
The influence of real-world object expertise on visual discrimination mechanisms

by

Simen  Hagen
B.A, University of Victoria, 2011

A Dissertation Submitted in Partial Fulfillment
of the Requirements for the Degree of

DOCTOR OF PHILOSOPHY

in the Department of Psychology

© Simen Hagen, 2017
University of Victoria

All rights reserved. This dissertation may not be reproduced in whole or in part, by
photocopy or other means, without the permission of the author.



ii

Supervisory Committee

The influence of real-world object expertise on visual discrimination mechanisms

by

Simen Hagen
B.A, University of Victoria, 2011

Supervisory Committee

Dr. James W. Tanaka (Department of Psychology)
Supervisor

Dr. Daniel N. Bub (Department of Psychology)
Departmental Member

Dr. Clay B. Holroyd (Department of Psychology)
Departmental Member

Dr. Robert L. Chow (Department of Biology)
Outside Member



iii

Abstract

Supervisory Committee
Dr. James W. Tanaka (Department of Psychology)
Supervisor
Dr. Daniel N. Bub (Department of Psychology)
Departmental Member
Dr. Clay B. Holroyd (Department of Psychology)
Departmental Member
Dr. Robert L. Chow (Department of Biology)
Outside Member

Object experts quickly and accurately discriminate objects within their domain 

of expertise. Although expert recognition has been extensively studied both at the

behavioral- and neural-levels in both real-world and laboratory trained experts, we know 

little about the visual features and perceptual strategies that the expert learns to use in 

order to make fast and accurate recognition judgments. Thus, the aim of this work was to 

identify the visual features (e.g., color, form, motion) and perceptual strategies (e.g., 

fixation pattern) that real-world experts employ to recognize objects from their domain of

expertise. Experiments 1 to 3 used psychophysical methods to test the role of color, form 

(spatial frequencies), and motion, respectively, in expert object recognition. Experiment 1

showed that although both experts and novices relied on color to recognize birds at the 

family level, analysis of the response time distribution revealed that color facilitated 

expert performance in the fastest and slowest trials whereas color only helped the novices

in the slower trials. Experiment 2 showed that both experts and novices were more 

accurate when bird images contained the internal information represented by a middle 

range of SFs, described by a quadratic function. However, the experts, but not the 

novices, showed a similar quadratic relationship between response times and SF range. 

Experiment 3 showed that, contrary to our prediction, both groups were equally 

sensitivity to global bird motion. Experiment 4, which tested the perceptual stategies of 

expert recognition in a gaze-contingent eye-tracking paradigm, showed that only in the 

fastest trials did experts use a wider range of vision. Experiment 5, which examined the 

neural representations of categories within the expert domain, suggested that the 

mechanisms that represents within-categories of faces also represented within-categories 
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from the domain of expertise, but not the novice domain. Collectively, these studies 

suggest that expertise influence visual discrimination mechanisms such that they become 

more sensitive to the visual dimensions upon which the expert domains are discriminated.
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Chapter 1: General introduction

Goldstone (1998) defined perceptual learning as a process by which 

environmental influences produce a lasting change to an organism’s perceptual system, 

improving its ability to gather behaviorally relevant information. He proposed a learning 

process by which attention is directed towards the relevant features of a stimulus, 

eventually producing an increased sensitivity to differences in those features, and allows 

it to group relevant features into functional units. It is likely that perceptual learning are 

important for the acquisition of real-world object expertise as object experts can quickly 

and accurately recognize visually homogenous objects. The current work examined 

whether real-world object expertise is associated with enhanced visual knowledge in the 

domain of expertise. 

Object recognition is thought to be supported by mechanisms that map an 

external visual stimulus to a stored internal object representation. The same object can 

activate internal representations at multiple category levels. For example, a flying small 

yellowish creature can be recognized as a “bird”, a “Warbler”, or even a “Yellow 

Warbler”. Rosch and coworkers (Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 1976) 

showed that most people preferred naming objects at the level of “bird”, “dog”, “car”, 

and “plane”. Moreover participants were faster at verifying a category label and a 

subsequently presented object image, when the label was at the level of “bird”, rather 

than at the level of “Sparrow”. This suggested that an external object stimulus was faster 

at evoking a representiation at the more general- than the more specific-category-level.  

Thus, they concluded that the recognition system has a preferred category level (i.e., the 

so-called basic-level) at which objects are initially recognized.  

To examine if there was a perceptual advantage to basic-level categories, 

Rosch et al. (1976)  superimposed objects at different category levels and calculated the 

amount of shape overlap between the objects (e.g., basic: "bird" versus "dog";  

subordinate: "sparrow " versus “warbler”, and sub-subordinate: “Field Sparrow” versus 

“Song Sparrow”). At the basic level level, the objects’ global form maximized variation 

across between-category members (e.g., birds vs. dogs vs. cars), while minimized 
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variation in within-category members (e.g., dogs). Thus, they suggested that the basic-

level advantage was caused by the diagnostic aspects of the global shape information at 

this level relative to other levels. This is consistent with the notion that subordinate-level 

recognition relies disproportionately on modified features (Tversky & Hemenway, 1984).

For example, the feature “beak” can differentiate a bird from a dog and a horse, while the

modified feature “long beak” differentiates between a sparrow and a hummingbird. 

Joliceour et al. (1984) tested whether basic and subordinate recognition relied on different

degrees of perceptual analysis by manipulating the presentation time of the images. 

Whereas basic-level recognition performance was the same for fast- and slow-

presentations, subordinate recognition was disproportionately disrupted by the fast 

prestentations. This suggested that the perceptual analysis for subordinate recognition 

was not completed in the fast presentations. More recent work has showed that basic 

recognition relies on shapes contained in low spatial frequencies (e.g., external contour, 

coarse features), whereas subordinate recognition relies disproportionately on shapes 

contained within higher spatial frequencies (e.g., fine-grained internal shapes). 

Collectively, these studies suggest that subordinate-level recognition is slower than basic-

level recognition and that it involves a more fine-grained perceptual analysis of the 

object. 

Unlike most people, however, object experts tend to recognize objects at a 

more specific category level. For example,  while a novice would see a flying small 

yellowish creature as a “bird”, a seasoned bird watcher would instantly recognize it as a 

“Yellow Warbler”. Tanaka and Taylor (1991) speculated whether the initial point of 

recognition is fundamentally different in experts and novices. They tested experienced 

bird watchers and dog judges in a category verification task in which both groups would 

see birds and dogs. This study showed that the bird- and the dog-experts were equally fast

at recognizing objects of expertise (birds for bird experts, dogs for dog experts) at the 

basic- and the subordinate-level, while for objects outside their domain of expertise (dogs

for bird experts, birds for dog experts), they were faster at the basic- than the subordinate-

level.  Thus, despite the differences in perceptual saliency between basic- and 

subordinate-levels, external stimuli from the domain of expertise was able to access a 

subordinate-level representation as quickly as a basic-level representation. This so-called 
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downward-shift of recognition suggested that the entry-point of recognition can be 

influenced by the experience of the observer, presumably by enhancing the perceptual 

processes that encode category specific information.

Training studies have examined what type of object experience enhances the 

ability to discriminate objects (Tanaka et al., 2005; Scott et al., 2006; 2008). For example,

Tanaka and coworkers (Tanaka et al. 2005) trained novice participants to discriminate 

birds at either the basic-level (“Owl” vs. “Wadingbird”) or the subordinate-level (“Barred

Owl” vs. “Cat owl”), and tested them with a visual discrimination task pre- and post-

training. They reasoned that basic-level discrimination resembled novice recognition, 

while subordinate-level discrimination resembled expert recognition. Interestingly, 

subordinate-level training,  but not basic-level training, improved visual discrimination. 

Importantly, the enhancement generalized to new exemplars of the trained species 

indicating that the enhancement was not due to the observers having memorized the 

stimuli. This finding has been replicated multiple times with different objects, including 

real-world and novel artificial objects (e.g.,  Gauthier & Tarr, 1997; Tanaka et al., 2005; 

Scott et al., 2006; 2008; Rossion, Gauthier, Goffaux, Tarr, & Crommelinck, 2002; Wong, 

Palmeri, & Gauthier, 2009; Wong, Palmeri, Rogers, Gore, & Gauthier, 2009). 

Collectively, these studies suggest that the superior recognition performance observed in 

real-world experts depends on their extensive experience with subordinate discrimination,

rather than merely being exposed to the category. 

Expertise effects, in both real-world and lab-trained experts, have been shown 

in neural mechanisms related to visual discrimination of objects. For example, expert bird

watchers and dog judges show a differential response in an visual ERP component that 

occurs 170 ms after stimuli onset in occipito-temporal channels (Tanaka & Curran, 2001),

which has also been shown in most people to faces relative to non-face objects (Carmel 

and Bentin 2002; Bentin et al., 1996; Botzel et al., 1995; Eimer 2000; Rossion et al., 

2000). Training studies have shown that both basic- and subordinate-level training 

influenced the N170, suggesting that it is a neural correlate of expert category detection. 

In contrast, subordinate-level training, but not basic-level training, influenced an ERP 

component that occurs 250 ms after stimuli onset in the same occipito-temporal channels 

(Scott et al., 2006; 2008), and this change was mirrored in discrimination improvements 
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in a behavioral recognition task. This component has also been shown to correlate with 

within-category discrimination of faces (Schweinberger et al., 2002; 2004; Tanaka et al., 

2006). Functional magnetic resonance imaging (fMRI) has been used to show that both 

real-world and lab-trained experts show a differential response in localized areas of the 

ventral visual pathway (VVP) that are implicated with face discrimination  (e.g., right 

fusiform face area) (Gauthier, Skudlarski, Gore, & Anderson, 2000; Gauthier, Tarr, 

Anderson, Skudlarksi, & Gore, 1999). Importantly, subordinate-level training which lead 

to better behavioral discrimination, unlike basic-level training, produced training effects 

in the same areas of the VVP, including the right FFA (Wong et al., 2009). Collectively, 

these studies suggest that extensive experience discriminating objects at the subordinate 

level influence visual discrimination mechanisms in the VVP. 

In summary, previous studies show that objects can be recognized at multiple 

category levels and that perceptual expertise arises when we learn to discriminate objects 

within a category. However, it is currently unknown what visual dimensions (color, 

shapes, motion) and perceptual strategies (e.g., fixation number, average fixations 

duration) support expert recognition. The current work propose that 1) color information, 

2) shapes and configurations, which are contained in the mid-spatial frequency range, and

3) motion information are critical features that experts rely on for fast and accurate 

recognition. Moreover, this work propose that experts have different perceptual strategies

allowing them to encode information across a wider spatial extent (Bukach, Gauthier, and

Tarr, 2006). Finally, this work used a novel approach to examine within-category 

discrimination of objects of expertise, at the neural level. 

Overview of Research

Experiments 1 to 3 examined the perceptual knowledge of the expert by manipulating the

visual features of the stimulus. Experiment 4 examined the perceptual strategies of the 

expert by using eye tracking techniques. The focus was on real-world expertise in the bird

domain for multiple reasons. First, expert bird watchers recognize objects at the 

subordinate level - the hallmark of perceptual expertise (Tanaka & Taylor, 1991). Second,

birds are visually homogenous (in terms of their global shape) at subordinate species 

levels, at which surface details (e.g., color, internal shapes) might play a critical role in 
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helping to make within-category identifications. Third, these stimulus dimensions can be 

systematically manipulated and their effects on recognition can be measured in the lab. 

Thus, the perceptual abilities of bird experts provide a good model for understanding 

effects of object expertise. 
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Chapter 2: The role of color in expert object recognition

Human object recognition is the end product of a set of visual processes that 

first organize the visual input into an intact percept before interpreting its meaning. Early 

specialized neural circuitry is devoted to extract and separate visual primitives, such as 

motion, depth, luminance, and color (Hubel & Wiesel, 1959, 1977; M. S. Livingstone & 

Hubel, 1987; M. Livingstone & Hubel, 1988; Schiller, Finlay, & Volman, 1976). 

However, the extent to which these processes contribute to the later stages of object 

recognition in which the input percept is matched with an object memory is still up for 

debate. Although traditional theories of object recognition emphasize the importance of 

shape and de-emphasize the role of color as a useful cue in this matching process (e.g., 

Biederman & Ju, 1988), more recent evidence suggests that color can be a useful cue 

under certain conditions (see Bramão, Reis, Petersson, & Fa sca, 2011, for a review). ıı

However, the extent to which the effect of color on object recognition is a product of 

experience with a specific object domain has not yet been studied.

Extensive experience with an object domain is associated with a shift in 

recognition strategy by which color information potentially becomes accentuated 

(Gauthier & Tarr, 1997; Johnson & Mervis, 1997; J. W. Tanaka & Taylor, 1991). The 

point at which an object percept initially indexes an object memory (i.e., the entry point 

of recognition) is typically at the basic category level (e.g., dog, bird, or car) (Rosch, 

Mervis, Gray, Johnson, & Boyes-Braem, 1976). This is the level at which the structural 

properties (i.e., global shape) of an object category minimizes the differences of its 

members (e.g., all dogs) while maximizing differences across object categories (e.g., dogs

vs. birds vs. cars). Thus, the diagnostic shape properties of categories at the basic level 

drive the entry point of recognition. However, individuals with an expertise at visually 

discriminating objects of a certain domain (i.e., object experts) show a downward shift of 

recognition from the basic level to the more specific, subordinate category level (e.g., 

Ford Focus, Labrador retriever, or sparrow) (J. W. Tanaka & Taylor, 1991). At this level, 

the shapes of different object categories (e.g., sparrows, warblers, finches) overlap to a 

larger degree and are therefore less optimized at indexing a certain category. Provided 
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that shapeinformation is less diagnostic for exemplars of a category, it has been 

speculated that subordinate recognition may rely to a larger degree on other cues, such as 

color information (Jolicoeur, Gluck, and Kosslyn, 1984). For example, bird-watchers—

whose objective is to make quick and accurate identifications of visually homogenous 

(i.e., subtle differences in global and internal shapes) objects at a species-specific level 

(e.g., Nashville warbler, American tree sparrow)—are reported to be more likely to list 

surface information (e.g., color) as a diagnostic cue for recognition, relative to bird 

novices (J. W. Tanaka & Taylor, 1991). Thus, the process of obtaining object expertise 

(i.e., forcing a downward shift of recognition from the basic to the subordinate level) may

act as a catalyst for coding color-rich expert object representations.

In this paper, we examine the role that color information has in object 

recognition and whether it can be modulated by experience. We chose bird-watching as a 

domain of investigation for several reasons. First, bird-watching requires quick and 

accurate recognition of visually homogenous objects (in terms of their global shape) at 

subordinate species levels (e.g., Nashville warbler) at which surface details (e.g., color) 

might play a critical role in helping to make within-category identifications. Second, 

birds carry diagnostic color information that can be used to aid recognition. Third, 

experienced bird-watchers readily report color information in feature listing tasks (J. W. 

Tanaka & Taylor, 1991). Based on these qualities, experienced bird-watchers form a good

population for examining the role of experience in modulating color effects on object 

recognition.

The role of color in object recognition

A distinction is often made between early and late stages of visual processes. 

For our purposes, the early processes are those associated with the production of an intact

percept through edge detection, texture segmentation, and figure–ground segregation 

(i.e., grouping elements of a component object together while separating those from 

elements belonging to other component objects or to the background) (Marr, 1982). 

