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Introduction

When we move through the world we constantly learn from examples.

What we learn from those examples shapes the categories and representations we

use when we make predictions, and we are always making predictions, whether

explicitly and intentionally or not. How do those examples shape our predictions?

The situations and tasks we engage in shape the categories we use to generalize the

knowledge we gained in those tasks to new situations. How do the properties of

examples we learn from, their variations, and their distributions come to shape our

categories and how we use them? The experiments described in this paper attempt

to answer some of these questions.

We present a set of experiments about how the statistical properties of stimuli

incidental to a supervised classification task influence later learning. By “inci-

dental” we mean not directly relevant to the immediate supervised classification

task (e.g., properties not of the dimension upon which classification is based

on the task). After exposure to task-irrelevant but reliably varying features, do

people “transfer in” such knowledge to new problems where that information

is suddenly applicable, or do they learn nothing at all in the first place such that

they have nothing to transfer out of the first learning situation (Broudy, 1977, as

cited in Schwartz, Bransford, Sears, & others, 2005)? What information about

the irrelevant features bias people when they perform the later task where that
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feature becomes relevant? Do they learn about the frequency of feature values

(Experiment 1)? Does their exposure to such values interfere with learning a fea-

ture distribution, and do they learn to use novel feature values to complete the

task (Experiments 2 & 3)? Does the skewness or range of the incidental feature

dimensions influence later learning (Experiments 4 & 5)? These experiments all

serve to test the hypothesis that in supervised classification with two continuous

dimensions the learner does unsupervised learning of the incidental feature.

Sally sorts seashells to make a necklace for her mother. Her father

walks alongside her on the shore. They start by picking out good shells for the

length of the necklace. Sally picks up a shell and her father either nods or shakes

his head; good shells for this part of the necklace should be large, but he says

nothing because he is an example character in a psychology paper. Seashells also

have noticeable ridges or striations that give texture to their surface: when Sally

picks out shells she initially attends to both of these features. Eventually, she

recognizes what she should pay attention to is size as it is predictive of her father’s

approval, while the spacing between the shells’ striations is not. Does she still

learn anything about the striations? Why would she waste her attention and

memory on something with no predictive power? Now imagine the task changes:

her father says they should find shells that are good for the centerpiece of the

necklace. These are shells with thick striations, but again he says nothing. What, if

anything, has discriminating by size prepared her to learn about striation? Is she

any different than a seashell-seeking novice when learning about that dimension?

All of a sudden the distribution of striations is important, especially so if that

feature is bimodally distributed such that the place between the modes, of thickly

and narrowly striated shells, could itself form a boundary in her father’s approval.

In the task described above, do people learn about the spacing of the shells’
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striations when it is initially incidental to the task? Rationally, why would they?

Because the feature is incidental to the task there is no reason to pay attention to

it, to waste attention on it. What would be the advantage of using (or diverting)

attention to form a representation of the distribution of the particular values of

the spacing feature? Such distributional information could be useful in some later

task; clusters of features might belie some commonality or second-order category

that could be useful in the future, so why not learn about them? All of these are

ways of asking what about task-incidental features, if anything, is transferred out

of the traditional supervised classification task and transferred into tasks where

those features become relevant. Many models of categorization posit learners’

selective attention focuses only on those dimensions useful for categorization

(Kruschke, 1992 though see below; e.g., Nosofsky, 1986).

What we seek when we talk about a representation is a description of the rela-

tionship between the performer of a task and the task itself. The classic supervised

learning paradigm presents the learner with a set of features, usually composed

into an object, and requires the learner to respond with the category to which

those features correspond. The stimuli are presented one at a time, and after each

presentation and response, the learner receives feedback. Experimenters assess

learning above and beyond mere memorization by presenting the learner with

examples in a second phase (t2) that were not present in training (t1) but fit the

learned rule or boundary. Work done in the past operated under the assumption

that this task fostered representations that applied to a variety of natural contexts

(Markman & Ross, 2003). But the task’s sequential feedback after each guess en-

courages the learner to focus on providing guesses to test hypotheses that only

serve to discriminate between the categories, with little to no emphasis on infor-

mation about the composition of the categories themselves. The traditional cat-
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egory learning task is probably not a good representation of the kind of learning

that happens in the real world, where categories rarely possess such properties, and

the modes of learning we engage in vary. One criticism of the supervised classifi-

cation task is that it amounts to training a discriminative classifier, which requires

only the information to make the classification and does nothing with any other

information (i.e., it only learns what is necessary to make the discrimination or

classification). In a paradigm almost exactly like the classic supervised classification

task but where participants only observe the stimuli then receive feedback rather

than making the classifications themselves, Levering & Kurtz (2014) found that

participants learn more about the distributional properties of the features and cat-

egories that make up the task. Other research into new learning tasks has emerged

from this criticism in the last 30 years (Love, 2002; Markman & Ross, 2003; Wat-

tenmaker, 1991; Yamauchi & Markman, 1998). But this dissertation seeks to probe

what people learn about the incidental feature in the supervised classification task.

Categorization allows us to organize and extend our knowledge to make predic-

tions about new things in the world. Some features of categories are more useful

for these kinds of predictions than others. If we see a ball bounce high and we are

asked to predict whether a new ball will do the same, the material the ball is made

of may be a more useful feature to attend to than the ball’s color. Most theories of

learning involve this kind of selective learning component (Kruschke, 1992; Love,

Medin, & Gureckis, 2004; Medin & Shaffer, 1978; Nosofsky, 1986).

Levering (2012) describes a framework that draws heavily from distinctions

within the machine learning literature. Classification models of two types are

used extensively in machine learning: discriminative and generative (e.g., Ng &

Jordan, 2001). The two are distinguished by whether or not they include more

information than they need to discriminate between categories in a learning task.
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Discriminative models do not preserve such information, while generative models

do. Discriminative models focus solely on the task of classification; they do not

represent the properties of their categories’ or features’ distribution, such as range

or variance. Generative models do account for learning such properties as they

are required to generate predictions as to what category was most likely to yield a

given input. They solve a more general problem than the task of only classifying

input. If we apply the ideas mentioned above to human performance on category

learning tasks, purely discriminative category learning should yield very accurate

and fast category learning but would lack information outside of the categories

themselves. Purely generative category learning would yield representations of

categories that fully preserve the features (and their distributions) present in the

training sample, not only of features diagnostic to the classification task but also

non-diagnostic features as well.

A popular theory in category learning claims we learn by attending only to

those dimensions that are most diagnostic (Kruschke, 1992, 2003; Kruschke &

Johansen, 1999; Nosofsky, 1986; Shepard, Hovland, & Jenkins, 1961). A catego-

rization problem is easier to learn the fewer diagnostic dimensions it has (Shepard

et al., 1961) and when the task emphasizes those diagnostic dimensions through

blocking and highlighting (Kruschke, 2003; Kruschke & Blair, 2000). After learn-

ing a particular dimension is not diagnostic, it is hard to switch to using it as diag-

nostic (Kruschke, 1996). The degree to which a feature dimension is diagnostic of

category membership is correlated with the amount of time people spend looking

at it (Kruschke, Kappenman, & Hetrick, 2005; Rehder & Hoffman, 2005).

Selective attention helps learners focus on category-relevant dimensions, es-

pecially in situations where stimuli have few features in common. When the task

is to generalize, selective attention is particularly useful for focusing on relevant
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dimensions and ignoring irrelevant ones (Best & Yim, 2013). Selective attention

also comes with costs: learned inattention (Kruschke, 1992) is when a learner con-

tinues to ignore information that was previously irrelevant—that is, they learn

to ignore. This can be a cost when a new learning situation involves previously

irrelevant information, and illustrates a distinction between the cost of switching

tasks, where a rule or category boundary might have changed but was hard to no-

tice, and the cost of not learning about a dimension that was previously incidental

to the task but is now relevant. The cost of selective attention goes down when

a new category to be learned uses the same dimension as the previous one but

with different values (Best & Yim, 2013). This is called an intra-dimensional shift.

An extra-dimensional shift is when the category-relevant dimension(s) change.

Adults show learned inattention during extra-dimensional shifts between cat-

egories in category learning tasks (Dopson, Esber, & Pearce, 2010; Kruschke &

Blair, 2000, Hoffman & Rehder, 2010). That is, they attend selectively while learn-

ing the first category and incur the cost of inattention to the previously irrelevant

dimension while learning the second category if an extra-dimensional shift was

present (Best & Yim, 2013). However, extra-dimensional shifts can be easier than

reversal shifts—where the classifications switch but the relevant dimension stays

the same—if the newly relevant dimension contains novel feature values not seen

before the shift (Kruschke, 1996).

These findings seem to situate supervised classification as purely discriminative.

But after making same-different discriminations between faces morphed along

two dimensions, undergraduates were sensitive to task-irrelevant distributional

structure within categories (Gureckis & Goldstone, 2008). Many of the stim-

uli in the above experiments are spatially separated such that their features are

structurally independent from one another. The learning “impairments” seen in
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supervised classification learners when compared to other kinds of learning tasks

may not manifest when stimuli are integrated or rich (Hoffman & Rehder, 2010).

Participants learned about environmental information incidental to the learning

task in a rich scene where learners searched for animals with varying features in dif-

ferent places (an effect that went away when the position of the animals was fixed,

Allen & Brooks, 1991). Participants in supervised classification tasks learn more

about stimuli when they are predicting a category label than a supposedly mean-

ingless outcome (e.g., a high or low tone, Bott, Hoffman, & Murphy, 2007). They

are more sensitive towards nondiagnostic atypical features than in other learning

paradigms (Jee & Wiley, 2014). Therefore it is not clear what or when people learn

about non-diagnostic information in the supervised classification task. Perhaps the

supervised classification task is more generative than previously thought.

In her dissertation, Levering (2012) compares observation with the traditional

supervised classification task. Her second experiment presented learners stimuli

that vary continuously (e.g., 12 values instead of the binary dimensions in most of

the literature on supervised classification) along two dimensions, one diagnostic

of category membership and one dimension that was either partially diagnostic or

non-diagnostic dimension. After either a supervised classification training phase

or a phase very similar to it but strictly observational, participants were asked to

make typicality judgments for given stimuli. Rather than select the most typical of

two examples, participants rated each presented stimuli and category label based

on its typicality of that category. Levering then subtracted the average typicality

rating of stimuli not present in training (with more extreme feature values) from

the average typicality rating of examples shown in training (with a “central” fea-

ture value). Along the diagnostic dimension, observational learners had higher

difference scores than classification learners, though both were above chance.
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However, the partially diagnostic dimension showed an interesting finding: Both

observational and supervised classification learners had typicality difference scores

above chance, though the observational learners had higher typicality differ-

ences scores than classification learners, indicating that both conditions learned

something about the frequency of the partially diagnostic dimension, even when

presented with a dimension that was completely diagnostic. In the condition

where the dimension was entirely non-diagnostic learners in both conditions had

typicality difference scores above chance and not significantly different from one

another. But when they performed a kind of feature inference task where they

were given the category and asked to predict the feature, neither group showed

an awareness of the distribution of features along the non-diagnostic dimension.

In summary, both classification and observational learners do well at supervised

classification, and while they do learn something about the non-diagnostic dimen-

sion (inasmuch as they are above chance in typicality judgments, but not good at

them), they do not have a sense of the distribution of non-diagnostic features, of

what constitutes a typical or atypical feature.

Overview of Experiments

This study focuses on what people learn about feature distributions in su-

pervised classification. Most research in categorization has focused on binary

dimensions (Shepard et al., 1961). Previous research found that people learn about

non-diagnostic but characteristic dimensions (e.g., Allen & Brooks, 1991; Brooks,

Squire-Graydon, & Wood, 2007), but that literature focuses on binary or non-

continuous stimuli and has not focused on how that information is used later.

Experiment 1 is a conceptual replication of this kind of research with stimuli that

have more feature values and are distributed in a particular and intentional way.

Research in the realm of reversal, intra-dimensional, and extra-dimensional shifts
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in categorization examined how hard it is to use previously task-incidental fea-

tures, but has not focused on continuous dimensions, or how the distributional

structure of the previously irrelevant dimension influences judgments after the

shift occurs (e.g., Kruschke, 1996). Many of the aforementioned studies in the

traditional supervised classification task use stimuli with perceptually separable

dimensions (e.g., rotation and spacing in Gabor patches) rather than perceptually

integrated dimensions (e.g., saturation and brightness), particularly those that

suggest people ignore incidental dimensions. As a part of our search for evidence

of learning about task-incidental dimensions, we think we are more likely to find

this learning with integrated stimuli (Hanania & Smith, 2010 for reviews on these

distinctions and their development; see Smith & Kemler, 1978; Ward, 1980).

Do people learn about the distribution of the incidental feature in a catego-

rization task? The first experiment presented a training phase where participants

categorized a series of stimuli with two uncorrelated features where the classifica-

tion rule was unidimensional (e.g., a division between feature values along a single

dimension). This experiment examined whether people are aware of the distribu-

tion of the features during a supervised classification experiment, and in particular

whether they are aware of the incidental features. This also served as a conceptual

replication of Chin-Parker & Ross (2004) and Levering (2012).

If we do find evidence of learning about the incidental feature dimension, just

what do people learn? Another thing besides typicality that participants might

learn about the incidental feature in a supervised classification task is a general

sense of the distribution. Perhaps they do not learn about frequency in the above

experiment, but instead learn about distributional features like troughs, where

they saw no examples of a feature value, or simply are able to rely on novelty to

drive category inference (e.g., have they seen a given stimulus before). After a



10

training session, Experiment 1 tried to measure what feature values for stimuli

participants thought were more or less frequent. It also presented a forced-choice

task to compare the perceived frequency of one dimension’s feature values while

holding the other constant.

The second experiment asks whether people use what they learn about feature

distributions during this first task described above in a second task. Participants

completed a first task (hereafter called t1) similar to the one described in Experi-

ment 1. Then, in a second task (hereafter called t2), participants performed a task

much like the t1 task, but where the previously incidental feature became the rele-

vant feature and vice versa. In t2 the feature distributions changed from a bimodal

to a uniform distribution. Participants were assigned to a consistent or inconsistent

condition where the consistent condition had a category boundary in the same

place as the trough in the incidental feature distribution present during t1 when

the now-relevant feature was incidental to the task. In the inconsistent condition,

the location of the t2 category boundary was at one of the modes of the bimodal

distribution of the previously incidental feature distribution. If participants in the

inconsistent condition performed worse on the categorization task than those in

the consistent condition then there is some evidence of cross-task transfer of inci-

dental information. We also present and test some alternative hypotheses about

what could be learned in such a situation. Experiment 3 refined Experiment 2 by

explicating the number of categories and point in the experiment that the relevant

dimension changes from one feature to the other. Experiment 4 tried to minimize

the differences between t1 and t2 stimuli by making t2 stimuli basically the same

(both bimodal) at t1 while only changing the category boundary. Experiment 5

was the culmination of this experimental design wherein the consistency condi-

tion was decoupled from the actual feature value along a stimuli’s dimension and
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tied only to the consistency between t1 and t2.

At the root of this dissertation is the hypothesis that in supervised classification

of one dimension when stimuli have two dimensions the learner does unsuper-

vised learning of the incidental feature during t1. In the case of Experiments 2

through 5, there are two clusters with a trough in the middle—little ones and big

ones. Now the learner can represent that as a cluster structure. Perhaps the most

interesting comparison happens within the inconsistent condition of Experiments

2–5, the condition wherein the category boundary shifts during t2 from where a

trough was presented during t1 to the feature value where one of the modes was

during t1. A hypothesis of these experiments is that in the t2 phase, boundaries

that respect this cluster structure will be easier to learn than boundaries that vi-

olate it. What it means to violate that cluster structure, to be misaligned with it,

is the case when stimuli with relevant feature values in the same cluster end up

on different sides of the category boundary. Of course, there is no inconsistency

in this cluster structure for participants in the consistent condition: their clus-

ter structure maps onto the category boundaries present in the t2 phase. These

“conflict items” in the inconsistent condition will be an important diagnostic tool.

Figure 1: In the inconsistent condition of
Experiments 2–5, conflict items are those
stimuli that would be classified a different way
were the t2 category boundary consistent with
the trough of the bimodal stimuli presented
during t1.

What is generalized from one categorization task to another? It is possible



12

that more general properties of the feature distributions during the first task

might drive performance during the second task. If the categories in the first

task are of equal size perhaps that information is transferred to the second task

and informs participants’ classifications there. Even if participants do not learn

about the frequencies of the feature distributions, perhaps they learn something

more general about the range of the feature clusters themselves. The fourth and

fifth experiments will manipulate the range of the incidental feature distribution

during t1. How will participants who are exposed to such a distribution do when

the incidental feature becomes relevant in a new classification task, and the new

relevant distribution is either consistent or inconsistent with what was seen during

t1? Experiments 2–5 are akin to studies focusing on extra-dimensional shifts,

exploring whether these shifts are hard for learners in supervised classification, and

looking at what information, if anything, do learners bring over about the feature

distributions from the first classification task to the second.
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Experiment 1

Experiment 1 examines how people in a supervised classification task learn about

the distribution of feature incidental to the task. Participants will classify stim-

uli composed of two continuous bimodal dimensions where one dimension is

relevant to the task, the other incidental and uncorrelated with the relevant di-

mension. Then they choose the most common of two stimuli with values that

vary in one dimension, either the incidental or relevant feature dimension. This

experiment also serves to help us design and validate stimuli within a similar exper-

imental paradigm as Chin-Parker & Ross (2004) and Levering (2012).

