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ABSTRACT 
 

Extending the Category Adjustment Model:  

Location Memory Biases in 3-Dimensional Space 

Mark P. Holden 

Doctor of Philosophy 

Temple University, 2011 

Doctoral Advisory Committee Chair: Dr. Thomas F. Shipley 

 
The ability to remember spatial locations is critical to human functioning, both in 

an evolutionary and an everyday sense. And yet, spatial memories and judgments often 

show systematic errors. Explanations for such errors have ranged from assumptions that 

memories are nonmetric, to the use of imperfect inferences, to the optimal combination of 

multiple sources of information. More recently, bias has been explained through the 

Category Adjustment Model – a Bayesian model in which fine-grained and categorical 

information are optimally combined (Huttenlocher, Hedges, & Duncan, 1991). However, 

experiments testing this model have largely used locations contained in simple geometric 

shapes. Use of this paradigm raises the issue of whether the results generalize to location 

memory in the complex natural world, as it should if it is to provide an over-arching 

framework for thinking about spatial memory. Here, this issue is addressed using a novel 

extension of the location memory paradigm that allows for testing of location memory in 

an everyday, 3D environment. The results support two predictions of the Category 

Adjustment Model – that memory for locations is biased toward central values, and that 

the magnitude of error increases with the retention interval. Future directions for testing 

the model in an increasingly ecologically valid manner are discussed.  
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CHAPTER 1 

INTRODUCTION 

The ability to remember the spatial locations of objects is critical to human 

functioning, both in evolutionary and in everyday terms.  The ability to survive and 

reproduce as a species has presumably depended at some point on the ability to 

successfully track prey and return home, to find and recall the location of sources of 

edible vegetation, and even to locate mating opportunities. Likewise, even today, spatial 

memories are necessary for individuals to find items critical to everyday life, such as 

one’s house or car keys, workplace, and even coffee cup.  

Determining how people represent space therefore allows us to understand a key 

aspect of human cognitive functioning. In the following section, this question is explored 

by briefly outlining four previous approaches to characterizing how people represent their 

spatial environment: Euclidean models, distortion models, hierarchical models, and 

Bayesian models. The basic assumptions and noteworthy findings that helped give rise to 

each of these positions (as well as problems with each) are described. The progression of 

these varied approaches has led to a more recent model – the Category Adjustment Model 

– that combines the strengths of the hierarchical and Bayesian positions (Huttenlocher, 

Hedges, & Duncan, 1991). The specific assumptions of this model, empirical evidence in 

favor of it, and novel predictions that have arisen out of it are outlined in the second half 

of this chapter. 

 

Four Approaches to Mature Spatial Representation 
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Euclidean Models 

Early models of human cognition were not devised by psychologists, but rather by 

statisticians, economists, and philosophers. These models reflect the strengths of the 

mathematical approach behind them, and often assume that individuals are fully 

informed, infinitely sensitive and completely rational (see Slovic, 1990). Much of this 

work, while focused primarily on decision-making and reasoning, influenced later models 

of other aspects of human cognition. One such model that grew out of this tradition, and 

the oldest position taken with respect to the nature of spatial representations, is the 

Euclidean position. In this view, adults’ spatial representations preserve metric relations 

among elements within an objective frame of reference, resulting in a map-like 

representation of space (e.g. Piaget & Inhelder, 1967; Siegel & White, 1975). These 

Euclidean (or survey) representations allow the accurate solution of spatial problems, 

such as perspective-taking (Piaget & Inhelder, 1967) and navigation of novel routes, as 

when taking shortcuts or travelling around detours (Siegel & White, 1975).  

 Several early researchers of cognitive development have explicitly or implicitly 

used this model as the endpoint toward which development progresses (e.g. Piaget & 

Inhelder, 1967; Piaget, Inhelder, & Szeminska, 1960; Shemyakin 1962; Siegel & White, 

1975). For example, Piaget believed that young children’s spatial representations only 

code the topological aspects of space (such as enclosure and containment), whereas 

mature spatial representations – consisting of what he termed the Projective and 

Euclidean systems – preserve relative and metric relations between elements (e.g. Piaget 

& Inhelder, 1967; Piaget et al., 1960). Siegel and White (1975) built on this framework 

by extending the learning process to include changes in adult representations as they 
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learn novel environments. However, Siegel and White’s model retains the assumption 

that spatial representations, constructed through experience, eventually culminate in a 

Euclidean (or “survey”) representation. Critically, in all such models, the endpoint of 

learning is an integrated, metric representation that corresponds to the arrangement of 

locations in the physical world. Individuals with such representations could retrieve the 

spatial relations between all landmarks (including those that have not been directly 

experienced together, such as locations along different routes), allowing them to make 

spatial judgments, use shortcuts, and navigate detours accurately, and with minimal effort 

(e.g., Siegel & White, 1975). In addition, because Euclidean representations include 

multiple locations and their inter-relations, these models suggest that adult spatial 

memory is highly resistant to the effects of information loss, such as the removal of a 

single landmark (O’Keefe & Nadel, 1978). 

Despite the appeal of this position, several studies have shown that errors in 

human memory often violate the assumptions of the Euclidean position. Perhaps the most 

damning of these is evidence that human spatial memory violates simple geometric 

axioms, such as the axiom of symmetry which states that the distance from A to B is 

necessarily the same as the distance from B to A. Human memory, however, appears to 

treat these as two different distances, reliably underestimating one distance while 

overestimating the other (e.g. Holyoak & Mah, 1982; McNamara, 1986; McNamara & 

Diwadkar, 1997). This is true even outside of experimental settings, as many of us have 

undoubtedly experienced a sense of surprise, during a long drive, at how short the return 

trip seems, compared to the departing trip. Asymmetric distance memory, and other 
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evidence of systematic errors in human spatial memory led to the proposal of distortion 

models, outlined next. 

 

Distortion Models 

Distortion models arose in direct opposition to the Euclidean position, based on 

findings suggesting that human memory is rarely a perfect reflection of one’s 

experiences, and that errors in memory are often systematic. In the spatial domain, adults 

frequently misremember locations in ways that show systematic bias, they regularize 

irregular spaces, and (worse) they make startling errors that violate geometric axioms. 

For example, the majority of adults erroneously believe that Philadelphia is north of 

Rome (Tversky, 1981), that the California coastline runs north-south (Tversky 1981), and 

that street intersections are closer to right angles than they truly are (Byrne, 1979). These 

errors can lead to surprising results, such as Lynch’s (1960) finding that many Boston 

residents believe its park to be a square with five right-angled corners. Perhaps most 

challenging to the Euclidean position is that human spatial judgments often do not treat 

the distance from point A to point B as equal to the distance from B to A (e.g., Briggs, 

1973; Lee, 1970; McNamara, 1991; McNamara & Diwadkar, 1997; Sadalla, Burroughs 

& Staplin, 1980). These errors have been taken by some to imply that spatial memories 

lack metric properties (e.g. McNamara, 1991; Tversky, 1981, 1991, 1992, 2000). 

Models that have tried to explain these systematic errors often suggest that the 

mental representation of a space is somehow skewed, warped, or distorted with respect to 

the physical space. For example, based on very different tasks, Nelson and Chaiklin 

(1980) and Sadalla, Staplin, and Burroughs (1979) both proposed models that suggest 
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that the presence of landmarks leads to an overall distortion in the representation of space 

near those landmarks. Nelson and Chaiklin’s Weighted Distortion Model states that the 

distance between a landmark and target is underestimated according to a power function 

– that portions of the mentally-represented space are expanded or contracted relative to 

the physical space. This effect has been termed the “Landmark Attraction Effect” (Bryant 

& Subbiah, 1994). Sadalla et al.’s model expands on Nelson and Chaiklin’s framework 

by suggesting that the effect of landmarks is not limited to their presence or absence, but 

rather to the availability of these entities in recall. 

Other researchers have expanded on Sadalla et al.’s (1979) and Nelson and 

Chaiklin’s (1980) models in order to account for both the distorting power of landmarks, 

as well as judgments that violate of the axiom of symmetry – that the distance from point 

A to point B is necessarily the same as the distance from point B to point A (e.g. Holyoak 

& Mah, 1982; McNamara, 1986; McNamara, Ratcliff, & McKoon, 1984; McNamara & 

Diwadkar, 1997). The Implicit Scaling Model (Holyoak & Mah, 1982) and the 

Contextual Scaling Model (McNamara & Diwadkar, 1997) both attempt to account for 

such errors, and share many of the same basic principles. Essentially, these models 

suggest that thinking about a particular location activates the ‘context’ of that location 

(i.e. other locations that are associated with the first). Information retrieved from long-

term memory is interpreted and scaled by this context. When dealing with judgments of 

distance, say from location A to location B, asymmetries arise when the contexts 

associated with each point are of different sizes. That is, if A is a prominent landmark, it 

will activate associations with a larger number and a larger range of locations than will B, 

a non-landmark. Given the variety of locations activated by the context of A, it is more 
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likely that B would be associated with the context of A than vice versa (i.e., location A 

will serve as a better retrieval cue for B than B will for A). Therefore, when location A is 

the referent, B becomes activated and the distance between the two is judged to be 

relatively smaller. Conversely, when B is the referent, A falls outside of the context set 

by B and is not activated; this distance is therefore judged to be relatively larger. Thus, 

rather than assuming that asymmetrical judgments reflect two separate representations of 

the same distance, these models suggest that humans represent a single distance that 

undergoes is expansion or contraction depending on the context (and associative links) 

through which it is processed (e.g. Holyoak & Mah, 1982; McNamara & Diwadkar, 

1997). 

A final grouping of distortion models suggests that spatial information is 

schematized – mentally distorted to become more regularized than is physically the case 

– based on heuristic inference. For example, individuals appear to use a Rotation 

Heuristic, by which they normalize orientations to correspond to the cardinal axes (e.g. 

remembering the Pacific coastline of California as running more north-south than is the 

case, or remembering streets as travelling in straight lines and having perpendicular 

intersections when they do not; see Figure 1.1a; Byrne, 1979; Chase & Chi, 1981; 

Glicksohn, 1994; Tversky, 1981). An Alignment Heuristic has also been posited as a 

possible explanation for the Philadelphia-Rome effect, wherein individuals typically 

believe that Rome is further south than Philadelphia when it is in fact further north. In 

this case, it has been suggested that participants’ internal representations of the continents 

of North America and Europe are more aligned than is truly the case, resulting in Europe 

being shifted southward relative to North America. Consistent with this proposal, 
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participants frequently believe that an aligned map “looks more correct” than the verdical 

map (see Figure 1.1b; Tversky, 1981). According to Tversky (1981, 1992, 2000), these 

heuristics may be adopted in encoding, storage, or may be used to make inferences at the 

moment of recall, reproduction, or recognition.  

 

 

                                    

    

 

 

 

 

 

 

 

 

 
Taken together, all of the models in this section – in direct opposition to those of 

the previous section – have in common the assumption that spatial information is not 

represented in a metric manner, but is transformed, warped and/or shifted with respect to 

a) Rotation Heuristic 

 

b) Alignment Heuristic 

Figure 1.1.  Examples of apparent regularization in spatial representations. Participants 
typically erroneously judge the second figure in each pair as being correct. This requires 
a) a rotation of South America to correspond to the cardinal axes or b) alignment of 
Europe and North America (from Tversky, 1991) 
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the physical world. According to these models, then, psychological distances do not 

correspond to Euclidean distances (McNamara, Hardy, & Hirtle, 1989), and spatial 

representations may lack metric properties (McNamara, 1991). This has led some to even 

conclude that “spatial knowledge is not Euclidean like actual space” (Tversky, 1999, p. 

39) and that “spatial representations may be purely nonmetric” (McNamara, 1991, p. 

147). 

However, given the adaptive importance of spatial memory – in seeking prey and 

returning home, finding mates, or even travelling between work and home in modern life 

– it seems unlikely that our system of spatial representations would have little to no 

correspondence with the physical environment. Nevertheless, it is difficult to reconcile 

the evidence that, on the one hand, shows that humans can make spatial judgments, use 

shortcuts, and navigate detours accurately, and with minimal effort (e.g., Siegel & White, 

1975), with evidence that, on the other hand, clearly demonstrates systematic errors in 

spatial judgments. The following two models – the hierarchical models, and the Bayesian 

models – both attempt to account these seemingly un-reconcilable sets of findings. 

 

Hierarchical Models 

Compared to the previous groups, the hierarchical models represent a kind of 

middle ground, suggesting that spatial information is stored at multiple, nested levels of 

specificity (e.g. a city composed of districts, made up of blocks, containing buildings, 

consisting of rooms, etc.); these representations are not distorted relative to their physical 
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dimensions, but rather coarse levels of information are simply – and sometimes 

incorrectly – used to make spatial inferences1 (e.g. Maki, 1981; Wilton, 1979). 

The seminal paper on the hierarchical structure of space came from work by 

Stevens and Coupe (1978). Like B. Tversky (1981), they demonstrated that individuals’ 

estimates about the relative locations of pairs of cities erred in a systematic manner. For 

example, most people erroneously believe that Reno is East of San Diego, when it is in 

fact farther to the West. However, Stevens and Coupe (1978) provide evidence that this 

effect is due to a hierarchical structure in the representation of space – that people realize 

that much of California is to the West of Nevada, and that this information influences 

judgments about the relative direction of the cities within them. The evidence for the 

effect of spatial hierarchies comes from similar judgments between pairs of locations on a 

fabricated map; locations were kept constant, but the boundaries were varied to make the 

superordinate county direction either congruent or incongruent with the city direction. In 

the incongruent condition, individuals were significantly more likely to err in the 

direction dictated by the counties (see Figure 1.2).  