These early processes can be facilitated by color information (e.g., Cavanagh, 1987; 

Gegenfurtner & Rieger, 2000). For instance, Gegenfurtner and Rieger (2000) showed that
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participants were better at encoding rapidly presented colored images of natural scenes in

comparison to gray scale images. The authors suggested that color information provides 

an additional perceptual cue upon which the form and structure of the scene can be 

defined. Similarly, color information could potentially help observers decompose objects 

into parts. Unlike the later stages of recognition, processes in the early stages of visual 

recognition should not be affected by the extent to which color appropriately matches the 

real-world object because the percept has not yet been matched with representations in 

memory. Thus, early visual processes should benefit from congruent and incongruent 

color given that these processes occur at stages before later representations of object 

color knowledge has been accessed.

In contrast to early processes, later processes involve the recognition of the 

object by matching the percept with representations stored in long-term memory. 

Whether or not color information contributes to this matching process has been 

controversial. On the one hand, edge-based theories of object recognition propose that 

object representations are stored in memory by simple shape and edge information and 

can therefore not be indexed by surface information. One example is Biederman’s (1987) 

recognition-by-components model, which postulates that objects are represented by 

simple, geometrical shapes (e.g., cylinders, bricks, wedges, cones, circles, rectangles) 

named geons. The initial findings indicated that color effects on object recognition were 

only observed in tasks in which name retrieval was necessary (Biederman & Ju, 1988; 

Davidoff & Ostergaard, 1988; Ostergaard & Davidoff, 1985). Based on this evidence, 

Biederman and Ju (1988) theorized that color information did not facilitate the initial 

point of recognition but had an effect at a later, postrecognition stage related to verbal 

knowledge and name retrieval.

In contrast to edge-based theories, shape-plus-surface theories propose that 

color information can facilitate the initial recognition of objects (Bramão, Fa sca, ıı

Forkstam, Reis, & Petersson, 2010; Joseph, 1997; Joseph & Proffitt, 1996; Lewis, 

Pearson, & Khuu, 2013; Nagai & Yokosawa, 2003; Naor-Raz, Tarr & Kersten, 2003; 

Price & Humphreys, 1989; Rossion & Pourtois, 2004; J. W. Tanaka & Presnell, 1999; J. 

Tanaka, Weiskopf, & Williams, 2001). J. W. Tanaka and Presnell (1999) reported that 

color could indeed facilitate the recognition of some objects. Similar to Biederman and 
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Ju’s (1988) work, they classified objects as either not associated (low-color 

diagnosticity), or associated with a specific color (high-color diagnosticity). However, 

unlike Biederman and Ju, J. W. Tanaka and Presnell used a more controlled approach to 

determine objects’ color diagnosticity (i.e., used normative data as opposed to a panel of 

three judges), which led them to categorize some of Biederman and Ju’s high-color 

diagnostic objects (e.g., fork) as low in color diagnosticity. J. W. Tanaka and Presnell 

demonstrated that participants were faster to identify congruently colored versions of 

high-color diagnostic objects than achromatic versions and incongruent color versions. In

contrast, participants were no faster to identify color versions of low-color diagnostic 

objects than achromatic and incongruent color versions (see Nagai & Yokosawa, 2003, 

for a replication). Systematically degrading shape information by image blurring 

impaired the recognition of high-color diagnostic objects less than low-color diagnostic 

objects, showing that both shape and color cues can aid the recognition of color-

diagnostic objects. Thus, although color plays a role in low-level and high-level vision, 

only the latter is sensitive to color congruency (i.e., correct color of the object).

In the real world, the color diagnosticity is correlated with category 

membership. Whereas color is frequently diagnostic for objects from natural categories 

(e.g., fruits, vegetables), it is less so for human-made objects (e.g., cars, furniture) (Price 

& Humphreys, 1989; Wurm, Legge, Isenberg, & Luebker, 1993). However, Nagai and 

Yokosawa (2003) found that, regardless of object category (natural vs. human made), 

participants showed a color effect for high-color diagnostic objects but not for low-color 

diagnostic objects. The importance of color diagnosticity is supported by a meta-analysis 

examining the influence of various moderator variables (e.g., color diagnosticity, 

experimental task, object category) on color effects in object recognition (Bramão et al., 

2011). Thus, color diagnosticity appears to be an important moderator for the role of 

color in object recognition.

In these experiments, we will test the interaction between color diagnosticity 

and expertise. We were interested in whether color knowledge as a result of extensive 

perceptual experience influences the recognition of objects in the domain of expertise. To

test this question, bird experts and novices were asked to recognize familiar birds shown 

in their congruent color, an incongruent color, or gray scale at either the subordinate 
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family level (e.g., hummingbird, woodpecker, sparrow; Experiment 1) or at the species 

level (e.g., Tennessee warbler, Wilson’s warbler; Experiment 2). We hypothesized that, as

a result of extensive experience with discriminating species of birds, the experts will be 

more affected by color congruency than novices. Moreover, if access to color information

is automatic, the experts should demonstrate a color advantage at even their fastest 

response times. Alternatively, if color only plays a low-level role in segmenting the 

internal details of the object, we predict that both experts and novices will show an 

advantage for congruently and incongruently colored birds relative to gray scale versions.

Experiment 1

In Experiment 1, the effects of color on subordinate family-level categorization

of birds (e.g., robin, sparrow, cardinal) were assessed with bird experts and bird novices. 

The two groups were tested in a category verification task in which the task was to make 

YES/NO judgments about the correspondence between a category label and a 

subsequently presented object image. For example, if the label ‘‘Cardinal’’ preceded the 

image of a cardinal, the correct answer was YES (i.e., the label and the image 

corresponded). In contrast, if the label ‘‘Robin’’ preceded the image of a cardinal, the 

correct answer was NO (i.e., the label and the image did not correspond).

We expected that bird experts would be faster and more accurate when 

categorizing the birds relative to the novices. Moreover, as a result of extensive 

experience and color knowledge of birds, we predicted that the bird experts would 

recognize congruently colored birds faster than gray scale and incongruently colored 

birds.

Methods

Participants. Fifteen expert participants, ranging from 23 to 62 years of age (five female, 

M = 38.13, SD = 14.78), were selected based on nominations from their bird-watching 

peers. Fifteen participants were selected to serve as the novice control participants who 
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were matched for age, 25–66 years of age (six female, M = 37.27, SD =14.76), and 

education with the expert participants. The novice participants had no prior experience in 

bird-watching. The data from one additional expert participant was lost due to technical 

issues. Moreover, three additional novice participants were dropped from the study due to

their insufficient knowledge of common bird species. Participants received monetary

compensation for their participation. 

To assess the level of bird expertise in our participants, we used the Blackstone

Expertise Test (a bird expertise test), a brief sequential matching task with images of 

birds. A local bird-watcher helped select birds common to the region that ranged from 

easy to more difficult to recognize. The test consisted of 48 trials. The experts obtained a 

higher d’ score (M = 1.96) relative to the novices (M = 0.71, t = 6.84, p < 0.001) on this 

test.

Stimuli. Three exemplars from each of eight common bird (total of 24 images) species 

(cardinal, oriole, hummingbird, robin, sparrow, swallow, woodpecker, wren) were 

collected in part from the Internet and from an existing bird data set (Wahlheim, Teune, &

Jacoby, 2011). The birds selected were among the 20 most frequently mentioned birds in 

a category norms study by Battig and Montague (1969).

Using customized Matlab code, the images were transformed to create an 

incongruent-color condition and a gray scale condition, using the L*a*b color space. This

color space has been used in previous studies investigating color effects on scene 

recognition (Oliva & Schyns, 2000). The L*a*b color space separates the luminance on 

its own axis (L*) and chroma on the two remaining axes (a*b*). The a* axis extends from

red to green, and the b* dimension extends from blue to yellow. Thus, color can be 

transformed while leaving luminance values relatively intact. Moreover, this color space 

reflects the structure of the color and luminance pathways at the retinogeniculate stage. 

The color-incongruent condition was created by either flipping the color axis (e.g., red to 

green or blue to yellow or vice versa), by swapping the two color axes (e.g., blue to red), 

or by both swapping and flipping the color axes. The decision of which transformation to 

use depended on which transformation created the subjectively best incongruent 

condition. Figure 1 illustrates the stimuli and the transformations used in this experiment.
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The color transformation chosen for a specific bird (e.g., cardinal) would be 

the same for each of the exemplars of that bird (e.g., cardinal 01, cardinal 02, cardinal 

03). This was done to keep the color statistics of the incongruent condition the same as 

that of the congruent condition (e.g., the cardinal would be presented an equal amount of 

times in red—the congruent condition—and in, e.g., green—the incongruent condition). 

However, the type of transformation (e.g., swap vs. inversion) varied across the different 

bird families (e.g., robin vs. cardinal). The benefit of varying the kind of color 

transformations (e.g., flip vs. swap) is to prevent the participants from learning the 

mapping of the original color and its color transformation. Images were cropped and 

scaled to fit within a frame of 250 x 250 pixels and pasted on a gray background using 

Adobe Photoshop CS4. Images subtended a visual angle of approximately 6.818° 

vertically and 6.578° horizontally.

Figure 1. Examples of the stimuli used in Experiment 1. Top row shows the congruently 
colored birds. Middle Row shows the grayscale versions. Bottom row shows the 
incongruent versions. 

Procedure. Participants were tested in a category verification task. At the beginning of the

trial, a ready prompt (i.e., ‘‘Get Ready’’) was displayed for 1.0 s before it was replaced by

a category label (e.g., ‘‘Robin’’). After 2.5 s, the category label was replaced by an image 
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of a bird that remained on the screen until the participant made a YES/NO judgment. If 

the label and the image corresponded (e.g., the label ‘‘Robin’’ was followed by an image 

of a robin), the participant was instructed to press the button on a keyboard labeled YES 

(‘‘m’’ on the keyboard). If the label and the image did not correspond (e.g., the label 

‘‘Robin’’ was followed by an image of a cardinal), the participant was instructed to press 

the button labeled NO (‘‘c’’ on the keyboard). Before the task started, the participants 

were told which birds they would see in the experiment and instructed to respond as 

quickly and as accurately as possible. Crucially, they were told that the birds would be 

presented in either congruent color, incongruent color, or in gray scale. Thus, they were 

told to disregard color and solve the task by using other kinds of information (e.g., 

external and internal shape information).

The foils (e.g., the label ‘‘Robin’’ followed by the image of an oriole) were 

based on the names of the bird species in the experiment. Thus, the only labels that could 

appear in the experiment were the following: ‘‘Cardinal,’’ ‘‘Oriole,’’ ‘‘Wren,’’ ‘‘Robin,’’ 

‘‘Hummingbird,’’ ‘‘Woodpecker,’’ ‘‘Swallow,’’ and ‘‘Sparrow.’’ In a given block, every 

bird was used as a foil exactly three times, and each foil was used approximately twice 

for each bird (e.g., ‘‘Robin’’ was paired with the image of a sparrow twice throughout the 

experiment). Each bird was used as a foil and a correct label an equal amount of times.

Each bird exemplar (e.g., Cardinal 01) was displayed once in a matching trial 

and once in a nonmatching trial in each of the three color conditions (congruent, 

incongruent, gray scale). Thus, each bird exemplar was presented three times in YES 

trials and three times in NO trials. Three blocks were created to prevent the same bird 

exemplar from being presented in different color conditions close in time. Each block 

consisted of 48 trials (eight bird families, three exemplars, two types of trial) for a total of

144 trials. The order of the blocks was counterbalanced across participants.

Results

Accuracy. Trials with response time three standard deviations above the overall mean 

were excluded from any of the following analysis. In addition, we excluded participant 

data for any bird family that was miscategorized on 50% (or more) in the congruent color
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condition. In total, six bird families were excluded across five novice participants (two 

wren, two oriole, one sparrow, one swallow) that amounted to 5% of the total trials for 

the novices.

The accuracy data for experts and novices were analyzed in a mixed-design 

analysis of variance (ANOVA) using color (congruent, gray scale, incongruent) and trial 

type (YES, NO) as within-subjects factors and group (novices, experts) as a between-

subjects factor. The significant main effect of trial type, F(1, 28) = 13.57, p < 0.001, 

partial eta2 = 0.33, demonstrated that NO trials (M = 96%, SE = 0.6%) were more 

accurate than YES trials (M = 92%, SE = 0.9%). The significant main effect of color, F(2,

56) = 8.18, p = 0.001, partial eta2 = 0.23, demonstrated that the color manipulations had a 

differential influence on the accuracy rates. The significant main effect of group, F(1, 28)

= 97.09, p < 0.001, partial eta2 = 0.78, demonstrated that the experts were more accurate 

than the novices.

Color interacted with group, F(2, 28) = 4.39, p = 0.017, partial eta2 = 0.14, 

indicating that the color manipulations had a differential impact on expert and novice 

performance. Trial type interacted with group, F(1, 28) = 13.12, p < 0.001, partial eta2 = 

0.32, showing that while the experts were equally accurate in the YES trials (M = 99%, 

SE = 1%) and the NO trials (M =99%, SE = 0.8%, p =0.964), the novices were more 

accurate in the NO trials (M = 93%, SE = 0.8%) than in the YES trials (M = 85%, SE = 

1%, p < 0.001). However, the two-way interaction between trial type and color was not 

significant, F(2, 56) = 0.28, p = 0.754. Similarly, the three-way interaction between trial 

type, color, and group was not significant, F(2, 56) = 1.40, p = 0.255. Thus, the color 

manipulations did not differentially influence YES and NO trials.

To analyze the group by color interaction, we carried out separate ANOVAs for

the novice and expert groups with color (congruent, gray scale, incongruent) as a within-

subjects factor. For the novices, the main effect of color, F(2, 28) = 6.82, p = 0.004, 

partial eta2 = 0.33, demonstrated that color influenced the recognition of the birds. The 

novices were more accurate at categorizing the birds shown in congruent color (M = 

92%, SE = 1%) relative to birds shown in gray scale (M = 86%, SE = 1%, p = 0.003) and 

incongruent color (M = 88%, SE = 2%, p = 0.031) (Table 1). For the bird experts, the 

main effects of color, F(2, 28) = 1.54, p = 0.231, was not significant (congruent: M = 
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99%, SE = 0.2%; gray scale: M = 99%, SE = 0.5%; incongruent: M = 99%, SE = 0.4%) 

(Table 1).

Table 1. Response time and accuracy in Experiment 1 for each group (expert, novice) and
color condition (congruent, gray scale, incongruent). Notes : Values within brackets 
represent standard error.

Response time. The response time data for the correct trials for experts and novices were 

analyzed in a mixed-design ANOVA using color (congruent, gray scale, incongruent) and 

trial type (YES, NO) as within-subjects factors and group (novices, experts) as a 

between-subjects factor. The significant main effect of color, F(2, 56) = 3.85, p = 0.027, 

partial eta2 = 0.12, demonstrated that the color manipulations had a differential influence 

on the response time. The significant main effect of group, F(1, 28) = 4.81, p = 0.037, 

partial eta2 = 0.15, indicated that the experts were faster than the novices. The main effect

of trial type was not significant, F(1, 28) = 0.30, p = 0.591.

Color interacted with group, F(2, 28) = 3.81, p = 0.028, partial eta2 = 0.12, 

indicating that the color manipulations had a differential impact on expert and novice 

performance. Trial type did not interact with color, F(2, 56) = 1.07, p = 0.351, or with 

group, F(1, 28) = 3.10, p = 0.089. Similarly, the three-way interaction between trial type, 

color, and group was not significant, F(2, 56) = 0.35, p = 0.704. Thus, the color 

manipulations did not differentially influence YES and NO trials.