As a part of their first experiment, Chin-Parker & Ross (2004) presented un-

dergraduates stimuli with five binary features and asked them to classify them into

one of two categories. Then they were asked to choose the “most typical” of two

stimuli that matched either in prototypicality (e.g, number of features matching

an unseen category prototype established during t1) but varied in diagnosticity

(e.g, number of features that are actually diagnostic of the category), or vice versa.

They also asked participants about their confidence in their judgments, which the

experimenters multiplied with accuracy into confidence-adjusted scores. Classi-

fication learners based their judgments of typicality on the diagnosticity of the

stimuli alone; the number of features shared with the category prototype did not

seem to influence their choice of the most typical member of the category. Chin-
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Parker and Ross interpreted this as evidence that supervised classification learners

either did not learn about non-diagnostic (but prototypical) features during t1

or did not use that information when making judgments of typicality. Another

condition in the same experiment presented learners with stimuli that included

the category label but were missing a single feature. These “inference learners” did

not focus exclusively on diagnosticity the way supervised classification learners did.

Inasmuch as they are similar, the “incidental” dimension in this dissertation aligns

somewhat with the aforementioned non-diagnostic but prototypical dimension.

In our experiment, our non-diagnostic dimension does not have this prototypical

structure.

Both Chin-Parker & Ross (2004) and Levering (2012) examined how sensi-

tive supervised classification learners were to learning about feature dimensions

that were incidental to a unidimensional category boundary. Both found that

supervised classification learners do not show much evidence of learning about

this dimension when it is entirely non-diagnostic. However, the methods the re-

searchers use to determine this use simpler dimensional representations than this

dissertation uses. Chin-Parker and Ross use binary feature dimensions and make

their conclusions based on the number of features, rather than those features’

frequencies along a distribution. Levering’s typicality difference scores compared

trained and untrained feature values alone rather than manipulating the frequency

of those values such that certain feature values are more common than others. In

this study, we use two sets of stimuli between participants, one set with perceptu-

ally separable features, and one with perceptually integrated features. We believe

the perceptually integrated features will afford more of an opportunity for partic-

ipants to learn about the incidental feature distribution, but for this experiment,

we contrast the results between the stimuli sets as a kind of pilot for the later ex-



15

periments. The stimuli are discussed in more detail in the following section. The

first experiment in this dissertation examines whether or not frequency influences

learning about non-diagnostic features.

Methods

The studies described in this proposal was conducted on Amazon Mechanical

Turk. Crowdsourcing is the process of using a large number of people to complete

a task in parallel, usually online. In the last few years, it has grown in popularity

with social scientists seeking to increase the number and diversity of participants

in their experiments. Crowdsourcing platforms allow studies that would have

taken weeks or months to be performed overnight (Litman, Robinson, & Rosen-

zweig, 2015).

Amazon Mechanical Turk (MTurk) is one of if not the most popular choice for

crowdsourcing social science experiments. Within psychology, MTurk has been

used to study clinical interventions, political theories, body image, game theory,

religious beliefs, opinions on personal philosophy, and education, among many

other fields. Currently over 500,000 people from all over the world routinely

complete tasks on MTurk. Their backgrounds are more diverse in terms of age,

education level, ethnicity, income, and gender than typical undergraduate samples

(Berinsky, Huber, & Lenz, 2012).

Crowdsourced data has a few factors that influence the validity of data. Unlike

a laboratory setting, it is not possible to tightly control the environment in which

data is collected. Chandler, Mueller, and Paolacci (2013, as cited in Litman et al.,

2015) showed that among participants with approval ratings over 95%, 18% of

participants on MTurk watch TV and 6% use instant messaging while completing

tasks. As odd as it may intuitively seem, monetary compensation has little to no
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influence on data quality. The only influence monetary compensation seems to

have is on the speed of recruitment, where lower rewards result in slower data

collection, but not data quality (Buhrmester, Kwang, & Gosling, 2011). Why?

MTurk workers were asked to rank the importance of the following motivations:

killing time, making money, having fun, participating in interesting tasks, and

gaining knowledge. They reported that task enjoyment is the most important

motivation, followed by killing time and having fun. Making money only rated

above gaining knowledge (Buhrmester et al., 2011). This finding seems to indicate

that MTurk workers are intrinsically motivated. However, more recent studies

have shown that monetary compensation has become the primary motivator to

workers, even those based in the US, though this change in motivation has not

affected data quality. US workers are less interested in low-paying tasks, so studies

that target them that also want fast turnaround tend to pay more than the average

MTurk hourly rate (Litman et al., 2015).

MTurk is a dynamically changing workforce influenced by quickly changing

market forces. Near its inception, workers were predominantly from the US;

now only 50% of workers are located in the US, and 40% are from India. The

differences in motivations between these two dominant demographic groups

are highlighted by their motivations: in India, completing tasks on MTurk are

workers’ primary source of income. Overall, MTurk workers are young, between

21 and 35; mostly female, about 70%, and have lower household incomes, with

60% earning less than $60,000 annually. Most workers complete between 20 and

50 tasks per week (Ipeirotis, 2010).

The experiments presented in this proposal were only made available to MTurk

workers located in the United States with approval ratings over 95%. The frame-

work for the experiment structure is designed with the jsPsych library, which
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simplifies the creation of web applications for online psychology experiments

(Leeuw, 2014). The integration between the experiment and MTurk was managed

by PsiTurk

1 1 https://psiturk.org

which handles data exchange, structures the flow of the experiment between

MTurk’s servers and the experiment server, and coordinates participants such

that no one participates in the experiment more than once and participants’

anonymous identifiers are matched and checked with their data.

Participants. Eighty-one participants completed the experiment on Ama-

zon Mechanical Turk. Of those, three were removed for reloading the experiment.

78 participants are included in this analysis. 39 participants were trained on radial

frequency component stimuli, and 39 on Gabor patch stimuli.

Figure 2: The distribution of relevant and
incidental feature values during training in
Experiment 1. Each point represents a stimulus.
Each dimension is bimodal and uncorrelated
with the other.

Design. Experiment 1 sought to understand whether and how people learn

about the distribution of a feature dimension incidental to the category structure

present in a supervised classification task. The experiment consisted of three

tasks: the supervised classification training phase, the forced-choice task, and

the frequency rating task. The training phase was a supervised classification task

wherein participants saw a two-dimensional stimulus then classified it into one

of two categories. The forced-choice and frequency rating tasks tested what the

participants learned during the training phase. The training phase was presented

first. The forced-choice task and the frequency rating task were presented in an

order that varied between participants.

First, we trained participants on two-dimensional stimuli. The training phase

was a standard supervised classification task that presented participants with

80 stimuli that varied bimodally across two dimensions. The instructions asked

https://psiturk.org
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them to press a button corresponding to one of two named categories after seeing

the stimulus. After each response, the participant received feedback indicating

whether their answer was right or wrong, and if their selection was wrong they

saw the correct category label. Category membership was based on one dimen-

sion, the relevant dimension, which was counterbalanced between participants.

The distributions of the relevant and incidental dimensions were the same during

training but uncorrelated to prevent any incidental feature range from associating

with a category label. Both dimensions of the stimuli were distributed bimodally.

No stimuli had feature values between the tails of these modes. One category con-

sisted of items with a relevant feature value up to and including 50, and the other

category consisted of stimuli with a relevant feature value between 51 and 100,

in order to present an equal number of category members during the task. (See

the Materials section for more detail on what these numbers mean.) Participants

classified 80 stimuli.

Next, we sought to evaluate what participants learned about the distribution

of the relevant and incidental dimensions through a frequency rating task and a

forced-choice task. These serve as a way of gauging whether or not participants

learned anything about the distributions of the relevant and incidental feature

dimensions, above and beyond what is necessary (e.g., the location on the relevant

dimension of the category boundary). The frequency rating task presented partici-

pants with a subset of the stimuli they saw during the training phase. Participants

were first briefed about what “typical” meant in the context of this experiment

and were given examples contrasting something that is highly representative

of a category (a robin) against something that is not representative of the same

category (a penguin). During each trial, they saw a stimulus with dimensions com-

posed of either extreme values (the outer tails of the distribution), marginal values
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(the inner tails of the bimodal distributions nearest the trough), or modal values.

There are two possible values for each of these, so each dimension could take on

one of six possible values. Participants saw every combination of these feature val-

ues once for a total of 36 trials. Participants were then asked to rate how “typical” a

stimulus was on a Likert scale from 1 to 7, where 1 was labeled “not at all typical”, 4

was labeled “moderately typical,” and 7 “highly typical.”

The forced-choice task also presented participants with a subset of the stimuli

they saw during the training phase. Participants saw two stimuli, one on the left

and one on the right, and were asked to pick the one they saw more of. Partici-

pants made 16 choices in this phase. For both stimuli, one dimension was fixed at

a random value shared by the two stimuli, while the other dimension of the two

stimuli held two different values described in the previous task: extreme, marginal,

or modal. One stimulus had a modal feature value, while the other had a feature

value in one of the extreme or marginal tails. This made it so there was always a

right answer for every question, rather than present participants with questions

forcing a choice between two tail values, for which there are no right answers.

Materials. This experiment will use Gabor patches and Radial Frequency

Components (RFCs). Gabor patches are sinusoidally striped patches of light and

dark gray centered in Gaussian noise. Gabor patches are useful here because their

features are perceptually separable, in that their rotation (orientation of the light

and dark lines created by the sinusoidal interference pattern) and spacing (the

distance between those lines) features are perceived immediately and distinctly.

However, as a single visual stimulus one feature could not exist without the other.

The stimuli are 400 x 400 pixels in size. The x and y values map to coordinates of

pixels in the image. The formula outputs real values normalized around 0. These

are scaled up to become brightness values between 0 and 255.
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Radial Frequency Components are a series of sine waves of different frequen-

cies that describe distortions of a circle (Zahn & Roskies, 1972, as cited in Drucker

& Aguirre, 2009). In these experiments they are generated using the same meth-

ods described in Op de Beeck, Wagemans, & Vogels (2001) and Drucker & Aguirre

(2009).
Source code for generating RFCs was adapted
from Daniel Drucker’s Ph.D. thesis available
at https://github.com/dmd/thesis. Their
generation functions are considerably longer
than those for Gabor patches.

At one point thought to be the basis for shape recognition (Schwartz et al, 1983,

and rejected by Albright & Gross, 1990, as cited in Drucker & Aguirre, 2009),

these shapes can be thought of as existing in a two-dimensional space of shape

features and the orientation of features within the shape.

Figure 3: An example of extreme, modal,
and marginal values for radial frequency
component stimuli on either side of the
incidental trough and relevant category
boundary.

RFCs are useful because the shapes don’t have the kinds of “semantic bound-

aries” some stimuli like Gabor patches have (Drucker & Aguirre, 2009), where

horizontal or vertical orientations of the lines formed by the differentially shaded

regions act as reference points from which a participant could judge the angle of

rotation, or could count the number of light or dark patches to judge frequency.

The features in RFCs are integrated in the sense that one cannot examine one

dimension without perceiving the value of the other, a property that we think
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should increase the chances of participants learning about the incidental feature

distribution if they learn anything about the incidental dimension at all.
These Gabor patches are described by
g(x, y;λ, θ, ψ, σ, γ) =

exp
(
−x′2+γ2y′2

2σ2

)
sin

(
2π x′

λ
+ ψ

)
, where

λ ranges from .01 to .1, θ ranges from 0 to
90,ψ = 0, σ = 50, γ = 1. Degrees of
rotation corresponds with the value of θ and
the spacing between the stripes corresponds
with λ.

Furthermore, in the RFC stimuli, there are no feature properties to count or

measure with reference to any baseline like in the Gabor example above (e.g., with

RFCs there is no equivalent to a reference point such as a horizontal line in Gabor

patches). In this study, we talk about feature values ranging from 1 to 100. These

numbers represent a scaling of the actual parameters used to generate the stimuli

to make it easier to talk abstractly of feature values regardless of the feature in

question. Instead of describing a stimulus with a rotational value of the dark lines

in the gradient of 45 degrees and a spacing parameter of .05, we would say this

stimulus has a rotation of 50 and a spacing of 50.

Figure 4: An illustration of the extremes of the
feature space for Gabor patches presented in
Experiment 1.

Figure 5: An illustration of the extremes of
the feature space for RFCs presented in these
experiments.

It should be noted that there are some issues with this approach as it assumes

congruity between psychological or subjective feature space and the feature space

used to generate the stimuli. People do seem to treat line orientations of 0 and

90 degrees differently than intermediate values (Xu, Zhu, & Rogers, 2012). In

the experiments described in this study, we rarely expose participants to these

boundaries in the feature space and opt instead to present oblique angles for the

most part.

When we talk about bimodal distributions we mean features that have been

generated by sampling a set of numbers from a normal distribution then adding

those numbers to the “maximum” number of the range. In the case of Experiment

1’s training phase, the feature values range from 1 to 50 with a mean of 25 and a

standard deviation of 7. We take that set of numbers then add 50 to them to make

the other curve of the symmetric bimodal feature distribution. This provides a

natural trough in the case of the incidental feature, or a category boundary in the

case of the relevant dimension, to delineate category membership (or potentially
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obstruct it in the case of the t2 phase of the inconsistent condition in Experiment

2). When we say the range of a bimodal distribution is 1 to 100, due to the low

probability with which the tails are sampled, the minimum and maximum values

are 8 and 92, respectively. All participants saw the same distribution of feature

values.

Procedure. After accepting the experiment’s ad on Amazon Mechanical

Turk, participants are directed to the experiment server. There they consent to

participate in the research and are given the following instructions:

In this experiment you are going to see some pictures. Your task is to determine

whether or not each of those pictures is a Fep. You’ll learn what a fep is based on

the feedback you get answering questions. It’s okay to guess for the first few. The

pictures appear one at a time. If you think the picture is a fep, press the letter F on

the keyboard as fast as you can. If you think the picture is a blicket, press the letter

K key on the keyboard as fast as you can. If you think it is a fep press the F key. If

you think it is a blicket press the K key. At first you will just be guessing, but after a

few you should start to have an idea of what feps and blickets are. The experiment

goes faster when you get the questions correct. There are 80 questions in this part.

You will have 10 seconds to respond to each question.

In the training phase, participants see an image centered in their browser

window. Centered below the image is the prompt “Is this a fep or a blicket?”

Below that are instructions for responding: “Press F if this is a fep. Press K if it is a

blicket.” A judgment is marked incorrect if the prompt is not answered within 10

seconds, long enough that it does not put a premium on perceptual filtering but

short enough that a participant cannot abandon the task. Participants categorize

80 unique stimuli this way, then move to the t2 phase, which consists of a forced-

choice task and a frequency rating task in an order counterbalanced between

participants.
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In the forced-choice task participants see two stimuli and are asked to select

the one that was more typical. The stimuli are centered on the left and right half

of the browser window. Below the stimuli will be the prompt, “Pick the one you

saw more of.” Participants make 16 judgments this way. They are briefed on the

following text:

Now you’re going to do a slightly different task. You will see two pictures similar to

the ones you saw before. Your task is to pick the one you saw more of. If you think

you saw the picture on the left more often, press the ‘Q’ key on the keyboard as fast

as you can (it’s in the upper left of the keyboard). If you think you saw the picture

on the right more often, press the ‘P’ key on the keyboard as fast as you can (it’s in

the upper right of the keyboard). You won’t receive feedback about your answers in

this part. There are 16 questions in this part. You will have 10 seconds to respond to

each question.

In the frequency rating task, participants make 36 frequency ratings of in-

dividual stimuli on a Likert scale from 1 to 7. Participants are presented with a

single stimulus above a vertically oriented Likert scale. They are first briefed on the

following text:

Now you’re going to do a slightly different task. You will see a picture similar to the

ones you saw before. You saw a lot of feps and blickets. There was a lot of variation

among the different feps and blickets; some were very common, and some were

rare. When you see the pictures in the next task, think of the most common fep

and blicket when considering your response. Your task is pick how typical that

picture is for its category using the choices below the picture. By typical we mean

how common or representative. A robin would be a very typical bird because most

birds are like robins. A penguin would not be a typical bird because there aren’t

many birds like penguins. You won’t receive feedback about your answers in this

part. There are 36 questions in this part.

Predicted Results. The purpose of this experiment is to see whether
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or not people are able to first learn two opposing categories in different sets of

two-dimensional stimuli, one perceptually integrated (RFCs), and one perceptu-

ally separable (Gabor patches), then use what they learned to answer questions

about the distribution of feature values they saw during training. The primary

hypothesis is that people will learn something about the incidental feature due to

its intentionally designed distribution. Will people learn anything at all about the

incidental distribution, and if they do, will they notice the trough in the incidental

feature distribution?