 

 

 

 

 

 

                                                 
1 The term “hierarchical,” as used here, may seem somewhat misleading, as both the contextual scaling 
(e.g. McNamara & Diwadkar, 1997) and heuristic (e.g. B. Tversky, 1981) models presented earlier include 
some aspect of hierarchical organization. However, to distinguish these models from those presented 
above, here the term is meant to encompass models that propose that spatial representations are structured 
in a hierarchical, but fundamentally non-distorted manner. 
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Others have found similar results using reaction times for judgments about the 

relative directions of real (Wilton, 1979; Maki, 1981) and artificial (Maki, 1981) cities. 

For example, when participants are asked to judge which of two cities were farther north, 

their judgments are made significantly more quickly when the two cities come from 

different countries (Wilton, 1979) or different states (Maki, 1981). Furthermore, among 

city pairs within a single super-ordinate structure, those that are spaced farther apart are 

judged more quickly than pairs located relatively nearer. Wilton (1979) explained these 

results by suggesting that participants first access stored information that only crudely 

specifies location; if this information is insufficient to make the required discrimination, 

one simply moves down the levels of the hierarchy until an accurate judgment can be 

Figure 1.2.  Congruent and incongruent directional relations in hierarchical spaces. 
In the congruent condition (a) the relative East-West directions of cities x and y and 
their respective counties are the same. In the incongruent condition (b) the relative 
East-West directions of cities x and y are opposite that of their counties. Note that 
the absolute positions of the cities are held constant across the conditions; only the 
border between counties is altered. In the incongruent condition, participants are 
significantly more likely to err in their judgment of the relative direction between 
cities x and y (Stevens & Coupe, 1978). 

a) Congruent Condition b) Incongruent Condition 

z 

y 
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made2. According to this model, then, errors of the type reported by Stevens and Coupe 

(1978) are due to incorrect inferences based on levels of the hierarchy that are too coarse 

to solve the task accurately.  

The critical difference between the use of inferences in hierarchical models, and 

the use of heuristics in distortion models, concerns the assumption of whether the 

underlying representation of space is fundamentally warped. According to Tversky 

(1981), superordinate structures such as continents, countries, or states, are shifted and 

distorted with respect to one another, in order to impose regularity on an irregular space. 

In this sense, such representations are not veridical but are essentially caricatures of the 

true space. In contrast, hierarchical models suggest that the representations of space are 

accurate, and that errors in making distance or direction judgments simply arise in special 

circumstances due to the use of imperfect strategies. 

The primary benefits of using these inferences based on hierarchically nested 

spatial representations are that a) they are frequently accurate and b) they mediate the 

trade-off between storage and computation (e.g. Brockmole and Wang, 2002; McNamara, 

1986). That is, a system might directly store all of the relative distances and directions of 

every city in the United States. However, this would require an incredible storage 

(memory) capacity. In the absence of such a large capacity, the distance and direction for 

                                                 
2 This idea is related to Kosslyn, Murphy, Bemesderfer, and Feinstine’s (1977) discrete and analogue 
processes. Discrete models posit that subjects retrieve tags that vary in precision of information. If two 
items are distant on a given dimension (e.g. cities that are in different states), tags with gross information 
(e.g. state) are sufficient for judgment. If objects are close on a dimension, however, gross information is 
insufficient and more specific tags need to be retrieved, requiring additional response time. Analogue 
processes, on the other hand, suggest that memory representations fall on a continuum along the given 
dimension, and that it is more difficult to differentiate items (such as cities within a single state) that are 
nearer on the scale, than those that are far apart. Thus, one might conceive of the hierarchical models 
described here as a mixed model of both discrete and analogue processing: coarser spatial information, 
such as state, might be used to make relatively quick, easy discriminations, while within-category 
judgments rely on analogue processing. 
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only a few city pairs could be stored. If, however, the system has separate representations 

for different levels of a spatial hierarchy (e.g. separate representations for a given county, 

state, country, or continent), then only the relevant local aspects of the environment 

would need to be stored (i.e only relative distances and directions of cities within a state, 

or the relative distances and directions between two states would be stored directly). 

Spatial judgments spanning these different representations (e.g. determining the relative 

direction of cities in Washington state and Pennsylvania) therefore need not be stored 

directly (decreasing memory load), but may be inferred based on the relative direction of 

the states themselves (e.g. Hirtle & Jonides, 1985; Maki, 1981; McNamara, 1986; 

Stevens and Coupe, 1978; Wilton, 1979). For the majority of city pairs, this process of 

inference yields accurate results. However, in certain special cases (i.e. those for which 

the relative direction of the states is incongruent with that of the cities), systematic errors 

would be predicted (Stevens & Coupe, 1978). Thus, according to hierarchical models, 

errors reflect the use of imperfect strategies or inferences, not fundamentally distorted 

spatial representations.  

 

Bayesian Models: 

Bayesian models are the most recent of the four approaches to adult spatial 

representations. These models take an adaptationist view, attempting to explain 

judgments and patterns of behavior on the assumption that they are optimized with 

respect to some criteria of adaptive importance (Anderson, 1990, 1991). In this case, the 

assumption is that systematic errors of spatial judgments are the result of an optimal 

combination across different sources of information.  
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It may seem counterintuitive to suggest that errors are somehow optimal or 

adaptive. However, the term optimal here is meant to reflect minimization of the mean 

squared error in a Bayesian inference scheme. An excellent example with regard to 

spatial location estimates, and which may clarify this position, is outlined by Deneve and 

Pouget (2004). They ask the reader to imagine estimating the directional location of an 

object for which there is both visual and auditory information about its location (e.g. a 

bird in a tree singing, and glimpses of movement seen among the leaves). Furthermore, 

let us assume that the two sensory modalities offer slightly different estimates of the 

precise location, and that the reliability – the inverse of variance – of the visual estimate 

is greater than that of the auditory estimate; in other words, the visual information gives a 

more precise estimate of directional location. The two estimates of location can then be 

imagined as two overlapping probability distributions – one wider and one thinner – each 

centered about its mean (see Figure 1.3). Under a Bayesian framework, the cross-modal 

estimate of location is a linear combination of these two unimodal estimates, weighted by 

their respective reliabilities3. Therefore, the final estimate of position will be closer to – 

but not equal to – the visual mean estimate4 (see Figure 1.3; for reviews, see Deneve & 

Pouget, 2004 and Ernst and Bülthoff, 2004). Critically, note that this combination leads 

to bias away from the visual estimate, but also produces a combined distribution with a 

lower variance than either of the two unimodal estimates. The decreased variance of this 

                                                 
3 It is worth noting that the reliability (or variance) associated with a particular type of information (e.g. 
visual or auditory) is at least partially constructed through prior experience with that source of information. 
The more reliable a particular piece has been in the past, the more heavily it will be weighted in the present. 
4 Amazingly, one month after the publication of the above example, Alais and Burr (2004) demonstrated 
this exact optimal combination in their examination of the so-called “ventriloquist effect,” wherein the 
voice of a ventriloquist appears to emanate from the puppet, whose mouth is moving. The results clearly 
demonstrate that the effect is not due to performers “throwing their voice,” nor to visual information 
completely dominating auditory information. Rather, auditory information is typically less reliable, so that 
optimal combination of the two sources of information yields estimates that are closer to the puppet than 
the ventriloquist. 
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integrated estimate optimizes performance by decreasing the average error over multiple 

estimates – even though bias is introduced on individual estimates.  

 

 

 

 

 

 
 

 

In a classic example of Bayesian combination, Ernst and Banks (2002) 

demonstrated optimal integration of spatial location information across visual and haptic 

modalities. The amount of visual noise was systematically varied, making this 

information less reliable. The results indicate that the human nervous system integrates 

Figure 1.3.  Bayesian combination of auditory and visual estimates of angular location. 
In this example, each modality provides a different estimate of location, each associated 
with a specific reliability (the inverse of variance). Linear combination of the two 
distributions results in a cross-modal response distribution that is biased away from the 
mean visual estimate yet has a lower variance than either of the unimodal estimates. 
Thus, even though bias is introduced, the average error is minimized. 
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haptic and visual information by weighting them according to the reciprocal of their 

variances; that is, visual information dominated haptic only for tasks in which the 

variance associated with visual estimation was lower than that associated with haptic 

estimation (Ernst & Banks, 2002). Likewise, Gepshtein and Banks (2003) showed 

optimal integration between haptic and visual estimates of distance between parallel 

surfaces. Furthermore, within the visual modality, different types of cues (e.g., texture, 

binocular disparity, object motion) have been shown to be combined in a statistically 

optimal fashion (Hillis, Watt, Landy, & Banks, 2004; Jacobs, 1999; Knill & Saunders, 

2003; Young, Landy, & Maloney, 1993).  

Based on these results – that information about spatial location and depth (another 

spatial relation) is optimally combined across and within sensory modalities – Bayesian 

models suggest that systematic errors are simply the product of this process of 

combination across multiple sources of information. Importantly, each of those sources of 

information is itself unbiased, and is associated with a certain reliability or certainty. This 

reliability is also at least partially based on past experience with that source of 

information. By performing a weighted combination across multiple sources of 

information, systematic errors in spatial judgments are introduced. Critically, while these 

systematic errors may introduce biased estimates on a trial-to-trial basis, the process 

nevertheless reduces overall error by decreasing the variability of the estimates. 

 

In summary, the four major positions outlined above each represent a different 

movement in spatial cognition regarding the assumptions of spatial representations. 

Euclidean models hold that fully-matured adult spatial representations are metric or 
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Euclidean, allowing individuals to solve spatial problems accurately, and with minimal 

effort (e.g. Piaget & Inhelder, 1967). Distortion models have emphasized the fact that 

adult spatial processing appears to be riddled with distortions and violations of geometric 

axioms (e.g. B. Tversky, 1981, 1999; McNamara, 1986, 1991). Hierarchical models 

assume bounded rationality, suggesting that systematic errors may in fact reflect an 

imperfect use of heuristics based on multiple sources of information stored at different 

levels of spatial resolution (e.g. Stevens & Coupe, 1978; Wilton, 1979). And the 

Bayesian models take a adaptationist approach, citing evidence that individuals do 

combine multiple types of information – such as those from different sensory modalities 

– in a statistically optimal fashion (e.g. Alais & Burr, 2004; Ernst & Banks, 2002). 

 

The Category Adjustment Model 

 

Because the process of Bayesian combination outlined above may occur with any 

type of information, it might be reasonable to combine this approach with the clear 

evidence that people code spatial information hierarchically (e.g. Hirtle & Jonides, 1985; 

Kosslyn, Pick, & Fariello, 1974; Maki, 1981; McNamara, 1986; Stevens and Coupe, 

1978; Wilton, 1979).  Indeed, this is precisely the idea behind the Category Adjustment 

Model, first proposed by Huttenlocher, Hedges and Duncan (1991). By drawing from the 

vast pools of research, and on the theoretical strengths of both the hierarchical and 

Bayesian models, the Category Adjustment Model is able to account for many diverse 

findings in the field of spatial cognition, and to make several novel predictions. The 

remainder of this chapter will focus on the basic formulation of the Category Adjustment 
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Model, including a discussion of how the model can account for some of the findings 

outlined in the previous sections. Finally, a very brief outline of some of the empirical 

evidence of the Category Adjustment Model will lead into the experimental portion of 

this dissertation. 

 

Basic Formulation of the Category Adjustment Model 

Like the Bayesian models above, the Category Adjustment Model posits that 

systematic errors are the result of combining information from multiple unbiased sources. 

However, in the Category Adjustment Model, these sources of information are not 

necessarily from different sensory modalities, but rather represent coding of spatial 

location at different levels of a hierarchical representation of space. Specifically, 

according to the Category Adjustment Model, information about a location is represented 

in memory at both at a fine-grained, metric level, as well as a coarser, categorical level5. 

These representations will each be considered in turn. The Category Adjustment Model is 

therefore a specific instantiation of the Bayesian models outlined above, in which the 

hierarchical nature of spatial representations is acknowledged. Likewise, the CA builds 

on the hierarchical models by suggesting that errors are not simply due to imperfect 

strategies or inferences, but are the result of an optimal combination of information (e.g. 

Huttenlocher et al., 1991). 

 

                                                 
5 It is worth noting that, while this manuscript treats the Category Adjustment Model as a model for spatial 
biases, the model was actually formulated to explain a broader class of behavioral findings – not only those 
within the spatial domain. Since the underlying framework – in which fine-grained and coarser estimates 
are optimally combined – would apply for any non-spatial domain using continuous dimensions, it can also 
apply to estimates of time, or color, for example. That is, one could remember a color as being in the 
broader family of ‘blues,’ but also remember it as being of a particular shade. 
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Metric Information 

According to the Category Adjustment Model, locations are coded at both a fine-

grained, metric level and a coarser, categorical level. The fine-grained representation is 

assumed to be an unbiased representation of the true spatial location. It is, however, 

associated with some degree of uncertainty. As such, the fine-grained representation may 

be thought of as a distribution of possible location values that is centered about the true 

value; the variance of this distribution will reflect the uncertainty associated with this 

level of coding (Huttenlocher et al., 1991). The degree of this uncertainty depends on the 

degree of imprecision in encoding, and on the extent of information loss (through decay 

or interference, for example). Indeed, because metric memory is assumed to degrade 

rapidly, it can be conceived of as a dynamic distribution whose variance (uncertainty) 

increases over time (due to memory loss). 