To analyze the group by color interaction, we carried out separate ANOVAs for

the novice and expert groups with color (congruent, gray scale, incongruent) as a within-

subjects factor. For the novices, the main effect of color, F(2, 28) = 1.58, p = 0.224, was 

not significant (congruent: M = 1060 ms, SE = 61 ms; gray scale: M = 1051 ms, SE = 52 

ms; incongruent: M = 1092 ms, SE = 65 ms) (Table 1). In contrast, for the bird experts, 
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the main effect of color was significant, F(2, 28) = 17.59, p < 0.001, partial eta2 = 0.56, 

demonstrating that color influenced the recognition of the birds. The experts were faster 

at categorizing the birds shown in congruent color (M = 819 ms, SE = 76 ms) relative to 

birds shown in gray scale (M = 878 ms, SE = 83 ms, p < 0.001) and incongruent color (M 

= 858 ms, SE = 79 ms, p = 0.001) (Table 1).

Inverse efficiency score. Inverse efficiency scores (IESs) were analyzed using a mixed-

design ANOVA. The IES is computed by dividing correct response time by proportion 

correct within each condition for each participant; a lower score means better 

performance. This measure is commonly used in situations of speed–accuracy trade-off 

or when some participants show an effect in accuracy and other participants show the 

effect in response time (Akhtar & Enns, 1989; Christie & Klein, 1995; Goffaux, Hault, 

Michel, Vuong, & Rossion, 2005; Jacques & Rossion, 2007; Kennett, Eimer, Spence, & 

Driver, 2001; Kuefner, Cassia, Vescovo, & Picozzi, 2010; Townsend & Ashby, 1983).

Collapsing over trial type, the IESs for both groups were analyzed in a mixed-

design ANOVA using color (congruent, gray scale, incongruent) as a within-subjects 

factor and group (novices, experts) as a between-subjects factor. The main effect of group

was significant, F(1, 28) = 10.85, p = 0.003, partial eta2 = 0.28. The main effect for color 

was also significant, F(2, 56) = 12.92, p < 0.001, partial eta2 = 0.32. However, color did 

not interact with group, F(2, 28) = 1.48, p = 0.236, showing that color manipulations had 

an equal influence on expert and novice performance (Figure 2).
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Figure 2. Experiment 1: IESs for each group (expert, novice) as a function of color 
condition (congruent, gray scale, incongruent). Error bars represent standard error. * < 
0.05; ** < 0.01; *** < 0.001.

Response time distribution analysis. To examine the distribution of IESs as a function of

response time, the trials of each participant (collapsed across trial type) were ranked from

the fastest to the slowest, irrespective of accuracy (i.e., both correct and incorrect trials), 

within each color condition before being grouped into four bins containing the fastest 

25% of the responses (i.e., quartile bin 1), the next 25% of responses (i.e., quartile bin 2), 

and so on. Within each bin, average correct response time as well as the proportion 

correct for each condition for each participant was calculated. IES for each participant 

was computed by dividing the average correct response time by the proportion correct. 

For example, the IES for the congruent condition in the 25% fastest trials was based on 

the correct response time and proportion correct associated with the congruent condition 

in the 25% fastest trials. Thus, this approach allowed us to independently analyze the 

impact of color on performance in trials in which response time was fast (e.g., 25% 

fastest trials) and slow (e.g., 25% slowest trials). This procedure was done separately for 

the experts and the novices. 

The data were first analyzed in a mixed-design ANOVA using color 

(congruent, gray scale, incongruent) and bin (1, 2, 3, 4) as within-subjects factors and 

group (novices, experts) as a between-subjects factor. The main effects of bin, F(3, 84) = 
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71.08, p < 0.001, partial eta2 = 0.72; color, F(2, 56) = 15.32, p < 0.001, partial eta2 = 0.34;

and group, F(1, 28) = 13.74, p = 0.001, partial eta2 = 0.33, were significant. The two-way 

interactions between bin and color, F(6, 168) = 3.34, p = 0.004, partial eta2 = 0.11, and 

between bin and group, F(3, 28) = 20.57, p < 0.001, partial eta2 = 0.42, were significant. 

Crucially, the three-way interaction between bin, color, and group was significant, F(6, 

28) = 2.92, p = 0.01, partial eta2 = 0.1.

Next, the groups were independently analyzed in a repeated-measures ANOVA

using color (congruent, gray scale, incongruent) and bin (1, 2, 3, 4) as within-subjects 

factors. For the novices, the main effects of color, F(2, 28) = 8.80, p = 0.001, partial eta2 

= 0.39, and bin, F(3, 42) = 44.55, p < 0.001, partial eta2 = 0.76, were significant. The 

two-way interaction between color and bin, F(6, 84) = 3.20, p = 0.007, partial eta2 = 0.19,

was significant. In bin 3, congruently colored images (M = 1207 ms, SE = 67 ms) were 

recognized better than gray scale images (M = 1320 ms, SE = 82 ms, p = 0.03) and 

incongruently colored images (M = 1416 ms, SE = 120 ms, p = 0.007). In bin 4, although 

the comparison between congruently colored images (M = 2110 ms, SE = 194 ms) and 

gray scale images (M = 2606 ms, SE = 323 ms) were significant (p = 0.028), the 

comparison between congruently colored images and incongruently colored images (M = 

2372 ms, SE = 284 ms) were not significant (p = 0.082).

For the bird experts, the main effects of color, F(2, 28) = 19.10, p < 0.001, 

partial eta2 = 0.58, and bin, F(3, 42) = 66.17, p < 0.001, partial eta2 = 0.83, were 

significant. The experts were better at categorizing the birds shown in congruent color (M

= 822 ms, SE = 77 ms) relative to birds shown in gray scale (M = 889 ms, SE = 84 ms, p 

< 0.001) and incongruent color (M = 866 ms, SE = 79 ms, p = 0.001) (Figure 2). The 

interaction between color and bin was not significant, F(6, 84) = 0.54, p = 0.777, 

suggesting that color affected categorization performance in all bins (i.e., fast and slow 

trials). This finding contrasts with the novices, for whom color affected performance 

predominantly for slow trials (Figure 3).

To summarize, the main finding of Experiment 1 was that both bird experts 

and bird novices benefitted from congruently colored birds but not incongruently colored 

birds. These results implicate the use of color for purposes of high-level object 

recognition but not for low-level feature segmentation. Although both novices and 



22

experts benefitted from congruently colored birds, its presence affected the performance 

in different ways. Based on the IES distribution analysis, the novices applied their 

knowledge of color primarily in slower trials as evidenced by the advantage for 

congruent color relative to gray scale (i.e., bins 3 and 4) and incongruent conditions (i.e., 

bin 3). In contrast, experts demonstrated an advantage for congruent color in the fastest 

quartile of trials, and the color advantage was maintained in the second, third, and fourth 

quartiles. Thus, whereas the experts apply their color knowledge quickly and 

automatically as evidenced in the first quartile of responses, novices apply color 

knowledge more slowly and deliberately as shown in the later quartiles.

Figure 3. Experiment 1: Distribution of IESs for the experts and novices. Bin 1 contains 
the 25% fastest responses of each participant. Bin 2 contains the next 25% fastest 
responses and so on. Error bars represent standard error. * < 0.05; ** < 0.01; *** < 0.001.

Experiment 2

In Experiment 1, bird experts and novices were asked to categorize common 

birds at the subordinate, taxonomic family level (e.g., cardinal) of the bird. However, the 

true measure of bird expertise is recognition of birds at the more specific species level of 

categorization. Moreover, birds at the species level share, to a larger degree, object shape 
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relative to family level birds, potentially increasing the role that internal details (e.g., 

color) might play in recognition. In Experiment 2, the experts were tested for color 

effects at the specific species level of American tree sparrow, Nashville warbler, and 

house finch. Similar to Experiment 1, the participants were tested in a category 

verification task in which they were required to make YES/NO judgments about the 

correspondence between a category label and a subsequently presented object image.

Similar to the predictions in Experiment 1, if the elicited object representation 

contains color information, a bird with congruent color should be a better match with the 

representation than a bird with incongruent colors or gray scale. In contrast, images 

presented in gray scale or with congruent or incongruent colors should not affect 

performance if the representation does not contain color information. Moreover, if the 

color removal disrupts segregation of internal part features, gray scale objects should 

suffer more relative to congruent and incongruent colored objects. Similar to Experiment 

1, we expected that the experts’ recognition would be impaired with birds presented in 

gray scale and incongruent colors relative to congruent colors. We once again applied a 

response time distribution analysis to investigate whether the knowledge of color 

information is automatically applied in the experts’ recognition of birds at the species 

level.

Methods

Participants. Fifteen expert bird-watchers, 23–62 years of age (M = 38.33, SD = 14.94), 

took part in Experiment 2. The participants received monetary compensation for their 

participation. With the exception of one bird expert, the experts who participated in 

Experiment 1 participated in Experiment 2. Fourteen trials for one expert participant were

lost due to technical issues (0.29% of the total amount of trials).

Stimuli. The stimuli were selected from the sparrow (e.g., chipping sparrow, field 

sparrow, song sparrow), warbler (e.g., Wilson’s warbler, Canada warbler, Nashville 

warbler), and finch (e.g., house finch, pine siskin, Cassin’s finch) bird families. Six 

species from each family were selected with three exemplars of each species. Thus, a 
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total of 54 bird images were used in Experiment 2 (three families x six species x three 

exemplars). The stimuli were collected from the Wahlheim et al. (2011) bird data set and 

supplemented by images from the Internet that were independently verified by a bird 

expert. Following the procedures used in Experiment 1, the bird images were transformed

to create color-incongruent and gray scale conditions in addition to the color-congruent 

condition (Figure 4). Images were cropped and scaled to fit within a frame of 250 x 250 

pixels and pasted on a gray background using Adobe Photoshop CS4. Images subtended a

visual angle of approximately 6.818° vertically and 6.578° horizontally.

Figure 4. Examples of the stimuli used in Experiment 2. Top row shows the congruently 
colored birds. Middle row shows the gray scale versions. Bottom row shows the 
incongruent versions.

Procedure. The experimental procedure was identical to Experiment 1. The six species of

birds from the sparrow, warbler, and finch families were tested in congruent color, 

incongruent color, and gray scale. In Experiment 2, each experimental trial was repeated 

three times for a total of 324 experimental trials (three families x six species x three 

exemplars x two types of trial x three repetitions). The trials were divided into three 

blocks of 108 trials, and participants were provided with a rest break between blocks. For 
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YES trials, the species label (e.g., ‘‘Nashville Warbler,’’ ‘‘Wilson’s Warbler’’) matched 

the subsequently presented picture. For the NO trials in which the species label did not 

match the picture, the foil picture was selected from the same family as the species label 

(e.g., the label ‘‘Wilson’s Warbler’’ was followed by a picture of a Nashville warbler).

Results

Accuracy. Trials with response time three standard deviations (SD) above the overall 

mean were excluded from all of the following analysis. No trials were deleted due to low 

accuracy with a given bird family (i.e., less than 50% accuracy). The accuracy data were 

analyzed in a repeated-measures ANOVA using color (congruent, gray scale, 

incongruent) and trial type (YES, NO) as within-subjects factors. The significant main 

effect of trial type, F(1, 14) = 5.47, p = 0.035, partial eta2 = 0.28, indicated that NO trials 

(M = 95%, SE = 1%) were more accurate than YES trials (M = 92%, SE = 2%). The main 

effect of color (congruent: M = 95%, SE = 1%; gray scale: M = 93%, SE = 1%; 

incongruent: M = 93%, SE = 2%) was not significant, F(2, 28) = 2.78, p = 0.079 (Table 

2). Similarly, color did not interact with trial type, F(2,28) = 2.56, p = 0.096.

Table 2. Response time and accuracy in Experiment 2 for each color condition 
(congruent, gray scale, incongruent). Notes : Values within brackets represent standard 
error.

Response time. The response time data for the correct trials were analyzed in a repeated-

measures ANOVA using color (congruent, gray scale, incongruent) and trial type (YES, 

NO) as within-subjects factors. The main effect of color, F(2, 28) = 15.48, p < 0.001, 
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partial eta2 = 0.53, was significant. The congruently colored images (M = 1351 ms, SE = 

204 ms) were faster than the gray scale images (M = 1481 ms, SE = 212 ms, p < 0.001) 

and incongruently colored images (M = 1466 ms, SE = 204 ms, p = 0.003) (Table 2). The 

main effect of trial type, F(1, 14) = 4.13, p = 0.062, was not significant. The two-way 

interaction between trial type and color was significant, F(2, 28) = 3.54, p = 0.043, partial

eta2 = 0.20. In the YES trials, the congruently colored images (M = 1411 ms, SE = 235 

ms) were identified faster than gray scale images (M = 1611 ms, SE = 257 ms, p < 0.001) 

but not incongruently colored images (M = 1512 ms, SE = 218 ms, p = 0.083). In the NO 

trials, the congruently colored images (M = 1291 ms, SE = 177 ms) were identified faster 

than the gray scale images (M = 1351 ms, SE = 171 ms, p = 0.041) and incongruently 

colored images (M = 1420 ms, SE = 196 ms, p = 0.002).

Inverse efficiency scores. Collapsing over trial type, the IESs were analyzed in a 

repeated-measures ANOVA using color (congruent, gray scale, incongruent) as a within-

subjects factor. The main effect of color, F(2, 28) = 10.17, p < 0.001, partial eta2 = 0.42, 

was significant (Figure 5). The experts were better at categorizing birds shown in 

congruent color (M = 1430 ms, SE = 221 ms) relative to birds shown in gray scale (M = 

1611 ms, SE = 243 ms, p < 0.001) and birds shown in incongruent color (M = 1594 ms, 

SE = 233 ms, p = 0.007).
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Figure 5. Experiment 2: IESs for the experts as a function of color condition (congruent, 
gray scale, incongruent). Error bars represent standard error. * < 0.05; ** < 0.01; *** < 
0.001.

Response time distribution analysis. Similar to Experiment 1, to examine the distribution 

of IESs as a function of response time, the IES data were collapsed over trial type and 

analyzed in a repeated-measures ANOVA using color (congruent, gray scale, 

incongruent) and bin (1, 2, 3, 4) as within- subjects factors. The main effects of color, 

F(2, 28) = 4.97, p = 0.014, partial eta2 = 0.26, and bin, F(3, 42) = 22.96, p < 0.001, partial

eta2 = 0.62, were significant. The interaction between color and bin was significant, F(6, 

84) = 2.37, p = 0.036, partial eta2 = 0.15. In bin 1, the congruent condition (M = 744 ms; 

SE = 80 ms) was different than the gray scale condition (M = 803 ms, SE = 93 ms, p = 

0.007) and the incongruent condition (M = 791 ms, SE = 87 ms, p = 0.001). In bin 2, the 

congruent condition (M = 1008 ms, SE = 139 ms) was different than the gray scale 

condition (M = 1095 ms, SE = 148 ms, p < 0.001) and the incongruent condition (M = 

1108 ms, SE = 148 ms, p < 0.001). In bin 3, the congruent condition (M = 1436 ms, SE = 

257 ms) was different than the gray scale condition (M = 1757 ms, SE = 319 ms, p = 

0.002) whereas it approached a significant difference in the incongruent condition (M = 

1834 ms, SE = 376 ms, p = 0.055). In bin 4, the congruent condition (M = 3065 ms, SE = 
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616 ms) was different than the gray scale condition (M = 3976 ms, SE = 928 ms, p = 

0.027) and the incongruent condition (M = 4023 ms, SE = 886 ms, p = 0.027) (Figure 6). 

No other comparisons were significant.

The main finding of Experiment 2 was that color influenced the performance 

of bird experts when recognizing birds at the species-specific level. A color effect was 

found in the fastest trials in which recognition for congruently colored birds was better 

than its gray scale or incongruently colored version. This effect was also found in the 

slower trials. Thus, similar to the family-level birds of Experiment 1, the experts utilized 

the color information of birds at the species-specific level irrespective of whether they 

were quick or slow at responding. Thus, the experts seem to automatically incorporate the

color information of the birds in their perceptual analysis.