Training. Evidence of learning of the relevant distribution during training will

be a positive change in accuracy with each training trial. We use trial accuracy as

a proxy for learning over time. Pilot data indicated that this slope will be positive

and the average participant accuracy will be at least 80%.

How do people infer which category a given stimulus belongs to? We will

attempt to answer this question by performing a generalized linear mixed regres-

sion using accuracy as the dependent variable and the values of the relevant and

incidental dimension as independent variables, along with the trial number to

tease out effects of practice or exposure. In the case of Gabor patches, we will add

a factor for the relevant dimension (rotation and spacing) because pilot testing

indicated that accuracy on those two dimensions can differ. We will include this

analysis for RFCs, though previous research indicates their dimensions are of

equal salience (e.g., Drucker & Aguirre, 2009).

If participants learn the relevant dimension well enough (or at least learn the

category boundary) to accurately categorize stimuli, a model consisting of the rele-

vant dimension (and a random slope for each participant) should fit the data bet-

ter than a model consisting of only the incidental dimension. A model consisting

of both relevant and incidental dimensional values should not be more predictive
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of accuracy than the model consisting only of the relevant dimension, because the

relevant dimension is, by definition, the dimension that determines a stimulus’s

category. If the relevant-only model best fits the data we can infer that participants

were indeed using the relevant feature values to make predictions about category

membership and learned something about the relevant dimensions’ distribution,

at least enough to determine the boundary for category membership. This analysis

will act as confirmation that people are indeed learning and using the relevant

dimension, indicating that at least insofar as replication of the classic supervised

classification study is concerned, we will have succeeded.

To see how well participants are able to classify stimuli based on the feature

values of those stimuli, we will examine the relationship between classification ac-

curacy and feature value. Because the distributions of feature values are binomial

along both dimensions, with potentially lower accuracy near the category bound-

ary, instead of using feature values themselves we will use the distance of the

relevant feature value from the category boundary for the relevant independent

variable, and incidental feature value’s distance from the trough of the inciden-

tal dimension’s distribution, called the boundary distance. This transformation

should give accuracy and boundary distance a somewhat linear relationship appro-

priate for analysis using the methods described above, rather than the nonlinear

shape that could come from using feature value directly.

Frequency ratings. Participants rated the “typicality” (the proper term in the lit-

erature would frequency) of different stimuli on a Likert scale from 1 (“Not at all

typical”) to 7 (“Highly typical”). The stimuli consisted of relevant and incidental

features at either of the modes of the bimodal feature distributions, extremes (the

limits of the feature space) or margins (closest to the trough or category bound-

ary). Participants rated all combinations of these values for a total of 36 ratings
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per participant. Because we cannot hold to the assumption of ANOVA or even

GLMM wherein the distance between the ratings of the Likert scale are assumed

to be equidistant from one another, we perform a Bayesian ordinal logistic regres-

sion using the brms package in R (Bürkner, 2017).

If participants learned about the distribution of feature values along the rele-

vant and incidental dimensions, modal values should be garner higher ratings than

extreme or marginal values; feature values are more frequently distributed around

the modes. But there are other things a participant in a supervised classification

task could learn; the only real requirement for success in supervised classification

is knowledge of the category boundary; any learning about the distribution of

even the relevant dimension is not necessary, and absolutely nothing is needed

from the incidental feature distribution to successfully complete the task. In the

case of the RFC stimuli, however, it’s not always clear which dimension is which;

some learning about the distributions of both feature dimensions would be ex-

pected in participants trained on RFC stimuli. If frequency ratings are unrelated

to incidental feature values, this would be evidence that people either did not

learn the incidental feature values or did not subsequently associate them with the

frequency of a given stimulus.

An alternative hypothesis is that participants form a prototypical represen-

tation of the incidental feature dimension: they form a kind of unimodal or

single-cluster representation of the distribution of the incidental feature; that is,

without a sense of that feature’s distribution. They learn enough to distinguish

between extremes; extreme values have definitive category membership because of

their distance from the boundary. But marginal values may not be represented or

remembered as well as the other two value types (or at all) due to their proximity

to the category boundary; smaller distances between members of each category
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make distinguishing between the membership of marginal values more difficult

than other comparisons.

Alternatively, marginal values could be the most well-represented values:

because of the difficulty in determining category membership, marginal values

could garner the most attention during learning. A confounding hypothesis

parallel to this one is that it is possible that participants learn the range, then

represent values near the middle of the range as the most frequent because they

assume a normal distribution, or their representation of the feature dimension is

averaged over category membership such that they learn a prototype model of the

dimension, and not a model for the categories themselves. Because the frequency

rating task asks only about the frequency of marginal values (41 and 59), not the

unseen central values (participants saw no feature values between those marginal

tail values of the bimodal feature distribution) it is not possible to differentiate

between these hypotheses in this experiment.

Forced-choice frequency comparisons. Participants also completed a forced-

choice frequency comparison task, where they were presented two stimuli that

shared one feature value and differed in another. The ultimate purpose of this

evaluation is to confirm that people will be more accurate on questions where

the relevant dimension varies than on questions where the incidental dimension

varies. The differing feature values compared marginal and extreme values to

modal values, so there was always a correct answer. (Both extreme and marginal

values have the same frequency as the entire feature distribution consists of two

symmetric normal distributions around the modes.) As such these questions have

correct answers: always choose the modes. However, if the marginal values are

the most salient and are considered to be most frequent because of the hypothesis

described above, it may be that participants selected marginal values more often
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than modal ones.

To examine accuracy we will perform a generalized linear mixed model with

accuracy as the dependent variable and the alternative feature value that varies

between the two presented stimuli as an independent variable (modal values are

presented opposite marginal or extreme values) and an independent variable for

dimensional relevance (whether the varying dimension is relevant or inciden-

tal), with a random slope for each participant. If participants are learning the

distribution of features of both relevant and incidental dimensions equally then

dimensional relevance should not influence model fit. However, the literature sug-

gests that participants will have learned more about the relevant dimension as it

determined category membership during the training task, so we expect that par-

ticipants will be more accurate on relevant than incidental comparisons. Indeed, if

they learn nothing about the incidental dimension during training then the factor

of dimensional relevance should contribute to the model fit, such that when the

dimension that varies is relevant accuracy is higher. Furthermore, if participants’

representations or memories of the dimensions include information about fre-

quency then there should be no difference between accuracy for different values of

the alternative feature. If, however, they are representing these features differently,

perhaps using a prototype representation where marginal (more central) values are

considered more frequent, we suspect the factor for alternative values will affect

model fit. An interesting comparison will be the simple effects within dimensional

relevance for the alternative feature values: if the existing literature is correct that

people only learn what is necessary to complete the supervised classification task

then there should be no interaction. If, however, accuracy for the comparisons

of alternative feature values are equal in the relevant dimension and unequal in

the incidental dimension then that is evidence of some kind of learning for the
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distribution, or at least the range, of the incidental dimension.

Results

Figure 6: Accuracy during the training phase
of Experiment 1. Points represent mean
accuracy for all participants for a trial. Lines
represent standard error of the mean for each
trial. The dotted gray line represents chance.
Accuracy improved over training but never
reached ceiling.

Figure 7: RFCMean reaction time per trial
during the training phase.

RFC Training. Participants were accurate during training. Calculating

an average accuracy score for each participant, we seeMm = 0.73, SEm = 0.05.

Overall mean accuracy was above chance in a one sample t-test, t(38) = 12.74,

p < .001. Which dimension was relevant did not affect overall mean accuracy,

adjusted Welch two sample t(34.74) = 0.46, p = .65. Most further analyses will

drop dimension as a factor.

Figure 8: Experiment 1 RFC accuracy by
relevant dimension feature value. Accuracy
decreased closer to the category boundary.

As the Figure 8 demonstrates, one measure important to interpreting the

results of this experimental design is the distance between the trough and a given

feature value, or the trough distance. When a stimulus had relevant feature values

near the trough, which was also the category boundary, accuracy went down

the nearer that feature value approached the trough. This was not the case for

incidental feature values, which were unrelated to trough distance. Furthermore,

the relationship between accuracy and trough distance seemed logarithmic, where
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accuracy plateaued around the feature values associated with the modes, or a

trough distance of 16. The relationship between accuracy and trough distance also

did not seem to vary by which of the two stimuli dimensions was the relevant one.

A generalized linear mixed model with accuracy as a dependent variable and

relevant feature trough distance (log transformed), incidental feature trough dis-

tance (log transformed), relevant dimension, and the interaction between relevant

and incidental trough distance as independent variables found main effects of rele-

vant boundary distance, χ2 = 35.94, p < .0001, and incidental trough distance, χ2

= 4.35, p = .04. These effects also held without the log-transformation on relevant

and incidental trough distance. No other effects or interactions contributed to

model fit. As the relevant trough distance increased so did the likelihood of an

accurate answer, but this effect was in the opposite direction for incidental trough

distance, though seemingly a much weaker effect, and possibly due to the trail-

off in accuracy for items with very high incidental feature values, as illustrated in

Figure 11.

Figure 9: Experiment 1 training accuracy
by relevant boundary distance. Accuracy
increased with the distance from the relevant
dimension’s category boundary, which was
in the middle of the trough of the bimodal
distribution.
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Figure 10: Experiment 1 training reaction time
by relevant boundary distance. Reaction time
was unrelated to distance from the category
boundary.

Figure 11: Experiment 1 RFC accuracy by
incidental dimension feature value. Accuracy
was uncorrelated with the trough.

Reaction time, on the other hand, did not vary with trough distance or relevant

dimension in any meaningful way. A similar GLMM with reaction time as the

dependent variable and the same independent variables found no main effects or

interactions.

RFC Frequency Rating Task. Using the brms package in R (Bürkner,

2017), we performed a Bayesian cumulative ordinal regression using rating as the

dependent variable (as an ordered factor from 1 to 7), with the label for the rele-

vant dimension as one independent fixed factor and the label for the incidental di-

mension as the other fixed factor, and with random intercepts for each participant.

We use Cauchy priors for each of the factors which did not change the outcome of

the regression compared to the default flat priors but does allow for evidence ratios

for and against specific hypotheses in later comparisons across levels of different

parameters. We set “mode” as our reference level for both parameters and used

treatment contrasts. Using the Leave One Out Information Criterion as a measure

of model fit (Vehtari, Gelman, & Gabry, 2017), the full model (LOOIC = 5027,
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SE = 39.87) fit just as well as a model with no interaction between the fixed factors

(LOOIC = 5015.38, SE = 39.68), both of which fit the data better than a null model

or models with single fixed factors; both the relevant and incidental dimensions

contribute to model fit, but their interaction does not. The following analysis will

explore contrasts in the model without interactions.

Figure 12: Experiment 1 RFC frequency rating
means and confidence intervals. This figure is
misleading and treats rating as continuous, but
it illustrates the relatively lower ratings of the
extreme incidental label.

First, the value of the incidental feature mattered for model fit, and thus for

the frequency rating of the stimuli. This is evidence that people learned something

about the incidental feature values and associated them with the frequency of a

given stimulus. Second, we tested our initial hypothesis: if participants learned

about the distributional structure of the feature dimensions then frequency

ratings for stimuli that have modal feature values should be higher than when

they have marginal or extreme feature values. Along the relevant dimension

modal values were not uniformly higher than extreme, β = 0.30, LCI95% = -0.02,

HCI95% = 0.63, or marginal feature values, β = -0.30, LCI95% = -0.61, HCI95%

= 0.00; nor was it the case that in this most optimistic initial hypothesis that

such learning happened along the incidental dimension favoring the modal over
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extreme, β = -0.57, LCI95% = -0.91, HCI95% = -0.23, or marginal values, β = 0.31,

LCI95% = 0.06, HCI95% = 0.55. Indeed, the only label values that were rated as

less frequent than the ratings when the feature values were modal are relevant-

marginal (36.38 times more likely to be rated below the relevant-modal value than

above it) and incidental-extreme (two thousand times more likely to be rated

below the incidental-modal value than above it).

The other hypotheses put forward in the predicted results section come down

to marginal values being either highly represented and thus rated as more fre-

quent, or as the least frequent. Along the relevant dimension they would be rated

the most frequent if participants were focusing on minor details determining

category membership along the relevant dimension (e.g., paying more attention

when feature values were nearest the category boundary). Along the incidental di-

mension, they would be rated lowest as there is no category boundary with which

to separate them; only extreme and modal values would be remembered. We can

test this using brms’s hypothesis function. In both of these cases the intuition was

wrong: relevant-marginal values were rated as less frequent than relevant-extreme,

β = -0.60, LCI95% = -1.03, HCI95% = -0.15, and incidental-marginal values were

rated as more frequent than incidental-extreme, β = 0.88, LCI95% = 0.55, HCI95%

= 1.23. So we see that none of the hypotheses set out in the predicted results sec-

tions accurately characterizes this pattern of results, where relevant-marginal

values are rated as less frequent than their alternatives and incidental-marginal

values are rated as more frequent.

RFC Forced-Choice Task. During the forced choice task participants

saw two stimuli that differed along one dimension, either the relevant or inci-

dental dimension, one of which had its varying dimension’s feature value set to

a mode of the bimodal distribution seen during training (the correct answer) or
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a marginal or extreme tail value. We performed a GLMM with accuracy as a de-

pendent variable with dimension (relevant or incidental) and the incorrect feature

value (marginal or extreme) as independent factors and random effects of those

per participant. The dimension upon which the question differed had no effect

on model fit, χ2 = 3.82, p = .06, with participants’ accuracy on questions in which

the incidental dimension differs the same as when the relevant dimension differed.

When the incorrect feature value provided in contrast to the modal value in the

forced choice questions was an extreme value, answers were more accurate than

when the alternative was a stimulus with a marginal feature value, χ2 = 4.55, p

= .03. The interaction between incorrect feature value and the varied dimension

did not contribute to model fit. A similar gaussian model examining reaction

time showed no contribution to model fit from either factor or their interaction;

reaction time was the same regardless of the makeup of the presented stimulus.

In this sense, there is some evidence that participants developed some kind of

representation, though that evidence is not particularly strong. Accuracy seems to

improve when the alternative feature value is marginal rather than extreme which

could be interpreted as evidence that participants were more accurate at distin-

guishing between modal values and marginal ones than between modal values and

extreme ones; that is, they find it easier to distinguish between the center of the

entire feature distribution and the most frequent parts of that distribution than

between the extreme parts of the distribution (which had the same frequency as

the marginal parts) and the modes.

Because of the binary response, the task could be subject to random guessing.

In this sense chance performance is hard to gauge as there were not a large number

of trials per participant to get a very nuanced binomial test. A one-tailed bino-

mial test of accuracy examining each participants’ number of correct responses to



35

a chance level of .5 with a 95% confidence interval showed that 36 of the 39 par-

ticipants were at chance. This is a somewhat crude measure; out of 16 questions,

in order to be considered above chance in this test, one can only get 4 questions

wrong. While it is possible that people were actually biased and believed that, say,

a marginal value was more frequent than a modal value, only one participant was

less accurate than chance.

Figure 13: Experiment 1 Gabor accuracy by
relevant dimension feature value.

Gabor Training. Which dimension was relevant did affect overall mean ac-

curacy, adjusted Welch two sample t(21.47) = -3.18, p = .005. Which dimension was

relevant will be included in the following analyses. Participants were very accurate

during training. Calculating an average accuracy score for each participant, we see

Mm-rotation = 0.85, SEm-rotation = 0.04, andMm-spacing = 0.95, SEm-spacing = 0.02.

Overall mean accuracy was above chance in a one sample t-test, t(38) = 24.03, p <

.0001.

Figure 14: Accuracy during the Gabor training
phase of Experiment 1. Black points represent
mean accuracy for all participants for a trial.
Lines represent standard error of the mean
for each trial. The dotted gray line represents
chance accuracy for each trial. Accuracy
was quickly at ceiling when spacing was the
relevant dimension, but not so when rotation
was relevant.

Figure 15: Reaction time during the Gabor
training phase of Experiment 1. Black points
represent mean reaction time for all partici-
pants for a trial. Lines represent standard error
of the mean for each trial.

We performed a generalized linear mixed model with accuracy as the depen-

dent variable modeled binomially and with the relevant dimension (rotation

or spacing) as a fixed factor, trough distance of the relevant dimension, and the



36

trough distance of the incidental dimension as fixed parameters. This model did

not converge. However, when we removed the complex random effects structure

involving the interaction between relevant and incidental trough distance param-

eters, we find that only which dimension was relevant influenced accuracy, χ2 =

11.85, p = .0006; no other parameter’s inclusion influenced model fit. To check

this, we performed a Bayesian GLMM with a similar model structure as the one

above using the brms package in R (Bürkner, 2017). No model fit more or less ac-

curately than the full model [LOOIC = 1770.47, SE = 71.18, Vehtari et al. (2017);

WAIC = 1770.09]. The only large parameter estimate was for which dimension

was relevant, β = 2.78, SE = 2.01, LCI = -1.17, HCI = 6.74. Testing the hypothesis

that when the relevant dimension was spacing, accuracy was higher than when

it was rotation, we find support for this one-sided hypothesis to be about twelve

times more likely than the alternative (β = 2.78, SE = 2.01, LCI = -0.49). Absolute

values for the parameter estimates for the relevant and incidental trough distances

were both below 0.1.

