half of the specific-
level categories were most often misclassified within the same broad-level category and half
more often misclassified between broad-level categories.

Figure 12 shows a summary table of the confusion matrices shown in Figures 10 and 11
in terms of the correct rates, the sum of the within-broad-category confusion, and the sum of the
between-broad-level confusion, for each specific-level category. This table shows that
sedimentary rocks are easier to learn, and Igneous and Metamorphic rocks have higher between-
broad-category confusion rates than Sedimentary. This observation combined with how the
confusable categories are distributed across the broad-level categories in Figure 10 and 11 (i.e.,
between-broad-level confusion happens more often between igneous and metamorphic) suggest
that igneous and metamorphic rocks are more overlapping and sedimentary rocks are more
distinct. Given that categories with high between-broad-category confusion rates are more likely
to benefit from specific-level training, one may wonder if there is a more pronounced specific-
level training advantage for igneous and metamorphic rocks than for sedimentary rocks.
Somewhat in line with this possibility, for the near-transfer items plotted in Figures 10 and 11, a
greater number of specific-level categories in igneous and metamorphic show a specific-level
training advantage than sedimentary (out of 8 specific-level categories within each broad
category, in Experiment 3, 4 igneous and 4 metamorphic specific-level categories showed a
specific-level training advantage compared to 2 sedimentary specific-level categories; in

Experiment 4, 4 igneous and 4 metamorphic specific-level categories showed a specific-level
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training advantage compared to 3 sedimentary specific-level categories). Importantly, the
summary table tells a similar story to that of Figures 10 and 11 in that the number of specific-
level categories showing higher confusion rates for between-broad-level categories than within-
broad-level categories, which signals a high between-specific-level similarity across contrasting
broad-level categories, is neither very high or very low (16 in Experiment 3 and 13 in
Experiment 4). Thus, the current category structure appears to be somewhat intermediate

between extremes of compactness and dispersion.

General Discussion

In the current experiments we examined the theoretically motivated hypothesis that the
broad-level categorization of rock category might be enhanced by training at the specific level
compared to training at the broad level. Testing this hypothesis with more naturalistic training
material (i.e., not artificially constrained like the previous demonstration of specific-level
training benefit: Nosofsky et al., 2017) and training procedure (e.g., learn at the specific level
and respond at the broad level) across four experiments, we found no specific-level training
advantage. Indeed, in some cases, broad-level training was better than specific-level training
(Experiments 1 & 2). A specific-level advantage was absent even when normal challenges
associated with specific-level training was relaxed, such that the participants could respond at the
specific level, the level they were trained at (Experiments 3 and 4). Further, the absence of a
specific-level advantage was shown to hold across a number of important training parameters
that have been shown to influence category learning: observation learning (Experiments 1 and 2),
learning through active response with feedback (Experiments 3 and 4), interleaved sequence
(Experiments 1-3), blocked sequence (Experiment 4), learning through small number of unique

training exemplars with several repetitions (Experiment 3), learning through a greater number of
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unique training exemplars with fewer or no repetitions (Experiments 1-4). Below we discuss
theoretical and practical implications of these findings.

The results from Experiments 3 and 4 strongly suggest that the naturalistic category
structure we used in the current experiments did not entirely have the properties for which
specific-level training could be advantageous. This conclusion is based on several observations.
First, there was no specific-level training advantage even when the training protocol was very
similar to the protocol that showed a specific-level training advantage previously (Nosofsky, et
al., 2017; Experiment 3). A specific-level training advantage also did not emerge when the
training protocol was presumably designed to favor specific-level training through blocked
presentation of training items within each specific level (Experiment 4). In light of the results
from Experiments 1-3, we had thought it possible that the interleaved sequence that was
implemented in those experiments could have disadvantaged specific-level training because
making connections between examples from a same category, a process necessary for identifying
characteristic features, was harder in specific-level training. (Specifically, while there were
examples from two other categories in between two examples from a same category in the broad-
level training, there were examples from eleven other categories in the specific-level training.)
However, this possibility was not borne out, as noted above (Experiment 4 result). In light of
(a) the similarities between the Nosofsky et al. (2017) training conditions and Experiments 3 and
4, and (b) the equivalent performance between the SL and BL conditions in Experiments 3 and 4,
it appears that the current category structure, with an authentically generous number of specific-
level categories (8 specific-level categories within each of the 3 broad-level categories) within
which the training items were sampled somewhat haphazardly, did not reflect the extreme