 

Categorical Information 

In addition to coding fine-grained stimulus values, humans appear to divide 

relevant dimensions (such as space or time) into bounded regions. These regions, called 

categories, encompass a range of possible fine-grained stimulus values. For example, in 

trying to remember the location of one’s keys, one may recall that they are on the table – 

a coarse level of spatial coding that encompasses many possible metric location values 

(in this case, metric values might be any combination of distances from the upper and left 

edges of the table, for example, that precisely specify location).  A category may 

therefore be thought of as a kind of super-ordinate region that covers a range of fine-

grained stimulus values or locations (e.g. Huttenlocher et al., 1991). For example, several 
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studies of location memory have required participants to recall the location of a point in a 

blank geometric shape, such as a circle (e.g. Huttenlocher et al., 1991; Nelson & 

Chaiklin, 1980); in such cases, the category might be the quadrant of the circle in which 

the dot was located. This example also illustrates that, according to the Category 

Adjustment Model, categories need not necessarily be defined by perceptual boundaries, 

and that the category boundaries may therefore be associated with some uncertainty 

themselves (Huttenlocher et al., 1991). That is, since individuals would be imposing 

‘imaginary’ boundaries to segment the circle into quadrants, it seems reasonable to 

assume that there might be some variability in the precise locations of these boundaries. 

Spatial categories, according to the Category Adjustment Model, also include 

information about the presumed pattern of fine-grained values that they encompass 

(Huttenlocher et al., 1991; Huttenlocher, Hedges, & Vevea, 2000). The general Bayesian 

framework suggests that experience is a critical factor in judgments and decision-making; 

through experience, one determines the reliability of certain pieces of information, and 

may even update one’s probabilistic model of the environment to include information 

about how instances are distributed – including variance, mean, and shape of the 

distribution (e.g. Huttenlocher et al., 2000). Therefore the Category Adjustment Model’s 

categorical representation includes information about how the values are distributed 

within that category. To continue the earlier example, one might begin with the 

assumption that dot locations within a circle quadrant are distributed uniformly; across 

multiple instances, however, this assumption continues to be updated to reflect past 

experiences. Whatever the current model of the distribution of instances, it will include a 

central value (e.g. the mean or median), which Huttenlocher and colleagues refer to as the 
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“prototype value” (Huttenlocher et al., 1991, 2000). This value is of particular importance 

during the combinatory process described shortly. Empirical evidence demonstrating 

individuals’ sensitivity to and updating of the categorical distribution has been shown in 

both adults (Huttenlocher et al., 2000) and in 5- and 7-year-old children (Duffy, 

Huttenlocher, & Crawford, 2006). 

 

Combination and the Introduction of Bias 

As with the previous example of Bayesian models combining visual and auditory 

information, each of the two levels of spatial coding outlined above can be conceived of 

as an unbiased distribution with an associated central value and variance. The Bayesian 

framework described earlier specifies how these estimates may be optimally combined, 

such that the average error across multiple estimates is minimized. However, as in the 

Bayesian models, this process of optimal combination introduces bias with respect to 

each individual representation. With respect to the Category Adjustment Model, this bias 

may arise from one of two processes: truncation at category boundaries, and weighting of 

categorical information (Huttenlocher et al., 1991). 

The representations of location, their combination, and the two processes that 

introduce bias can be visualized in Figures 1.4 and 1.5. For simplicity, the figures only 

show one dimension of location – angular location – within a given circle quadrant, 

although the same ideas apply with respect to radial information and to other types of 

categories. In these figures, categorical information is represented by the wider 

distribution, reflecting the fact that it includes the range of stimulus values encompassed 

by the category. The mean/median of this distribution represents the category prototype. 
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The shape of the distribution (binomial) reflects the prior belief that all angular values are 

equally likely; moreover, this implies a belief or ‘best guess’ that the mean angular value 

across multiple trials will be centrally located, with some associated variance. This is 

akin to a prior belief that coin to be repeatedly tossed is fair, such that the sampling 

distribution will approach a binomial distribution. Metric information, then, is 

represented by the less variable estimate. The variance of the distribution reflects the 

degree of uncertainty associated with this representation, and mean/median of this 

distribution reflects the correct angular location. At recall, a fine-grained value is 

(randomly) sampled from this distribution; hence, the binomial shape of the distribution 

reflects the likelihood of sampling a given metric or fine-grained value. Again, it is worth 

pointing out that neither the metric nor the categorical distributions are inherently biased. 

At recollection, the sampled fine-grained estimate is adjusted by the use of 

categorical information. This can introduce bias in either of two ways. The first source of 

bias results from truncation at category boundaries (Figure 1.4). In this instance, some of 

the fine-grained distribution falls outside the range of possible values established by the 

categorical distribution (Huttenlocher et al., 1991; Huttenlocher, Hedges, Lourenco, 

Crawford, & Corrigan, 2007). Thus, a fine-grained estimate that falls outside the category 

boundaries may be sampled. Such a value may then be adjusted (or discarded, and a new 

value sampled), effectively resulting in truncation of the underlying unbiased distribution 

of potential fine-grained estimates. This truncation causes a shift in the mean reported 

value away from the boundaries and towards the category prototype. Note that a separate 

distribution of response values is not shown in Figure 1.4 for simplicity, since the aim is 

to visually demonstrate the use of category boundaries in eliminating potential values 
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captured in the metric estimate. Also note that a less reliable metric estimate of angular 

location (i.e. a higher variance in the underlying distribution) centered about the same 

value would result in a greater proportion of the distribution being truncated. Higher 

uncertainty in the metric estimate would therefore be associated with increased bias due 

to truncation. 

 

 

 

 

 

 
 

 

Figure 1.4.  Truncation at category boundaries as a source of bias. The fine-
grained estimate is unbiased (centered on the stimulus value), but is associated 
with some uncertainty (variance). At recall, fine-grained values beyond the 
category boundary are discarded, shifting the mean reported location towards 
the category prototype, relative to the true location. 
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The second method by which bias may be introduced is analogous to the 

combination of information outlined in the Bayesian models section (Huttenlocher et al., 

1991). Under a Bayesian framework, the estimate of location is a linear combination of 

the two separate (i.e. auditory and visual, or categorical and metric) estimates, weighted 

by their respective reliabilities. This weighted averaging will result in the final estimate 

of position being closer to – but likely not equal to – the category prototype (Figure 1.5). 

Furthermore, if one considers the estimates for two different locations – each with the 

same categorical distribution and the same reliability for the metric information – the 

weighted averaging procedure will result in greater bias for the location farther from the 

category prototype, due to the linear combination of the distributions. Finally, since the 

weightings are directly related to the relative reliabilities (the inverse of variance) of the 

distributions, note that, as with boundary truncation, a less reliable fine-grained estimate 

will yield greater bias towards the category prototype. Critically, while the combination 

of metric and categorical distributions leads to bias away from the true value (the mean of 

the metric estimate), it also produces a combined distribution of estimates with a lower 

variance than either of the two original distributions (see Figure 1.5). Since reliability is 

the inverse of variance, it follows that the reliability of the integrated estimate is 

maximized, even though bias is introduced. It bears repeating that, as with the previous 

Bayesian models, the ‘optimal’ integration of estimates means that the overall error is 

minimized across multiple trials; bias is introduced on individual trials, but the average 

error is minimized. 
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Thus, the Category Adjustment Model proposes a Bayesian framework by which 

different hierarchical levels of spatial information may be combined. Importantly, the 

model states that internal spatial representations are fundamentally unbiased, and that 

systematic errors (e.g. bias toward central values) are the result of combination across 

different levels of representation of a spatial hierarchy. Critically, like the Bayesian 

models above, this bias is not introduced through suboptimal strategies, as suggested by 

proponents of the hierarchical models. That is, where some (e.g. Stevens and Coupe, 

1978; Wilton, 1979) suggest that bias results from imperfect inferences based on different 

Figure 1.5.  Weighted combination of categorical and metric estimates as a source of 
bias. The metric representation is unbiased (centered on the true stimulus value) but 
associated with some uncertainty (variance); the categorical representation is 
centered on the category prototype and provides only a coarse estimate of location. 
Linear combination of the two distributions results in a response distribution that is 
biased with respect to the metric estimate, yet has a lower variance. This results in 
the average error being minimized, despite the introduction of bias. 
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levels of hierarchical representations, Huttenlocher et al. (1991) claim that bias instead 

reflects the optimal combination of multiple sources of information contained within this 

hierarchical structure. 

 

The Category Adjustment Account for Specific Errors 

Having outlined the basic assumptions and formulation of the Category 

Adjustment Model, it is worth briefly considering some of the findings mentioned earlier 

in this chapter and examining how the Category Adjustment Model can account for them 

without resorting to explanations of distorted representations or flawed inference 

strategies. 

 

Landmark Attraction Effects: 

The findings of Nelson and Chaiklin (1980), outlined previously, demonstrate that 

estimates of dot location appear to be biased in the direction of the edges of geometric 

shapes, and that the degree of bias increases with distance from the edge. To account for 

such findings, the Category Adjustment Model, like Nelson and Chaiklin’s (1980) 

weighted-distortion model, hypothesizes that positional coding is more accurate near 

physically present reference points, such as borders. That is, according to the Category 

Adjustment Model, the reliability of fine-grained estimates is higher nearer these 

locations. Since the Category Adjustment Model proposes a weighted combination based 

on the categorical and metric estimates’ respective reliabilities, more accurate coding 

near landmarks would be predicted to yield less bias in the final, combined location 
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estimates. Thus, the Category Adjustment Model can explain the finding that the 

magnitude of bias should increase with distance from landmarks.  

However, the Category Adjustment Model seems to have difficulty explaining the 

apparent finding that point location estimates are biased toward landmarks (e.g. 

Lederman & Taylor, 1969; Nelson & Chaiklin, 1980). In fact, it predicts bias to be in the 

direction of a central categorical value (Huttenlocher et al., 1991). If the category were 

the quadrants of a circle, for example, it would predict considerable outward bias for 

locations near the center of a circle, and a small degree of inward bias for locations near 

the edges of the shape. The resolution to this seeming discrepancy lies in the fact that 

Nelson and Chaiklin (1980) did not present metric information on location memory 

errors, because they did not believe that mental representation would correspond to 

objective measurement. Their use of nonmetric data does not allow for direct testing of 

the Category Adjustment Model’s predictions, as ordinal data may not have been 

sensitive enough to uncover the trends predicted by the Category Adjustment Model.  

In order to test these predictions, Huttenlocher et al. (1991) recorded metric data 

on memory errors for locations within an open, line-drawn circle (not along the diameter 

line, as Nelson and Chaiklin (1980) had tested). Their results show that errors were 

indeed systematically biased in the directions and manner predicted by the Category 

Adjustment Model: errors were larger for points farther from the edges of a circle, and 

errors both near and far from the edges were directed toward a central – not boundary-

related – value. The Category Adjustment Model is therefore able to account for the 

Landmark Attraction Effect, and further testing confirmed the model’s novel prediction 

that errors near borders would actually be biased away from those borders. 
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Asymmetric Distance Judgments: 

Asymmetric estimates of the distance between two points (i.e. that the distance 

from A to B is estimated as longer than the distance from B to A) have often been taken 

as particularly strong evidence that spatial representations are fundamentally nonmetric 

(e.g. McNamara & Diwadkar, 1997). The scaling models outlined earlier suggest that 

asymmetries arise when the relative size of the contexts elicited by two points differ – as 

between a landmark and non-landmark pair; thus, distance judgments depend on which 

point is the referent (or ‘sets the context’; e.g. McNamara & Diwadkar, 1997). 

The explanation put forward by the Category Adjustment Model also posits that 

asymmetries arise due to the choice of referent, but not because of a difference in the 

contexts elicited. Rather, the Category Adjustment Model explains asymmetric distance 

judgments by noting the different effects caused by the relative distance of the referent 

from the category prototype, as shown in Figure 1.6. Figure 1.6a shows that, assuming 

that two points (e.g. two cities) are on the same side of the category prototype (e.g. the 

centre of the state or country), and the point further from the prototype is fixed as the 

referent, the point closer to the prototype will be adjusted toward the prototype. This 

results in an overestimation of the inter-point distance (Newcombe, Huttenlocher, 

Sandberg, Lie, & Johnson, 1999). Conversely, when the point nearer the prototype is 

fixed, adjustment of the location of the farther point toward the prototype will result in 

underestimation of distance, as shown in Figure 1.6b. 
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a) Distance Over-Estimated When Fixed 
Referent is Farther from the Prototype 

b) Distance Under-Estimated When Fixed 
Referent is Closer to the Prototype 

Figure 1.6. Asymmetric distance judgments between two points depending on which is fixed as 
the referent. Combination of the metric and categorical estimates leads to over-estimation of the 
inter-point distance when the location farther from the category prototype is fixed as the referent 
(a), while the same process of combination leads to under-estimation when the point nearer the 
category prototype is fixed as the referent (b). 
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Interestingly, this explanation of asymmetric distance judgments suggests that 

asymmetries will even arise for two non-landmarks (Newcombe et al., 1999). According 

to scaling models, unequal contexts are presumed to be the cause of asymmetric 

judgments. However, according to Newcombe et al., the size of the context elicited by 

two non-landmarks should, on average, be equal; this means that no asymmetry in 

distance judgments would be predicted by scaling models. As outlined above and in 

Figure 1.6, though, the Category Adjustment Model does predict asymmetric distance 

judgments between any points, as long as they are of different distances from the 

category prototype. Newcombe et al. put this prediction to the test, and found empirical 

support for the predictions made by the Category Adjustment Model. Thus, the Category 

Adjustment Model does indeed predict and account for asymmetric judgments of the 

distance between two points, including points of equal-sized contexts. 