Figure 16: Experiment 1 Gabor training
accuracy by relevant boundary distance.

Figure 17: Experiment 1 Gabor training
reaction time by relevant boundary distance.

We performed a Bayesian GLMM similar to the one above but using reaction

time as the dependent variable. Which dimension was relevant had no effect on
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reaction time, β = 306.64, SE = 362.49, LCI = -393.43, HCI = 1020.34, with an

evidence ratio of 3.98 favoring the hypothesis that reaction time for participants

trained on spacing was higher rather than reaction time for participants trained

on rotation over the reverse, which is barely anecdotal and not convincing in this

context. The full model fit the data best, though all permutations were within the

standard error of one another, providing even more evidence that no parameter

had any notable effect on reaction time.

It seems as though people who were trained with spacing as the relevant di-

mension were more accurate than people trained with rotation as the relevant

dimension, and we did not see the effect of trough distance that we saw in partici-

pants trained on RFCs.

Figure 18: Experiment 1 Gabor accuracy by
incidental dimension feature value.

Gabor Frequency Rating Task. As before, we performed a Bayesian

cumulative ordinal regression using rating as the dependent variable (as an ordered

factor from 1 to 7), with the label for the relevant dimension as an independent

fixed factor, the label for the incidental dimension as a fixed factor, the relevant

dimension (rotation or spacing) as a fixed factor, and with random intercepts

for each participant. We use Cauchy priors for each of the factors which did not

change the outcome of the regression compared to the default flat priors but does

allow for evidence ratios for and against specific hypotheses in later comparisons

across levels of different parameters. Again, we set “mode” as our reference level

for both parameters and used treatment contrasts. Using the Leave One Out

Information Criterion as a measure of model fit (Vehtari et al., 2017), the full

model (LOOIC = 4806, SE = 49.08) fit just as well as a model with no interaction

between the fixed factors (LOOIC = 4791, SE = 48.47), both of which fit the data

better than a null model or models with single fixed factors; both the relevant

feature dimensions contribute to model fit, but their interaction does not.
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Figure 19: Experiment 1 Gabor frequency
rating means and confidence intervals. This
figure is misleading and treats rating as
continuous.

Gabor Forced-Choice Task. As with the RFC stimuli, we performed a

GLMM with accuracy as a dependent variable, dimension (relevant or incidental)

and incorrect feature value (marginal or extreme, always presented in in contrast

to the correct answer, one of the two modal values) as independent factors, and

random effects of those per participant. Training dimension was also included as

a factor because it seems to matter for the Gabor stimuli, as seen in the training

section. Whether the question presented differences in the relevant or incidental

dimension did not contribute to model fit, χ2 = 1.08, p = .30; accuracy was the

same regardless of the dimension that differed. Like in the previous experiment

with RFC stimuli, participants were more accurate when the incorrect feature

presented in contrast to the correct modal feature was extreme than when it

was marginal, χ2 = 5.28, p = .02. The interaction between dimension and the

incorrect feature value did not contribute to model fit. However, there was a

three-way interaction between which dimension was relevant during training,

which dimension differed during the forced choice task, and the label for the

correct option, χ2 = 3.88, p = .05. Interpreting this three-way effect is difficult,
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and a Tukey pairwise comparison of all the levels within the interaction gives no

differences after adjusting the p-values using the Tukey method.

A similar model with reaction time as the dependent variable indicated that

only the incorrect feature value contributed to model fit, χ2 = 5.98, p = .01, with

no effect of dimension or of the interaction between dimension and the incorrect

feature value. Reaction time was faster when the incorrect feature value presented

in contrast to the modal feature was marginal than when the incorrect feature

value was extreme. There was also a main effect of the dimension that was relevant

during training, χ2 = 4.46, p = .03, such that responses from people who went

through training with the relevant dimension being rotation were faster (M =

1690ms) than those who were trained with spacing as the relevant dimension (M

= 2051ms). No other main effects or interactions were present.

In a forced-choice task, when presented with a correct modal feature value,

accuracy increased when the alternative choice was extreme rather than marginal.

This result is the opposite of the same task when performed with RFC stimuli.

Furthermore, the perceptually separable Gabor stimuli show an effect on reaction

time, such that participants are faster when the alternative choice is marginal

rather than extreme. This is in the opposite direction as would be expected (if

there were any expectation for reaction time at all).

Again, as was said in the RFC Forced Choice Task results, because of the binary

response the task could be subject to random guessing. A one-tailed binomial test

of accuracy examining each participants’ number of correct responses to a chance

level of .5 with a 95% confidence interval showed that 34 of the 39 participants

were at chance. Again, this is a crude measure; out of 16 questions, in order to be

considered above chance in this test, one can only get 4 questions wrong.
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Discussion

Experiment 1 was a success for the purposes of this dissertation. We demonstrated

that participants engaged in a supervised classification task were able to learn

about the relevant dimension within the span of the training phase, and learned

more about the relevant dimension than the incidental dimension. This demon-

strates the validity of our version of the supervised classification task, which was

the primary goal of Experiment 1. Furthermore, the experiment confirmed our

suspicions about the stimuli sets we tested. Participants trained on RFCs learned

during training and showed no bias toward one dimension over the other, while

participants trained on Gabor patches we more or less accurate and learned more

or less depending on which dimension was presented as relevant during the train-

ing phase. This adds evidence to our suspicion that with Gabor patches there will

be less learning about the incidental feature dimension in a supervised classifica-

tion task. While it would be possible to balance our Gabor stimuli dimensions

to compensate for any biases in them analytically, this would take us down a

path tangential to the purpose of this dissertation. Given the sizable literature on

learned inattention in separable dimensions and the relative lack of such work on

integral stimuli, this gives us a better chance to explore a less charted area of the

supervised classification task, as well as potentially increases our chances to get

people to learn about the distribution of the incidental feature distribution during

supervised classification.

Participants clearly learned something about the incidental feature values

during training, as seen in the results of the frequency rating task. However, our

intuition about what relevant and incidental dimension feature values would

garner higher frequency ratings was wrong. Relevant-marginal values were rated

as less frequent than relevant-extreme, and incidental-marginal values were rated
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as more frequent than incidental-extreme. None of the hypotheses set out in the

predicted results sections accurately characterizes this pattern of results across both

relevant and incidental dimensions, where relevant-marginal values are rated as less

frequent than their alternatives and incidental-marginal values are rated as more

frequent. But some combination therein accounts for the pattern of results: It

could be that extreme values are rated as more frequent along the relevant dimen-

sion because participants have a kind of prototypical representation of the relevant

dimension; they know the range and learn enough to distinguish between extreme

high and low values, which have a definitive category membership because of their

distance from the category boundary, whereas marginal values along the relevant

dimension are not represented or remembered as well because of their proximity

to the category boundary. Along the incidental dimension, however, the opposite

seems to be the case. Incidental-marginal values were rated as more frequent than

other values. Why? One possibility discussed during the predicted results section

is that because the dimension is not diagnostic but does vary continuously it could

garner a kind of representation as a normal distribution, where more central values

(e.g., marginal values) are represented as more frequent, and more extreme values

are represented as less frequent. That is, participants might have learned some-

thing about the distributional properties of the incidental dimension, in that it

has a distribution, but may not have learned that its distribution was bimodal, or

anything else about that distribution. More generally, while participants in Exper-

iment 1 are learning about the incidental dimension, they may not be learning two

clusters with a trough between them, but learning the feature distribution as one

large continuous cluster.

Evidence for anything in the forced choice paradigm was limited; it is possible

many people were at chance. If their results were biased because of their represen-
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tation of the feature space and not because of guessing, the only effect was that

they were more likely to pick the correct modal value over the incorrect extreme

value than over an incorrect marginal value.

Taken together, the results of Experiment 1 give evidence that, when the di-

mensions are integrated (e.g., when the stimuli are radial frequency components),

participants in a supervised classification task overrepresent the frequency of

marginal feature values in the incidental dimension and underrepresent them

along the relevant dimension. This, at least, shows evidence that people do learn

about the incidental feature dimension, and do represent it, but in a way that is

different than the way they represent the relevant feature dimension.
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Experiment 2

The previous experiment confirmed that people do learn the relevant dimension

of our RFC stimuli in a supervised classification task, and asked whether partic-

ipants learned about the incidental feature dimension when learning a category

boundary along the relevant dimension. Experiment 2 asks whether or not infor-

mation in the incidental feature dimension bears on accuracy when the supervised

classification task changes such that the incidental feature subsequently becomes

relevant. The purpose of Experiment 2 is to determine what people learn about

incidental feature information in a standard categorization task when the feature

distributions have statistical properties that could potentially help (in the case of a

similar or consistent category boundary) or harm (in the case of an incongruous or

inconsistent category boundary) learning new categories involving the previously-

incidental feature. The way we do this to manipulate the category boundary in the

second supervised classification phase to be either consistent or inconsistent with

the location of the trough in the first phase’s incidental feature distribution.

In Experiment 2, participants categorized stimuli in a training phase similar

to Experiment 1, where both the t1-relevant and t1-incidental stimuli features are

uncorrelated and distributed in a bimodal distribution. In this and the following

experiments “t1” refers to the first of two tasks, sometimes called the “training

phase,” and “t2” refers to the second. While the language is somewhat clunky,
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it is important to be descriptive of what dimension is relevant when. (It follows

that the t1-relevant feature becomes the t2-incidental feature, and the t1-incidental

feature becomes the t2-relevant feature.) The trough of the t1-relevant feature

dimension’s bimodal distribution marks the category boundary. Participants

then perform another supervised classification task with the stimuli distributed

in a new way. They switch to learning a different set of categories based on the

previously t1-incidental, t2-relevant feature. In this new t2 phase where both

relevant and incidental features are uniformly distributed. Participants were

assigned to one of two conditions during t2, either a consistent condition where

the category boundary is at the trough of the incidental feature distribution

presented during t1, or an inconsistent condition where the category boundary was

at the same feature value as one of the modes in t1.

If participants learned about the incidental feature distribution then the con-

sistent group should be more accurate than the inconsistent group during t2. The

inconsistent condition’s category boundary during t2 is at the value of what was

a peak in the feature distribution during t1. Do people learn something about

the distribution of task-irrelevant features? Does the category boundary in the

inconsistent condition, in a different place than t1 during t2, hurt accuracy, even

though the relevant feature dimension during t2 was irrelevant during the t1

phase? Another way of saying this is that in the inconsistent condition, the t2-

relevant category boundary could split the cluster structure that participants

might have learned about the t1-incidental feature distribution during the t1 phase.

Experiment 2 was also a chance to see if we could get away with paying less to

participants for completing the Experiment. If MTurkers are just as accurate when

paid $1.50 for completing the experiment as those previously paid $3.00, then it

would make sense to pay half as much and recruit twice as many participants. As
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we will see, participants paid $1.50 for their time were less accurate overall and

more likely to give responses at chance accuracy than those paid $3.00. As such,

Experiment 2 should be seen as exploratory in nature, a kind of first pancake of the

two-phase paradigm the rest of the dissertation uses. Experiments 3–5 all reward

$3.00.

Methods

Participants. A total of 100 participants completed Experiment 2. No

participants participated in more than one experiment. 79 participants completed

the task with a $1.50 and 21 completed the task with a $3.00 reward as a test of

whether reward amount influenced t1 accuracy, which it did, as we shall see later.

Figure 20: Experiment 2’s feature distributions
and category boundaries in the training and
testing phases.\

Design. The experiment consisted of two phases, the training phase, t1, and the

testing phase, t2. Participants were randomly assigned to either the inconsistent

condition or the consistent condition before the beginning of the experiment.
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These conditions reflected whether or not the category boundary during the t2

phase is consistent with the trough in the incidental feature distribution during

the training phase.

The design of t1 was similar to the training phase in Experiment 1 but with

different values and a category boundary at 40, the trough of the t1-relevant fea-

ture distribution. Around that category boundary trough were centered two

modes at 20 and 60 making a symmetrical bimodal distribution for each feature

dimension, which are uncorrelated with one another. Participants categorized 80

stimuli in the t1 phase into “feps” and “blickets” and received feedback after each

classification.

The t2 phase tasked participants to learn a new category boundary between

two new categories, “wugs” and “plits.” Participants categorized 80 more stimuli

in the t2 phase and received feedback after each classification. The stimuli were

very similar to the previous phase in all ways except their distribution and category

membership. These categories’ relevant feature was the incidental feature in t1.

All stimuli presented during t2 were drawn from a uniform distribution from

1 to 100 for each dimension, which were uncorrelated with one another. In the

consistent condition, a “wug” was an RFC stimulus where the t2-relevant feature

has a value of 40 or less; that is, the category boundary was consistent with the

trough in the t1-incidental feature distribution seen during t1. Everything that was

not a wug was a plit. In the inconsistent condition, the category boundary was 60,

where the high mode of the t1-incidental feature distribution was. The consistent

condition had a 40%/60% split of wugs to plits, while the inconsistent condition

had a 60%/40% split.

Materials. The same set of radial frequency component stimuli from Experi-

ment 1 were used in Experiments 2, 3, and 4. The material differences between the
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Experiments resulted from the distribution of the stimuli during both phases as

described in the Design section. In the t1 phase, the stimuli features represented

only 80% of the available feature space seen during t2. Both dimensions present in

the t1 stimuli were distributed bimodally with modes at feature values of 20 and

60 with a standard deviation of 6 about them. During t2 the feature distributions

were uniform.

Procedure. The instructions for Experiment 2’s t1 phase are nearly the same

as Experiment 1, except for one difference. Rather than asking participants to cat-

egorize stimuli into “feps” and “non-feps,” the instructions directed participants

to categorize them into two labeled categories: “feps” and “blickets.” For the t2

phase, the same instructions were presented, with “wug” substituted for “fep” and

“plit” for “blicket.”

Results

Metrics. This section outlines a number of metrics that will be examined in

this and the following experiments, which share a similar methodological and

procedural structure.

The goal of Experiment 2 is to see whether previously incidental information

influences learning and accuracy in supervised classification when it becomes rele-

vant. The simplest method of analysis is to look for the main effect of consistency

in t2. If the inconsistent condition is sufficiently thrown off by the t2-relevant

category boundary being different from the location of the t1-incidental trough,

then participants in the inconsistent condition should be less accurate in their clas-

sifications than participants in the consistent condition. This method of analysis is

blunt and lacks nuance, but would do just fine if the effect size is large. Pilot data
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indicated it is not.

One metric to examine in Experiment 2 is to calculate a gain score. What

is the difference between accuracy for each participant between t1 and t2, then

analyze that by the factor of consistency. One hypothesis is that participants who

encounter the consistent t2 phase will have a higher gain score than those in the

inconsistent condition. The relative gain score also allows us to retain all data as it

roughly controls for individual differences in learning rate or how engaged each

participant was. Someone less engaged or distracted in the task might have a lower

score, but show the same difference between t1 and t2 scores as someone who was

vigilant.

Another useful metric is to calculate a regression based on the distance of the

t2 stimuli from the trough present in t1. If we were to calculate a regression using

accuracy as a dependent variable and boundary distance (the distance from the

t2-relevant feature and the category boundary during t2), as well as condition,

as independent variables, a hypothetical participant coming into the t2 phase

fresh, without first encountering the t1 phase would have trouble discriminating

stimuli near the category boundary, and find it easier as the relevant feature value

moved away from that boundary. This serves as a null hypothesis: performance

in the t2 phase is just a feature of how far each stimulus is from the category

boundary. If this is the case, there should be no difference between participants in

the consistent and inconsistent conditions.

As the Overview of Experiments alluded to, the key metric in these Experi-

ments is that of the conflict item. To restate, the main hypothesis these exper-

iments seek to test is that in supervised classification with two dimensions the

learner does unsupervised learning of the incidental feature during t1. In Experi-

ments 2 through 5, there are two clusters with a trough in the middle—a cluster
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with low feature values and a cluster with high feature values. The learner can rep-

resent that as a cluster structure. Are boundaries that respect this cluster structure

easier to learn than boundaries that violate that cluster structure in the t2 phase?

What it means to violate that cluster structure, to be misaligned with it, is the case

when stimuli with relevant feature values in the same cluster end up on differ-

ent sides of the category boundary. In unsupervised learning of the t1-incidental

feature distribution during the first task, there are no labels so the dimension

could be thought of as one large cluster (a potentially Gaussian one in our uni-

modal hypothesis). But in the supervised learning of the t2-relevant feature during

the second task, the clusters are defined by labels. The label and the distribution

conflict for some items. These are called “conflict items.”