characteristics of either the compact or dispersed structures created by Nosofsky et al. (2017).
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Somewhat direct support for the above conclusions was provided by the confusion-
pattern analyses. As discussed in the previous section, the range of specific-level categories
trained herein and the haphazard sampling of training items (that may be reflective of an
introductory geoscience classroom environment) seemed to be intermediate between a highly
dispersed category structure and a compact structure (structures that Nosofsky et al., 2017,
constructed for their experiments). The critical finding in this regard was that a fair number of
the specific-level categories were most similar to other specific-level categories belonging to the
same broad-level category, whereas others were most similar to specific-level categories
belonging to a different broad-level category. Consequently, specific-level training would not be
heavily favored but neither would broad-level training. An experimental demonstration of how
these factors of category structure (i.e., within-broad-category variability and between-broad-
category similarity of specific categories) modulate the benefit of specific-level training has been
reported previously (Nosofsky et al., 2017). The current study explored the extent to which the
category-learning effects of those experimentally constrained category structures might be
reflected with a more naturalistic category structure, encompassing a wider sampling of rock
categories (potentially representative of geoscience education) and offering a more practical,
accessible means of gauging the category similarities (i.e., the confusion matrix which can be
easily computed from the response data from a category learning task).

One novel aspect of the current experiments was the test of far-transfer test items
(generalization to new instances from untrained specific-level categories). A straightforward
prediction was that broad-level training should be favored for this type of test because there is no
need to extract overarching broad-level features in specific-level training. This prediction was

generally supported; there was a statistically significant advantage for broad-level training on



SPECIFIC-LEVEL TRAINING OF ROCK CATEGORIES 40

far-transfer items in Experiments 1-3 and a numerical advantage in Experiment 4. When
presented with a far-transfer item, a learner trained in specific-level training is presumably
making the classification decision according to the similarity to the specific-level categories that
they studied, which would not necessarily encompass broad level features needed to classify the
far transfer items. In some cases, far-transfer items looked relatively different from any of the
specific-level categories that were studied, resulting in participants in the specific-level training
conditions choosing the “I don’t know” option at a greater proportion (M = .06, range: .01-.09
across Experiments 1-4) than participants in the broad-level training conditions this option (M
=.02, range: .00-.04). Presumably the overarching broad-level features that were extracted
through the broad-level training provided these participants with a basis to select a broad-level
category in which a given far-transfer item might belong (see Appendix B for the results and
discussion pertaining to the “I don’t know” responses). This broad-level advantage on far-
transfer items has clear practical implication. If the goal of the instruction is to prepare learners
for a situation where broad-level identification of instances from several unknown specific-level
categories is expected, broad-level training should be favored (or broad-level training could be
incorporated along with specific-level training as a hybrid).

Clearly, however, for near-transfer test items (generalization to new instances from a
learned category), specific-level training was as good as broad-level training across several
training protocols: when participants could respond at the trained level for both interleaved
(Experiment 3) and blocked training (Experiment 4) sequences and when all participants were
required to respond at the broad level, provided that the specific-broad level label associations
were trained separately and responding was conditionalized on correct learning of those

associations (Experiment 2).  This performance equivalence between broad- and specific- level
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training has several important practical implications. Consider first the protocol for Experiments
3 and 4. The experimenter conversion of the specific-level responses to broad-level responses is
not as artificial as it might first appear because the specific-broad category-name pairing could
be externalized easily (e.g., providing a table in a textbook). If this option was not favored,
separately training broad-specific category pairings would be another possibility. Although the
degree of the broad-specific category pairing learning was not perfect (.76 at the end of the
training) in Experiment 2, these simple associations should not be difficult to train if multiple
sessions were spread across several days (e.g., studying with flashcards; Kornell, 2009).

In either case, from a practical standpoint, one might argue that the specific-level training
is preferred because it taught a great deal more than just the broad-level categories; specific-level
training teaches a finer classification that characterizes the experts in a given domain (e.g.,
Tanaka, 2001; Tanaka & Taylor, 1991). In fact, in geo-science and other domains, the eventual
training objective for the students is to know not only broad-level but also specific-level
categories. For example, in many introductory geology lab courses, a lab section that is aimed at
teaching the broad-level rock classification is often followed by lab sections that are aimed at
teaching the specific-level classification (e.g., Busch, & Tasa, 2009). Given this trajectory
toward expertise that accompanies specific-level training, as well as the eventual training
objective of teaching specific-level categorization, proceeding with specific-level training
initially or concurrently with broad-level training might be considered in educational settings