 

Heuristic Effects 

The Category Adjustment Model can also account for the apparent use of 

heuristics in spatial location judgments (e.g. Tversky, 1981). For example, the 

Philadelphia-Rome Effect, outlined earlier, is not necessarily due to mental 

representations that align the respective continents of these two cities. Rather, according 

to the Category Adjustment Model, such errors are likely due to adjustment of the 

remembered cities’ locations toward different category prototypes. For example, Rome 

may be considered part of a Mediterranean category and therefore be shifted toward a 

value prototypical of this category that is located south of Rome, while Philadelphia may 

be considered a northern city in the United States, and therefore be adjusted toward the 
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prototype of a more ‘northern’ category. Thus, according to the Category Adjustment 

Model, the effect is due to estimates of the cities’ locations being biased in opposite 

directions, due to their geographic locations. 

Friedman, Brown, and McGaffey (2002) made precisely this argument and pitted 

Tversky’s (1981) alignment explanation against that of the Category Adjustment Model. 

They reasoned that an alignment heuristic would imply that any pair of North American 

and European cities at similar latitudes should demonstrate the same relative southward 

shift for European cities. They therefore asked individuals to indicate the relative 

directions of city pairs that were either both from subjectively-defined northern areas of 

the United States and Europe, respectively (e.g. Milwaukee-Munich), both from 

subjectively-defined southern areas (Memphis-Lisbon), or from the two ‘crossed’ regions 

(Albuquerque-Geneva, Minneapolis-Rome). As predicted by the Category Adjustment 

Model, errors such as the Philadelphia-Rome effect were found only for city pairs that 

were crossed, implying that subjective categorization into “northern” and “southern” 

regions – likely on the basis of climate – was responsible for this effect (Friedman et al., 

2002).  

Similarly, the apparent use of a rotation heuristic, such as Byrne’s (1979) finding 

that intersections are recalled as closer to perpendicular than is the case, is also easily 

explained using the Category Adjustment Model. In this instance, the continuous variable 

is the angle of crossroads. Next, consider a cross-roads in which a right-hand turn is a 

turn of only 85º; the adjacent angles of the intersection (e.g. turning left) will therefore be 

a 95º turn. Indeed, considering any such crossroads, the average value of all four turns 

will necessarily equal 90º across all intersections. As such, a categorical distribution of all 
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crossroad angles will be centered at 90º. The unbiased, fine-grained representation of the 

angle between two roads, associated with some uncertainty, is combined with this 

categorical representation in a Bayesian manner – a process which yields an estimate that 

is biased toward the category prototype (90º), while minimizing overall error. Thus, 

systematic errors can be explained by the Category Adjustment Model without resorting 

to explanations that assume that underlying representations of space are distorted or 

nonmetric. 

 

Hierarchical Effects 

Finally, much as the Category Adjustment Model explains the Philadelphia-Rome 

Effect, so does it explain other geographical errors, such as those reported by Stevens and 

Coupe (1978). Rather than appealing to imperfect inference processes, the Category 

Adjustment Model predicts such effects as the result of adjusting metric location 

estimates by categorical information. In this instance, the estimates of the locations of the 

two cities in question, Reno and San Diego, are each adjusted toward a value that is 

central to their respective categories (their states). Accordingly, the estimated location of 

San Diego is shifted in a northwest direction, while that of Reno is adjusted to a location 

almost directly east of its true location. This adjustment of remembered location produces 

errors in judgment of relative direction. 

The Category Adjustment Model may even account for the reaction time effects 

found by Wilton (1979) and Maki (1981), as well as other “clustering” effects found by 

several researchers (e.g. Hirtle & Jonides, 1985; Kosslyn et al., 1974; McNamara, 1986). 

Recall that Wilton noted that relative north-south direction judgments were faster for 
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cities that were in different countries (Scotland and England, in this case). According to 

the Category Adjustment Model, the distance between Scottish and English cities would 

be overestimated (as outlined below); this overestimation would then make directional 

judgments between the countries faster than within-country estimates. 

To visualize how the Category Adjustment Model posits that intervening 

boundaries affect judgments of distance, see Figure 1.7. To simplify matters, the figure 

demonstrates boundary effects by portraying distance judgments between points either 

within a single category, or that span only two categories (countries, for example). Figure 

1.7a shows that, when two points are within the same category, on either side of the 

prototype, the estimates for their respective locations will be biased toward the same 

value (the category prototype). This causes underestimation of the distance between the 

points. Figure 1.7b, on the other hand, points out that, when the two items span different 

categories, the two values will be biased in toward different category prototypes. This 

causes overestimation of the distance between the points that span different categories. 

Therefore, even if two pairs of points are equidistant, the estimates of distance will be 

systematically under- or over-estimated based on whether they are contained within one 

or multiple categories, respectively. Thus, the Category Adjustment Model built on 

existing hierarchical models by incorporating a Bayesian component; this allows the 

Category Adjustment Model to account for hierarchical effects without assuming either 

distorted representations or the use of flawed inference strategies. 
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a) Distance Under-Estimated When 
Locations Are From The Same 
Category 

b) Distance Over-Estimated When 
Locations Are From Different 
Categories 

Figure 1.7. Over- and under-estimation of inter-point distance within and across 
categories. Combination of metric and categorical estimates leads to bias toward the 
category prototype. When two locations are within a category, this leads to under-
estimation of the inter-point distance (a). When the locations span different categories, 
this leads to over-estimates of the inter-point distance (b). 
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Empirical Evidence for the Category Adjustment Model 

While the preceding sections outline some of the novel predictions made by the 

Category Adjustment Model, and evidence in favor of those predictions, much of those 

sections is devoted to the Category Adjustment Model’s explanations of previous 

findings. While such explanatory power is undoubtedly a strength of the model, this 

chapter has not yet addressed empirical evidence for three of the most critical predictions 

of the model: first, the Category Adjustment Model assumes that, despite the introduction 

of bias to individual estimates, that overall error is minimized; second, the model predicts 

that increasing metric uncertainty will increase the magnitude of bias; and third, the 

Category Adjustment Model assumes that individuals are sensitive to the distribution of 

values that they have experienced. Finally, to close the chapter, a fourth essential 

prediction of the Category Adjustment Model – one which is addressed by the 

experiment in the following chapter – will also be described.  

 

Prediction 1: Error is Minimized 

Empirical evidence for the Category Adjustment Model has primarily been 

derived from experiments in which people are asked to recall locations presented within 

simple geometric spaces, such as a blank circle (e.g. Huttenlocher et al., 1991). In these 

studies, participants appear to use both fine-grained as well as categorical information 

(corresponding to the quadrants of the circle) in remembering the locations, as their recall 

is biased toward the category prototype (centre of mass) of the surrounding quadrant. 

Subsequent research has demonstrated similar biases in location memory using a number 

of different paradigms, including reproduction of the location (e.g. Fitting, Wedell, & 
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Allen, 2007; Wedell, Fitting, & Allen, 2007), pointing tasks (e.g. Schutte & Spencer, 

2002; Spencer & Hund, 2002), and verbal responses (e.g. Spencer, Simmering, & 

Schutte, 2006).  

In addition, as outlined earlier, a good deal of research on Bayesian cue 

combination has discovered that people do optimally integrate spatial information across 

and within sensory modalities (e.g. Ernst & Banks, 2002; Gepshtein & Banks, 2003; 

Hillis et al., 2004; Jacobs, 1999; Knill & Saunders, 2003; Young et al., 1993). However, 

only Huttenlocher et al. (1991) have actually examined optimal combination specifically 

with respect to the Category Adjustment Model. By using the variability of responses and 

an observed coefficient of bias toward category prototypes in a dot recall task, they were 

able to calculate the average variance (reliability) of the fine-grained, metric information 

alone. By comparing the variance in observed responses to this calculated value, they 

showed that the variance of responses was much lower than the variance for the metric 

information alone. That is, Huttenlocher et al. (1991) were able to mathematically 

demonstrate that both angular and radial estimates of a point’s location in a circle were 

more accurate when fine-grained, metric information was combined with categorical 

information than it would be if that information were used alone. 

 

Prediction 2: Magnitude of Bias Increases with Metric Uncertainty 

The second major prediction of the Category Adjustment Model is that the degree 

of bias should increase with uncertainty about the fine-grained, metric information 

relative to categorical information. While it is true that almost every memory task 

predicts greater errors with increasing delay or interference, this is a unique prediction in 



 36

that it assumes that the errors are not random, but will be directed towards the category 

prototype; thus, the magnitude of bias – not merely errors – increases. Furthermore, 

because memory for the category is assumed to be fairly robust, while metric memory is 

assumed to degrade rapidly, this increased magnitude is predicted to arise very quickly 

(within seconds, in some cases). As we have hinted toward, the relative uncertainty of the 

metric trace may be increased by increasing the time between study and test (allowing for 

greater decay of the metric trace), or by introducing an interference task. In either 

scenario, it is predicted that the relative certainty of the metric memory decreases, 

resulting in greater reliance on categorical information, which will be behaviorally 

observed as increased bias toward the category prototype.  

To test this prediction, Huttenlocher et al. (1991, Experiment 4) examined 

performance within subjects on a dot recall task, comparing trials that did and did not 

include a short (approximately 6 second) visuo-spatial interference task. Their results 

clearly indicate that categorical bias was greater for trials that included the interference 

task, suggesting that the category prototype was indeed weighted relatively more heavily 

on these trials. In a different sort of task, Hund and Plumert (2002, Experiment 2) tested 

whether increased delay would have a similar effect. In their task, participants learned a 

configuration of 20 objects within a square enclosure. After the learning phase of the 

experiment, they were asked to replace the objects in their precise location. This occurred 

either immediately or after a 12 minute delay. As predicted by the Category Adjustment 

Model, bias toward the category centers increased significantly with the intervening 

delay. This results of this study, along with those of the Huttenlocher et al. (1991) 
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experiment, suggest that increasing metric uncertainty results in greater bias toward 

category prototypes.  

 

Prediction 3: Individuals are Sensitive to Distributions  

As discussed earlier, under the basic formulation of the Category Adjustment 

Model, the model also suggests that individuals are sensitive to the pattern of values 

spread across the region that it encompasses (Huttenlocher et al., 1991, 2000). Similar to 

other Bayesian models, which suggest that individuals update their probabilistic models 

of the environment with experience in that environment, the Category Adjustment Model 

assumes that individuals update their models of the distribution of the values within a 

category based on their experiences. For example, one might begin with the assumption 

that dot locations within a circle quadrant are distributed uniformly; across multiple 

instances, however, this assumption continues to be updated to reflect past experiences.  

Huttenlocher et al. (2000) examined this prediction of the model by asking 

individuals to recall specific values of stimuli that varied along a single dimension (e.g., 

the fatness of line-drawn fish, or lengths of lines)6. The distribution of stimuli varied 

between participants; the distribution was either a uniform distribution, a normal 

distribution centered about the mean, or one of two narrow uniform distributions (i.e. a 

uniform distribution that included values only from the upper or lower half of the 

continuum). For both fish fatness and line length, there were significant differences in the 

patterns of bias across the conditions, consistent with the predictions of the Category 

                                                 
6 It bears repeating that, while these stimuli could still be considered a type of spatial estimates, the 
Category Adjustment Model’s underlying framework – one of optimal combination across fine-grained and 
coarse, categorical estimates – also applies for any non-spatial values that vary continuous dimensions; 
thus, while not dealing with location memory per se, this is still a direct test of the Category Adjustment 
Model’s prediction. 
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Adjustment Model. These results were also replicated in 5- and 7-year-olds, implying that 

both the combinatory process and sensitivity to distributions are present in young 

children (Duffy et al., 2006). 

 

Prediction 4: Bias Toward Category Prototypes Exists in Everyday Location Memory 

The Category Adjustment Model states that the same optimal combination across 

hierarchically nested values will be used for many different types of information and 

stimuli – including those encountered in everyday environments. However, the majority 

of studies of location memory have used highly simplified spaces, such as the interior of 

a single geometric shape (e.g. Fitting, Wedell & Allen, 2005; Huttenlocher et al., 1991; 

Huttenlocher, Newcombe, & Sandberg, 1994; Huttenlocher, Hedges, Corrigan, & 

Crawford, 2004; Sandberg, 1999). Thus, it is of critical importance to address the 

question of whether the CA findings hold for more complex, naturalistic environments.  

One important advance, in this regard, was a recent study by Holden, Curby, 

Newcombe, & Shipley (2010). This was the first study to explore the predictions of the 

Category Adjustment Model using photographs of complex, naturalistic scenes, 

containing irregularly-shaped categories. Holden et al. clearly showed that memory for 

locations within such scenes were biased toward the prototype of the surrounding 

category, supporting the predictions of the Category Adjustment Model, even with more 

complex stimuli than had ever been used previously.  