Conflict items are items presented in the inconsistent condition in t2 that

have relevant feature values that conflict with their t1-incidental cluster structure.

More specifically these are the stimuli with relevant feature values between 40

and 59. Stimuli presented during t1 with t1-incidental feature values in the range

between 40 and 59 constituted about half (the left half, to be visual) of a normal

distribution with a mode at 60. The category boundary for participants in the

inconsistent condition during t2 is also at 60. Conflict items are the stimuli with

relevant feature values that should be the most difficult for people in the incon-

sistent condition to classify because of the discrepancy between their dimension’s

distribution during t1 and the location of the category boundary during t2. If

any intuitions are built up in the t1 phase about the incidental feature distribu-

tion, these conflict items go against those intuitions, but only in the inconsistent

condition.

We can contrast differences in performance on the different sides of the con-

flict items’ category boundary with performance on similar sides of the category
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boundary in the consistent condition, equivalent to 20-39 and 40-60. This serves

as a baseline comparison between conditions. In the consistent condition, there

should never be any difference in accuracy on either side of the category bound-

ary because there is no shift from t1 to t2, or even in the feature values between

dimensions, that would contribute to such a difference. If there was a difference

in accuracy or reaction time we would know something was awry with the way

participants were interpreting our stimuli.

There are other things people could learn in the t1 phase that they bring to the

t2 phase. If participants represent the t1-incidental dimension as a single cluster,

as a kind of uniform or normally-distributed feature dimension, as discussed in

Experiment 1, one strategy they could use in the t2 phase of Experiment 2 is to

divide the stimuli into two groups: the cluster they learned about during t1, and

anything else. In this sense, the cluster with which they represent the incidental

dimension is assigned one category label and all new values to the other label. In

the t2 phase of Experiments 2 and 3, both stimuli feature dimensions are uniform

and extend from 1 to 100. While the consistent condition has a category boundary

at 40, consistent with the trough of the t1-incidental feature, the inconsistent t2-

relevant feature has a category boundary at 60, where a mode was in the t1 phase.

This means that one strategy for accurate performance in t2 for people in the

inconsistent condition is to use novelty as a predictor—rather than focus on the

category boundary at 60, this strategy effectively shifts the category boundary to

73, which is not a large shift in the number of potentially miscategorized stimuli.

If a participant adopts this strategy, their task is to decide whether or not they’ve

seen a given stimulus. If they have, they categorize it as a “wug.” If they haven’t,

they categorize it as a “plit.” That is, the categories become familiar stimuli and

unfamiliar stimuli, the cluster they were exposed to during t1 and the new cluster,
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even though in t2 neither of these features have a distinct cluster structure. People

in the inconsistent condition who adopt this strategy would do poorly on stimuli

with a relevant feature value between 60 and 73 (or some reasonable threshold of

novelty), which make up 11 trials. But people in the consistent condition could

not adopt this novelty strategy and be successful; because their critical but familiar

items would range from 40 to 73, fully half of the familiar items they classify

during t1 would be miscategorized. If participants in the consistent condition

(or in both conditions) adopted this strategy and used this representation, then

accuracy for people in the inconsistent condition would be higher than those

in the consistent condition. However, accuracy alone is not a fully descriptive

method of analysis; even if participants in the inconsistent condition learned the

t1-incidental, t2-relevant distribution perfectly, based on the results of Experiment

1 we would expect accuracy around a condition’s category boundary to be lower

the closer stimuli were to that boundary, so even if both stimuli dimensions

were represented continuously, we would expect accuracy to be lower for the

inconsistent condition on items between 60 and 73 as they border the inconsistent

condition’s category boundary in t2.

Finally, one concern about examining all 80 t2 trials is that any effect of the

t1-incidental distribution could be washed out by efficient learning of the t2 task

alone. Each analysis section will look at the first third (24 items) of t2 trials to see

if there is any indication of an effect of the consistency condition early on in the t2

phase.

T1

Figure 21: Experiment 2 training accuracy by
relevant boundary distance.

Participants were somewhat accurate during t1. Calculating an average accuracy

score for each participant, we seeM = 0.71. Participants who received the $1.50

reward had an overall t1 accuracy ofM= 0.69, while participants who received the



52

$3.00 reward showedM = 0.76, t(33.89) = -2.06, p = .048, however BF 10 = 0.46.

Overall, experiment reward did not affect accuracy during t1. While the difference

is significant in a normal t-test, the Bayes Factor is small enough to cast doubt

on that result. Either one of these statistics could be due to the low number of

participants in the $3.00 version.

Figure 22: Accuracy during the t1 phase of
Experiment 2. Black points represent mean
accuracy for all participants for a trial. Lines
represent standard error of the mean for each
trial. The dotted gray line represents chance
accuracy for each trial. Red dots indicate
higher payout.

Figure 23: Reaction time during the t1 phase
of Experiment 2. Black points represent mean
reaction time for all participants for a trial.
Lines represent standard error of the mean for
each trial.

However, because of the large number of participants that performed at chance

during t1 in the $1.50 reward condition, this analysis will only look at those par-

ticipants whose accuracy was above chance during t1. Twenty-two participants

who received $1.50 for participation were at or below chance accuracy, while only

2 were at or below chance who received a $3.00 reward. That leaves 57 participants

in the $1.50 reward condition and 19 participants in the $3.00 reward condition

that will be reported on together in the following sections. Together, participants’

mean accuracy wasM accuracy = .77, withMRT = 1272ms. To test whether there

were any a priori group differences by condition (which does not vary in t2), a

GLMM with t1 accuracy as the dependent variable and consistency and reward

amount as independent variables found no effects or interactions. There were no a

priori group differences in t1 accuracy.
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T2

Overall Accuracy. A logistic generalized linear mixed model with ac-

curacy as a dependent variable and consistency as an independent fixed variable

and participant and trial number as random factors showed no influence of con-

sistency on model fit compared to the null model, χ2 = 0.33, p = .56. A similar

repeated measures ANOVA also showed no influence of consistency on accu-

racy, F (1, 74) = 0.36, p = .55. However, the same was not true for a model with

reaction time as the dependent variable, χ2 = 4.90, p = .03, F (1, 74) = 4.93, p =

.03. Interestingly, people in the inconsistent condition were faster to respond

than participants in the consistent condition,M inconsistent = 1120ms,M consistent =

1313ms.

Because the hypothesized effect of consistency was probably weak and could

be drowned out by learning over the t2 phase, it is informative to examine the first

24 items, the first 1/3rd of the t2 phase, in order to see just how category boundary

consistency affects accuracy and reaction time. In the first 24 t2 items a GLMM

showed no effect of consistency on accuracy, χ2 = .30, p = .58, F (1, 74) = 0.29, p

= .59. However, there was an effect of consistency on reaction time, χ2 = 6.92,

p = .009, F (1, 74) = 7.10, p = .009. Again, people in the inconsistent condition

were faster to respond than participants in the consistent condition,M inconsistent =

1178ms,M consistent = 1448ms.

Gain Score. Both a GLMM and a repeated measures ANOVA using gain

score, measuring the difference between accuracy in t1 and t2 for each participant

as a dependent variable and condition as a fixed independent variable showed no

difference between t1 and t2 accuracy by condition, χ2 = 0.22, p = .64, F (1, 74) =

0.21, p = .65. There was also no effect of consistency on gain score on the first 24
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items presented during t2.

Boundary distance. In supervised classification experiments many studies

have shown that the closer a stimuli’s feature value is to the category boundary

the harder it is to determine its category membership (e.g., Ashby, Boynton, &

Lee, 1994). This is what we predict would matter if people were starting t2 fresh

without any influence from t1. One way we can control for that is by introducing a

new covariate, boundary distance, or the t2-relevant, t1-incidental feature’s distance

from the t2 category boundary. A logistic GLMM using accuracy as the dependent

variable, consistency as a fixed independent factor, boundary distance as a fixed

covariate, and the participant by relevant boundary distance interaction (the

within-subject variable) and trial number as random variables showed no effect

of consistency on accuracy, χ2 = 0.74, p = .39, nor did the model comparison

show an interaction between consistency and relevant stimuli boundary distance,

χ2 = 2.72, p = .10. As would be expected, there is a strong relationship between

boundary distance and accuracy, χ2 = 185.56, p < .0001, such that items nearer the

boundary are more difficult than items further away. However, consistency does

seem to affect model fit when reaction time is the dependent variable, χ2 = 73.63, p

< .0001, while trough distance plays little role, χ2 = 3.30, p = .07, along with their

interaction, χ2 = 0.59, p = .44. However, this effect was in the opposite direction

predicted, withM consistent = 1312 ms andM inconsistent = 1118 ms. It is possible this

difference in reaction time could be due to participants in the different conditions

using different strategies: those in the inconsistent condition could be using a kind

of faster novelty strategy.

The first 24 items of t2 yield the same pattern of results. A GLMM showed

no effect of consistency on accuracy, χ2 = 0.23, p = .63, a main effect of trough

distance, χ2 = 39.60, p < .0001, and no interaction, χ2 = 1.29, p = .26. Consistency
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did affect reaction time, χ2 = 41.04, p < .0001, while boundary distance and their

interaction did not contribute to the model, χ2 = 0.01, p = .92, and χ2 = 0.65, p =

.42, respectively.

Conflict Items. A logistic GLMM within the inconsistent with accuracy

as the dependent variable and conflict as the independent fixed factor (40-59 vs

60-80) with the interaction between conflict and participant as the random factor

showed no effect of conflict on accuracy. That is, in the inconsistent condition

there was no difference in accuracy between t1-relevant stimuli with feature values

between 40 and 59 and those between 60 and 80, χ2 = 1.88, p = .17. The same

was true for reaction time, χ2 = 0.04, p = .84. However, looking at the first 24

items in t2, we saw that conflict did have an effect on accuracy, χ2 = 5.99, p = .01,

Bconflict = -0.20, Bnon-conflict = 0.36. In the first 24 t2 items, participants were less

accurate on conflict than non-conflict items. Within the first 24 t2 items, conflict

did not influence reaction time, χ2 = 2.04, p = .15. In contrast, in the consistent

condition there was no difference in accuracy between the items to the left of the

category boundary (20 to 39) and the items to the right (40 to 60), χ2 = 1.94, p =

.16, nor reaction time, χ2 = 0.06, p = .8. Similarly, there was no difference when

examining accuracy for the first 24 items, χ2 = 0.13, p = .72, or in reaction time,

χ2 = 0.39, p = .53. It is also worth comparing accuracy and reaction time between

consistency conditions for items with feature values between 40 and 60. There

was no difference in accuracy by consistency in GLMM with consistency as a fixed

factor, χ2 = 1.98, p = .16. The same was true for reaction time, χ2 = 3.27, p = .07.

Discussion

Experiment 2 sought to determine what people learn about an incidental feature

that they then use once that feature becomes relevant in a supervised classifica-
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tion task. It is worth briefly restating the hypotheses: During t1 the t1-incidental,

t2-relevant feature dimension has a cluster structure. If people notice and use

that cluster structure in t2 we would expect differences between the consistency

conditions—if participants see the t1-incidental distribution as two groups of

objects with modes of 20 and 60 with a trough at 40—then that cluster structure

either maps onto the t2-relevant supervised category boundary (consistent con-

dition) or not (inconsistent). The null hypothesis of this study is that t1 has no

influence on the t2 phase, and as such, there should be no differences in the con-

sistency factor. That is, if participants learned nothing about the incidental feature

value, then no differences in t2 performance should present themselves. Another

hypothesis is that participants could learn the range, but not the parameters of

the incidental feature distribution. During t1 they were exposed to stimuli with

feature values ranging from 1 to 80. Upon seeing stimuli with higher feature values

from 81 to 100, participants recognize these stimuli as novel. This is a kind of inci-

dental learning. Finally, participants could learn the parameters of the incidental

feature distribution, namely the locations of the modes and trough.

The main result of note is that in the first 24 items presented during t2, but not

overall, people in the inconsistent condition were more accurate on non-conflict

items than on conflict items. To restate the relevant part of the Metrics section,

at the root of this dissertation is the hypothesis that in supervised classification

with two dimensions the learner does unsupervised learning of the incidental

feature during t1. In the case of Experiments 2 through 5, there are two clusters

with a trough in the middle—little ones and big ones. The learner might represent

that as a cluster structure. A hypothesis of this and the following experiments is

that in t2 the boundaries that respect this cluster structure will be easier to learn

than boundaries that violate that cluster structure. The case when stimuli with
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relevant feature values in the same cluster end up on different sides of the cate-

gory boundary violates that cluster structure. Conflict items are the stimuli with

relevant feature values that should be the most difficult for people in the incon-

sistent condition to classify because of the discrepancy between their dimension’s

distribution during t1 and the location of the category boundary during t2. If any

intuitions are built up in t1 about the incidental feature distribution, these con-

flict items go against those intuitions, but only in the inconsistent condition. The

results of Experiment 2 indicate that these intuitions are built up, but are poten-

tially overwritten or discarded over the course of t2, such that there is no effect of

conflict over the course of t2, but only in the first 24 items presented during t2.

The results of Experiment 2 were mostly null with the exception of an effect of

consistency on reaction time with or without accounting for variance in accuracy

resulting from a given stimuli’s relevant feature value’s distance from the category

boundary. Participants in the inconsistent condition were faster to respond during

t2 than participants in the consistent condition. This was borne out even if only

the first third of t2 responses were analyzed. As discussed previously in the Metrics

section, one strategy people in the inconsistent condition could use to account

for this pattern of results is to make category predictions based on novelty. The

category boundary for people in the inconsistent condition was at 60, very near

the end of the tail of the distribution of t1 items. Participants in the inconsistent

condition could have made their categorization decision based solely on whether

or not they saw a given feature value before and not suffer much in overall accu-

racy. Participants in the consistent condition could not have used this strategy as

their category boundary was too far away from the novelty cutoff and they would

thus suffer in accuracy, so they had to make a categorization decision based on the

feature values themselves rather than those features’ novelty.
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There were many limits on the effectiveness of Experiment 2 to examine learn-

ing about the incidental feature. One issue that could contribute to weak effects is

the transition from a bimodal cluster structure in t1 to a flat uniform distribution

in the t2 phase. This is addressed in more detail in Experiments 4 and 5. The exper-

iment also transitions from having categories of equal size (40 feps and 40 blickets

in t1) to having a biased distribution in t2 (48 of one category and 32 of the other

depending on condition). In other words, even the consistent condition was not

that consistent. This is addressed in Experiment 5. But at least within the feature

distributions we used within Experiment 2, there are improvements we can make

to the experimental protocol before we change the distribution of the stimuli.

While the reward amount did not seem to influence accuracy in the presented

statistical tests, there are other changes in addition to the reward amount that can

be made to the protocol to explicate the feature distribution of the t1-incidental,

t2-relevant feature during t1. In the t1 phase of Experiment 2, the participants were

not told anything about how the relevant dimension would change during the

transition to the t2 phase. The instructions in Experiment 3 make clear that there

are two categories in t1 and t2, and the dimension upon which the categories were

based will change during t2. Experiment 3 and all further experiments also increase

the reward to $3.00 for completing the experiment.
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Experiment 3

Experiment 2 investigated how incidental information presented during super-

vised classification influenced learning once that information became relevant.

Experiment 3 seeks to build on the lessons learned in Experiment 2 and attempts

to make more explicit to the participants the relationships between the dimen-

sions and the phases of the Experiment. Participants are paid $3.00 to complete

the same task described in Experiment 2, the only difference being the explicit

instruction given before the t1 and t2 phases. In Experiment 3 the participants

were told that their job is to categorize the stimuli into two categories. They are

additionally told that the stimuli have two dimensions and that one dimension

is relevant to their categorization task while one is incidental. Instruction before

t2 reiterates this and declares that in the t2 phase the participants should use the

other previously incidental dimension to categorize the similar stimuli into new

categories. Note that the radial frequency component stimuli (RFC) feature di-

mensions are integrated and identifying just what a “dimension” is is a non-trivial

task.

Methods

Participants. A total of 40 people recruited from Amazon Mechanical Turk

completed the experiment. No one who attempted Experiments 1 or 2 participated
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in Experiment 3.

Design. The design, materials, and procedure of Experiment 3 were exactly

the same as Experiment 2, with one critical difference. The t1 instructions for Ex-

periment 2 explicitly stated the presence of two categories, “feps” and “blickets.”

Experiment 3 goes further and instructed the participant that those categories

were dependent on one of two dimensions present in every stimulus. The instruc-

tions for the t2 phase were similar, stating that the relevant dimension is going to

switch, and the new categories of “wug” and “plit” are now based on this new and

previously incidental dimension.

Materials. The materials used in Experiment 3 are the same materials used in

Experiment 2.

Procedure. The only difference between the procedures of Experiments 2

and 3 is the inclusion of the following text in the instructions before the t1 and t2

sections of Experiment 3.

These pictures vary in two different dimensions. The pictures can be classified in two

different ways: as either Feps or Blickets, or as either Wugs or Plits. In the first part

of the experiment, your task is to determine whether or each of those pictures is a

Fep or a Blicket.