Figure 6. Experiment 2: Distribution of IESs as a function of response time for the 
experts. Bin 1 contains the 25% fastest responses of each participant. Bin 2 contains the 
next 25% fastest responses and so on. Error bars represent standard error. * < 0.05; ** < 
0.01; *** < 0.001.
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General discussion

The aim of the current study was to test the interactions of perceptual 

experience and color knowledge in object recognition. In Experiment 1, expert bird-

watchers and bird novices performed subordinate family-level categorizations of 

congruent color, incongruent color, and gray scale images of common birds (e.g., 

cardinal). Consistent with previous work (J. W. Tanaka & Taylor, 1991), the bird experts 

were better at categorizing birds at the family level than the bird novices. However, the 

experts performed at ceiling in all color conditions (i.e., congruent color, gray scale, 

incongruent color), making it difficult to compare expert and novice performance based 

on accuracy and response time.

To compare novice and expert performance, we computed IESs, which 

combine response time and accuracy (for other studies using IES, see Akhtar & Enns, 

1989; Christie & Klein, 1995; Goffaux et al., 2005; Jacques & Rossion, 2007; Kennett et 

al., 2001; Kuefner et al., 2010; Townsend & Ashby, 1983). In Experiment 1, group 

analysis with IES of the experts and novices showed that recognition of both groups was 

affected by color. Analysis of the distribution of the IES in which trials were ranked from 

fastest to slowest showed that the experts recognized congruently colored birds better 

than gray scale and incongruently colored birds in the fastest trials (i.e., bin 1) whereas 

novices recognized congruently colored birds better than gray scale (i.e., bin 3 and 4) and

incongruently (i.e., bin 3) colored birds in the slower trials. Thus, color had an immediate

effect on expert recognition but a slower effect on novice recognition. The color 

advantage cannot be attributed to low-level segmentation of internal features because 

incongruent color images with good segmentation properties were recognized equally as 

fast as gray scale images that offered no color segmentation. Collectively, the findings 

from Experiment 1 suggest that color information contributes to both novice and expert 

recognition, albeit in different ways. Although color knowledge of the experts has an 

immediate impact on their fastest recognitions, color knowledge for the novices plays a 

larger role in their later responses.

In Experiment 2, the experts performed subordinate species-level 

categorizations (e.g., Nashville warbler) of congruent color, incongruent color, and gray 
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scale images of warblers, sparrows, and finches. Here, color was found to play a 

prominent role in the expert recognition. Although recognition accuracy was equivalent 

in the congruent, incongruent, and gray scale conditions, the experts were faster at 

recognizing congruently colored birds relative to their incongruently colored and gray 

scale versions. Similarly, in terms of IES, the performance of the experts was better with 

congruently colored images relative to incongruently colored and gray scale images. The 

distribution of IES showed that the color effects were present in both fast and slow trials. 

The main finding of Experiment 2 was that congruent color did improve the performance 

with which birds were categorized at the specific species level.

The role of multicoded object representations in expert object recognition

Results from these experiments indicate that color facilitates recognition of 

objects in a specific category domain. Further, domain-specific experience can

modulate the temporal dynamics of the influence that color has on recognition. To 

account for the difference in the time with which color influenced expert and novice 

recognition, we propose that domain-specific expertise with birds modulates the degree to

which color representations are utilized in early recognition.

In the fastest trials, the performance of the novices was unaffected when asked 

to match a percept of either a color-congruent, color-incongruent, or gray scale bird to its 

stored representation. In contrast, in slower trials, the performance declined in the 

incongruent and gray scale conditions in bin 3 and in the gray scale condition in bin 4. 

For experts, on the other hand, the performance was enhanced in the fastest trials when 

asked to match a percept with congruent color to its stored representation. Similarly, 

images with congruent color also facilitated performance in the slower trials. Thus, 

whereas the novices needed additional time to utilize color, the experts had immediate 

access to the color information, suggesting that the color representations were tightly 

coupled with the shape representations.

Although much research has focused on the operational definition of 

perceptual object expertise as the fast and accurate recognition of domain-specific objects

at the subordinate level of abstraction (e.g., Gauthier & Tarr, 1997; Johnson & Mervis, 

1997; J. W. Tanaka & Curran, 2001; J. W. Tanaka & Taylor, 1991), little attention has 
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been devoted to examining the underlying representations that mediate expert behavior. 

This study, however, takes a step toward mapping out the diagnostic features stored in 

object memories that support the expert behavior. Our results demonstrate that the expert 

behavior is supported in part by perceptual analysis, or routines, that readily extracts 

color from the object. This suggests that extensive experience encoding and retrieving 

object memories has resulted in object representations that, to a larger degree, incorporate

color information.

A defining quality of expert behavior is that it is guided by fast and effortless 

implicit procedures rather than slow and effortful explicit procedures (Johansen & 

Palmeri, 2002). Our findings suggest that analysis of color information has become more 

of an implicit procedure for the expert. Even though structural information was sufficient 

for accurate recognition and the experts were instructed to disregard color and focus on 

shape information, color, nevertheless, contributed to the recognition advantage. Thus, 

experts found it harder to inhibit color information due to a recognition strategy in which 

color encoding is an implicit and automatized process. This interpretation is supported by

analysis of the distribution of IESs of Experiments 1 and 2 in which color had an 

immediate effect (i.e., quartile bin 1). However, one might have expected that the 

incongruent color should have produced an interference effect relative to the gray scale 

condition (as opposed to an interference effect relative to the congruent color condition) 

(e.g., Stroop, 1935). The fact that this effect was not observed could have two 

explanations. First, it seems likely that the gray scale condition is not a typical neutral 

condition but instead represents a form of an incongruent color transformation, in which 

case an interference effect cannot be measured. Second, it is possible that an interference 

effect has been attenuated due to color accentuating internal object features. In any case, 

we suggest that the expert behavior is partly supported by a perceptual strategy by which 

color information is automatically accessed, which, in turn, facilitates the recognition of 

color-congruent birds.

Our study suggests that the content of the robust object memories depends on 

experience. However, the content of the object memory is also a function of the physical 

properties that provide diagnostic cues to the recognition of the members of the object 

domain. For instance, it is well documented that most people are face experts and that 
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face expertise is supported by a more holistic processing strategy (e.g., J. W. Tanaka & 

Farah, 1993). Given that faces differ in the facial features (e.g., eyes, nose, mouth) and 

the distances among them, an efficient way to encode and retrieve faces would be through

a strategy in which these differences are efficiently computed, using a holistic processing 

strategy. Similarly, color is an important diagnostic cue for subordinate-level bird 

identification, and therefore, it is efficient for the expert to incorporate color in their 

mental representations. Thus, it seems logical that the mechanisms responsible for 

forming robust object memories code for information that is beneficial for the 

discrimination of those objects in the domain of expertise.

In summary, our results support the idea that extensive experience in an object 

domain can influence the way in which we encode and retrieve objects. Experiments 1 

and 2 showed that as a result of extensive experience with birds, color information 

became a salient feature that was actively and quickly employed during the recognition 

process. The extent to which object representations incorporate color are constrained by 

the physical properties of the object category. However, the content of object 

representations also depends on the keen abilities of the expert, who identifies the 

relevant, diagnostic cues that distinguish within-category objects. Thus, the processes of 

perceptual expertise in high-level vision naturally depend on the interaction between the 

environment and the individual acting upon it.



33

References

Akhtar, N., & Enns, J. T. (1989). Relations between convert orienting and filtering in the 
development of visual attention. Journal of Experimental Child Psychology, 
48(2), 315-334.

Battig, W. F., & Montague, W. E. (1969). Category norms of verbal items in 56 categories
A replication and extension of the Connecticut category norms. Journal of 
Experimental Psychology, 80, 1.

Biederman, I. (1987). Recognition-by-components: a theory of human image 
understanding. Psychological review, 94(2), 115.

Biederman, I., & Ju, G. (1988). Surface versus edge-based determinants of visual 
recognition. Cognitive psychology, 20(1), 38-64.

Bramão, I., Faísca, L., Forkstam, C., Reis, A., & Petersson, K. M. (2010). Cortical brain 
regions associated with color processing: An FMRI study. The open 
neuroimaging journal, 4, 164.

Bramão, I., Reis, A., Petersson, K. M., & Faísca, L. (2011). The role of color information 
on object recognition: A review and meta-analysis. Acta psychologica, 138(1), 
244-253.

Cavanagh, P. (1987). Reconstructing the third dimension: Interactions between color, 
texture, motion, binocular disparity, and shape. Computer Vision, Graphics, 
and Image Processing, 37(2), 171-195.

Christie, J., & Klein, R. (1995). Familiarity and attention: Does what we know affect 
what we notice?. Memory & Cognition, 23(5), 547-550.

Davidoff, J. B., & Ostergaard, A. L. (1988). The role of colour in categorial judgements. 
The Quarterly Journal of Experimental Psychology, 40(3), 533-544.

Gauthier, I., & Tarr, M. J. (1997). Becoming a “Greeble” expert: Exploring mechanisms 
for face recognition. Vision research, 37(12), 1673-1682.

Gegenfurtner, K. R., & Rieger, J. (2000). Sensory and cognitive contributions of color to 
the recognition of natural scenes. Current Biology, 10(13), 805-808.

Goffaux, V., Hault, B., Michel, C., Vuong, Q. C., & Rossion, B. (2005). The respective 
role of low and high spatial frequencies in supporting configural and featural 
processing of faces. Perception-London, 34(1), 77-86.

Hubel, D. H., & Wiesel, T. N. (1959). Receptive fields of single neurones in the cat's 
striate cortex. The Journal of physiology, 148(3), 574-591.



34

Hubel, D. H., & Wiesel, T. N. (1977). Ferrier lecture: Functional architecture of macaque 
monkey visual cortex. Proceedings of the Royal Society of London. Series B, 
Biological Sciences, 1-59.

Jacques, C., & Rossion, B. (2007). Early electrophysiological responses to multiple face 
orientations correlate with individual discrimination performance in humans. 
Neuroimage, 36(3), 863-876.

Johansen, M.K. and Palmeri, T.J. (2002). Are there representational shifts during category
learning? Cogn. Psychol. 45, 482–553

Johnson, K., and Mervis, C. (1997). Effects of varying levels of expertise on the basic 
level of categorization. Journal of Experimental Psychology: General, 126, 
248-277.

Jolicoeur, P., Gluck, M.A., and Kosslyn, S.M. (1984). Pictures and names: making the  
connection. Cognitive psychology, 16, 243-75.

Joseph, J. E. (1997). Color processing in object verification.  Acta psychologica,  97(1),  
95-127.

Joseph, J. E., & Proffitt, D. R. (1996). Semantic versus perceptual influences of color in 
object recognition. Journal of Experimental Psychology: Learning, Memory, 
and Cognition, 22(2), 407.

Kennett, S., Eimer, M., Spence, C., & Driver, J. (2001). Tactile-visual links in exogenous 
spatial attention under different postures: convergent evidence from 
psychophysics and ERPs. Journal of Cognitive Neuroscience, 13(4), 462-478.

Kuefner, D., Cassia, V. M., Vescovo, E., & Picozzi, M. (2010). Natural experience 
acquired in adulthood enhances holistic processing of other-age faces. Visual 
Cognition, 18(1), 11-25.

Lewis, D. E., Pearson, J., & Khuu, S. K. (2013). The Color “Fruit”: Object Memories 
Defined by Color. PloS one, 8(5), e64960.

Livingstone, M. S., & Hubel, D. H. (1987). Psychophysical evidence for separate 
channels for the perception of form, color, movement, and depth. Journal of 
Neuroscience, 7, 3416-3468. 

Livingstone, M., & Hubel, D. (1988). Segregation of form, color, movement, and depth: 
anatomy, physiology, and perception. Science, 240(4853), 740-749.

Marr, D. (1982). Vision: A computational investigation into the human representation and
processing of visual information, Henry Holt and Co. Inc., New York, NY.



35

Nagai, J. I., & Yokosawa, K. (2003). What regulates the surface color effect in object  
recognition:  Color diagnosticity  or category.  Technical  Report on Attention  
and Cognition, 28, 1-4.

Naor-Raz, G., Tarr, M. J., & Kersten, D. (2003). Is color an intrinsic property of object 
representation? Perception, 32(6), 667-680.

Oliva, A., & Schyns, P. G. (2000). Diagnostic Colors Mediate Scene Recognition. 
Cognitive Psychology, 41, 176-210. 

Ostergaard, A. L., & Davidoff, J. B. (1985). Some effects of color on naming and 
recognition of objects. Journal of Experimental Psychology: Learning, 
Memory, and Cognition, 11(3), 579.

Price, C. J., & Humphreys, G. W. (1989). The effects of surface detail on object 
categorization and naming. The Quarterly Journal of Experimental 
Psychology, 41(4), 797-828.

Rosch, E., Mervis, B.C., M., Gray D.W., Johnson, M. D., and Boyes-Braem, P. (1976).  
Basic objects in natural categories. Cognitive Psychology, 8, 382-439. 

Rossion, B., & Pourtois, G. (2004). Revisiting Snodgrass and Vanderwart's object 
pictorial set: The role of surface detail in basic-level object recognition. 
Perception, 33(2), 217-236

Schiller, P. H., Finlay, B. L., & Volman, S. F. (1976). Quantitative studies of single-cell 
properties in monkey striate cortex. I. Spatiotemporal organization of receptive
fields. Journal of neurophysiology, 39(6), 1288-1319.

Stroop, J. R. (1935). Studies of interference in serial verbal reactions. Journal of 
experimental psychology, 18(6), 643.

Tanaka, J. W., & Curran, T. (2001). A neural basis for expert object recognition. 
Psychological science, 12(1), 43-47.

Tanaka, J. W., & Farah, M. J. (1993). Parts and wholes in face recognition. The Quarterly
Journal of Experimental Psychology, 46(2), 225-245.

Tanaka, J. W., & Presnell, L. M. (1999). Color diagnosticity in object recognition. 
Perception & Psychophysics, 61(6), 1140-1153.Tanaka, J.W., and Taylor, M. 
(1991). Object categories and expertise: Is the basic level in the eye of the 
beholder? Cognitive Psychology, 23, 457-482. 

Tanaka, J. W., & Taylor, M. (1991). Object categories and expertise: Is the basic level in 
the eye of the beholder?. Cognitive psychology, 23(3), 457-482.



36

Tanaka, J. W., Weiskopf, D., & Williams, P. (2001). The role of color in high-level vision.
Trends in cognitive sciences, 5(5), 211-215.

Townsend, J. T., & Ashby, F. G. (1983). The stochastic modeling of elementary 
psychological processes. CUP Archive.

Wahlheim, C. N., Teune, R. K., & Jacoby, L. L. (2011). Birds as natural concepts: A set of
pictures from the Passeriformes order.

Wurm, L. H., Legge, G. E., Isenberg, L. M., & Luebker, A. (1993). Color improves object
recognition in normal and low vision. Journal of Experimental Psychology: 
Human perception and performance, 19(4), 899.



37

Chapter 3: The role of spatial frequency in expert object recognition

Color, motion, and form all play a critical role in early vision by, for example, 

segregating an object from the background (Livingstone & Hubel, 1987). These 

dimensions also contribute to laterstages of object recognition. For example, objects are 

more quickly identified when shown in a congruent color than in an incongruent color 

(Rossion & Pourtois, 2001; Tanaka & Presnell, 1999) and biological movements (e.g., of 

humans) can be recognized based on motion information when form cues are highly 

degraded (Johansson, 1973). Although it has been shown that experience with objects can

modulate the role that color plays in recognition (Hagen, Vuong, Scott, Curran, & 

Tanaka, 2014), we know little about how experience can modulate other dimensions such

as form information. In this article, we tested the importance of internal form information

and how its role in object recognition may change as function of perceptual experience. 