While this was undoubtedly a significant advance towards more naturalistic 

testing of the Category Adjustment Model’s predictions, there are still several factors that 

differentiate location memory in experimental settings, as compared to location memory 
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in everyday environments. Among the most critical of these differences is the task space 

used. In typical studies of the Category Adjustment Model, including Holden et al.’s 

(2010), the stimuli have depicted locations on 2D surfaces (e.g. paper, or computer 

screens). Because even photographs compress 3D spatial information onto a 2D image, 

this results in a significant loss of information. It may be that this loss of information is 

what encourages individuals to segment spaces into categories, or perhaps it encourages 

individuals to segment spaces in a different manner than they would have, if they 

encountered the scene in everyday life. For example, when dealing with a 2D image, an 

individual may truncate a category based on the borders of the image, or the presence of 

an occluder, since these edges would precisely define a category boundary; indeed, this 

would be the optimal strategy as it decreases the category size, and therefore further 

decreases potential error. A second key difference is that, while geometric shapes may 

easily be divided along symmetry axes, everyday environments might be segmented into 

spatial categories through other, higher order processes, such as functional categorization 

(e.g., the picnic area of a park; Newcombe & Huttenlocher, 2000). Third, because real-

world space is rarely uniform, the presence of landmarks or distinctive features within a 

region is highly probable and may change the location of the prototypical value away 

from the geometric mean of the area (Newcombe & Huttenlocher, 2000).  

Due to these factors that differentiate location memory in experimental and 

natural settings, it remains unclear whether the process of Bayesian combination across 

multiple levels of a spatial hierarchy, as outlined by the Category Adjustment Model, 

applies to memory for locations in fully naturalistic spaces, as it should if it is to provide 

an over-arching framework for thinking about spatial memory. It is therefore of critical 
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importance to expand on the existing literature in order to address the question of whether 

the predictions also hold for location memory in 3D spaces. Given the adaptive value of a 

system that minimizes the average error of estimates, as posited by the Category 

Adjustment Model, it seems likely that the same basic principles of optimal combination 

across levels of information should apply to location memory in 3D environments. 

However, one cannot simply assume that this is the case. In the following chapter, a new 

study that builds off of previous work by Holden et al. (2010), and significantly advances 

the existing literature on the Category Adjustment Model, by examining location memory 

in 3D space is described. 
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CHAPTER 2 

LOCATION MEMORY BIASES IN 3D SPACE  

 

Rationale 

 

As outlined at the end of the previous chapter, there are several factors that 

differentiate location memory in experimental and natural settings (see also Newcombe 

& Huttenlocher, 2000). These differences make it unclear whether the assumptions of the 

Category Adjustment Model will hold for location memory in natural spaces. Therefore, 

the goal of this study is to address the critical question of whether the predictions of the 

Category Adjustment Model apply to location memory in an everyday 3D environment, 

as they should if the model is to provide an over-arching framework for thinking about 

spatial memory. Specifically, the study examines whether location memory in 3D 

environments shows a pattern of bias toward category prototypes, and whether the 

magnitude of errors increases with retention interval, as predicted by the Category 

Adjustment Model.  

In order to assess location memory in a 3D environment, a novel extension of the 

traditional experimental paradigm for location memory was devised. Rather than 

traditional paper-and-pencil, or even computerized tasks, individuals in this experiment 

participated outdoors in a campus environment. By using a laser pointer to indicate 

locations during both the study and test phases, locations were indicated without leaving 

any traces, and participants were able to respond in the same 3D environment. By using 
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regular and irregular objects as categories, and by using a real, commonly-experienced 

3D environment (a university campus), this study represents a significant step forward in 

testing the application of the Category Adjustment Model and its predictions to everyday 

environments.  

On the one hand, as outlined in the previous chapter, there are several reasons to 

believe that memory for locations in more complex environments may differ from that 

for locations in simple geometric shapes (Newcombe & Huttenlocher, 2000). Some of 

these differences have been addressed by Holden et al. (2010), though, who found bias 

toward category prototypes, even when using visually complex photographs containing 

irregularly-shaped categories. Furthermore, given the adaptive value of a system that 

minimizes the average error of estimates, it seems likely that the same basic principles of 

optimal combination across levels of information should apply to location memory both 

in 2D and in 3D task spaces.  

If the same basic processes that apply in 2D task spaces also apply in 3D ones, 

two general predictions about location memory in this experiment follow. First, because 

the Category Adjustment Model assumes that categorical and metric information are 

combined in a Bayesian manner, and that this combination introduces bias, it would be 

expected that one would observe a non-random error pattern (biased toward the category 

prototype), even in 3D spaces. Secondly, the Category Adjustment Model predicts that 

increasing metric uncertainty will increase the magnitude of bias, since categorical 

information would be weighted relatively more heavily. Because the Category 

Adjustment Model assumes that metric information degrades quickly, one would 
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therefore predict that the magnitude of bias would increase with the length of the 

retention interval, even across relatively short delays (e.g. 10 to 20 seconds). 

 

Method 

 

Participants 

 The participants were 22 undergraduate students at Temple University. 

Participation helped fulfill research credit in a Psychology course. One additional student 

participated, but was not included in the final analysis because of failure to follow 

instructions. Specifically, this participant either began looking for the locations prior to 

the study phase commencing, or began responding before the test phase began (during the 

delay, instead) on more than 30% of the trials. All participants had either normal or 

corrected to normal vision. No participant reported having color blindness. 

 

Apparatus 

The locations in this experiment, which participants were asked to recall, were 

identified by pointing a portable outdoor laser distance meter at a specific location within 

a category. The red point of this laser is easily visible from a distance, and occupies an 

area of approximately 25 mm2.  

The body of the laser distance meter was mounted onto a camera tripod using a 

built-in docking port. The precise location at which the laser pointed could then be 

repositioned using the tripod’s tilt/pan lever. Once the desired position was reached, the 

lever was locked to ensure that the laser’s point did not move during the study (or test) 
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phases. Finally, the distance meter function of the laser was used to ensure that all 

participants viewed a given location from the same distance. The distance between the 

laser and category varied from 2.14 m to 15.38 m (M = 7.52, SD = 3.52).  

All locations, correct and response alike, were recorded by photographing them 

with a handheld digital camera auto-focused on the category. To ensure consistency and 

facilitate analysis, the correct and response photographs were taken from the same 

position and later overlaid using Adobe Photoshop® (discussed further under the Scoring 

section). Furthermore, all other camera settings, including zoom, were held constant 

across all subjects and across all locations. 

 

Stimuli 

The categories in this experiment consisted of objects and items found along a 

pre-determined outdoor walking route within a satellite campus of Temple University. 

These items were identified a priori by the experimenter, and were identical across all 

participants. In order to facilitate analysis, all objects and items were selected to have 

well-defined borders. Furthermore, they were selected to include a mixture of regular and 

irregular shapes. This was achieved by using both man-made and natural items found 

within the gardens of the campus. Finally, the size of items was loosely constrained to 

preclude objects that are small enough to be hand-held (e.g. a brick), and those that are 

large enough to be considered part of a vista space (e.g. a mountain). In total, 32 items 

were used, each associated with a single location to be remembered. 

The precise, metric location of the laser point on the surface of a given object was 

also determined a priori by the experimenter. Locations were chosen pseudo-randomly, 
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with some constraints. First, locations could not fall on or very near either category 

boundaries or category centers, as these locations would both be predicted to show no 

bias in location memory. Second, locations were evenly distributed in terms of their 

relative direction to the category prototype.  

Every effort was made to ensure that the metric location for a given object was 

consistent across all participants. However, in the absence of obvious visible markers 

(which would have also served as a cue for participants), the experimenter was only able 

to use existing cues, such as distance and direction from textural markers. This led to 

slight differences in the precise locations seen by different subjects. These differences 

were very minor, though; Figure 2.1 shows a sample item and the distribution of correct 

locations viewed by all 22 participants. It is also critical to note each participant’s 

response was coded with respect to that participant’s own correct metric value, not an 

aggregate one, as discussed in the Scoring section below. To preview, this type of 

analysis eliminates any issues that might arise from having these minor discrepancies in 

metric locations across participants.  
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Procedure 

Participants met the experimenter at the beginning of the pre-determined walking 

route. Here, the experimenter read the instructions out loud, while the participant read 

along with their own copy. The instructions emphasized accuracy in recalling locations. 

After reading, the experimenter provided one to two practice trials to ensure that the 

participant understood the task, was familiar with the operation of the laser and camera 

tripod, and could identify the laser point. Accuracy was again emphasized by the 

experimenter during the practice trials. Finally, the participant was led towards the first 

category. 

As the participant and experimenter approached the first category, the 

experimenter asked the participant to stop at a marked location, a specified distance and 

direction from the category. The participant was then instructed to face a given direction 

Figure 2.1. Sample category and distribution of correct locations across all participants. Each 
participant was shown a single red dot and asked to recall its position. Responses were coded 
with respect to that individual’s specific “correct value”. Note that this image has been cropped 
and the category enlarged to aid in visualizing the distribution of correct values. 
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(at least 120º from the direction of the category) while the experimenter set up the laser 

and tripod for that location. After positioning the tripod and laser as accurately as 

possible, the experimenter photographed the category, to record the correct location, then 

asked the participant to turn around while looking at the ground. While still looking 

downward, the participant was instructed to line themselves up with the direction of the 

laser pointer’s body. Finally, the experimenter asked the participant to look up, find, and 

try to remember the location of the laser point. The study phase of the trial lasted for 4 

seconds, after which the participant was asked to turn back around for the duration of the 

delay (10 or 20 seconds, randomly assigned to locations beforehand). During the delay, 

the experimenter randomly rotated the tripod, altered its height, and repositioned the laser 

to point downward. This disrupted participants’ ability to use information such as the 

position of the laser relative to the tripod legs or the upward or downward angle of the 

laser body, as opposed to features in the environment, to help recall locations. At the end 

of the delay, the participant was asked to face the category again, and to indicate the 

location as accurately as possible. They did this by using the tilt/pan lever on the tripod to 

reposition the laser’s point. Once the participant was satisfied with their response, they 

locked the tripod into this position, and the experimenter photographed the category a 

second time to record the response. If participants peeked at the category before the study 

phase (e.g. while turning, rather than looking downward), or at any time during the delay, 

or if they were unable to find the location during the study phase, then the trial was 

aborted and the experimenter guided the participant to the next category.  This was 

repeated until all 32 locations had been encountered. 
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Analysis 

 
Category Identification  

Recall from our previous discussion that a spatial category, as defined by the 

Category Adjustment Model, is essentially a broad spatial region that encompasses a 

range of metric locations. For example, the quadrant of an open circle that contains a 

specific location might be considered the category surrounding that location (e.g. 

Huttenlocher et al., 1991). While a circle may be divided according to its horizontal and 

vertical axes, Holden et al. (2010) note that, in visually-complex scenes containing 

irregularly-shaped objects, several different types of information may be used to segment 

scenes into their constituent categorical regions. For example, when looking at a 

particular scene, one may use basic perceptual cues (the tan-colored region adjacent to 

blue), functionality (the sandy beach), or semantic knowledge (a river delta) to identify a 

spatial category. As they point out, though, these different approaches generally converge 

on the same categories, as the perceptual and conceptual information contained in many 

photographs of scenes is highly correlated. Indeed, while Holden et al. (2010) found that 

both perceptual and conceptual information are important in segmenting scenes into their 

constituent categories (Experiment 2), they also demonstrated that defining categories 

based purely on perceptual information yielded extremely similar categories to those 

identified by a second group of participants in a paper-and-pencil task (Experiment 1).  

The present study identified categories by applying the same computer algorithm 

used by Holden et al. (2010). While this method does not take into account conceptual 

information, it does define categories on the basis of shared physical/perceptual features 

(color, luminance, and texture) as described below. Furthermore, as mentioned above, 
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Holden et al. found that the categories identified by this algorithm correlated strongly 

with those identified by participants in a drawing task, and that both sets of categories 

(algorithm- and participant-defined) predicted location memory errors. In addition, this 

method allows categories to be defined a priori both quickly and objectively.  

The algorithm itself is the plugin of a widely available software package, ImageJ, 

and employs a pixel-based k-means clustering method (Abramoff, Magelhaes, & Ram, 

2004). That is, pixels in the image may be defined by their red, green, and blue (RGB) 

color values; to create clusters, the algorithm randomly chooses k such values, called 

cluster values, and calculates the difference between each pixel’s RGB profile and these 

values. Each pixel within the image is assigned to the nearest cluster value. The cluster 

values are then iteratively adjusted, with each pixel again being assigned to the nearest 

cluster value, so as to minimize the average distance between them. The value of k for 

each image was determined by the number of distinct peaks present on the image’s RGB 

profile histogram, as determined by two graduate students. 

The result of this algortihm is an image consisting of k color values, which was 

then “despeckled” to remove noise (see Figure 2.2). The category was then identified by 

using a “wand” tool at the correct location; this tool creates a selection by seeking the 

nearest edge and following it until it loops back on itself. The centre of mass of the two-

dimensional shape surrounding each location served as the prototype value for this study. 
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Figure 2.2. Sample image and category identified by k-means clustering 
algorithm. The original image (a) was determined to contain 8 color-based 
clusters (b). Categories were defined on the basis of these clusters, following 
the method of Holden et al. (2010). 

b) Result of k-Means Clustering Algorithm with Category Outlined 

a) Original Photograph of Category and Correct Location 
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It should also be noted that the procedure outlined here was performed separately 

for all correct locations, both across different categories as well as across all participants. 

This is important because, if lighting conditions strongly differed between participants, it 

could have led to the use of very different categories by those individuals. For example, 

in cloudy weather, the lighting is diffuse and strong shadows do not exist; however, under 

clear, sunny skies strong shadows exist. The identical correct location might therefore be 

classified as “on the tree stump” or as “within the shadow” by different participants, 

depending on lighting conditions. Such differences were rarely the case, but by 

performing the above procedure on all images – across both categories and participants – 

the categories identified were more individualized, and took into account some of the 

subtle differences that might have led to differential categorization across subjects. 