when teaching natural science categories.
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Figure 1. A couple of examples for each broad-level category showing the fuzzy boundaries —
some examples from the different broad-level categories are perceptually more similar than some

examples from the same broad-level category.
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Figure 2. Examples of a few specific-level categories within the three broad-level categories illustrating high variability among them.
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Figure 3. Participants’ mean performance on the final test in Experiment 1 plotted by conditions

and test item types. Error bars denote * 1 standard error.
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Figure 4. Participants’ mean performance on the final test in Experiment 2 plotted by conditions

and test item types. Error bars denote * 1 standard error.
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Figure 5. Learning curve in Experiment 3 as a function of conditions and feedback learning
block. The performance from each of the three blocks in the UgR3 conditions was divided at the
midpoint and presented as two blocks (i.e., 1% block into 1 and 2, 2" block into 3 and 4, etc.), so

that the performance in all conditions could be plotted on the same axis.
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Figure 6. Participants’ mean performance on the final test in Experiment 3 plotted by conditions

and test item types. Error bars denote * 1 standard error.
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Figure 7. Learning curve in Experiment 4 as a function of conditions and feedback learning

block.
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Figure 8. Participants’ mean performance on the final test in Experiment 4 plotted by conditions

and test item types. Error bars denote * 1 standard error.
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Figure 9. Schematic illustration of compact and dispersed category structures, using the example
of specific-level categories of igneous (I), metamorphic (M), and sedimentary (S). Reprinted
from “On learning natural-science categories that violate the family-resemblance principle.” by
Nosofsky, R. M., Sanders, C. A., Gerdom, A., Douglas, B. J., & McDaniel, M. A. (2017),

Psychological Science, 28(1), 104-114.
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Figure 10. Confusion matrix based on the specific-level responses on the near-transfer items from the specific-level conditions in

Experiment 3.
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Figure 11. Confusion matrix based on the specific-level responses on the near-transfer items from the specific-level conditions in

Experiment 4.
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Figure 12. Summary of the confusion matrices shown in Figures 10 and 11 in terms of the correct rate, the sum of within-broad-

category confusion, and the sum of between-broad-category confusion, for each specific-level category.
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Appendix A
The rock pictures used in the current experiments. Visit Open Science Framework

(https://osf.io/n2awt) for high resolution version of these images.
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Appendix B
Results and discussion regarding the “I don’t know” responses for all four experiments.

Experiment 1

Table B1 shows the proportion of “I don’t know” responses out of the total response in
each condition. A 2 X 3 mixed ANOVA with the study condition (BL-only or BL + SL) as the
between-subjects variable and the test item type (trained, near-transfer, or far-transfer) as the
within-subjects variable was conducted on these data. The proportion of “I don’t know”
responses did not differ as a function of the study condition, F(1, 56) < 1, or item type F(2, 112)
<1, and the interaction between the two variables was not significant, F(2, 112) = 2.89, p > .05,

np® = .05.

Experiment 2

Table B2 shows the proportion of “I don’t know” responses out of the total response in
each condition. Similarly to Experiment 1, a 2 X 3 mixed ANOVA with the study condition (BL-
only or SL -> CPL) as the between-subjects variable and the test item type (trained, near-transfer,
or far-transfer) as the within-subjects variable was conducted on these data. There was a
significant main effect of item type, F(2, 100) = 4.12, p < .05, np® = .08. Post-hoc t-tests revealed
that there were greater number of “I don’t know” responses for near-transfer (M = .04, SD = .08)
and far-transfer items (M = .05, SD = .09) than in trained items (M = .02, SD = .05), t(51) = 2.32,
p>.05,d=0.23; t(51) = 2.62, p > .05, d = 0.29, while near- and far- transfer items did not

significantly differ.

Experiment 3
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Table B3 shows the proportion of “I don’t know” responses out of the total response in
each condition. A 2 X 2 X 3 mixed ANOVA, with the level of categorization (BL or SL) and the
number of unique training exemplars (3 or 6) treated as the between-subjects variables and the
test item type (trained, near-transfer, or far-transfer) treated as the within-subjects variable, was
conducted on these data. There was a significant main effect of item type, F(2, 152) = 13.81, p
<.001, np? = .15, such that there were greater number of “I don’t know” responses for far-
transfer items (M = .06, SD = .13) than near-transfer (M = .04, SD =.10), t(79) = 2.65, p < .05, d
=0.11 and trained items (M = .01, SD =.04), t(79) = 3.81, p <.001, d = 0.46, and for near-
transfer items than trained items t(79) = 3.81, p <.001, d = 0.42. In addition, there was a
significant main effect of the level of categorization, such that the number of “I don’t know”
responses was greater in the specific-level training conditions (M = .06, SD = .10) than in the
broad-level conditions (M = .01, SD = .11), F(1, 76) = 8.54, p < .01, np* = .10. Lastly, there was
a significant training level by item type interaction suggesting that the difference between the
item types were more prominent in the specific-level conditions than in the broad-level
conditions, F(2, 152) = 8.85, p < .01, np® = .10. The main effect of the number of unique training
exemplars, the interaction between the number of unique training exemplars and the level of