Most objects are initially recognized at a level of categorization called the 

basic level (e.g., dogs, birds, and cars). For example, the basic-level category (e.g., bird) 

is the level at which objects are typically labeled and fastest to be recognized (Mack, 

Wong, Gauthier, Tanaka, & Palmeri, 2009; Rosch et al., 1976). At the basic level, the 

objects’ global form (e.g., external contour) minimizes variation in within-category 

members (e.g., dogs), and maximizes variation across between-category members (e.g., 

birds vs. dogs vs. cars; Rosch et al., 1976). Thus, objects that are recognized at the basic 

level are maximally distinctive from one another with respect to their global form. In 

contrast, objects at a subordinate level (e.g., Robin is a subordinate level of bird) show 

greater within-category similarity than basic-level categories, but less between-category 

variability. Thus, the global form of members of subordinate-level categories is more 

homogenous and demands additional perceptual encoding time to recognize on the basis 

of form information (Grill-Spector & Kanwisher, 2005; Joliecour, Gluck, & Kosslyn, 

1984; Mack & Palmeri, 2011; Mack et al., 2009; Rosch et al., 1976).

The level that is initially accessed in recognition is not absolute, but is 

adaptable to experience. Natural experts, such as car, bird and dog experts, recognize 

objects in their domain of expertise equally fast at the subordinate and basic levels 

(Johnson & Mervis, 1997; Tanaka & Taylor, 1991). In the current study, we examine 
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whether perceptual experience influences the degree to which internal form information 

is used for fast and accurate subordinate-level identification. In a recent study, Hagen et 

al. (2014) demonstrated that color played a larger role in object recognition for experts 

relative to novices. In this study, expert birdwatchers and novice participants were asked 

to categorize common birds (e.g., Robin, Sparrow) presented in their natural congruent 

color, non-natural incongruent color and grayscale. Unlike novices who utilized color 

only when they were relatively slow at responding, experts utilized color even on the 

fastest trials suggesting that they relied on representations in which color was readily 

available. Thus, the ability to quickly recognize objects at the subordinate level seem to 

be facilitated by internal representations in which internal object cues (e.g., color) are 

encoded to increase within- category variation when global form cues become less 

informative (e.g., trying to recognize birds from the same species).

Following our previous work (Hagen et al., 2014), here we examine the role 

that experience plays in forming representations that encode internal form features of an 

object in visual memory (e.g., feathers of a bird). Similar to Hagen et al. (2014), we chose

the bird domain for two main reasons. First, bird-watching requires quick and accurate 

recognition of visually homogenous objects (in terms of their external contour) at 

subordinate species levels (e.g., Field Sparrow) for which internal features may play a 

critical role in making within-category identifications. Second, experienced bird watchers

readily report internal details (e.g., patch around the eye) in feature listing tasks (Tanaka 

& Taylor, 1991).

Form information, such as internal details of an object, can be investigated by 

filtering the spatial frequency (SF) content of images. That is, an image can be 

decomposed into different SF components that describe changes in luminance 

information in the image and that provide the building blocks for complex forms. The fast

variations in luminance captured by high spatial frequencies (HSFs) represent fine details

and edges that may define internal object features. By comparison, the slower luminance 

variations captured by low spatial frequencies (LSFs) represent coarse details and their 

configurations, as well as the global form of the object (see Morrsion & Schyns, 2001).

Different regions of the SF spectrum contain different visual information that 

are important for recognition of objects. More importantly, previous studies show that 
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different regions of the SF spectrum are used differently depending on the recognition 

task. First, different narrow ranges of the SF spectrum can contain the crucial information

for recognition of different object categories, as shown with recognition of letters 

(Solomon & Pelli, 1994), geometrical shape objects (Braje, Tjan, & Legge, 1995), and 

faces (Costen, Parker, & Craw, 1994, 1996; Fiorentini et al., 1983; Hayes, Morrone, & 

Burr, 1986; Näsänen, 1999; Tieger & Ganz, 1979). For example, the 8 –16 cpi range has 

been repeatedly shown to be crucial for face recognition (e.g., Costen et al., 1994, 1996), 

whereas the bandwidth critical to letters is centered at about 3 cycles a letter (e.g., 

Solomon & Pelli, 1994). Second, different category levels (e.g., basic, subordinate) rely 

on information contained in different regions of the SF spectrum. For example, Collin 

and McMullen (2005) showed that subordinate-level recognition of nonface objects relied

disproportionately on HSFs (>16 cycles/object) relative to basic-level recognition of the 

same objects. Third, different face recognition mechanisms have been linked to different 

SFs. Whereas recognition based on features is facilitated by HSFs, recognition based on 

the spatial relations of those features is facilitated by LSFs (Costen, Parker, & Craw, 

1994, 1996; Fiorentini, Maffei, & Sandini, 1983; Goffaux, Hault, Michel, Vuong, & 

Rossion, 2005; Sergent, 1986). Fourth, expert recognition of faces and cars rely on 

information contained in different regions of the SF spectrum (Harel & Bentin, 2013), 

indicating that expertise for different domains may rely on different SF information (also 

see Harel & Bentin, 2009). Collectively, these studies support the notion that observers’ 

experience with the object domain may influence how SF information contributes to 

recognition.

In the current study, we investigated whether extensive experience with birds 

modulated the representation of internal features of birds (as captured by different SF 

ranges). To test this question, individuals with and without extensive bird experience 

were asked to categorize images of common birds at the family level (e.g., Sparrow, 

Robin, and Wren; Experiment 1) and at the species level (e.g., Field Sparrow, American 

Goldfinch; Experiment 2). We systematically degraded the birds’ internal information 

while holding their global form constant by filtering the bird images over a range of SF 

bandwidths corresponding to 2– 4 cycles per image (cpi), 4 – 8 cpi, 8 –16 cpi, 16 –32 cpi,

and 32– 64 cpi and masking these filtered images with the birds’ contour. Any difference 
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in performance between the SF conditions must be because of the internal object 

information conveyed by that SF range because global form was controlled for in each 

condition. The LSFs preserved very little internal details because of the spatial blurring, 

whereas the HSFs preserved fine internal features (see Figure 1). The midrange SFs, 

typically defined between 8 and 32 cpi (e.g., Hughes, Nozawa, & Kitterle, 1996), 

contained a mixture of internal features and their configurations. In line with studies 

suggesting that a midrange of SFs is important for recognition (e.g., Tjan, Braje, Legge, 

& Kersten, 1995; Näsänen, 1999), we hypothesized that expert and novice recognition 

will be facilitated by a midrange in which the crucial object features are contained. 

Moreover, we hypothesized that experience would increase the sensitivity to the optimal 

SF information range and moderate how efficiently that information is processed.

Experiment 1

In Experiment 1 the effects of spatial frequency filtering on family-level 

categorization of birds were assessed with bird experts and novices. The two groups were

tested in a category verification task in which participants judged whether a category 

label and a subsequently presented bird image matched or not. Based on previous work 

(e.g., Hagen et al., 2014; Tanaka & Taylor, 1991), we predicted that bird experts would be

faster and more accurate when categorizing the birds relative to the novices. Moreover, 

we predicted that experts would be more sensitive than novices to SF information 

contained within a midrange of SFs (e.g., Braje et al., 1995). As in Hagen et al. (2014), 

we performed an analysis of the response time (RT) distributions for both Experiment 1 

and 2 to examine differences in the timing with which different ranges of SFs influence 

performance. If the internal information within the midrange of SFs is crucial for accurate

and fast recognition, it should influence performance even on the fastest trials.
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Method

Participants. Fifteen expert participants, ranging in age from 22– 63 years (4 females, M 

= 31.27, SD = 12.89) were selected based on nominations from their bird-watching peers.

Fifteen additional age- and education-matched (21–54 years of age) participants were 

selected to serve as the novice control group (7 females; M = 30.20, SD = 8.35). The 

novice participants had no prior experience in bird watching. However, seven out of the 

15 novice participants had participated in a previous experiment on bird recognition in 

our lab (Hagen et al., 2014)1.  For the experts, nine out of the 15 participants had taken 

part in a previous study on bird recognition (Hagen et al., 2014). To assess the level of 

bird expertise in our participants, we used a bird expertise test (Hagen et al., 2014) in 

which participants judged whether two sequentially presented bird images belonged to 

the same or different species. The experts obtained a higher discrimination score (d’ = 

2.15) compared to the novices (d’ = 0.79), t(28) = 6.86, p < .001. The data from two 

additional expert participants were lost because of technical issues, and the data from one

additional novice were excluded because of poor performance (i.e., below 50% accuracy 

for the majority of bird families in the full spectrum condition). Participants received 

monetary compensation for their participation.

Stimuli. Three images for each of eight common bird species (Cardinal, Oriole, 

Hummingbird, Robin, Sparrow, Swallow, Woodpecker, and Wren) were collected in part 

from the Internet and from an existing bird dataset (Wahlheim, Teune, & Jacoby, 2011) 

for a total of 24 bird images. The birds selected were among the 20 most frequently 

mentioned birds in a category norms study by Battig and Montague (1969). Using 

Matlab, the bird images were band-pass filtered for different ranges of spatial frequencies

(2– 4, 4 – 8, 8 –16, 16 –32, and 32– 64 cpi). The images were first Fourier transformed 

into the frequency domain. These transformed images were then multiplied with 

Gaussian filters with cutoff frequencies in each range (e.g., for the 8 –16 cpi range, a low-

pass cutoff of 8 cpi and a high-pass cutoff of 16 cpi). The filtered images were then 

inverse Fourier transformed back into the spatial domain. A mask of the external bird 

1 Analyses were done with and without these participants and the general pattern of effects did not change. 
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contour was applied such that the external contour remained constant across the spatial 

frequency manipulations. The masking necessarily distorts the frequency content of the 

band-passed filtered images. However, the important aspects were that the internal 

features were systematically degraded and that the global form (i.e., contour) was 

preserved. Each bird image was filtered in each frequency band condition, as illustrated 

in Figure 1. Images were cropped and scaled to fit within a frame of approximately 250 x 

250 pixels and pasted on a gray background using Adobe Photoshop CS4. Images 

subtended a visual angle of approximately 4.09° vertically and 5.03° horizontally.

Figure 1. An example of stimuli filtered for 2– 4, 4 – 8, 8 –16, 16 –32, and 32– 64 cycles 
per image (cpi), and masked by the bird’s contour. Note the systematic degradation in the 
frequency domain of the bird’s internal features while its global form remains constant.

Procedure. Participants were tested in a category verification task. At the beginning of 

each trial, a ready prompt (i.e., “Get Ready”) was displayed for 1.0 s before it was 

replaced by a category label (e.g., “Robin”). After 2.5 s, the category label was replaced 

by an image of a bird that remained on the screen until the participant responded. If the 

label and the image matched (e.g., the label “Robin” was followed by an image of a 
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Robin), the participant was instructed to press the button on a keyboard labeled YES 

(“m” on the keyboard). If the label and the image mismatched (e.g., the label “Robin” 

was followed by an image of a Cardinal), the participant was instructed to press the 

button labeled NO (“c” on the keyboard). Before the task started, the participants were 

told which birds they would see in the experiment and instructed to respond as quickly 

and as accurately as possible.

The name foil for each target image was selected from the remaining seven 

bird families. Thus, the only labels that could appear in the experiment were the 

following: “Cardinal,” “Oriole,” “Wren,” “Robin,” “Hummingbird,” “Woodpecker,” 

“Swallow,” and “Sparrow.” Each bird name appeared an equal amount of times as a foil. 

Moreover, each bird was used as a foil and a correct label an equal amount of times.

Each bird exemplar (e.g., robin1) was displayed once in YES trial and once in 

a NO trial in each of the six SF conditions (2– 4, 4 – 8, 8 –16, 16 –32, 32– 64, All cpi). 

The orientation of each bird image was reversed across the horizontal axis for half of the 

YES trials and half of the NO trials. Consequently, each exemplar (e.g., cardinal1) would 

be presented six times facing left (three YES trials and three NO trials) and six times 

facing right (three YES trials and three NO trials). Three blocks were created to reduce 

the occurrence of the same bird exemplar in different SF conditions close in time (i.e., 

minimize image familiarity), and the order of these three blocks was counterbalanced 

across participants. Each block consisted of 96 trials (8 bird families, 3 exemplars, 2 

facing directions, and 2 types of trial), for a total of 288 trials.

Results

Trials with RT 3 SD greater than each participant’s grand mean were excluded 

from the analysis. Category items that were miscategorized on 50% of the trials in the All

SF condition were also excluded from analysis. In total, three bird families were excluded

across four novice participants (one Robin, two Orioles, and one Sparrow). Excluded 

trials based on these requirements included 120 (14 trials lost because of technical 
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difficulties) for the novices and 49 for the experts out of a total of 2,160 trials for each 

group.

Similar to previous studies (e.g., Collin & McMullen, 2005; Mack, Wong, 

Gauthier, Tanaka, & Palmeri, 2009), all subsequent analyses were conducted using only 

the YES trials. The YES trials provide a measure of the extent that the category 

representation triggered by the label match with the image on the screen. For example, if 

the representation and the image have exactly the same content, then recognition should 

be faster than if the representation and the image have slightly different content. In our 

study, we apply the assumptions of the category verification paradigm to examine 

whether observer’s representation includes specific spatial frequencies. In contrast, for 

the NO trials, the label triggers a category level representation (e.g., family level: Robin) 

that is not congruent with the bird image on the screen (e.g., Hummingbird). Thus, the 

label does not activate a bird representation that match with the bird in the image, and 

therefore, the label does not control the level at which the object is recognized and 

subsequently rejected. We do not know what category levels are used in the NO trials, 

and so we cannot make clear conclusions about the SF content of family level 

(Experiment 1) and species level (Experiment 2) from these trials. 

Accuracy. Figure 2 presents the mean accuracy data for YES trials as a function of SF 

condition and group. The accuracy data for experts and novices were analyzed in a 

mixed-design analysis of variance (ANOVA) with SF condition as a within-subjects 

factor and group as a between-subjects factor. The significant main effect of group, F(1, 

28) = 48.43, p < .001, eta2 = .63, showed that the experts were more accurate than the 

novices. The main effect of SF condition was significant, F(5, 140) = 15.75, p < .001, eta2

= .36. In addition, as narrow ranges in the midrange SFs lead to best recognition of 

objects (Tjan et al., 1995), letters (Solomon & Pelli, 1994), and faces (e.g., Costen et al., 

1994, 1996), we tested whether there was a quadratic trend in the accuracy and RT data 

as a function of SF condition (the All SF condition was removed because it included all 

SF ranges). There was a significant quadratic trend for both experts, F(1, 14)  = 5.20, p 

= .039, eta2 = .27, and novices, F(1, 14) = 6.83, p = .020, eta2 = .33. Thus, both groups 

were more accurate when middle SF ranges were available in the images. Group and SF 
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condition did not interact, F(5, 140) = 0.76, p = .58, nor was there a significant quadratic 

interaction between group and SF condition, F(1, 28) = 0.52, p = .478. Thus, SF filtering 

influenced experts and novices in the same way. Post-hoc comparisons aimed to evaluate 

the performance with the filtered images relative to the full-spectrum images (All SF 

condition) revealed that both experts and novices were more accurate in the All SF 

condition than all the other conditions (all ps < .003). For the post-hoc test in this and 

subsequent analyses, we report uncorrected p-values.

Figure 2. Experiment 1: Accuracy for each group (expert, novice) as a function of spatial 
frequency (SF) condition (2– 4, 4 – 8, 8 –16, 16 –32, 32– 64, and All cpi [cycles per 
image]). Error bars represent the SEMs.