 
Image Processing:  

As mentioned earlier, the correct and response digital images were taken from as 

close to the same position as possible. This eliminated differences in foreshortening and 

other issues of coding values from different viewpoints.  

Before any further processing, the laser point in all response images was re-

colored bright green to avoid any ambiguity later in analysis. Then, once the category had 

been identified using the k-means method outlined above, both images were cropped to 

include little more than the category, and were overlaid using Adobe Photoshop’s® auto-

align feature (Figure 2.3a-c). This aligns two images based on their content (e.g. colour 

values and luminance boundaries). Alignment was performed after cropping to minimize 

the effect of any minor differences in the images’ extraneous content. For example, a 

small gust of wind during the study phase would show grass oriented in one direction, 
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while the still grass of the test phase might be upright. However, by cropping the images 

prior to aligning them, it was possible to have the categories perfectly aligned. The result 

was a single image containing the category and the (differently-colored) correct and 

response laser points. Finally, the category identified from the k-means method was then 

transferred onto the composite image containing both laser points (Figure 2.3d-e). The 

centre of mass of the two-dimensional shape surrounding the correct location served as 

the central or prototype value in the experimental analysis. The process of combining the 

images can be visualized in Figure 2.3, below. 
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Figure 2.3. Schematic diagram of image processing. Correct (a) and Response (b) 
images were cropped and aligned, resulting in a combined image (c). Category 
information based on the k-means clustering algorithm (d) was then added to the 
combined image (c). This resulted in the final image (e) used for scoring. 

a) Original Size Correct 
Image 

b) Original Size Response 
Image 

c) Cropped and Auto-
Aligned Image 
(Contains Both 
Correct and Response 
Locations) 

d) Cropped k-Means 
Clustering Image with 
Category Outlined  

e) Final Cropped Image 
with Category, 
Correct and 
Response Locations  
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Scoring 

All data analysis and scoring was done using the combined images that resulted 

from the preceding steps of processing. As a reminder, the participants’ task was to 

indicate the location that they had seen the laser’s point by repositioning the laser a short 

time later. On some trials, however, participants were unable to see the laser point during 

the study phase. These trials were then aborted, and the experimenter moved to the next 

location. However, for trials in which the participant was uncertain but felt that they had 

seen the laser point, they were encouraged to “make a best guess”. In some instances, this 

led to extremely large errors. To prevent such cases from affecting the mean error, those 

responses whose error was so great that it was likely that the participant had either 

completely forgotten the location, or had misinterpreted some other point of light as 

having come from the laser pointer, were deleted. Specifically, using only the image data, 

those responses greater than 512 pixels (7.2 cm or 25% of the uncropped image length) 

from the correct location were removed. While the distance that this equates to, in terms 

of error in the “real world,” depends on viewing distance, the criterion used typically 

translated into errors greater than 1.5 m from the correct location. These responses 

accounted for 0.65% of the data. Additionally, after this culling, the standard deviation of 

the distance of responses from the correct location was calculated for each category 

(Levine, 2004); responses greater than three standard deviations were deleted, eliminating 

an additional 2.79% of the data. 

Following the method of Holden et al. (2010), the remaining responses were 

converted to vectors, each originating at their associated correct location. Similarly, the 

category centers were also converted to vectors, also originating at the correct location 
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(Figure 2.4). These two vectors represent the observed and predicted error directions, 

respectively, for that location. By calculating the difference angle between these two 

vectors, a measure of bias toward the category center is obtained. That is, a difference 

angle of 0º would imply that the observed error was precisely in the direction of the 

category center (i.e. the direction predicted by the Category Adjustment Model), while an 

angle difference of 180º would imply that the error was in precisely the opposite 

direction. 

 

 

 

 

 

 

 

 

Figure 2.4. Sample category and schematic of scoring process. All responses were re-coded as 
vectors originating at the correct location. Here, the correct location is shown as a red dot; the 
response vector is shown as a red arrow (i.e. the sample response was located at the arrowhead). 
The category prototype (center of mass), shown as a colored star, was also converted to a vector 
(the dashed line ending at the star).  The angle of difference the arrow and the dotted line was 
measured. A difference angle near 0º would indicate that the response was in the direction of the 
category center, as predicted by the Category Adjustment Model. 
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It is important to note, however, that very minor deviations from correct are likely 

to be randomly distributed about the correct answer – as they are more likely due to 

errors in physically responding than actual memory biases – and could potentially inflate 

the value for the average angle of deviation from predicted. To account for this, the 

difference angles and error magnitudes for all responses at a given category were 

combined into a weighted average for that category (Zar, 1998). By weighting the 

difference angle by the magnitude of error, very minor deviations from correct exert 

much less of an effect on the average deviation angle than larger errors. The result of 

these calculations was that each category became associated with a specific average 

difference angle that represents the difference between the predicted and observed error.  

Note that, with the exception of Holden et al. (2010), this method differs from that 

of previous studies (e.g. Huttenlocher et al., 1991). Rather than examining responses with 

respect to a fixed point across all locations – the circle center, in the past – this analysis 

focuses on the direction and magnitude of error vectors from their associated correct 

locations. The primary advantage of this approach is that, whereas previous studies use 

separate analyses for the direction and the distance of errors, this method directly assesses 

both types of information simultaneously. Furthermore, this method allows one to easily 

visualize errors with respect to the predicted value, even across irregularly-shaped 

categories.  

 
Statistical Analysis 

While the aforementioned method – computing an average difference angle from 

predicted for each category – affords us an excellent method for visualizing the data, and 

for examining whether the CA bias holds for the majority of categories or not, it would 
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be inappropriate to use these difference angles to determine the overall mean error, or to 

perform statistical analyses (Zar, 1998; see also Holden et al., 2010). One reason is 

simply that each participant would have contributed multiple data points, which cannot 

be treated as independent. Furthermore, using the average difference angles for each 

category as individual data-points would imply that no variance existed within that 

category – that all participants erred in precisely the same direction. An example helps 

illustrate this latter point: consider two locations, each remembered by two individuals. 

On the first location, both individuals err in precisely the direction of 90° by precisely 1 

unit of length. The average vector is therefore directed toward 90° and is 1 unit long, 

implying zero angular variance. For the second location, both individuals make the same 

1 unit errors, but one errs in the direction of 1°, while the other misremembers the 

location in the direction of 179°. For this location, the angular variance of responses is 

much higher. Even though the average angle is still 90°, the length of the average vector 

is very small (approximately 0.02 units), implying that the errors are more or less 

randomly distributed. So, returning to the analysis at hand, using average difference 

angles alone, without taking into account the angular variance associated with each value, 

would be inappropriate. 

One should also take into consideration the magnitude of location memory errors. 

That is, it is likely that for some locations – those immediately adjacent to prominent 

textural elements, for example – many of the observed errors would be small and 

randomly distributed about the correct location. In such cases, the only source of error 

might be motor response and not location memory per se. So, cases in which the average 

error magnitude is small are less informative about location memory processes. Indeed, 
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for a distribution in which errors are small and randomly distributed, shifting a single 

response by one or two millimeters could dramatically shift the direction of the average 

error vector for that location. 

Therefore, to address these issues, and to more directly assess the question of 

whether individuals tend to recall locations as being closer to the category prototype 

(center of mass) than they were, this study followed Holden et al. (2010) in performing 

Hotelling’s one-sample second-order analysis (Zar, 1998). Specifically, the average 

difference angle for each participant was used, rather than the average difference angle 

for each category. The method for calculating this average difference angle, and for 

weighting it according to error magnitude, is identical to the method previously outlined 

in the Scoring section for calculating the average difference angle for a given category. 

The result of this is that each participant is associated with a single mean difference 

angle. The second-order (also called the mean of means) test is appropriate, since each 

average error vector represents the mean difference angle for a single participant. Finally, 

Hotelling’s analysis tests the distribution of these average error vectors, which include 

both direction and vector length (angular variance) information, against the null 

hypothesis that there is no mean direction of bias (i.e. random error). 

 

Results 

 

Bias Toward Category Prototypes 

The first major goal of this study was to examine whether memory for locations in 

a 3D space showed the systematic pattern of bias predicted by the Category Adjustment 
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Model. Although the method of computing an average difference angle from predicted 

for each category may not be appropriate for data analysis, it still provides an excellent 

alternative method for visualizing the data, and for examining whether the CA bias holds 

for the majority of categories (Holden et al., 2010). The distribution of average 

differences for each category is shown in Figure 2.5a. Note that, in this figure, an overall 

pattern of bias consistent with the Category Adjustment Model would lead to errors of 

approximately 0º. This figure implies that, for the majority of locations shown, 

participants appear to have erred in the direction of the category prototype. 

In terms of testing whether individuals showed a pattern of bias consistent with 

the Category Adjustment Model, the second-order distribution – the average error vectors 

for each participant – is shown in Figure 2.5b. From this one can see that, with an alpha 

of .05, subjects erred in a significantly directed fashion, (M= 359.48°, CI.95 = 342.43°, 

13.05°), F(2,20) = 21.55, p < 0.01, d = 2.08. There was no difference in the errors made 

between males and females, F(2,20) = 1.44, ns, nor was there any difference in the errors 

made between locations seen in the first versus second half of the study, F(2,20) < 1, ns. 
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Effects of Retention Interval 

The second major question investigated in this experiment was whether increasing 

metric uncertainty – by increasing the delay between study and test – would increase the 

magnitude of bias, as predicted by the Category Adjustment Model. Surprisingly, initial 

analysis found that there was no significant difference between the magnitude of 

subjects’ errors across the two delay conditions, t(21) = 0.46, ns.  

However, it was noted during the experiment that participants occasionally 

experienced minor setbacks when making a response. For example, they occasionally had 

difficulty aiming the laser pointer using the tripod tilt/pan lever early in the response 

a) Difference Angles for All Locations  b) Weighted Error Vectors for All Participants  

Figure 2.5. Difference of location memory errors from the predicted direction (toward the 
category center). (a) Equal-area rose diagram of the angular difference between the mean error 
vector for a given location and the predicted direction of error for that location. Average angular 
difference values for all locations are shown. (b) Mean error vectors per subject. The difference 
between each response and the predicted direction of error is recorded and a mean error vector 
(with respect to the predicted direction) is calculated. Each vector therefore represents a single 
subject’s tendency to err in the predicted direction or not. Vector length varies inversely with 
angular dispersion (i.e. longer vectors represent more consistent errors in a given direction, such 
as toward the prototype). Note that the predicted direction of error in both figures is 0° 
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phase; in other instances, participants forgot to lock the lever in position before releasing 

it. In both cases, participants were allowed to take as much time as needed to make a final 

response. However, in taking a longer time to do so, they inadvertently increased the 

retention interval. Indeed, if such difficulties occurred on a trial that was assigned a 10-

second delay, the retention interval was actually similar to that of a standard trial that had 

been assigned a 20-second delay. 

For this reason, an additional analysis was performed, using the actual durations 

of the retention intervals, rather than those of the intended delays. Retention intervals 

were calculated by subtracting the timestamps of the digital photographs for the study 

and test images. The data were then separated into three bins – short, medium, and long 

durations; these correspond roughly to trials with no issues and a 10-second delay, trials 

with either a 10-second delay with some response issues or trials with no response issues 

and a 20-second delay, and to trials with issues and a 20-second delay. When the data is 

sorted in this manner, there is a significant linear trend in the magnitude of subjects’ 

errors with increasing retention intervals, F(1, 21) = 5.76, p = 0.03, d = 1.07. Therefore, it 

is clear that the magnitude of errors made tends to increase with the true retention 

interval, as predicted by the Category Adjustment Model. 

 

Discussion 

 

Taken together, the results of this study strongly support the predictions of the 

Category Adjustment Model, even when locations to be remembered are located in a 3D 

environment. First, the Category Adjustment Model predicts that location memory will 
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be biased toward the category center (prototype), due to the combination of uncertain 

metric information and categorical information (represented by the category prototype; 

e.g., Huttenlocher et al., 1991). In this study, participants’ responses were clearly biased 

in the direction of the category prototypes, supporting this prediction of the Category 

Adjustment Model, even in a 3D task space. Second, the Category Adjustment Model 

suggests that decreasing the certainty of metric information relative to categorical 

information will result in increased errors toward the category center (Huttenlocher et al., 

1991). One method to decrease the relative certainty of metric information is to increase 

the duration of the interval between first seeing a location and reporting that location; 

according to the Category Adjustment Model, this leads to differential loss of metric and 

categorical information (i.e., that categorical information is relatively untouched by loss, 

while metric information degrades relatively quickly). The results of this study also 

demonstrate that error magnitude increased linearly with the length of the retention 

interval, supporting this second prediction of the Category Adjustment Model in a 3D 

task space. This is the first evidence to date of the combinatory process outlined by the 

Category Adjustment Model operating in a location memory task that takes place entirely 

in a 3D environment (i.e., in which the location is both viewed and reported in such an 

environment). 

A keen observer may note, however, that bias was not directed precisely toward 

the category prototype across every single category (see Figure 2.5a). There is some 

variability in the direction of error, and some categories even show bias in the direction 

opposite the presumed category prototype. There are several possible reasons why this 

may be the case. The first and most simple explanation is that some of these findings 
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were due to very accurate recall by the majority of participants, and a biased recall 

opposite the category by one or two participants. In such cases, the average angle of 

deviation from predicted is driven by those few points. Indeed, upon further inspection of 

the data, this was the case for three of the seven categories that showed error in a 

direction away from the category center. 