And during t2:

Remember, these pictures vary in two different dimensions. The pictures can be

classified in two different ways: as either Feps or Blickets, or as either Wugs or Plits.

In this part of the experiment you are going to see similar pictures. Your task is to

determine whether or not each of those pictures is a Wug or a Plit.

Participants were rewarded with $3.00 for completing the task.
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Results

Experiment 3 examines the same metrics mentioned in Experiment 2.

T1

Figure 24: Accuracy during the t1 phase of
Experiment 3. Black points represent mean
accuracy for all participants for a trial. Lines
represent standard error of the mean for each
trial. The dotted gray line represents chance
accuracy for each trial.

Again, which dimension was relevant during t1 did not affect overall accuracy

for participants trained on RFCs, Welch’s t(37.58) = 0.37, p = .716, BF 10 = 0.12. All

further analysis will drop dimensionality as a factor.

Figure 25: Reaction time during the t1 phase
of Experiment 3. Black points represent mean
reaction time for all participants for a trial.
Lines represent standard error of the mean for
each trial.

Figure 26: Experiment 3 training accuracy by
relevant boundary distance.

Most people learned during t1. Only five participants performed at or below

chance. Calculating an average accuracy score for each participant, we see Macc

= 0.72,MRT = 1184ms. Accuracy in participants later assigned to the consistent

condition was Macc = 0.73, and accuracy in those later assigned to the inconsistent

condition was Macc = 0.70. As would be expected, because the manipulation is

not yet in effect, there was no difference between GLMMs that included consis-

tency as a factor against those without, χ2 = 0.82, p = .36.

T2

Overall Accuracy. Which dimension was relevant did not affect accuracy,
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Welch’s t(37.61) = -1.03, p = .3112433, BF10 = 0.16. All further analysis will drop

dimensionality as a factor.

Figure 27: Experiment 3 t2 feature accuracy by
feature value of the relevant dimension. The
category boundaries are marked at 40 and 60.

Participants were also somewhat accurate during t2. Calculating an average

accuracy score for each participant, we seeMm = 0.69, SEm = 0.05. A logistic gen-

eralized linear mixed model with accuracy as a dependent variable and consistency

as an independent fixed variable and participant and trial number as random fac-

tors showed no influence of consistency on model fit compared to the null model,

χ2 = 1.46, p = .23. A similar repeated measures ANOVA also showed no influence

of consistency on accuracy, F (1, 38) = 1.20, p = .28. The same was true for a model

with reaction time as the dependent variable, χ2 = 0.02, p = .89, F (1, 38) = 0.02, p

= .90.

A GLMM examining only the first 24 items showed no effect of consistency

on accuracy, χ2 = 0.48, p = .49. A similar model also showed consistency does

not have an effect on reaction time, χ2 = 0.04, p = .85,M consistent = 1176ms,

M inconsistent = 1154ms.

Gain score. Gain scores, measuring the difference between accuracy in t1
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and t2 for each participant, showed no difference between t1 and t2 accuracy by

condition, F (1, 38) < 1 in an ANOVA using gain score as a dependent variable and

consistency as an independent variable. Overall, participants in one condition

did not outperform those in another, even accounting for relative differences in

accuracy. The same pattern of results arose after examining the first 24 items where

consistency showed no effect on the gain score, χ2 = 0.02, p = .90.

Boundary Distance. A more nuanced model of participant performance

should include the relative distance from the category boundary as items closer

to the category boundary are harder to discriminate than stimuli with feature

values further from the boundary. In a GLMM comparison, the model that

included boundary distance was preferred over the random-only model, such

that items nearer the relevant category boundary were more difficult than items

further away, χ2 = 124.1, p < .0001. This same model comparison showed that

consistency was also a significant contributor to model fit, χ2 = 5.93, p = .01,

such that the consistent group had slightly higher accuracy,M consistent = .71, than

the inconsistent groupM inconsistent = .67. However, consistency and boundary

distance did not interact, χ2 = 0.11, p = .74. A similar model comparison with

reaction time as the dependent variable showed no differences by consistency,

χ2 = 0.03, p = .86, nor any difference by relevant feature value from the category

boundary, χ2 = 1.06, p = .3.

Examining only the first 24 items during t2 showed a different pattern of re-

sults, where only boundary distance significantly contributed to model fit, χ2 =

27.89, p < .0001, but neither consistency, χ2 = 1.29, p = .26, nor their interaction,

χ2 = 1.07, p = .30, contributed significantly to model fit. A similar GLMM exam-

ined the effect of consistency on reaction time and found no effect of consistency,

χ2 = 0.17, p = .68, boundary distance, χ2 = 0.18, p = .67, or their interaction, χ2 =
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2.69, p = .10.

Conflict Items. In the inconsistent condition, a logistic GLMM with

accuracy as the independent variable and with whether or not the feature value of

a stimulus was a conflict item (between 40 and 59) or not (between 60 and 80) as

a dependent variable, with the interaction between conflict and participant and

trial number as random effects found that conflict contributed to model fit, χ2 =

4.54, p = .03. Participants were less accurate on conflict items,M conflict = .52, than

non-conflict itemsM non-conflict = .61. There was no difference in reaction time,

χ2 = 0.17, p = .68. In the first 24 items in the t2 phase, there were no differences

in accuracy between conflict and non-conflict items, χ2 = 0.98, p = .32, nor for

reaction time, χ2 = 0.05, p = .82. Within the consistent condition participants

showed no differences in accuracy between items to the left of the consistent

category boundary and items to the right of it, χ2 = 2.99, p = .08, nor were there

any differences in reaction time, χ2 = 0.27, p = .6. This was also the case for the

first 24 items in t2, χ2 = 1.80, p = .18, and χ2 = 0.39, p = .53, respectively.

It is also worth comparing accuracy for stimuli with relevant feature values be-

tween 40-60 in the inconsistent condition with 40-60 in the consistent condition

and performing a similar GLMM with consistency as a fixed factor. There was

no difference in accuracy between consistency conditions for items with feature

values between 40 and 60, χ2 = 1.36, p = .24, nor for reaction time, χ2 = 0.11, p =

.74. The same was also true for the first 24 items of t2.

Discussion

Experiment 2 sought to determine what people learn about an incidental feature

that they then use once that feature becomes relevant in a supervised classification

task. Experiment 3 sought to increase the potential for this effect to occur by
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explicating certain features of the experiment to the participants, such as the

number of categories, when and how the category labels change, and the presence

of two distinct dimensions in the stimuli set. Experiment 3 sought to increase the

chances that a participant could and would learn about the t1-incidental feature by

calling their attention to the presence of two distinct dimensions and highlighting

that the relevant dimension changed during the transition from t1 to t2.

The first thing to note is that the effects seen in Experiment 3 are subtle and

weak. For example, in the comparison of overall accuracy between t1 and t2 con-

trasted by consistency condition, there is no main effect of consistency. Only

when the model complexity increases to a GLMM including a continuous predic-

tor of distance from the category boundary do we see any differences in condition.

Furthermore, these effects are not present when we analyzed only the first 24 items

presented during t2, though this could be due to a low number of conflict items

present in the first 24 trials.

For participants in the inconsistent condition, items to the left of the incon-

sistent boundary (e.g., conflict items) are harder to classify than items to the right

of the boundary, and participants in the inconsistent condition are less accurate

overall than participants in the consistent condition when boundary distance was

controlled for. To restate the Metrics section: For participants in the consistent

condition, this area to the left of the category boundary should be somewhat chal-

lenging as it leads up to the category boundary, where categorization is challenging

because minor differences between stimuli determine category membership,

particularly around t2 stimuli located where the t1-incidental trough in the dis-

tribution was, because these small and specific stimuli ranges haven’t been seen

before (e.g., t2 stimuli presented where the t1 gap was between the clusters—in

other words, the stimuli there are novel, but in a familiar range). For the inconsis-
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tent group, however, this area represents the other side of the t1-incidental trough,

but in t2 leads up to a category boundary where a mode was present in t1 at the

feature value 60. It is the other side of the consistent left range block. Were noth-

ing learned about the t1-incidental feature’s distribution, if we compared consistent

and inconsistent, accuracy on these areas to the left of their respective t2 cate-

gory boundaries should be the same. However, if the people in the inconsistent

condition perform worse on items with t2-relevant feature values less than the

t2 category boundary, this would lend some evidence that knowledge about the

distribution of feature values is interfering with performance on classification by

people in the inconsistent condition.

There is at least something going on in the t1 phase that affected performance

in the t2 phase; participants are not completely ignoring the t1-incidental feature

as most of the literature would indicate is the case in the traditional supervised

classification task. In Experiment 2 we had some evidence that t1 matters, at least

in a very broad sense comparing familiar and unfamiliar stimuli. With Experiment

3 we wanted to strengthen our manipulation to see if we could find evidence of at-

tention to some richer parts of the t1-incidental feature dimension. In Experiment

3 we seem to have succeeded in this attempt at extending Experiment 2, at least for

conflict items. In particular, conflict items are more challenging for participants in

the inconsistent condition than non-conflict items. This could only be the case if

they had some prior knowledge or understanding of the feature distribution of the

t1-incidental, t2-relevant feature distribution within this area, above and beyond

merely the ability to make a discrimination between familiar and novel feature val-

ues. This finding gives some evidence to the hypothesis that people do learn about

the parameters of an incidental feature during a supervised classification task.

By leading participants to attend to the two-cluster structure of the stimuli
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in t1, we may have led them to ignore familiarity. Experiment 3 seems to have re-

moved the reaction time advantage for participants in the inconsistent condition

during t2. Experiment 3 differed from Experiment 2 in the instructions provided

to participants before the t1 and t2 phases by explicitly pointing out the two or-

thogonal sets of categories, one for each phase. Inasmuch as there was a potential

advantage for participants in the inconsistent condition to use a kind of novelty

strategy, the effects of which would manifest as an advantage in reaction time, that

advantage seems to have gone away.

There is an alternative hypothesis that should be explicated here. It is possible

that participants are learning something more abstract during their experiences

in the t1 phase. They saw that the relevant dimension had a cluster structure of

two modes separated by a trough. They could have used this as a kind of meta-

prior and applied it as an assumption about the cluster structure of the incidental

feature value. Experiments 4 and 5 examine feature distributions that might

rule out the use of this kind of meta-prior. Note that this is different than the

complaint that what might be learned is that the feature distributions are bimodal

and split in twain, such that classifications are always distributed evenly. During

t2 neither the consistent or inconsistent condition have 50/50 response ratios; the

consistent condition was 40% wug/60% plit, and the inconsistent condition was

the opposite, 60% plit/40% wug. Another way of putting this is that a participant

could learn that there are two equal-sized clusters during t1. Then during t2, even

the consistent condition is not completely consistent with what is presented in t1.

Experiments 2 and 3 both presented bimodal distributions during t1 and uni-

form distributions during t2. Experiments 4 and 5 preserve the bimodal structure

during the t2 phase to attempt to control even further any additional distribu-

tional learning that may happen during the t2 phase that could “overwrite” what
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was learned during the t1 phase. Experiment 4 simply presents the same distribu-

tion during both the t1 and t2 phases and only varies the location of the category

boundary during t2, an attempt at making the consistent condition more consis-

tent.
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Experiment 4

Experiments 2 and 3 attempt to probe incidental learning in t1 with a uniform

distribution during t2 as a way of attenuating learning of new cluster structures

during t2. However, this structure, with its uniform distribution of both uncorre-

lated relevant and incidental feature values, could also change any representation

of what a participant learned about the t1-incidental feature distribution during

t1; For participants in both conditions during Experiment 2 and 3, the stimuli and

category boundaries presented in t2 were always inconsistent to some degree. Par-

ticipants had to learn that the proportions of labels assigned to stimuli were not

distributed evenly, as they were in t1, even in the consistent condition. Experiment

4 attempts to correct for this by presenting the exact same feature distribution

during t2 as is presented during t1. This presents its own set of issues.

Experiment 4 should be considered a rough draft of Experiment 5. It is pre-

sented here for completeness. Rather than try to iron out the design asymmetries

present in Experiment 2 and 3, Experiment 4 introduces asymmetry in the incon-

sistent condition during t2 in an attempt to root out how the distribution of t2

stimuli influence what is brought to bear from the what is learned from the fea-

ture distributions presented during t1. That is, in Experiment 4, the inconsistent

boundary is truly inconsistent: both in the location of the t2 category bound-

ary in relation to the t1-incidental trough present in its distribution, and in the
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proportion of category labels to stimuli during t2 as compared with t1.

The main design feature of Experiment 4 is that rather than switch to a uni-

formly distributed set of feature values in the t2 phase like in Experiments 2 and 3,

in Experiment 4 the stimuli remain bimodally distributed during t2. Participants

in both conditions see very similar stimuli in t2 as they saw in t1 (e.g., sampled

with the same parameters). However, in the inconsistent condition, the category

boundary is present at the mode of the higher trough of the bimodally distributed

stimuli. This presents an interesting problem for people in the inconsistent con-

dition: their responses are heavily skewed towards one category, while the other

is rarely applied. Another way of putting this is that the consistent condition is

very consistent, while the inconsistent condition is very inconsistent. This po-

tentially violates plausible priors people bring to categorization experiments, like

the idea that categories mark low-frequency regions between equal-sized clusters

(e.g., it is possible that Experiment 4’s inconsistent condition is more difficult than

the consistent condition even without a t1 phase). While this was an attempt to

differentiate the inconsistent condition from the consistent condition, it has the

side effect of potentially increased the difficulty of the t2 task for the inconsistent

condition relative to the consistent task.

Methods

The design, materials, and procedure of Experiment 4 were very similar to those

of Experiment 3, including the explicit reference to the categories dimensions. The

difference between Experiment 3 and 4 derive from the difference in the feature

distribution presented during the t2 phase. The t1 phase of Experiment 4 was

exactly the same as the t1 phase of Experiment 3.

In Experiment 4 the t2 phase is distributed exactly the same as the t1 phase:
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Figure 28: Experiment 4’s feature distributions
and category boundaries in the t1 and t2
phases.both feature distributions are distributed bimodally with modes at 20 and 60 and

a trough at 40. The category boundary for the consistent condition remains at

40; it is, in effect, a repeat of the t1 phase but with a different relevant dimension

and different labels for the categories. The inconsistent condition has a category

boundary at 60. As a result of the feature distribution having a mode at this value

with a tail of feature values higher than that, there are much more examples of

“wugs” (60) than “plits” (20) in the inconsistent condition than in the consistent.

Participants. A total of 40 participants recruited from Mechanical Turk

completed the experiment. No one who participated in Experiments 1, 2, or 3

participated in Experiment 4.

Materials. The materials used were sampled from the same set of stimuli as

Experiments 2 and 3. The stimuli used during t2 have the same parameters and

the same lack of correlation between feature dimensions as the stimuli presented

during t1. However, they are newly sampled stimuli, such that participants do

not see the same relevant-incidental feature value pairs more than once in an
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experiment, and those feature value pairs remain uncorrelated.

Procedure. The procedure was exactly the same as Experiment 3. Experiment

4 also used the same explicit language as Experiment 3 during the briefing sections

that came before the t1 and t2 phases.

Results

Figure 29: Experiment 4 t1 accuracy by
relevant boundary distance.

T1

Ten participants performed at or below chance. Calculating an average accu-

racy score for each participant, we see Macc = 0.72. Overall reaction time wasMRT

= 1206ms. Accuracy in participants later assigned to the consistent condition was

Macc = .69, and accuracy in those later assigned to the inconsistent condition was

Macc = 75. As would be expected, because the manipulation is not yet in effect,

there was no difference between GLMMs that included consistency as a factor

against those without, χ2 = 2.92, p = .09.

Figure 30: Accuracy during the t1 phase of
Experiment 4. Black points represent mean
accuracy for all participants for a trial. Lines
represent standard error of the mean for each
trial. The dotted gray line represents chance
accuracy for each trial.

Figure 31: Reaction time during the t1 phase
of Experiment 4. Black points represent mean
reaction time for all participants for a trial.
Lines represent standard error of the mean for
each trial.

T2
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Overall Accuracy. A logistic GLMM using accuracy as the dependent

variable and consistency as the independent fixed factor with participant and trial

number as random variables showed no better fit than the random-only model,

χ2 = 0.03, p = .87. A similar comparison of models using reaction time as the

dependent variable also showed no effect of consistency, χ2 = .95, p = .33. Within

the first 24 items presented during t2 consistency also had no effect on accuracy, χ2

= 2.83, p = .09, nor on reaction time, χ2 = 0.27, p = .61.

Gain Score. A GLMM and ANOVA using gain score as the dependent

variable and consistency as the independent fixed factor showed no effect of

consistency on gain score, χ2 = 1.83, p = .19, F (1, 38) = 1.78, p = .19. The same was

true when looking only at the first 24 items presented during t2, χ2 = 1.83, p = .18.