Response time. Figure 3 presents the mean RTs for correct YES trials as a function of SF 

condition and group. The RT data were analyzed in a mixed-design ANOVA using SF 

condition as a within-subjects factor and group as a between-subjects factor. The main 

effect of group, F(1, 28) = 25.87, p < .001, eta2 = .48, indicated that the experts were 
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faster than the novices. The main effect of SF condition, F(5, 140) = 6.90, p < .001. eta2 =

.20, demonstrated that the SF filtering influenced RT.

In contrast to accuracy, SF condition interacted with group, F(5, 140) = 3.54, p 

= .005, eta2 = .11. More importantly, there was a significant quadratic trend in the 

interaction between group and SF condition, F(1, 28) = 6.04, p = .020, eta2 = .18. To 

follow up this interaction, we carried out separate ANOVAs for the novice and expert 

groups with SF condition as a within-subjects factor. For the novices, the main effect of 

SF condition was significant, F(5, 70) = 2.59, p = .033, eta2 = .16. However, unlike the 

accuracy, the trend analysis in which the All SF condition was excluded revealed that 

there was no significant quadratic trend, F(1, 14) = 0.19, p = .673. Post-hoc comparisons 

revealed that participants responded more quickly in the All SF condition than the 8 –16 

cpi (p = .09) and 32– 64 cpi (p = .040) conditions, but not the remaining SF conditions 

(all ps > .1). To rule out the possibility of a quadratic trend if the 2– 4 cpi condition was 

excluded (because of speed–accuracy trade-off), we ran the analysis without the 2– 4 cpi 

condition. The results revealed no quadratic trend for the novices (p = .176). For the bird 

experts, the main effect of SF condition was significant, F(5, 70) = 9.85, p < .001, eta2 = .

41. In contrast to the novices, there was a significant quadratic trend, F(1, 14) = 11.30, p 

< .005, eta2 = .45, indicating that participants responded more quickly with images 

containing middle SF ranges. Post-hoc comparisons revealed that participants responded 

more quickly in the All SF condition than all the other conditions (all ps < .05).
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Figure 3. Experiment 1: Response time for each group (expert, novice) as a function of 
spatial frequency (SF) condition (2– 4 cpi, 4 – 8 cpi, 8 –16 cpi, 16 –32 cpi, 32– 64 cpi, 
and All cpi [cycles per image]). Error bars represent the SEMs.

RT distribution analysis. Following our previous study with color (Hagen et al., 2014), 

we analyzed the RT distribution to investigate when the quadratic trend observed in the 

RT analysis for experts occurred and whether similar trends occurred for novices at 

different time points. In our earlier work, we combined accuracy and RTs into a single 

inverse efficiency measure (Hagen et al., 2014). Here we analyzed RTs directly as 

accuracy was relatively low in this study (< 90%) compared with our previous study 

(making the inverse efficiency measure less robust; Bruyer & Brysbaert, 2011) and 

because speed–accuracy trade-offs did not complicate the interpretation of the results in 

this study.

To examine the distribution of correct RT, each participant’s trials were ranked 

from the fastest to the slowest within each SF condition before they were grouped into 

four bins containing the fastest 25% of the responses (i.e., quartile bin 1), the next 25% of
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responses (i.e., quartile bin 2), and so on. Within each bin, the average correct RT for 

each SF condition was calculated.

The data were first analyzed in a mixed-design ANOVA using SF condition 

and bin as within-subjects factors, and group as a between-subjects factor. The main 

effects of bin, F(3, 84) = 283.15, p < .001, eta2 = .91, SF condition, F(5, 140) = 5.59, p < .

001, eta2 =  .17, and group, F(1, 28) = 24.68, p < .001, eta2 = .47, were significant. The 

two-way interactions between SF condition and bin, F(15, 420) = 3.99, p < .001, eta2 = .

13, between bin and group, F(3, 84) = 19.30, p < .001, eta2 = .41, and between group and 

SF condition, F(4, 140) = 3.63, p = .004, eta2 =  .12, were significant. Importantly, the 

three-way interaction between bin, SF condition, and group was significant, F(15, 420) = 

2.22, p = .005, eta2 =  .7. Furthermore, there was a significant quadratic trend in this 

three-way interaction, F(1, 28) = 7.39, p = .011, eta2 = .21.

To better understand the three-way interaction, the groups were eindependently

analyzed in a repeated measures ANOVA using SF condition and bin as within-subjects 

factors. Figure 4 presents the mean RTs for correct YES trials as a function of bin, SF 

condition, and group. For the novices, the main effect of bin, F(3, 42) = 151.16, p < .001, 

eta2 =  .92) was significant. However, the main effect of SF condition, F(5, 70) = 2.06, p 

= .081, and the interaction between these two variables, F(15, 210) = 1.35, p = .175, were

not significant. Moreover, a trend analysis at each bin showed that there was no 

significant quadratic trend for any bins (all ps > .17). Post-hoc comparisons revealed that 

participants responded more quickly in the All SF condition than the 8 –16 cpi (p = .024) 

and the 32– 64 cpi (p = .026) conditions in bin 3. They responded more quickly in the All

SF condition than the 8 –16 cpi (p = .048) condition in bin 4. These findings are 

consistent with the results of the RT analysis for novices above.

In contrast to novices, for the bird experts, the main effects of bin, F(3, 42) = 

151.40, p < .001, eta2 = .92, and SF condition, F(5, 70) = 9.08, p < .001, eta2 = .39, were 

significant. Moreover, SF condition interacted with bin, F(15, 210) = 7.84, p < .001, eta2 

= .36. Trend analysis revealed a quadratic trend in each bin similar to the trend we found 

for the RT analysis (bin 1: F(1, 14) = 9.50, p = .008, eta2 = .40; bin 2: F(1, 14) = 8.04, p =

.013, eta2 = .37; bin 3: F(1, 14) = 6.81, p = .021, eta2 = .33; bin 4: F(1, 14) = 7.37, p = .

017, eta2 = .35). Post-hoc comparisons revealed that in bin 2, participants responded more
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quickly in the All SF condition than the low SF conditions (2– 4 and 4 – 8 cpi, ps < .006).

In bin 3, they responded more quickly in the All SF than the low SF (2– 4 and 4 – 8 cpi, 

ps < .002), 8 –16 cpi (p = .019), and high SF (32– 64 cpi, p = .017) conditions. In bin 4, 

they responded more quickly in the All SF condition than all the other conditions (all ps <

.05).

The main finding of Experiment 1 was that SF filtering differentially affected 

RTs of bird experts and bird novices whereas the effect of filtering on accuracy was the 

same for both groups. Both experts and novices were more accurate for a middle range of

SFs as characterized by a quadratic function in which accuracy decreased toward the 

LSFs and HSFs, and all participants were most accurate with the full spectrum. However,

the experts, but not the novices, showed a similar quadratic relationship in RTs in which 

RTs increased toward the LSFs and HSFs. The RT distribution analysis showed the 

experts utilized information in the midrange SFs for family-level recognition irrespective 

of how quickly they responded (i.e., the quadratic trend was observed in all quartile RT 

bins). More importantly, responses on none of the SF conditions were faster than 

responses on the All SF condition, which contains the entire SF spectrum. Thus, bird 

novices utilized midrange SFs to make accurate responses but there was no systematic 

pattern in which SFs influenced how quickly they responded. Unlike novices, bird 

experts systematically utilized the middle SF range for making fast and accurate family-

level recognition.
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Figure 4. Experiment 1. Distribution of response times for the experts and novices. Bin 1 
contains the 25% fastest responses of each participant. Bin 2 contains the next 25% 
fastest responses, and so on. Error bars represent the SEMs.

Experiment 2

The default mode of recognition of experts is at the most specific category level (Johnson

& Mervis, 1997). Thus, in Exper iment 2 the experts were tested to investigate which SF 

range they used at the species level, for example, MacGillivray’s Warbler or Wilson’s 

Warbler. Birds at the species level share, to a larger degree, external object shape relative 

to family-level birds, potentially increasing the role that internal information may play in 

recognition. As in Experiment 1, the participants were tested in a category verification 

task in which they judged whether a species- level category label matched a bird image or

not. Based on the results of Experiment 1, we predicted that a midrange of SFs would be 

particularly important for recognition, and that this advantage would be present across the

entire RT distribution.
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Method

Participants. Fifteen expert birdwatchers, 20 – 63 years of age (M = 41.00, SD = 14.61), 

took part in Experiment 2. Nine of the 15 expert participants participated in Experiment 

1, eight participated in a previous study examining effects of color on bird recognition 

(Hagen et al., 2014), seven participated in both, and four participated in neither of the 

previous experiments. The participants received monetary compensation for their 

participation. The data from one additional expert participant was lost because of 

technical issues

Stimuli. The stimuli were selected from the Warbler (e.g., Yellow Warbler, Wilson’s 

Warbler, and MacGillivray’s Warbler) and Finches (e.g., House Finch, Pine Siskin, and 

American Gold finch) bird families (see Figure 5). Six species from each family and 

three exemplars of each species were selected. Thus, a total of 36 bird images were used 

in Experiment 2 (2 families x 6 species x 3 exemplars). The stimuli were collected from 

the Wahlheim, Teune, and Jacoby (2011) bird dataset and supplemented by images from 

the Internet that were independently verified by a bird expert.

Following the procedures used in Experiment 1, the bird images were 

transformed to create different SF conditions. Images were cropped and scaled to fit 

within a frame of approximately 250 x 250 pixels and pasted on a gray background using 

Adobe Photoshop CS4. Images subtended a visual angle of approximately 5.02° 

vertically and 5.78° horizontally.
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Figure 5. Examples of the stimuli used in Experiment 2. Note that these birds have a 
more similar global form than the birds used in Experiment 1.

Procedure. The experimental procedure was identical to Experiment 1, with the exception

that six species of birds from the Warbler and Finch families were tested in each of the 

six SF conditions (2– 4, 4 – 8, 8 –16, 16 –32, 32– 64, and All cpi). Each experimental 

trial was repeated six times for a total of 432 experimental trials (2 families x 6 species x 

3 exemplars x 2 YES/NO conditions x 6 repetitions). The trials were divided into three 

blocks of 144 trials and participants were provided with a rest break between blocks. The 

blocks were counterbalanced across participants. For YES trials, the species label (e.g., 

“MacGillivray’s Warbler,” “Wilson’s Warbler”) matched the subsequently presented 

picture. For the NO trials where the species label did not match the picture, the foil 

picture was selected from the same family as the species label (e.g., the label “Wilson’s 

Warbler” was followed by a picture of a “MacGillivray’s Warbler”).

Results

Similar to Experiment 1, trials with RT 3 SD greater than each participant’s grand mean 

were excluded from further analyses. Excluded trials based on this requirement amounted

to 75 out of 3,222 trials. No trials were excluded because of low accuracy with a given 

bird species (i.e., less than 50% accuracy). Following the same logic described in 

Experiment 1, our analyses were only performed on YES trials. 
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Accuracy. Figure 6 presents the mean accuracy data for YES trials as a function of SF 

condition. The accuracy data were analyzed in a repeated measures ANOVA using SF 

condition as a within-subjects factor. Consistent with Experiment 1, the main effect of SF

condition was significant, F(5, 70) = 59.50, p < .001, eta2 = .81. Trend analysis revealed a

significant quadratic trend, F(1, 14) = 83.65, p < .001, eta2 = .86, indicating that the 

experts were more accurate when the images contained the midrange SFs. Post-hoc 

comparisons revealed that participants were more accurate in the All SF condition than 

the other conditions (all ps < .005), with the exception of 8 –16 cpi (p = .646) and 16 –32 

cpi (p = .087).

Figure 6. Experiment 2: Accuracy for the experts as a function of spatial frequency (SF) 
condition (2– 4, 4 – 8, 8 –16, 16 –32, 32– 64, and All cpi [cycles per image]). Error bars 
represent the SEMs.

Response time. Figure 7 presents the mean correct RT data for YES trials as a function of 

SF condition. The RT data for the correct trials were analyzed in a repeated measures 

ANOVA using SF condition as a within-subjects factor. The main effect of this variable 
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was significant, F(5, 70) = 21.26, p < .001, eta2 = .60. Similar to Experiment 1, trend 

analysis revealed a significant quadratic trend, F(1, 14) = 56.30, p < .001, eta2 = .80, 

suggesting that experts utilized a middle range of SFs to facilitate species-level 

categorization (compare Figures 3 and 7). Post-hoc comparisons revealed that 

participants responded more quickly in the All SF condition relative to the other 

conditions (all ps < .05).

Figure 7.  Experiment 2: Response time for the experts as a function of spatial frequency 
(SF) condition (2– 4, 4 – 8, 8 –16, 16 –32, 32– 64 cpi [cycles per image], and full 
spectrum). Error bars represent the SEMs.

RT distribution analysis. Similar to Experiment 1, we analyzed the distribution of correct 

RTs to examine when the quadratic trend observed in the overall analysis emerged. 

Figure 8 presents the mean correct RT data for YES trials as a function of bin and SF 

condition. The RT data were analyzed in a repeated measures ANOVA using SF condition

and bin as within-subjects factors. The main effects of SF condition, F(5, 70) = 21.17, p <
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.001, eta2 = .60, and bin, F(3, 42) = 58.81, p < .001, eta2 = .81, were significant. The 

interaction between SF condition and bin was significant, F(15, 210) = 8.59, p < .001, 

eta2 = .38. There was a significant quadratic trend in each bin (bin 1: F(1, 14) = 85.14, p 

< .001, eta2 = .86; bin 2, F(1, 14) = 99.16, p < .001, eta2 = .88; bin 3: F(1, 14) = 57.30, p 

< .001, eta2 = .80; bin 4: F(1, 14) = 27.53, p < .001, eta2 = .66). Post-hoc comparisons 

revealed that in bin 1, participants responded more quickly in the All SF condition than 

the other conditions (all ps < .05) except 8 –16 cpi (p = .209). In bin 2, they responded 

more quickly in the All SF condition than the other conditions (all ps < .01) except 16 –

32 cpi (p = .051). In bin 3, they responded more quickly in the All SF condition than the 

other conditions (all ps < .01) except 16 –32 cpi (p = .089). In bin 4, they responded more

quickly in the All SF condition than all the other conditions (all ps < .05).

The main finding of Experiment 2 was that SF filtering affected bird experts 

accuracy and Rts when they discriminated birds at the species level. As in Experiment 1, 

a quadratic trend was observed in which participants performed best for the midrange of 

SFs in term of both accuracy and RTs. Moreover, performance for the All SF condition, 

which contains the entire SF spectrum, was either as good as or better than any of the 

other filtered conditions. The quadratic trend in RTs was observed for all quartile RT bins.

Thus, the internal information contained within a middle range facilitated species-level 

recognition relative to low and high SFs.
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Figure 8. Experiment 2: Response time distribution for the experts. Bin
1 contains the 25% fastest responses of each participant. Bin 2 contains the
next 25% fastest responses, and so on. Error bars represent the SEMs.

General Discussion

The aim of the current study was to test how experience with objects 

influences the role of internal object information for recognition. In Experiment 1, expert 

bird watchers and bird novices performed family-level recognition (e.g., Robin, Cardinal)

of common birds that were band-pass filtered for different SF ranges and masked with the

bird’s contour. This combined manipulation preserved the birds’ global form while 

systematically degrading its internal feature information. Consistent with previous work 

(Hagen et al., 2014; Johnson & Mervis, 1997; Tanaka & Taylor, 1991), bird experts were 

more accurate and faster at recognizing birds at the family level than novices (Figures 2 

and 3). SF filtering affected the accuracy of the two groups similarly by facilitating 

recognition of images containing internal information that reside in a middle SF range as 

characterized by a quadratic function in which accuracy decreased toward the LSFs and 
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HSFs. However, the experts, but not the novices, showed a similar quadratic relationship 

in RTs in which RTs increased toward the LSFs and HSFs. Thus, Experiment 1 

demonstrated that bird experts, unlike novices, systematically utilized visual information 

contained in a middle SF range for fast yet accurate family-level categorization. In 

Experiment 2, only experts performed species-level categorization (e.g., Wilson’s 

Warbler). Similar to Experiment 1, a midrange of SFs facilitated recognition in terms of 

both accuracy and Rts, across the entire range of RTs. Thus, similar to Experiment 1, a 

middle range facilitated species-level recognition.