A second explanation for the slight variability in the direction of error is that this 

study, like those of Holden et al. (2010), defined categories as using 2D images, and 

defined the category prototype as the center of mass of the two-dimensional shape 

surrounding each dot/laser-point location. However, given the results of Holden et al., 

Experiment 2 – that categories appear to be defined using both low-level visual cues as 

well as conceptual information – it seems unlikely that participants in this study used 

only 2D luminance and color information to define the categories used to guide their 

recall. Similarly, it is possible that the use of the geometric mean (center of mass) of the 

2D shape surrounding the location may not always be precisely equal to the location 

identified by participants as the category prototype. It is therefore possible that the 

categories and prototypes identified in this study did not correspond precisely to those 

used by participants. However, this is not a particularly likely explanation. As Holden et 

al. noted, the perceptually- and conceptually-defined categories frequently converge on 

the same resulting category. Secondly, in both Holden et al.’s and this study, the use of 

the geometric mean (center of mass) as the category prototype clearly predicted the 

direction of observed bias, even for irregularly-shaped categories and, in this case, for 

categories seen in 3D space. This is also consistent with previous studies that have used 

simplified geometric spaces (e.g. Huttenlocher et al., 1991). 
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A third explanation for the minor variability in the direction of bias is the 

potential use of landmarks or other distinctive features of the space to help guide 

participants’ responses. Hirtle and Jonides (1985), for example, observed bias in location 

memory toward prominent featural elements. Given the salience and relative prominence 

of textural information in a 3D environment – as compared to a smaller photo of that 

environment – it is possible that, for some categories, individuals were simply “pulled” 

towards prominent features or textural elements. This explanation also seems unlikely, 

though. Given that all of the categories seen were ripe with texture and feature 

information, there seems no reason to suspect that this information was used only for one 

or two of the categories. Furthermore, another obvious potential use of this type of 

information would be either to roughly triangulate the metric location (thereby protecting 

it from the effects of decay) or to form smaller, more precise categories that would reduce 

overall bias. However, given that the magnitude of errors increased linearly with the 

length of retention interval, it seems very unlikely that the metric information was at all 

protected from delay through such a strategy. 

The latter point, however, that categories were somehow subdivided – whether 

through the use of texture or feature information or symmetry axes, for example – seems 

a much more likely explanation for some of the variability in the direction of response 

biases across categories. If the subdivided category prototype is in a different direction 

from the one identified by the k-means clustering algorithm, then the pattern of bias will 

appear to be in a very different direction from predicted. Indeed, upon further 

examination of the data, the remaining four categories that showed error in the direction 

roughly opposite the category center all appear to have been subdivided by participants. 
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Interestingly, three of the four categories that showed evidence of subdivision were 

regular, geometric shapes (e.g. see Figure 2.6). The remaining category was a tree, with a 

long, relatively rectangular trunk and few branches on the lower 3 meters. All four 

categories appear to have been subdivided along a symmetry axis (Figure 2.6). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In summary, although the data showed some variability across categories, the 

overall results strongly support the predictions of the Category Adjustment Model, even 

in a 3D environment. Location memory was biased overall toward the category 

 
 
 
 

Figure 2.6. Possible subdivision of a category. The error vectors (from correct to response), each 
corresponding to a single subjects’ recollection of this location are shown. For simplicity, the 
vectors all begin at the average correct location (red point), and only those errors greater than 2 cm 
are displayed. The category defined by k-means clustering is outlined in blue, and the 
corresponding category prototype is shown as a blue star. Note that an alternative category may be 
defined by imposing a boundary at the midpoint of the board (dotted green line), with a 
corresponding alternative category prototype (green star). In this case, the response pattern 
suggests that the alternative category was used. Furthermore, because the two category centers are 
in opposing directions from the correct location, bias toward the alternative category center leads 
to the finding that errors were apparently biased away from the predicted category prototype. 
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prototypes. Those items that seemed to show a different pattern of bias were either driven 

by one or two datapoints, or were due to the same CA process, but on subdivided 

categories.  Furthermore, the results show that error magnitude increases linearly with the 

length of the retention interval. These findings are the first evidence of the combinatory 

process outlined by Huttenlocher et al. (1991) in 3D environments, where both the 

location and test take place in that environment. 
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CHAPTER 3 

GENERAL DISCUSSION 

 

The goal of the work in the preceding chapter was to address the question of 

whether the predictions of the Category Adjustment Model apply to location memory in 

an everyday 3D environment.  Specifically, the study examined whether location memory 

in 3D environments shows a pattern of bias toward category prototypes, and whether the 

magnitude of errors increases with retention interval, as predicted by the Category 

Adjustment Model. Given that the model seeks to provide an over-arching framework for 

thinking about spatial memory, the question of whether its predictions hold for everyday 

environments is of critical importance. In order to assess this question, a novel extension 

of the traditional experimental paradigm was devised.  

The results strongly supported the predictions of the Category Adjustment Model, 

even in a 3D environment. Participants’ responses were clearly biased in the direction of 

the category prototypes, and error magnitude increased linearly with the length of the 

retention interval, supporting two of the major predictions made by the Category 

Adjustment Model. This is the first evidence to date of the combinatory process outlined 

by the Category Adjustment Model operating in a location memory task that takes place 

entirely in a 3D environment (i.e., in which the location is both viewed and reported in 

such an environment). These results represent a major step forward in the application of 

the Category Adjustment Model and its predictions to everyday environments.  

A critic, however, may wonder how much the experimental procedure used is 

truly applicable to location memory in daily life. They may point out that, although the 
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environment was 3D, the laser point only shone on the surfaces of an object. The 

response to such an objection is fairly simple. Everyday location memory problems may 

include “where did I park my car?”, “I thought I left my earrings in the right side of the 

dresser drawer!”, or, in an auditorium or dark movie theater, “where was I sitting?”. In 

each of these cases, the item being sought (car, earrings, and seat) is located on the 

surface of their respective categories (parking lot, drawer bottom, or auditorium/theater 

floor, respectively). That is, outside of miraculous levitation, one would not expect any of 

these items to be located anywhere but on the surface of a category7. Therefore, asking 

participants to recall locations on the surfaces of categories is an excellent step toward 

evaluating the Category Adjustment Model in everyday location memory.  

There are still some factors that remain to be addressed, though, in order to 

rigorously test the model in daily-life scenarios. For example, locations in 3D 

environments, outside of controlled experimental conditions, are often viewed from 

multiple angles, and the recall viewpoint at recall may be very different from the 

viewpoint at encoding (e.g. when remembering a parking spot at a grocery store with the 

entrance and exit doors located at different points). Secondly, given the results of the 

study in Chapter 2, it is unclear whether subdivision of categories only occurs with 

regular, more-or-less geometric shapes, or whether the conditions for subdivision of 

irregular categories simply was not met. Finally, given the number of studies that have 

shown expertise differences in semantic categorization, it seems at least possible that 

                                                 
7 It is noteworthy that modern parkades may allow for a vertical dimension to the question of one’s car’s 
location. However, it could easily be argued, in this case, that the parkade level is dealt with independently 
of parking space location. That is, the parkade level would first be retrieved, and then position of one’s car 
is estimated.  
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similar differences may arise in spatial categorization. These questions are addressed in 

more detail in the following section. 

 

Future Directions 

 

Viewpoint-Dependence in Location Memory 

It is fairly clear that, under experimental conditions, categorical and fine-grained 

metric representations are both used to make estimates regarding spatial location (e.g., 

Fitting et al., 2005; Holden et al., 2010; Huttenlocher et al., 1991; Huttenlocher et al., 

2004). However, it is unknown the degree to which these representations are viewpoint-

specific or viewpoint-independent. The ability to recognize scenes and locations from 

multiple viewpoints, including those never before experienced, is clearly of critical 

adaptive importance. This question of viewpoint-specificity has its roots in the rich body 

of work on object recognition (e.g. Biederman, 1987; Biederman & Gehardstein, 1993; 

Bülthoff & Edelman, 1992; Bülthoff, Edelman, & Tarr, 1995; Edelman, 1999; Tarr & 

Pinker, 1989; Ullman, 1989, 1996). However, surprisingly little research has examined 

scenes. Two notable exceptions are Diwadkar and McNamara (1997), and Friedman and 

Waller (2008), who examined scene recognition across multiple perspectives. Friedman 

and Waller, for example, trained participants on two views of a single scene, then tested 

them on recognition of a third, novel view. They found evidence for view combination, 

as recognition for the novel view was facilitated when it was between the two, relatively 

near training views.  
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Relating this back to the topic at hand, the question of viewpoint in natural 

environments has never been addressed in studies of location memory. However, at least 

two Category Adjustment effects due to changes in viewpoint could be predicted: First, 

because the difficulty in matching two representations appears to increase linearly with 

rotation angle (e.g. Diwadkar & McNamara, 1997; Shepard & Metzler, 1971), and 

because task difficulty is associated with a loss of metric information (Huttenlocher et al., 

1991), for tasks with only a single training viewpoint, changing the view of a scene 

between studying a location and recalling that location is likely to increase uncertainty of 

the fine-grained estimate of that location as a function of the disparity between the two 

viewpoints; thus, one would predict that bias would increase with the difference between 

study and test viewpoints.  Second, to the extent that multiple studied viewpoints of the 

same location are combined, the reliability associated with the metric estimate of that 

location will increase; therefore, given Friedman and Waller’s (2008) findings, one 

would predict decreased bias toward the category prototype for trials in which 

participants receive two different views at study, and are tested with a novel viewpoint 

between these two (in comparison to an equidistant novel view that falls outside of the 

two studied views). These two hypothetical experiments would go a long way toward 

evaluating the Category Adjustment Model in everyday location memory. 

 

Inducing Subdivision of Irregular Categories 

A second, interesting question with respect to location memory in everyday 

environments is the regularity with which subdivision of categories occurs. For example, 

the results in Chapter 2 imply that subdivision only occurred for those categories that 
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were more-or-less geometric shapes (although not all categories that were geometric were 

subdivided). It is possible, though, that subdivision may occur even for irregularly-shaped 

categories, but that the conditions for this to occur simply were not met in this 

experiment.  

On the one hand, it seems somewhat likely that subdivision should occur. By 

minimizing the size of the category, the magnitude of potential errors are also minimized. 

Given that the Category Adjustment Model outlines an adaptive system that minimizes 

the average error of estimates, and that (all else being equal) smaller category sizes would 

decrease the magnitude of any errors, it would therefore seem likely that subdividing 

categories would occur. On the other hand, the precision of boundaries is also important 

to accuracy, and boundaries associated with subdivision are rarely as certain as those of 

the entire category (excluding symmetry axes; Huttenlocher et al., 2004). 

Several studies have shown that locations near imposed boundaries (e.g the 

vertical or horizontal axis of a circle) often show little average bias (e.g. Huttenlocher et 

al., 2004; Haun, Allen, & Wedell, 2005; Fitting et al., 2007). This is due to the tendency 

to sometimes erroneously assign category membership to the adjacent category, resulting 

in differing biases that cancel each other out. In fact, the less precisely that a boundary is 

defined, the more likely it is that a point near that boundary will be misclassified, leading 

to large errors in estimation (see Figure 3.1). Therefore, using categories with imprecise 

boundaries may lead to worse performance overall (e.g., Engebretson & Huttenlocher, 

1996; Huttenlocher et al., 2004). 

 

 



 72

 

 

 

 

 

 

 

 

 

 

 

 

 

 

One way in which to address the question of whether irregularly-shaped 

categories may be subdivided would be to perform a similar experiment to the one in the 

previous chapter, but vary the distances to a given category. That is, an object that is 

viewed from a distance will necessarily occupy less of the visual field than that same 

object viewed up close. Furthermore, the availability of textural markers and other cues 

that might help define category boundaries in a precise manner are more visible from a 

shorter viewing distance. If such markers are present, and the object occupies a 

sufficiently large portion of the visual field, it seems highly likely that the benefit of 

subdividing the structure into smaller categories would outweigh the cost of any 

Figure 3.1. The effects of boundary certainty on determining category membership. Locations 
within the areas of uncertainty associated with each boundary (colored wedges) may be 
misclassified as belonging to an adjacent category (quadrant). Clearly, boundaries that are more 
precisely deinfed (in this case, the vertical axis) lead to fewer categorization errors than 
boundaries that are less precisely defined. Boundary precision is therefore associated with 
performance in location memory tasks. 
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imprecision in the boundary definition. Like those of the previous section, this 

experiment would represent a significant step toward evaluating the Category Adjustment 

Model in everyday location memory. 

   

Summary 

 

Although the ability to remember the spatial locations is critical to human 

functioning, spatial memories and judgments often show systematic errors. A recent 

model – the Category Adjustment Model – combines the strengths of hierarchical models 

and Bayesian models to explain such errors without resorting to assumptions that 

underlying representations are distorted, or that suboptimal inferences are used.  

Empirical evidence for this model has been promising, although much of the work has 

examined memory for locations in simple geometric shapes. The study outlined in this 

dissertation addresses the question of whether the predictions of the Category Adjustment 

Model generalize to location memory in the complex natural world, as they should if the 

model is to provide an over-arching framework for thinking about spatial memory. By 

using a novel extension of the traditional paradigm, location memory in a 3D 

environment was examined.  The results support two predictions of the Category 

Adjustment Model – that memory for locations is biased toward central values, and that 

the magnitude of error increases with the retention interval. Future studies may examine 

whether irregularly-shaped categories are subdivided under certain conditions, as well as 

the effects of changes in viewpoint on location memory performance.   