Boundary Distance. A logistic GLMM with accuracy as a dependent

variable, boundary distance as an independent covariate, and consistency as an

independent factor found no effect of consistency on model fit, χ2 = .01, p = .92,

nor did the interaction between consistency and boundary distance contribute

significantly to model fit, χ2 = 3.04, p = .08. As such, consistency had no effect

on accuracy when boundary distance was accounted for. However, in the first 24

items presented during t2, consistency did have an effect on accuracy, χ2 = 5.19,

p = .02. Boundary distance and their interaction did not contribute to model fit,

however, χ2 = 1.47, p = .23, χ2 = 1.54, p = .21.

In a similar model comparison that used reaction time as the dependent vari-

able, boundary distance did not contribute to model fit, χ2 = 0.76, p = .38, nor

did the interaction between consistency and boundary distance, χ2 = .25, p = .62.

But there was a main effect of consistency on reaction time, χ2 = 11.85, p = .0006,

such that people in the consistent condition had faster reaction times than peo-
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ple in the inconsistent condition,M consistent = 1051ms andM inconsistent = 1147ms.

Within the first 24 items presented during t2, however, none of the examined

independent variables contributed to model fit.

Conflict Items. Conflict items represent something different in Experi-

ment 4. In Experiments 2 and 3, the feature distributions presented during t2 were

uniform so there was ostensibly a uniform influence of t2 feature distribution on

whatever t1-incidental feature representation had been built up during t1. How-

ever, in Experiment 4, because the t2 distributions are also bimodal and sampled

from the same distribution, Experiment 4’s conflict items should be thought of

differently. One of the advantages of this measure in Experiments 2 and 3 is that

the category boundaries are present for both consistent and inconsistent in the

“conflict” range between 40 and 60, but in Experiment 4 there is a trough at fea-

ture value 40 for both the relevant and incidental features. This means that there

are no items presented until feature value 53, which skews what this metric is ac-

tually measuring. In other words, there were fewer conflict items in Experiment 4

because the range was smaller due to the bimodal distribution of the features in t2

compared to Experiment 2 and 3’s uniform distributions in t2.

In the inconsistent condition, a logistic GLMM with accuracy as the indepen-

dent variable and with whether or not the feature value of a stimulus was a conflict

item (between 40 and 59) or not (between 60 and 80) as a dependent variable,

with the interaction between conflict and participant and trial number as random

effects found that conflict did not contribute to model fit, χ2 = 0.02, p = .89.

There was no difference in reaction time, χ2 = 0.54, p = .46. This pattern of results

was borne out when examining only the first 24 items presented during t2, where

conflict did not contribute to model fit where accuracy was the dependent vari-

able, χ2 = 0.05, p = .82, nor when the dependent variable was reaction time, χ2 =
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3.44, p = .06. Within the consistent condition participants’ accuracy did not vary

between sides of the category boundary, χ2 = 0.07, p = .78, nor did their reaction

time, χ2 = 0.01, p = .92. This was also the case in the first 24 items during t2, χ2 =

0.23, p = .63, and χ2 = 0.09, p = .76, respectively.

It is also worth comparing accuracy for stimuli with relevant feature values

between 40-60 in inconsistent with 40-60 in consistent and performing a similar

GLMM with consistency as a fixed factor. There was a difference in accuracy

between consistency conditions for items with feature values between 40 and 60,

χ2 = 4.27, p = .04, but not for reaction time, χ2 = 0.98, p = .32. Furthermore,

for the first 24 items presented during t2, people in the consistent condition were

more accurate than people in the inconsistent condition, χ2 = 4.96, p = .03, but

did not differ in reaction time, χ2 = 0.39, p = .53.

One way that the skew in the distribution of category labels in the inconsistent

condition could have influenced the results is to lead particpants to be more likely

to use the more common label. In the inconsistent condition, the proportion of

participants’ “wug” responses was .64, which is significantly above chance, t(18) =

8.40, p < .001. In the consistent condition, that proportion was .51, t(20) = 0.56, p

= 0.58.

Discussion

Experiment 4 sought to maintain the bimodal t1 structure during the t2 phase as

a way to increase the salience of the feature distributions of the stimuli. During

the t2 phase, the category boundary for the consistent condition was located at

the trough of the relevant feature distribution, but the category boundary for

the inconsistent condition was located at one mode of the relevant distribution.

One problem with this methodology is that the number of responses given by
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participants in the inconsistent condition was heavily skewed towards the wug

category because most of the stimuli presented during t2 had relevant feature

values between 1 and 60.

The primary finding of Experiment 4 was that accuracy for items within the

40–60 range was higher for people in the consistent condition than people in the

inconsistent condition. This finding held both overall and when we examined only

the first 24 items presented during t2. Furthermore, accuracy and reaction time on

conflict items was no different than non-conflict items for participants in the in-

consistent condition, which is what we found in Experiment 3. On one hand, this

could be taken as evidence that people learn something about the t1-incidental fea-

ture distribution and apply that to the t2-relevant feature distribution during t2.

To reiterate the Metrics section: conflict items are the stimuli with relevant feature

values that should be the most difficult for people in the inconsistent condition to

classify because of the discrepancy between their dimension’s distribution during

t1 and the location of the category boundary during t2. If any intuitions are built

up in the t1 phase about the incidental feature distribution, these conflict items

go against those intuitions, but only in the inconsistent condition, and this is

what we see in the 40 to 60 range when comparing accuracy for participants in the

consistent condition to participants in the inconsistent condition. But these dif-

ferences in accuracy on conflict items between the two conditions are not enough

to show an effect of condition on accuracy or reaction time for all feature values,

either over the course of t2 or when only examining the first 24 items presented

during t2.

It is also possible, and possibly a more parsimonious explanation, that the task

presented in Experiment 4 was just more difficult for participants in the incon-

sistent condition, but not so much so that it manifested in measures of overall
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accuracy. During t1 the responses to the classification questions were split 50/50

between “feps” and “blickets,” and for participants in the consistent condition

this distribution continued during t2 as a 50/50 split between “wugs” and “plits”

(because the consistent category boundary was at 40). But for participants in the

inconsistent condition, the t2 phase presented a skewed 64/36 distribution of

responses favoring “wugs.” For participants in the inconsistent condition, this

dissonance between the ideal t1 and t2 response ratios might have added to their al-

ready difficult task of forming a category boundary at the mode of a distribution.

We found, at least, some effect of the t1 phase on the t2 phase. Experiment

4 is somewhat informative about how people behave in a very difficult version

of this dissertation’s inconsistent condition: they had to contend with a skewed

response ratio and a category boundary situated at one mode of a bimodal feature

distribution. Experiment 5 refines the ideas behind Experiment 4 to test more

explicitly and clearly whether or not participants learn the incidental feature

distribution and how that affects categorization once that feature dimension

becomes relevant.
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Experiment 5

Experiment 5 addresses some design asymmetries present in the previous experi-

ments. The main design goal of Experiment 5 is to present participants with either

a consistent (exactly the same) or inconsistent experience (shifted 20 units) in t2.

During the t1 phase, participants encounter bimodally distributed stimuli that

either have a trough at 40 or a trough at 60 in both the relevant and the inciden-

tal feature distributions. Whether or not a participant is considered to be in the

“consistent” condition is determined by whether or not their t2 stimuli set also

has a trough in the same location as the t1 stimuli set. This design gets rid of any

idiosyncrasies or conflations with feature values and conditions the previous ex-

periments may harbor; gone are the differences in response proportions between

t1 and t2, gone are various asymmetries between the t1 and t2 phases. Experiment

5 also addresses criticism that some results could be explained away if stimuli on

one end of the feature dimensions are more or less discriminable than on the other

by uncoupling the relationship between the inconsistent condition and a category

boundary located at a higher feature value than the consistent condition.

Methods

Participants. A total of 40 participants recruited from Mechanical Turk

completed the experiment. No one who participated in Experiments 1, 2, 3, or 4
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participated in Experiment 5.

Figure 32: Experiment 5’s feature distribu-
tions and category boundaries in the t1 and
t2 phases. In the consistent condition partic-
ipants move horizontally between quadrants
from t1 to t2. In the inconsistent condition
they move diagonally.

Design. Experiment 5 sought to decouple the location of the category bound-

ary with the consistency condition. In Experiment 5, participants are assigned

randomly to have a category boundary of 40 or 60 and are then independently

assigned to be in either the consistent or inconsistent condition. As a result of

this, Experiment 5 presents one of two bimodally distributed feature distributions

for both the relevant and incidental dimensions. Both features were bimodally
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distributed, like the stimuli set from Experiment 4 and the t1 sets for Experiments

2 and 3, and had feature dimensions which were uncorrelated. Each stimuli set was

symmetric, too: if the category boundary for the relevant feature dimension was at

40, the inconsistent trough between the modes was also at 40. In t1 a participant

saw either the stimuli set with a trough in both feature distributions at 40 or at

60. In the t2 phase, if the participant was in the consistent condition, they would

see a similar stimuli set to that which they saw in t1, also with both the t2-relevant

category boundary and incidental feature distribution trough at the same value. In

the inconsistent condition they would see an alternative set with the feature distri-

butions’ troughs at the other value; if they had a t1-relevant category boundary and

t1-incidental trough at 40, participants in the inconsistent condition would see a

t2-relevant category boundary and t2-incidental trough at 60. If their t1 troughs

were located at 40, then their t2 troughs were located at 60.

Materials. The stimuli were sampled from the same RFC stimuli set as

Experiments 2, 3, and 4. The parameters for the feature distributions with a trough

at 40 were the same as those used in Experiment 4. For those with a trough at 60,

the parameters were the same, but the generated values were shifted by 20. The

feature dimensions were uncorrelated like all previous experiments.

Procedure. The procedure for Experiment 5 was the same as Experiment

4. Experiment 5 also used the same explicit language as Experiment 3 during the

briefing sections that came before the t1 and t2 phases.

Results

Figure 33: Experiment 5 t1 accuracy by relevant
boundary distance.

T1

Three participants performed at or below chance. Calculating an average



82

accuracy score for each participant gives Macc = 0.75. Overall reaction time was

MRT = 1265ms. Accuracy in participants later assigned to the consistent condition

was Macc = .76, and accuracy in those later assigned to the inconsistent condition

was Macc = .73. As would be expected, because the manipulation is not yet in

effect, there was no difference in accuracy between conditions in a GLMM that

included consistency as a factor against those without, X^2 = 0.40, p = .53.

Figure 34: Accuracy during the t1 phase of
Experiment 5. Black points represent mean
accuracy for all participants for a trial. Lines
represent standard error of the mean for each
trial. The dotted gray line represents chance
accuracy for each trial.

Figure 35: Reaction time during the t1 phase
of Experiment 5. Black points represent mean
reaction time for all participants for a trial.
Lines represent standard error of the mean for
each trial.

T2

Overall Accuracy. A logistic GLMM using accuracy as the dependent

variable and consistency as an independent fixed factor with participant and trial

number as random variables showed no effect of consistency on accuracy, χ2 =

0.29, p = .59. However, in a similar GLMM consistency does seem to influence

reaction time, χ2 = 7.33, p = .007, such that reaction times were faster in the

consistent condition,M consistent = 982ms, than in the inconsistent condition,

M inconsistent = 1296ms. In the first 24 items presented during t2 consistency did not

influence model fit when accuracy is the dependent variable, χ2 = 1.69, p = .19, nor

for reaction time, χ2 = 1.88, p = .17.
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Gain Score. A GLMM and an ANOVA with consistency as an independent

factor and gain score as an dependent variable showed no effect of consistency

on accuracy, χ2 = 1.18, p = .28, F (1, 38) = 1.14, p = .29. The same was true when

examining accuracy over the first 24 items presented during t2, χ2 = 1.18, p = .28.

Boundary Distance. A logistic GLMM using accuracy as an independent

variable, consistency as an independent factor and the relevant feature value’s

absolute distance from the category boundary as an independent variable found

no effect of consistency on accuracy while controlling for boundary distance, χ2 =

2.00, p = .16, nor did the interaction between consistency and boundary distance

contribute to model fit, χ2 = 0.01, p = .93. As in the other experiments, trough

distance did increase model fit, χ2 = 4.78, p = .03. Interestingly, reaction time was

influenced by both consistency, χ2 = 85.46, p < .0001, and boundary distance, χ2

= 8.72, p = .003, but not their interaction, χ2 = 0.63, p = .43.

However, in the first 24 items presented during t2, none of these independent

variables influenced model fit for accuracy. But when examining reaction time on

these first items, only consistency contributed to model fit, χ2 = 8.50, p = .004,

such that participants in the consistent condition were faster to respond than

participants in the inconsistent condition. This is in the opposite direction as the

pattern of results for Experiment 2.

Conflict Items. Conflict items for Experiment 5 are conceptualized in a dif-

ferent way from the other experiments. Because a participant in the “consistent”

condition saw during t2 exactly what they saw in t1, there are no novel items or

even difficult ones as such (save the steady constant that items nearer to the cate-

gory boundary are more difficult in almost any supervised classification task). For

the inconsistent condition, however, we can frame conflict items as those items
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between the t1-incidental trough and the t2-relevant category boundary. These

are still items between 40 and 60; for someone in the inconsistent condition who

saw a t1-incidental trough at 40 and a t2-relevant category boundary (and trough)

at 60, the hardest problems should be those between the old and new category

boundaries. Here the expected difficulty of conflict items is even higher: for the

inconsistent condition during t2 the modes of the relevant feature are all clustered

in areas where troughs were present during t1. A logistic GLMM with accuracy

as a dependent variable and conflict as an independent variable found no effect of

conflict on accuracy, χ2 = 1.91, p = .17, nor in a similar model using reaction time

as the independent variable, χ2 = 0.12, p = .73. But on the first 24 items presented

during the t2 phase, conflict did contribute to model fit, χ2 = 4.52, p = .03, such

that accuracy on conflict items was lower than accuracy on non-conflict items, but

there was no effect of conflict on a model of reaction time, χ2 = 0.33, p = .57. In

the consistent condition, there were no differences in participants’ accuracy to re-

sponses on either side of the category boundary, χ2 < 0.01, p = .98, nor in reaction

time, χ2 = 0.01, p = .90. This held for the first 24 items presented during t2, χ2 =

0.01, p = .91, χ2 = 0.37, p = .54.

As in the other experiments, another measure to look at is to compare items

in this 40 to 60 range within the inconsistent condition with the same items in

the consistent condition. However, unlike other experiments, where the category

boundary is located is now independent of condition assignment, such that half

the people in the consistent condition had a category boundary of 60 and half

a boundary at 40. That changes the distribution of items between participants,

such that some participants in the consistent condition may not have seen the

same items that people in the inconsistent condition did, and some people in the

consistent condition with a category boundary at 40 may not have seen stimuli
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with the same feature values that someone with a category boundary at 60 saw.

A GLMM that examined accuracy within this range where consistency was an

independent variable found no effect of consistency on accuracy, χ2 = 0.09, p

= .77, but a similar GLMM found that consistency did contribute to model fit

when the dependent variable was reaction time, χ2 = 11.94, p = .0005. Reaction

times were lower for items between 40 and 60 for participants in the consistent

condition,M consistent = 945ms, than in the inconsistent condition,M inconsistent =

1375ms. This pattern of results was borne out when examining the first 24 items

presented during the t2 phase, where consistency had no effect on accuracy, but

did affect model fit for reaction time, χ2 = 4.23, p = .04. For those first items in

t2, participants in the consistent condition,M consistent = 1029ms, responded faster

than participants in the inconsistent condition,M inconsistent = 1312ms.

Discussion

Experiment 5 represents this dissertation’s most refined attempt at exploring how

people learn about an incidental feature distribution and use that information in a

subsequent supervised classification task. It decoupled the consistency factor with

the feature’s position along the distribution, such that category boundaries at 40

or 60 could both be consistent or inconsistent. It changed the consistency factor

to be solely determined by whether or not the trough of the feature dimensions’

distributions were in the same place as they were when presented during t1, or

shifted by 20 feature values (in either direction).

The only difference in accuracy between consistency conditions was found

within conflict items, where participants in the inconsistent condition were more

accurate on non-conflict items, or items with feature values between 60 and 80

than on conflict items with feature values between 40 and 60, and this difference
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was only present when examining the first 24 items presented during t2. This is

where we predicted the effect to be, and when—early—as well.

Overall, reaction time was faster for participants in the consistent condition

than for participants in the inconsistent condition, but this effect was not present

when examining only the first 24 items presented during t2 and was only present

when the variance introduced by boundary distance was controlled for. This dif-

ference in reaction time where participants in the consistent condition responded

faster than those in the inconsistent condition was also present when the stimuli’s

boundary distances were accounted for, and when only examining differences in

condition between conflict items, items with feature values between 40 and 60.