Our results are consistent with previous studies exploring SFs in nonface 

object recognition (e.g., Collin, 2006; Collin & McMullen, 2005; Harel & Bentin, 2009). 

Collin and McMullen (2005) reported that subordinate recognition of everyday objects 

(including birds) relied more on internal features than basic-level recognition by showing 

that the former was disproportionately impaired by low-pass filtered images (i.e., only 

allowing SFs below 8 cpi). Similarly, the novices in our study were more accurate when 

the images contained internal features than external contour as indicated by higher 

accuracy in the midrange SFs than the LSFs. However, the novices’ accuracy tapered off 

in the HSFs relative to the midrange SFs. Thus, by band-pass filtering the full SF 

spectrum into a number of narrow SF ranges, we extended Collin and McMullen’s low- 

and high-pass approach by pinpointing the range that contained the optimal spatial 

resolution for internal details. The novice results suggest that the optimal range is defined

by a midrange of SFs in which the internal details are not too spatially blurred nor too 

fine.

Similar to the novices, the experts were more accurate with the midrange of 

SFs relative to the LSFs and HSFs; however, unlike the novices, the experts were also 

faster to recognize the birds shown with the midrange SFs suggesting that they extracted 

from this range internal visual features (e.g., beak, wing-pattern, and eyes) more 

efficiently than novices. Interestingly, the experts used internal information contained in 

the midrange frequencies for both family-level (Experiment 1) and species level 

(Experiment 2) recognition. These results indicate that internal information is important 

regardless of whether the global form information provides good cues or relatively poor 

cues to recognition (compare the birds in Figure 1 and 5). Collectively, Experiments 1 
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and 2 suggest that a midrange of SFs provide the optimum spatial resolution for which 

internal object features are extracted, and importantly that experience can influence how 

recognition mechanisms operate within this range.

Together with previous work, our study suggests that experts quickly analyze 

several perceptual dimensions to improve recognition of homogenous objects within their

domain of expertise. For example, Hagen et al. (2014) asked bird experts and novices to 

recognize birds at the family level to examine the role of color in expert recognition. 

Similar to the current study, the global form of the family-level birds were highly salient 

(see Figure 1) and could, therefore, be used for successful recognition. However, the 

experts still used color information for quick and accurate recognition. Similarly, 

Experiment 1 of the current study demonstrated that the experts used the internal features 

contained in the middle SF range despite the saliency of the bird’s global form. This 

suggests that extensive experience discriminating homogenous objects produce 

subordinate object representation that contains both color and internal form information.

The results of our experiments are consistent with the idea that the features 

crucial for human object recognition reside in narrow ranges of SFs (Braje et al., 1995; 

Näsänen, 1999). Human object recognition relies on a small fraction (~1/10) of object 

information relative to ideal observers (Tjan et al., 1995). Moreover, computer 

simulations have shown that viewing the world through a band-pass SF channel allow for

extraction of the features that enhance recognition (Braje et al., 1995). Consistent with 

this view, recognition of letters (Solomon & Pelli, 1994), geometrical shape objects (Tjan

et al., 1995), and faces (e.g., Costen et al., 1994, 1996) rely on narrow bandwidths of SFs.

In our study, the mid-range SFs improved both novice and expert recognition 

emphasizing the importance of this narrow range of SFs for the internal features used for 

subordinate recognition. Our results are consistent with work showing that recognition is 

facilitated by narrow SF ranges; however, we also show that the experience of the 

observer can influence how efficiently those features are extracted and used to index 

objects in memory.

The results of our current study show interesting parallels and differences to 

the face domain—a domain in which most people have enough experience to be 

classified as experts (Tanaka, 2001). Previous work suggests that the information 



59

important for face recognition reside in a middle range (i.e., 8 –16 cpi; e.g., Costen et al., 

1994, 1996) that contains information about the relations among face features (i.e., 

configural information; Goffaux et al., 2005). This middle range is argued to be crucial 

for the holistic strategy that support face expertise (Maurer, Grand, & Mondloch, 2002). 

The midrange used by the experts in our study contained the 8 –16 cpi. Thus, unlike 

Harel and Bentin (2013) who reported that face- and car-expertise rely on different SFs, 

our study indicate that different domains of expertise can rely on overlapping SF 

information. What is the role of these SFs in the 8 –16 cpi in nonface expert object 

recognition? Similar to the role of these SFs in the face domain, it is possible that these 

SFs support a holistic strategy in experts. Indeed, nonface objects of expertise are 

sensitive to manipulations that impair configural processing, and so these SFs might 

support holistic recognition in the experts (Busey & Vanderkolk, 2005; Campbell & 

Tanaka, 2014; Curby, Glazek, & Gauthier, 2009; Diamond & Carey, 1986; Gauthier, 

Curran, Curby, & Collins, 2003; Gauthier & Tarr, 2002; but see Robbins & McKone, 

2007). However, our results also indicate that bird experts efficiently use coarse internal 

bird features represented by the 16 –32 cpi SFs.

In summary, extensive experience in an object domain influence the way in 

which we encode and retrieve objects. Experiments 1 and 2 showed that a midrange of 

SFs provide the optimal resolution for extracting the crucial internal object information, 

and that as a result of extensive experience with birds, the information contained within 

the midrange was extracted and processed more efficiently. While object expertise is 

traditionally characterized by the ability to recognize objects of expertise equally fast at 

the basic and subordinate levels (Johnson & Mervis, 1997; Rosch et al., 1976; Tanaka & 

Taylor, 1991), our work shows that this downward shift in level of recognition is 

accompanied by the experts’ ability to quickly use a larger repertoire of perceptual 

information, such as color (Hagen et al., 2014) and internal form information contained 

within the middle SF ranges (current study). Collectively, the studies suggest that experts 

recruit automatized perceptual routines to quickly analyze multiple perceptual 

dimensions. The perceptual routines are presumably facilitated by readily available object

representations in which multiple perceptual dimensions (i.e., color, internal form) are 
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encoded to increase the perceptual distinctiveness of objects in some high-level object 

space to improve subordinate-level recognition (e.g., Valentine, 1991).
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Chapter 4: The role of motion in expert object recognition

Specialized neural circuitry encode motion information that contributes to both

low- and high-level vision. For example, at low-levels, motion attracts attention and 

segment objects from the background. At high-levels it faciliates recognition of complex 

biological movements, including human locomotion, gestures, facial expressions, and 

motor actions. Most research examining recognition of complex biological motion have 

focused on different aspects of human motion. Thus, in the current study we examined 

whether real-world experience in an non-human object domain can influence the 

sensitivity to the motion of objects within that domain. 

A great deal of research has examined recognition of complex human 

biological movements. The seminal psychophysical work by Johansson (1973) showed 

that humans accurately recognized human biological movement based on stimuli in 

which form and color was abolished. Specifically, light bulbs were placed on strategic 

joints of a human before filming different actions in the dark, producing so-called point-

light (PL) videos. While human observers instantly recognized the presence of a human 

and the movements from the PL videos, they could not perform recognition when shown 

still frames from the movie. Thus, recognition was only possible when the dots moved in 

a characteristic manner (i.e., characteristic temporo-spatial patterns), rather than just the 

spatial relations between the dots in a given frame (i.e., inferring shape from a 

configuration of dots). Over the years, studies have shown that a variety of complex 

human motion patterns can be extracted from PL displays, including a variety of full-

body actions (Dittrich, 1993), arm movements (Pollick, Paterson, Bruderlin, & Sanford, 

2001), and facial expressions (Bassili, 1978). Human observers can even detect the subtle

motion cues associated with someone’s identity (Cutting & Kozlowski, 1977), their 

gender of the walker (Kozlowski & Cutting, 1977; Troje, 2002), as well as emotional 

states (Dittrich, Troscianko, Lea, & Morgan, 1996; Pollick et al., 2001). Thus, knowledge

of human actions and biological locomotion can be accessed solely by patterns of 

complex motion. 

To what degree is the sensitivity to complex human motion a result of 

experience? Some studies suggest that we are born with an innate ability to detect 
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terrestrial movement (Troje & Westhoff, 2006). For example, newly hatched domestic 

chicks prefer biological motion (i.e., walking hen, walking cats) as compared to non-

biological motion (i.e., scrambled biological motion) (Vallortigara, Regolin, & 

Marconato, 2005). The fact that they preferred both hens (same species) and cats 

(different species) suggest that the motion recognition mechanism was not restricted by 

species-specific constrains. Moreover, developmental studies with 2 day old human 

babies showed a preference to biological PL displays (i.e., walking hen) relative to 

nonbiological motion (i.e., scrambled hen motion) (Simion, Regolin, & Bulf, 2008; also 

see, Fox & McDaniel, 1982). This preference was selective to the upright as compared to 

inverted orientation, suggesting that the motion system has an innate sensitivity to a 

specific configuration of movements. It has been shown that the inversion effect, at least 

when making judgements of the direction of human and animal terrestrial movement, can

be explained entirely by the local motion of the feet (Troje & Westhoff, 2006). Thus, 

detection of biological locomotion is likely to be an intrinsic part of the visual system - 

independent from experience - presumably to orient animals to other terrestrial animals in

the environment. 

Although it is likely that innate motion mechanisms contribute to recognition 

of biological motion (e.g., moving animal), it does not preclude perceptual learning from 

occurring within those mechanisms. For example, identifying a human by its gait must 

depend on learned representations of subtle motion patterns specific to that individual 

(Cutting & Kozlowski, 1977). Similarly, certain motion patterns specific to a category 

domain (e.g., chopping wood; base-ball batting) is likely to be learned through 

experience. A influential neurocomputational model suggest that higher-level neurons in 

the motion recognition system, learn sequences of movements as multiple snapshots, 

which is subsequently read into a categorization layer (e.g., “dancing”, “running”) (Giese 

& Poggio, 2003).  For example, the act of running would be broken down into multiple 

snapshots, or frames, which when recombined in correct order by the recognition layer 

will be categorized as “running”. Experimental work have showed that human observers 

were able to learn novel human biological motion that was presented as PL displays. The 

hybrid displays were created by linearly combining, across space and time, different 

prototypical biological movements, such as marching, running, or aerobics (Jastorff, 
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Kourtzi, & Giese, 2002; also see Jastorff, Kourtzi, & Giese, 2006). Moreover, perceptual 

learning can improve sensitivity to already stored human motion templates. For example, 

human observers that are trained to discriminate between PLs of intact and scrambled 

human walkers, while embedded in random noise-dots, improve sensitivity to the trained 

actions as well as novel instances of those actions (Grossman, Blake, & Kim, 2004). 

Thus,  even though motion recognition of biological movement patterns might rely on 

innate system, at least some of the mechanisms of this system are subject to perceptual 

learning, allowing new motion templates to be created, as well as making exisiting 

templates more robust. 

In addition to learning new prototypical motion patterns, its suggested that 

experience influence configural processing of prototypical motion patterns. Similar to 

how experience influence the ability to encode the configural relations between object 

features (for review, see Bukach, Gauthier, & Tarr, 2006), it is argued that experience 

influence the ability to encode whole configurations of motion features. Turning an image

upside-down disrupts the canonical view of a set of features (e.g., in faces: eyes above the

nose above the mouth) while maintaining all featural information and their absolute 

distances. Thus, inversion disrupts configural processes that are tuned to the canoncial 

view, and force a less efficient feature-by-feature process (Van Belle, De Graef, Verfaillie,

Rossion, & Lefèvre, 2010). Inversion effects on motion recognition can therefore 

possibly be explained by forcing recognition to take place in a less efficinet system than 

the highly trained configural system (Dittrich, 1993; Proffit & Bertenthal, 1990; Reed, 

Stone, Bozova, & Tanaka, 2003).  Consistent with the claim that experience influence the

configural processing of prototypical motion patterns, Calvo-Merino and coworkers 

(Calvo-Merino, Ehrenberg, Leung, & Haggard, 2010) showed that expert ballet-dancers, 

who have extensive experience discriminating dance movement patterns, were better at 

discriminating between upright PLs of dancer than were the novices, but the advantage 

disappeard in the inverted condition. This implies that the expert’s increased sensitivity 

was due to learned configurations of motion patterns stored as a canonical view. Thus, 

extensive experience is likely to enhance sensitivity of domain related motion patterns by

increase configural processing of motion features. 
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The majority of research examining the learning and perception of biological 

motion recognition has focused on human motion, despite the claim that the system has 

evolved to support recognition of general animal motion (e.g., Vallortigara, Regolin, & 

Marconato, 2005). Do humans store prototypical motion templates of non-human 

biological motion, and moreover, does extensive real-world experience increase the 

sensitivity to those templates through configural processing? The current study used a 

psychophysical approach - similar to what have been used to study human biological 

motion -  to examine these questions. Specifically, expert and novice bird watchers 

discriminated between intact and scrambled point-lights of humans and birds – both 

upright and inverted -  that was embedded in noise dots. We used an adaptive-staircase 

procedure - in which correct and incorrect reponses increased and decreased, respectively,

the number noise dots – to estimate the sensitivity to motion patterns within the two 

objcet domains. We predicted that extensive experience in the bird domain increases 

sensitivity to bird flight patterns and that this sensitivity would be caused by an increase 

in configural processing. That is, experts should be more sensitive to upright birds than 

novices, but both groups should be equally sensitive to inverted birds. In contrast, 

sensitivity should be equal to upright human PLs in experts and novices, and both groups 

should show a similar inversion effect. Finally, we predicted that the system supporting 

configural processing is the same for birds and humans, and therefore, the inversion 

effect (i.e., larger sensitivity for upright than inverted point-lights) for birds and humans 

should correlate more in the experts than in the novices. 

Methods

Participants. Twenty expert participants, ranging in age from 14–72 years (7 females, M 

= 48.75, SD = 18.54) were selected based on nominations from their bird-watching peers.

Twenty additional age- and education-matched participants, ranging in age from 15–72 

years (9 females; M = 47.65, SD = 17.85), were selected to serve as the novice control 

group. The novice participants had no prior experience in bird watching. Eleven out of 

the 20 expert participants, had taken part in previous studies on bird recognition in our 
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lab (Hagen et al., 2014; 2016).  Eight of the novice participants had taken part in previous

experiments. The level of bird recognition performance in our participants was assessed 

with a bird recognition test (Hagen et al., 2014; 2016) in which participants judged 

whether two sequentially presented bird images belonged to the same or different species.

Data for one expert was lost due to technical issues yielding data from 19 experts and 20 

novices. The scores of the experts and the novices were compared using a Welch’s two-

sample t-test to deal with unequal sample sizes as well as unequal variance. The experts 

obtained a higher discrimination score (d’ = 1.84, SE = 0.53) compared to the novices (d’ 

= 0.78, SE = 0.30), t(28.13) = 7.68 p < .001).  

Stimuli. Bird point-light (PL) displays were created from videos with a bird in flight. 