 



 74

 

REFERENCES CITED 

 

Abramoff, M. D., Magelhaes, P. J., & Ram, S. J. (2004). Image Processing with ImageJ. 

Biophotonics International, 11, 36-42. 

Alais, D. & Burr, D. (2004). The ventriloquist effect results from near-optimal bimodal 

integration. Current Biology, 14, 257-262. 

Anderson, J. R. (1990). The adaptive character of thought. Hillsdale, NJ: Erlbaum. 

Anderson, J. R. (1991). The adaptive nature of human categorization. Psychological 

Review, 98, 409-429. 

Biederman, I. (1987). Recognition by components: A theory of human image 

understanding. Psychological Review, 94, 115-147. 

Biederman, I., & Gerhardstein, P.C. (1993). Recognizing depth-rotated objects: Evidence 

and conditions for 3D viewpoint invariance. Journal of Experimental Psychology: 

Human Perception and Performance, 19, 1162-1182. 

Bülthoff, H. H., & Edelman, S. (1992). Psychophysical support for a 2-D view 

interpolation theory of object recognition. Proceedings of the National Academy 

of Science, 89, 60-64. 

Bülthoff, H. H., Edelman, S., & Tarr, M. J. (1995). How are three-dimensional objects 

represented in the brain? Cerebral Cortex, 5, 247–260. 

Briggs, R. (1973). Urban cognitive distance. In R. M. Downs and D. Stea (Eds.), Image 

and environment (pp. 361-388). London: Arnold. 



 75

Brockmole, J. R., & Wang, R. F. (2002). Switching between environmental 

representation in memory. Cognition, 83, 295-316. 

Bryant, D. J., & Subbiah, I. (1994). Subjective landmarks in perception and memory for 

spatial location. Canadian Journal of Experimental Psychology – Revue 

Canadienne de Psychologie Experimentale, 48, 119-139.  

Byrne, R. W. (1979). Memory for urban geography. Quarterly Journal of Experimental 

Psychology, 31, 147-154. 

Chase, W. G. & Chi, M. T. H. (1981). Cognitive skill: Implications for spatial skill in 

large-scale environments. In J. Harvey (Ed.), Cognition, social behavior, and the 

environment (pp.111-136). Hillsdale, NJ: Erlbaum. 

Deneve, S., & Pouget, A. (2004). Bayesian multisensory integration and cross-modal 

spatial links. Journal of Physiology – Paris, 98, 249-258.  

Diwadkar, V. A., & McNamara, T. P. (1997). Viewpoint dependence in scene 

recognition. Psychological Science, 8, 302–307. 

Duffy, S., Huttenlocher, J., & Crawford, L. E. (2006). Children use categories to 

maximize accuracy in estimation. Developmental Science, 9, 597-603. 

Engebretson, P. H., & Huttenlocher, J. (1996). Bias in spatial location due to 

categorization: Comment on Tversky and Schiano. Journal of Experimental 

Psychology: General, 125, 96-108. 

Ernst, M. O., & Banks, M. S. (2002). Humans integrate visual and haptic information in a 

statistically optimal fashion. Nature, 415, 429-433. 

Ernst, M. O., & Bülthoff, H. H. (2004). Merging the senses into a robust percept. Trends 

in Cognitive Sciences, 8, 162-169.  



 76

Fitting, S., Wedell, D. H., & Allen, G. L. (2005). Memory for spatial location: Influences 

of environmental cues and task field rotation. In A. G. Cohn & D. M. Mark (Eds.) 

Spatial information theory: International Conference, COSIT 2005 (pp. 459-474). 

Berlin: Springer-Verlag.  

Fitting, S., Wedell, D. H., & Allen, G. L. (2007). Memory for spatial location: Cue 

effects as a function of field rotation. Memory & Cognition, 35, 1641-1658. 

Friedman, A., Brown, N., & McGaffey, A. (2002). A basis for bias in geographical 

judgments. Psychonomic Bulletin & Review, 9, 151-159. 

Freidman, A., & Waller, D. (2008). View combination in scene recognition. Memory & 

Cognition, 36, 467-478.  

Gepshtein, S., & Banks, M. S. (2003). Viewing geometry determines how vision and 

haptics combine in size perception. Current Biology, 13, 483-488. 

Glicksohn, J. (1994). Rotation, orientation, and cognitive mapping. American Journal of 

Psychology, 107, 39-51. 

Haun, D. B. M., Allen, G. L., Wedell, D. H. (2005). Bias in spatial memory: A 

categorical endorsement. Acta Psychologica, 118, 149-170.  

Hillis, J. M., Watt, S. J., Landy, M. S., & Banks, M. S. (2004). Slant from texture and 

disparity cues: Optimal cue combination. Journal of Vision, 4, 967-992. 

Hirtle, S. C., & Jonides, J. (1985). Evidence of hierarchies in cognitive maps. Memory & 

Cognition, 13, 208-217. 

Holden, M.P., Curby, K.M., Newcombe, N.S., & Shipley, T.F. (2010). A category 

adjustment approach to memory for spatial location in natural scenes. Journal of 

Experimental Psychology: Learning, Memory, and Cognition, 36, 590-604.  



 77

Holyoak, K. J., & Mah, W. A. (1982). Cognitive reference points in judgments of 

symbolic magnitude. Cognitive Psychology, 14, 328-352. 

Hund, A. M., & Plumert, J. M. (2002). Delay-induced bias in children’s memory for 

location. Child Development, 73, 829-840. 

Huttenlocher, J., Hedges, L. V., Corrigan, B., & Crawford, L. E. (2004). Spatial 

categories and the estimation of location. Cognition, 93, 75-97. 

Huttenlocher, J., Newcombe, N., & Sandberg, E. H. (1994). The coding of spatial 

location in young children. Cognitive Psychology, 27, 115-147. 

Huttenlocher, J., Hedges, L. V., & Duncan, S. (1991). Categories and particulars: 

Prototype effects in estimating spatial location. Psychological Review, 98, 352-

376. 

Huttenlocher, J., Hedges, L. V., Lourenco, S. F., Crawford, L. E., & Corrigan, B. (2007). 

Estimating stimuli from contrasting categories: Truncation due to boundaries. 

Journal of Experimental Psychology: General, 136, 502-519. 

Huttenlocher, J., Hedges, L. V., & Vevea, J. L. (2000). Why do categories affect stimulus 

judgement? Journal of Experimental Psychology: General, 129, 220-241. 

Jacobs, R. A. (1999). Optimal integration of texture and motion cues to depth. Vision 

Research, 39, 3621-3629. 

Knill, D. C., & Saunders, J. A. (2003). Do humans optimally intergrate stereo and texture 

information for judgments of surface slant? Vision Research, 43, 2539-2558. 

Kosslyn, S. M., Murphy, G. L., Bemesderfer, M. E., & Feinstine, K. J. (1977). Category 

and Continuum in mental comparisons. Journal of Experimental Psychology: 

General, 106, 341-375. 



 78

Kosslyn, S. M., Pick, H. L., & Fariello, G. R. (1974). Cognitive maps in children and 

men. Child Development, 45, 707-716. 

Lederman, S. J., & Taylor M. M. (1969). Perception of interpolated position and 

orientation by vision and active touch. Perception & Psychophysics, 6, 153-159. 

Lee, T. R. (1970). Perceived distance as a function of direction in the city. Environment 

and Behavior, 2, 40-51. 

Lynch, K. (1960). The image of the city. Cambridge, MA: MIT Press. 

Maki, R. H. (1981). Categorization and distance effects with spatial linear orders. Journal 

of Experimental Psychology: Human Learning and Memory, 7, 15-32.  

McNamara, T. P. (1986). Mental representations of spatial relations. Cognitive 

Psychology, 18, 87-121. 

McNamara, T. P. (1991). Memory’s view of space. In G. H. Bower (Ed.), Adavnces in 

Research and Theory: The Psychology of Learning and Motivation, vol. 27 (pp. 

147-186). San Diego, CA: Academic Press. 

McNamara, T. P. & Diwadkar, V. (1997). Symmetry and asymmetry in human spatial 

memory. Cognitive Psychology, 34, 160-190. 

McNamara, T. P., Hardy, J. K., & Hirtle, S. C. (1989). Subjective hierarchies in spatial 

memory. Journal of Experimental Psychology: Learning, Memory, & Cognition, 

15, 211-227. 

McNamara, T. P., Ratcliff, R. & McKoon, G. (1984). The mental representation of 

knowledge acquired from maps. Journal of Experimental Psychology:Learning, 

Memory, & Cognition, 10, 723-732. 



 79

Nelson, T. O., & Chaiklin, S. (1980). Immediate memory for spatial location. Journal of 

Experimental Psychology: Human Learning and Memory, 6, 529-545. 

Newcombe, N. S., & Huttenlocher, J. (2000). Making space: The development of spatial 

representation and spatial reasoning. Cambridge, MA: MIT Press. 

Newcombe, N., Huttenlocher, J., Sandberg, E., Lie, E., & Johnson, S. (1999). What do 

misestimations and asymmetries in spatial judgment indicate about spatial 

representation? Journal of Experimental Psychology: Learning, Memory, & 

Cognition, 25, 986-996. 

O’Keefe, J. & Nadel, L. (1978). The hippocampus as a cognitive map. Oxford: Oxford 

University Press. 

Piaget, J. & Inhelder, B. (1967). The child’s conception of space (F. J. Langdon & J. L. 

Lunzer, Trans.). New York: Norton. (Original work published in 1948). 

Piaget, J., Inhelder, B., & Szeminska, A. (1960). The child’s conception of geometry. 

New York: Basic Books. 

Sadalla, E. K., Burroughs, W. J., & Staplin, L. J. (1980). Reference points in spatial 

cognition. Journal of Experimental Psychology: Human Learning and Memory, 6, 

516-528. 

Sadalla, E. K., Staplin, L. J., & Burroughs W. J. (1979). Retrieval processes in distance 

cognition. Memory & Cognition, 7, 291-296. 

Sandberg, E. H. (1999). Cognitive constraints on the development of hierarchical spatial 

organization skills. Cognitive Development, 14, 597-619. 



 80

Schutte, A. R., & Spencer, J. P. (2002). Generalizing the dynamic field theory of the A-

not-B error beyond infancy: three-year-olds’ delay- and experience-dependent 

location memory biases. Child Development, 73, 377-404. 

Shemyakin, F. N. (1962). Orientation in space. In B. G. Ananyev (Ed.), Psychological 

science in the USSR, vol. 1, (pp. 186-255). Washington, DC: U.S. Office of 

Technical Reports. 

Shepard, R. N., & Metzler, J. (1971). Mental rotation of 3-dimensional objects. Science, 

171, 701-703. 

Siegel, A. W., & White, S. H. (1975). The development of spatial representations of 

large-scle environments. In H. W. Reese (Ed.), Advances in Child Development 

and Behavior, vol. 10, (pp. 9-55). New York: Academic Press.  

Slovic, P. (1990). Choice. In D. N. Osherson and E. E. Smith (Eds.) An invitation to 

cognitive science: Vol. 3. Thinking (pp. 89-116). Cambridge, MA: MIT Press. 

Spencer, J. P., & Hund, A. M. (2002). Prototypes and particulars: Geometric and 

experience-dependent spatial categories. Journal of Experimental Psychology: 

General, 131, 16-37. 

Spencer, J. P., Simmering, V. R., & Schutte, A. R. (2006). Toward a formal theory of 

flexible spatial behavior: Geometric category biases generalize across pointing 

and verbal response types. Journal of Experimental Psychology: Human 

Perception and Performance, 32, 473-490. 

Stevens, A., & Coupe, P. (1978). Distortions in judged spatial relations. Cognitive 

Psychology, 10, 422-437. 



 81

Tarr, M. J., & Pinker, A. (1989). Mental rotation and orientation-dependence in shape 

recognition. Cognitive Psychology, 21, 233-282. 

Tversky, B. (1981). Distortions in memory for maps. Cognitive Psychology, 13, 407-433. 

Tversky, B. (1991). Distortions in memory for visual displays. In S. R. Ellis (Ed.) & M. 

K. Kaiser & A. Grunwald (Assoc. Eds.), Pictorial communication in virtual and 

real environments (pp. 61-75). London: Taylor and Francis. 

Tversky, B. (1992). Distortions in cognitive maps. Geoforum, 23, 131-138. 

Tversky, B. (1999). Talking about space. Contemporary Psychology: APA Review of 

Books, 44, 39-40. 

Tversky, B. (2000). Levels and structure of cognitive mapping. In R. Kitchin, & S. 

Freundschuh (Eds.), Cognitive mapping: Past, present, and future (pp. 24-43). 

London: Routledge. 

Ullman, S. (1989). Aligning pictorial descriptions: An approach to object recognition. 

Cognition, 32, 193-254. 

Ullman, S. (1996). High-level Vision: Object Recognition and Visual Cognition. 

Cambridge, MA: MIT Press. 

Wedell, D. H., Fitting, S., & Allen, G. L. (2007). Shape effects on memory for location. 

Psychonomic Bulletin & Review, 14, 681-686. 

Wilton, R. N. (1979). Knowledge of spatial relations: The specification of the 

information used in making inferences. Quarterly Journal of Experimental 

Psychology, 31, 133-146.   



 82

Young, M. J., Landy, M. S., & Maloney, L. T. (1993). A perturbation analysis of depth 

perception from combinations of texture and motion cues. Vision Research, 33, 

2685-2696. 

Zar, J. H. (1998). Biostatistical analysis (4th ed.). Upper Saddle River, NJ: Prentice Hall. 

 