These results add evidence to the hypothesis that people are learning something

about the incidental feature distribution presented during t1, not ignoring it, and

that information about that previously incidental distribution is influencing their

behavior in the t2 phase.
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General Discussion

When people are learning to discriminate between two categories in a supervised

classification task and there is an incidental feature, they seem to encode something

about the distribution of that incidental feature, but do not seem to accurately

represent that distribution. The experiments described above seem to indicate

that the distribution of an incidental feature dimension does seem to influence

learning when that dimension becomes relevant. But not very much. Partici-

pants do not seem to completely ignore the incidental dimension at first, as some

models of supervised classification describe, but they do not seem to fully learn

or represent that incidental feature dimension in a way that maps onto its actual

distribution while it is incidental. This much we knew. If there were no learning

of the incidental dimension, once it became relevant the only effect we would

expect to find would be one of boundary distance. Except in Experiment 2, where

methodological issues probably played a role in the results, people in the consis-

tent condition were either more accurate or faster to respond either overall, in

the first 24 t2 items, or on conflict items. That is, t1 does seem to influence t2. Just

where that consistent condition advantage was manifest was not itself consistent.

In general, the consistency between the t1-incidental feature distribution and the

t2-relevant distribution and classification boundary does seem to have an effect

on performance. Inasmuch as performance in a classification task is indicative
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of learning, it is somewhat safe to infer that participants are learning something

about the t1-incidental feature distribution, and because of the structure of these

experiments, that learning is unsupervised. This is counter to many expectations

set out in the literature. Much of the category learning literature focuses less on

the distributional properties of few continuous dimensions with a unimodal (one-

dimensional) classification rule and more on stimuli with many binary dimen-

sions. This study builds on literature mentioned in the introduction by designing

the distribution of feature values in a such a way as to highlight the continuous

nature of the dimensions. It demonstrated that it is possible for participants in a

supervised classification task to learn about a task-incidental dimension.

This dissertation rests on accuracy and reaction time differences between the

consistent and inconsistent conditions during t2. Experiment 1 was an attempt

to replicate and validate our instantiation of the supervised classification task

seen throughout the literature with stimuli developed for this dissertation. It

confirmed that participants learn about the task-relevant dimension during the

supervised classification task. Experiment 1 also examined what participants could

learn and use from the task-incidental dimension. Participants learned about

the incidental dimension though they did not seem to represent it as though

they learned about its bimodal distribution. Instead, participants rated extreme

values as more frequent for the relevant dimension and marginal values (nearer

the center of the dimension) as more frequent along the incidental dimension. It

seems like participants represented the relevant dimension as two clusters, one for

each category, but represented the incidental dimension as a single cluster, rating

marginal (more central) values as higher. Experiment 1 showed that participants

do learn about the incidental dimension in a supervised classification task; they

seem to overrepresent the frequency of values along the incidental dimension



89

that are closer to the center of the distribution, and underrepresent them along

the relevant dimension. Effectively, there is a sense in which participants learned

to discriminate between familiar and unfamiliar stimuli along the t1-incidental

feature dimension.

Exposure to the t1-incidental feature distribution does seem to influence typ-

icality judgments of feature values along the incidental dimension. But does it

give a kind of “head start” to learning about the feature distributions once the

t1-incidental feature becomes the t2-relevant feature? In Experiment 2, people in

the inconsistent condition were more accurate on non-conflict items than conflict

items during the first 24 trials. This could be driven by the novelty effect described

below, or could be due to a violation of the representation of the t1-incidental

feature distribution by the new and shifted t2-relevant category boundary. Par-

ticipants in the inconsistent condition seemed to be faster at responding than

participants in the consistent condition. One explanation for why this happened

could be that participants in the inconsistent condition were adopting a kind of

novelty strategy. From this, we infer again that participants are learning about

the incidental feature during training in a way that seemed consistent with the

cluster pattern seen in Experiment 1, but there was a lot of room to improve our

experiment.

Experiment 3 was mostly the same as Experiment 2 with refinements to in-

crease the chances of learning about the incidental feature value, most notably that

participants were explicitly told about the experimental design and the category

structures they would see during each phase of the experiment. The results showed

that participants in the inconsistent condition were less accurate than participants

in the consistent condition, but only when we accounted for trough distance, a

finding which did not hold when we looked at only the first 24 t2 prompts. Par-
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ticipants in the inconsistent condition were also less accurate on conflict items

than non-conflict items, this time over all 80 trials, but not in the initial 24 trails

as seen in Experiment 2. If participants learned nothing about the t1-incidental

feature dimension we would expect these two sides around the t2-relevant cate-

gory boundary to be equivalent. This lends some evidence that knowledge about

the distribution of feature values interfered with classification performance for

people in the inconsistent condition, indicating that they are learning something

about the distribution of feature values along the t1-incidental, t2-relevant dimen-

sion. Experiment 3 also removed the reaction time advantage for the inconsistent

condition, such that if it were being driven by a novelty strategy, that strategy

has disappeared after the category numbers and dimensional change were made

explicit during the experiment instructions.

In Experiment 4 the t2 phase presented the same distribution of stimuli as

the t1 phase, meaning both dimensions were distributed bimodally. This was to

align the distributions of t2 as much as possible with those present in t1 such that

inconsistency in t2 would be foregrounded; in the previous experiments, the stim-

uli presented in t2 were uniformly distributed. Participants in the inconsistent

condition had a category boundary located at the upper mode of the bimodal

distribution. This also meant that participants in the inconsistent condition had a

skewed split between the distribution of labels during t2, a confound that was ad-

dressed in Experiment 5. The main finding in Experiment 4 was that participants

in the consistent condition were more accurate on items with relevant feature

values between 40 and 60. This could be seen as either evidence that learning

about the t1-incidental feature distribution was used during t2, or that the task

was just more difficult for participants in the inconsistent condition because of the

aforementioned skew. Experiment 5 refined the ideas of Experiment 4.
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Experiment 5 decoupled feature values from the consistency condition. During

t1 participants saw either the same bimodal distribution of feature values with

a trough at 40 as in the previous experiments’ t1 phases or one shifted with a

trough at 60. During t2 a participant was in the inconsistent condition if their t2

features’ distributions were shifted 20 feature values in one or the other direction

and were in the consistent condition if they saw the same stimuli as they saw

during t1. The main finding was that participants in the inconsistent condition

were more accurate on non-conflict items (60–80) than on conflict items (40–

59), and this finding only held when we examined the first 24 t2 items. Reaction

time favored the consistent condition in most analyses in something of a reversal

from Experiment 2. It is possible that the bimodal structure of the t2 phase gave

participants something more systematic to learn during the t2 phase such that any

influence of a novelty strategy was attenuated or not as salient as the uniform t2

distributions presented in Experiment 2 and 3.

Our strongest evidence of t1’s effect on t2 came from conflict items. Conflict

items are stimuli whose feature value and label conflict in the inconsistent condi-

tion. Within the inconsistent condition, we compared these items, which sit to

the left of the inconsistent category boundary in t2, with items to the right of it.

In Experiments 2 and 5 participants were less accurate on conflict items that not,

but only within the first 24 items. In Experiment 3 this was also present when all

the trials were examined but not in the first 24 items. Comparing items in this

range between consistency conditions illustrates what was learned during t1 with

which t2 interfered. For conflict items in Experiment 4, people in the consistent

condition were more accurate, and in Experiment 5, people were faster to respond

than people in the inconsistent condition.

The overall picture seems to be that people are learning about the incidental
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feature dimension, and are learning about it or representing it in a way that is dif-

ferent from the relevant dimension. Where they seem to learn about the relevant

dimension’s distribution in a way that has something to do with its distribution

from the category boundary leading to a representation of two clusters, they seem

to be learning the incidental feature dimension as a single cluster centering around

a central value. People do learn about the incidental feature dimension in a su-

pervised classification task, though it is not a robust effect, and the experimental

methodology (e.g., explicitly describing the number of categories and when the

category criterion changes) and distribution of stimuli features affects what and

how participants learn.

That is the positive picture. But one could also take the results as mostly nega-

tive. Differences in accuracy and reaction time are small when present. That could

mean that most of the time in most supervised classification situations people

do not really use what they learn about the t1-incidental dimension when it be-

comes relevant in t2, or that any dimensional representation brought about by

unsupervised learning in t1 is weak and is quickly overwritten once the supervised

classification task begins in t2. But the mixed bag of results, some present, some

null, do not favor that explanation as parsimonious. We think it is more likely that

is an artifact of our experimental designs. They are underpowered because we were

iterating experimental designs to find the right paradigm.

Our consistent condition was not always that consistent. In many cases, the

t1 distribution of labels was, for both conditions, different than the t2 label dis-

tribution. In every experiment, for participants in the consistent condition the t1

label distribution was 50%/50%, but in Experiments 2 and 3 it was split 60%/40%,

as were the labels for the inconsistent condition. In Experiments 4 and 5 the con-

sistent condition maintained a 50%/50% label distribution between the labeled
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categories, but in Experiment 4 participants in the inconsistent condition had a

very skewed distribution of labels. Experiment 5 was the only experiment where

the distribution of labels between categories was evenly distributed, and where

there was no change in that label distribution between t1 and t2. In that sense,

we could argue that the effects of interest in Experiments 1–4 might have been at-

tenuated by the confounding factor of skewed label distributions. But the results

of Experiment 5 were not that different from those in the other experiments, so

perhaps our consistent condition was consistent enough.

Additional training, or training to higher criteria, might have increased the

chance for participants to learn to ignore the incidental dimension. Initially,

attention to the integrated feature dimensions is spread before participants know

how to solve the task and classify the stimuli. However, it could also be the case

that it is only after a participant learns the t1 classification task that they then

spread their attention to the incidental feature, such that incidental learning

would only become solid and reliable in supervised classification after many more

trials than it would take to reach near perfect accuracy on the classifying stimuli

based on their relevant dimension. But that is a story for future work. Another

limitation of the experiments is that they might not provide enough training

for participants to learn the incidental distribution well enough. Eighty trials

might not be enough exposure during t1. Because the experiments recruited from

Amazon Mechanical Turk, the use of long training times might have resulted in

higher participant attrition; there are few studies over 20 minutes long, and those

that are that long tend to have some kind of strict admission criteria that would

limit the generalizability of the results even further. In the same vein, the reward

amount would necessarily need to be higher to maintain participants’ attention.

One further analysis that could be done, among many, is to figure out how
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many trials into t2 it takes to overwrite any effect the t1 trough distance might have

had. Whatever representation participants have of the t1-incidental feature distri-

bution, it is likely that such a representation is quickly adjusted or reformed once

that dimension becomes relevant. One extension of this work would be to do that

kind of analysis to determine the useful duration of t2 before running something

like Experiment 5 with an extended number of stimuli presented during t1 on hun-

dreds of people. The effect of t1 on t2 should eventually be overpowered by t2’s

supervised classification task such that the number of trials in t2 could be far fewer

than what’s required for establishing the feature distributions in t1; any bias carried

over from t1 into t2 will eventually be washed out by the t2 task itself.

The experiments are underpowered for how weak the effect was. Instead of

focusing on increasing our experiments’ power by increasing the number of par-

ticipants we decided to refine the experimental methodology by iteratively refining

those methods across experiments. The mixed results of Experiment 2 motivated

this decision: we realized we could potentially maximize our chance of seeing the

effect of interest, if it exists, by changing the wording in the instructions. Then we

experimented with changing the t2 distributions and removing as many method-

ological asymmetries between conditions as possible. Experiment 5 represents the

last of these refinements and removed as many confounding variables introduced

by the structure of the methods as possible while still maintaining the thread

of general structure to access what we were interested in. There are, of course,

more refinements that could be made, such as training to some criteria, or having

the experiment in real time adjust the presented stimuli to maximize accuracy

and learning, such as presenting items further away from the category boundary

and lead up to items closer to the category boundary once a participant achieves

mastery of a particular subset of the feature distribution. Ideally, we would col-
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lect more data from Experiment 5, but practical constraints of funding and time

intervened.

Experiment 1 highlighted the differences between separable and integrated

stimuli in our tasks. Participants trained on RFCs did not favor one dimension

over the other, unlike those trained on Gabor patches. Previous work showed

that integrated dimensions are more likely to show task-incidental learning about

within-category structure (Gureckis & Goldstone, 2008; Hoffman & Rehder,

2010), and we built on this work with more continuous stimuli with more dense

feature values for a richer dimensional representation. An interesting extension

to this work could involve more contrasts between integrated and separable stim-

uli using better, more normed separable stimuli than the basic Gabor patches

used in this study. Many separable stimuli have the same issue ours did, where

one dimension seems to have more salience or afford better learning than the

other. Furthermore, separable stimuli often afford a kind of rule-based catego-

rization which can be characterized in language; this is more difficult to describe

in language with integrated stimuli, but can lead to more transfer between tasks

(Kattner, Cox, & Green, 2016; Smith & Grossman, 2008; e.g., Smith & Sloman,

1994).

Ultimately it seems like the effects are there, but they are very small, and to see

them one needs a lot of power. The distribution of the t1-incidental dimension

does seem to affect accuracy or reaction time when prompting about the t2-

relevant dimension, but it doesn’t seem to affect it a lot. The next step is to move

from this more exploratory study, which involved an iterative experimental design,

to a preregistered and confirmatory design similar to that of Experiment 5, but

with far more participants. This experiment would vary the number of t1 and

t2 trials, too, to explore the thresholds beyond which participants ignore the
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task-incidental dimension and before which they attend to it just as much as the

relevant one. This single large experiment with some variance in the parameters

would allow for models to be built to describe and characterize participants’

representations of the feature dimensions.

The practical significance of this study is the evidence it adds to a growing

body of literature that counteracts many findings in the learned inattention and

blocking literature. As stated before, adults show learned inattention during

extra-dimensional shifts between categories in category learning tasks (Dopson,

Esber, & Pearce, 2010; Kruschke & Blair, 2000, Hoffman & Rehder, 2010). That

is, they attend selectively while learning the first category and incur the cost of

inattention to the previously irrelevant dimension while learning the second

category if an extra-dimensional shift was present (Best & Yim, 2013). However,

using continuous and rich stimuli does show evidence of learning about stimuli

features that are incidental to the task (Gureckis & Goldstone, 2008; Hoffman &

Rehder, 2010). This study builds on that story by using more continuous stimuli

whose distribution varied in a consistent and designed way. It cannot be the case

that people are simply ignoring the t1-incidental feature distribution during t1

because there were differences in accuracy and reaction time between conditions in

each experiment. The simple story that persists in the literature that people ignore

incidental features in the supervised classification task is incorrect, nor is it the

case that people learn to ignore features incidental to the task. This dissertation

explored what participants in the supervised classification task learn and how they

then use what they learned in subsequent classifications.
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Table of Results of Experiments 2–5

Experiment Whole set First 24

Experiment 2 (uniform
testing)
1. Overall Accuracy
Accuracy no effect no effect of

consistency
RT inconsistent > consistent inconsistent >

consistent

2. Gain Score no effect no effect
3. GLMM incl. Trough
Distance
Accuracy trough distance only trough distance only
RT inconsistent > consistent,

nothing else
inconsistent >
consistent, nothing
else

4. Conflict Items
Within inconsistent
(conflict)
Accuracy no effect non-conflict >

conflict
RT no effect no effect
Between consistent and
inconsistent
(consistency)
Accuracy no effect marginal, consistent >

inconsistent, p = .08
RT marginal, inconsistent >

consistent, p = .07
marginal, inconsistent
> consistent, p = .08

Experiment 3 (uniform
testing)
1. Overall Accuracy



98

Experiment Whole set First 24

Accuracy no effect no effect
RT no effect no effect
2. Gain Score no effect no effect
3. GLMM incl. Trough
Distance
Accuracy consistent > inconsistent,

trough distance
trough distance only

RT no effects no effects
4. Conflict Items
Within inconsistent
(conflict)
Accuracy non-conflict (M = .61) >

conflict (M = .52)
no effect

RT no effect no effect
Between consistent and
inconsistent
(consistency)
Accuracy no effect no effect
RT no effect no effect
Experiment 4 (bimodal
testing)
1. Overall Accuracy
Accuracy no effect marginal, consistent >

inconsistent, p = .09
RT no effect no effect
2. Gain Score no effect no effect
3. GLMM incl. Trough
Distance
Accuracy trough distance only consistent >

inconsistent, nothing
else

RT consistent > inconsistent,
nothing else

no effects

4. Conflict Items
Within inconsistent
(conflict)
Accuracy no effect no effect
RT no effect marginal, conflict >

non-conflict, p = .06
Between consistent and
inconsistent
(consistency)
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Experiment Whole set First 24

Accuracy consistent (M = .64) >
inconsistent (M = .54)

consistent >
inconsistent

RT no effect no effect
Experiment 5 (bimodal
testing)
1. Overall Accuracy
Accuracy no effect no effect
RT consistent > inconsistent no effect
2. Gain Score no effect no effect
3. GLMM incl. Trough
Distance
Accuracy trough distance only no effect
RT consistent > inconsistent,

interaction w/ trough
distance

consistent >
inconsistent, nothing
else

4. Conflict Items
Within inconsistent
(conflict)
Accuracy no effect non-conflict >

conflict
RT no effect no effect
Between consistent and
inconsistent
(consistency)
Accuracy no effect no effect
RT consistent > inconsistent consistent >

inconsistent
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