categorization, and the three-way interaction was not significant (Fs < 1).
Experiment 4

Table B4 shows the proportion of “I don’t know” responses out of the total response in
each condition. Similarly to Experiment 1, a 3 X 3 mixed ANOVA with the training condition
(BL, BL-blocked specific, or SL) as the between-subjects variable and the test item type (trained,
near-transfer, or far-transfer) as the within-subjects variable was conducted on these data. There

was a significant main effect of item type, F(2, 166) = 11.96, p < .001, np? = .13. Post-hoc t-tests
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revealed that there were greater number of “I don’t know” responses for near-transfer (M = .02,
SD =.05) and far-transfer items (M = .04, SD = .10) than in trained items (M = .01, SD =.03),
t(85) = 2.26, p < .05, d = 0.28; t(85) = 3.74, p < .001, d = 0.44; there were also greater number of
“I don’t know” responses for far-transfer than near-transfer items, t(85) = 3.12, p < .01, d = 0.26.
The main effect of the training condition was also significant, F(2, 83) = 6.35, p <.01, np? = .13.
Post-hoc Tukey tests showed that the number of “I don’t know” responses was greater in the SL
condition (M = .05, SD =.10) than in the BL (M = .01, SD =.04), p < .01, d = 0.26, and BL-
blocked specific conditions (M = .01, SD =.05), p < .01, d = 0.26, while there was no difference
between the BL and the BL-blocked specific conditions, p > .05. Lastly, there was a significant
study condition by item type interaction, F(4, 166) = 6.95, p <.001, np® = .14, suggesting that
the difference between the item types were more prominent in the SL condition than in the

broad-level conditions.

In summary, the proportion of “I don’t know” responses tended to be greater in far-
transfer items (Experiments 2-4) and in specific-level training conditions when feedback learning
paradigm was employed (Experiments 3 & 4). In addition, the effect of item type (i.e., more “I
don’t know” responses in far-transfer) was more prominent in specific-level training conditions
when feedback learning paradigm was employed (Experiments 3 & 4) as indicated by the
significant item type by training level interactions. The frequency of “I don’t know” responses
roughly reflected the difficulty of the task in the given condition, such that there were greater
number of “I don’t know” responses when the classification accuracy was low (i.e., for far-
transfer items and in specific-level conditions). Finally, the high standard deviations observed
across all experiments suggest that the participants considerably differed in the way they used the

“I don’t know” responses.
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Table B1. Proportion of “I don’t know” responses as a function of conditions and item types in

Experiment 1. The value inside of the parentheses denotes standard deviations.

Conditions Trained Near Far

BL Only 02 (.05) 01 (.04) .03 (.06)
BL +SL 01 (.02) 02 (.04) .01 (.03)
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Table B2. Proportion of “I don’t know” responses as a function of conditions and item types in

Experiment 2. The value inside of the parentheses denotes standard deviations.

Conditions Trained Near Far

BL Only 02 (.04) 04 (.08) 04 (.07)
SL -> CPL .03 (.06) .04 (.08) 06 (.11)
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Table B3. Proportion of “I don’t know” responses as a function of conditions and item types in

Experiment 3. The value inside of the parentheses denotes standard deviations.

Training Level # of Exemplars Trained Near Far
BL UsRs .00 (.00) .00 (.01) .00 (.00)
BL UeR3 .00 (.01) .01 (.04) .02 (.06)
SL UsRs .01 (.04) .07 (.11) .09 (.15)

SL UsRs 02 (.05) 06 (.12) .08 (.16)
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Table B4. Proportion of “I don’t know” responses as a function of conditions and item types in

Experiment 4. The value inside of the parentheses denotes standard deviations.

Conditions Trained Near Far
BL .00 (.02) .01 (.03) .02 (.07)
BL — blocked specific .01 (.05) .00 (.01) .01 (.06)
SL

01 (.03) .05 (.08) .09 (.14)
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