Segments from  7 different videos, each displaying a different bird in flight (crane, crow, 

duck, eagle, heron, seagull, swan), were selected to serve as the stimuli. Using a 

customized script in Matlab, 7 strategic points of the birds were manually tagged on each 

of 75 subsequent frames (Figure 1, left column, top row). The x,y coordinates of the tags 

were stored for each frame and used as position coordinates for the signal dots in the PL 

displays. The bird PLs were scaled to approximately the same size and did not contain 

any frames in which signal dots overlapped. Each presentation of a bird in flight was 

always centered on the screen and played for 2.25 seconds (75 frames at 30 Hz). In 

contrast, PLs displays of walking humans consisted of 12 signal dots placed on strategic 

body positions (Figure 1, left column, bottom row). This stimuli was selected from an 

existing 3D stimuli set (Dekeyser, Verfaillie, & Vanrie, 2002; Vanrie & Verfaillie, 2004). 

Seven different profile views,  ranging from 150° – 210° (10° intervals), were selected to 

serve as stimuli. Each presentation of a human walker was always centered on the screen 

and played for 0.90 seconds (30 frames presented at 30 Hz).

Inverted humans and birds PLs were created by flipping the upright PLs 180° 

on the vertical axis. The scrambled counterparts to the intact PLs were created by 

randomly adjusting the starting coordinates of the original signal dots (Figure 1, middle 

column). For example, a scrambled bird was created by randomly shifting the starting 

positions of the 7 signal dots. Thus, the spatially scrambled stimuli retained the local 

motion of each dot of the moving objects, while disrupting the global percept of the 
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object in motion. The random noise-dots, in which the intact and scrambled PLs were 

embedded, were created by randomly selecting signal dots from the displayed PL, and 

randomly assigning the starting position of each dot (Figure 1, right column). The noise 

dots were spatially restricted to a grid centered on the screen to ensure that noise dots 

were not presented outside the screen in any given frame. The noise-dots ensured that the 

intact objects could not be recognized by form derived from the configuration of signal 

dots (compare left and right column of Figure 1). 

The signal dot subtended 0.10° of visual angle. Human displays subtended 

approximately 5.5 ° vertically and 2.5 ° horizontally, while birds subtended 

approximately 2.1 ° vertically and 4.8 ° horizontally. Note that the unequal number of 

signal dots between the human and bird domain, as well as presentation duration, 

confounds the direct comparison between the two object domains. However, the goal of 

this study was to compare differences between experts and novices across the two 

domains. 



70

Figure 1. A: Examples of upright point-light stimuli. Left, top: intact bird. Left, bottom: 
intact human. Middle, top: scrambled bird. Middle, bottom: scrambled human. Left, 
top: intact bird with noise. Left, bottom: intact human, with noise. 

Procedure. The participant’s were told that they would see intact and scrambled PLs of 

upright and inverted flying birds and walking humans, and that these displays would be 

embedded in additional-noise dots (Figure 2). They were instructed to press ‘f’ on the key

board if they see an intact PL, and to press ‘j’ if they see a scrambled PL. The stimuli was

blocked by object category (human, bird) and the participants were told before each block

which object category they were about to see. Moreover, they were told that the number 

noise dots would vary randomly throughout the experiment. Before starting each block, 

the participants performed a 28 practice trials in which the the PLs were presented 

without added noise dots. Next they performed 28 practice trials in which the PLs 

presented with a constant amount of noise dots in each trial. The stimuli used during 

practice were different exemplars of the stimuli used in the subsequent test trials. All the 

stimuli had an equal probability of facing left or right. 

Within a block, half of the trials presented were intact and the other half was 

scrambled PLs. Moreover, half of the intact trials were upright and the other half was 
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inverted. The same was true for the scrambled trials. The order of these trials were 

randomized such each trial had an equal probability of displaying any combination of 

scrambled/intact and upright/inverted PLs. Thus, the participants were not able to 

strategize with regard to the inversion condition. 

We systematically varied the number of noise dots in which the stimuli was 

embedded using an adaptive stair-case procedure. Three correct responses in a row within

a condition (e.g., upright humans) increased the number of noise-dots in the next trial of 

that condition, while one incorrect response decreased the number of noise dots in the 

next trial of that condition. This 3-to-1 ratio ensured an accuracy of about 79% for each 

participant, allowing us to assess differences in sensitivity to the motion patterns when 

accuracy is held constant. Two staircases were initiated for each condition (e.g., 2 

independent staircases for upright humans) in order to minimize any bias created by 

random factors in a given staircase. Thus, within a block, there were 4 independent 

staircases operating (2 for upright and 2 for inverted). Each staircase self-terminated after

12 reversals, after an initial 4 reversals that were not counted. Noise dots would initially 

increase or decrease by 3 dots, and after the 4th reversal the increment changed would 

change to 2 dots.  The first trial for each staircase (2 for each condition) would start with 

a random number of dots between 5 and 10 for birds and a random number between 10 

and 15 for humans. The difference in number of noise dots on trial one, between birds 

and humans, was based on pilot tests showing that naive observers mere more sensitive to

humans than birds. Because the trials were randomized, it appeared to the observer as if 

noise changed randomly throughout the experiment. 

The sensitivity threshold for each participant and each condition was computed

by averaging the number of noise dots in the last 10 trials for each of the staircases, 

before averaging across the two staircases in each condition. 
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Figure 2. Schematic depicting the layout of a single trial.

Results

Sensitivity. Figure 3 presents mean sesnsitvity scores as a function of object type (bird, 

human), object orientation (upright, inverted) and group (experts, novices). The 

sensitivity data were analyzed in a 2 x 2 x 2 mixed design analysis of variance (ANOVA) 

with group (novice and expert) as a between-subjects factor, and object domain and 

orientation as a within-subjects factor. The main effect of group was not significant, F(1, 

38) = 2.64, p = 0.112. The significant main effect of object type, F(1, 38) = 59.10 , p < 

0.001, generalized eta2 = 0.22, showed that sensitivity was higher to humans (M = 21.12, 

SE = 3.61) was higher than that of birds (M = 10.64, SE = 1.89, p < 0.001). The main 

effect of object orientation was significant, F(1, 38) = 49.30 , p < 0.001, generalized eta2 
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= 0.16. Sensitivity was higher for upright (M = 20.08, SE = 3.65) than inverted (M = 

11.68, SE = 2.12, p < 0.001 ) displays. Object orientation interacted with object type,  

F(1, 38) = 38.82 , p < 0.001,  generalized eta2 = 0.12. Sensitivity was higher to upright 

humans (M = 28.97, SE = 3.58) than inverted humans (M = 13.28, SE = 2.37, p < 0.001), 

while sensitivity was similar to upright birds (M = 11.19, SE = 2.01) and inverted birds 

(M = 10.08, SE = 1.79, p = 0.113). Group did not interact with object type,  F(1, 38) = 

0.006, p = 0.941, nor did group interact with object orientation,  F(1, 38) = 1.84 , p = 

0.183. The three-way interaction between group, object type, and object orientation was 

not significant, F(1, 38) = 2.17, p = 0.149. 

Figure 3. Motion sensitivity for each group (expert, novice) as a function of object type 
(bird, human) and object orientiation (upright, inverted). Error bars represent the SEMs. 

Correlation analysis. Figure 4 displays the magnitude of inversion effect (upright – 

inverted) with human and bird displays at the individual participant level. There was no 

relationship between the inversion effect of humans and birds in the experts (r = -0.12, p 

= 0.614, 95% CI [-0.53, 0.34]) or in the novices (r = 0.34, p = 0.138, 95% CI [-0.12, 

0.68]). 
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Figure 4. Correlation plot between the inversion effect (upright-inverted) for birds and 
humans, as a function of group (expert, novice). Groups are color coded. 

General discussion

The current study examined whether extensive real-world experience in a non-

human object domain would increase sensitivity to motion patterns of that domain. 

Specifically, expert and novice bird watchers were shown - in an adaptive staircase 

procedure, in which noise-dots were increased and decreased depending on their answer 

– point-light (PL) displays of upright and inverted flying birds or walking humans. The 

main finding was that the sensitivity to flying bird PLs were equal in both experts and 

novices, and moreover, there was no inversion effect in either groups. The sensitivity to 

walking humans was equal in experts and novices; however, both groups showed an 

inversion effect with walking humans. Finally, the magnitude of the inversion effect for 

flying birds and walking humans did not correlate in either the experts nor the novices. 
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We hypothesized that the experts should - as a result of extensive experience 

observing flying birds – have developed a more robust motion template of flying birds, as

compared to the novices. Accordingly, experts should be more sensitive – as measured in 

terms of noise-dots present in the display - to upright, but not inverted birds, than 

novices. Moreover, the inversion effect of walking humans and flying birds should have 

correlated to a larger degree in experts than in novices, at least if recognition of birds and 

humans is performed by the same configural mechanisms. Although we replicated 

previous studies showing inversion effects for walking human motion, we found no 

group differences between the expert and novices in their perception of PL displays of 

upright and inverted flying birds.

It was puzzling that experts did not show higher sensitivity to the PL of flying 

birds. On the one hand, it could be that the experts are more sensitive to bird motion, but 

that the methods used in the current study failed to capture it. The model of Giese and 

Poggio (2003) suggest that complex biological motion is encoded in both the dorsal and 

the ventral visual pathways, albeit in different ways. Both pathways implement a 

hierarchy of feature detectors (i.e., simple to complex) with progressively larger receptive

fields and more invariance (e.g., position, size). However, whereas the dorsal pathway 

recognize motion by analyzing optic-flow patterns (vectors specifying how points are 

displayed over time), the form pathway recognize motion by analyzing sequences of 

body shapes. The model hypothesizes that the higher-levels of both pathways consist of 

neurons that encode snapshots of movements, with the dorsal pathway containting 

neurons that are selective for optic-flow patterns that are characteristic for individua12l 

moments of the motion sequence, whereas the form pathway consist of neurons that are 

selective to configurations of different shapes at individual moments of the motion 

sequence. The final level temporally smoothes and summates the snapshot neurons, and 

depending on the result,  categorizes the activity into an action (e.g., walking, running, 

dancing). This model is successful at accounting for a great deal of psychophysical and 

neurophysiological data. Our methods, by using PL displays, are tapping mostly into the 

dorsal pathway, as there is no form information in PL displays (however, for patients with

dorsal pathway injuries who can recognize motion from point light displays, see: 

McLeod, 1996; Vaina, Lemay, Bienfang, Choi, & Nakayama, 1990). Thus, if the experts 
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formed more robust motion representations in the ventral, but not the dorsal, visual 

pathway, then it be unlikely that we would detect them in this experiment. There are other

reasons for why we may have not captured the expert’s motion sensitivity, including 

selecting the wrong motion type (i.e., flying), or that the PL displays did not capture 

subtle, but important, aspect of the flight motion. In summary, its possible that motion 

sensitivity has developed in expert’s, but that we failed to detect it in our experiment. 

On the other hand, it could be that sensitivity to bird motion does not develop 

as a result of experience. For example, perhaps configural motion recognition is reserved 

for human motion, as is suggested for face recognition (but see Bukach, Gauthier, & Tarr,

2006). In the current study, the fact that birds did not show an inversion effect, but that 

the humans did, suggest that the two are processed at least partly in different recognition 

systems. The lack of inversion effect for the bird PLs suggest that they were recognized 

using a more featural strategy, whereby the motion features were analyzed in more 

isolation. In contrast, the walking humans may have been recognized using a configural 

processing system in which configurations of patterns were analyzed as a whole (Dittrich,

1993; Proffit & Bertenthal, 1990; Reed, Stone, Bozova, & Tanaka, 2003).  Another 

possibility was the walking humans were recognized by mechanisms that are specialized 

to detect terrestrial movement (Troje & Westhoff, 2006). Yet, a third possibility is that 

humans were recognized using a combination of those systems. Either of these scenarios 

would suggest that birds and humans were recognized in at least partly different motion 

recognition systems. Thus, one interpretation of the current result is that bird and human 

motion is recognized in different systems.

Is recognition of human motion different than that of non-human biological 

motion? Our study showed two differences between humans and birds. First, the 

observers were substantially more sensitive to humans than to birds. Second, humans 

showed and inversion effect, which birds did not show. These effects might be an artifact 

of the methods used in the current study. First, human point-lights consisted of 12 signal 

dots, while birds consisted of only 7 dots. Indeed, its been shown that motion sensitivity 

is a function of the number of signal dots (Neri, Morrone, & Burr, 1998). Second, it is 

possible that the inversion was more detrimental to humans than to birds as inversion 

(i.e., 180 degree rotation) creates a relatively more asymmetrical counterpart for humans 
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than for birds. Thus, perhaps upright and inverted birds were recognized configurally in 

both experts and novices. Thus, the differences observed in our experiment between 

object domain may not actually reflect differences in the motion system used for 

recognition. Consistent with the claim that biological motion share the same general 

mechanisms, 2 day old infants could discriminate PLs of walking hens from PLs of 

scrambled walking hens (Simion, Regolin, & Bulf, 2008; also see, Fox & McDaniel, 

1982). Similarly, newly hatched chicks could discriminate PLs of walking hens and 

walking cats from PLs of random walking hen and cats (Vallortigara, Regolin, & 

Marconato, 2005). This suggest that at least detection of locomotion is an inherent 

capability in at least terrestrial animals. Its important to note, however, that our 

experiment was not designed to test whether human motion and non-human motion 

differed by itself,  rather it was designed to examine whether extensive real-world 

experience can influence the sensitivity to non-human object motion. 

On the other hand, it could be that although there were confounding 

differences between the bird and human PLs, human observers are still more sensitive to 

humans than to non-human motion. Consistent with this claim, human observers can 

recognize the identity of their friends in walking PLs (Cutting & Kozlowski, 1977). To 

our knowledge, it has not been shown that human observers can recognize non-human 

objects at subordinate category levels (e.g., sparrow or field sparrow) based on motion 

cues.  Indeed, a brief recognition task completed after the current experiment, probing 

family-level recognition, showed that the experts were at chance performance (however, 

as discussed above, a null-result does not suggest that the phenomenon does not exist). It 

is conceivable that human motion is special because we can act out the motions that we 

perceive. That is, interactions between the perceptual system and the motor system could 

make learning of action motions in human special (Casile and Giese, 2006; Hommel, 

Musseler, Aschersleben & Prinz, 2001; Prinz, 1997). In one study, expert ballet dancers 

who both had extensive visual and motor experience were tested in a discrimination task 

of subtle dance moves (Calvo-Merino et al., 2010). The experts consisted of half female 

and males, and an interesting aspect was only the females had motor experience from 

performing the moves, while both groups had extensive perceptual experience with the 

moves. Their study showed that although both male and female experts were better than 
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novices, the females outperformed the males. This could suggest that the motor 

experience possessed by the females faciliated recognition. In summary, its possible that 

the recognition system for biological motion contains both domain-general and domain-

specific (for human actions) mechanisms. 

In summary, we examined wether expertise in a non-face biological object 

domain influenced the sensitivity to associated motion patterns of that domain. Our 

experiment was not able to detect differences in sensitivity across experts and novices. 

This result is difficult to interpret as it is impossible to determine whether the 

phenomenon does not exist, or if our methods were not sensitive to it. Future work that 

examines this question should test whether motion representations of non-human 

biological movement becomes sharpened within the VVP, as this pathway is also 

suggested to process motion information (Giese and Poggio, 2003). 



79

References

Bassili, J. N. (1978). Facial motion in the perception of faces and of emotional 
expression. Journal of experimental psychology: human perception and 
performance, 4(3), 373.

Bukach, C. M., Gauthier, I., & Tarr, M. J. (2006). Beyond faces and modularity: the 
power of an expertise framework. Trends in cognitive sciences, 10(4), 159-166.

Calvo-Merino, B., Ehrenberg, S., Leung, D., & Haggard, P. (2010). Experts see it all: 
configural effects in action observation. Psychological Research PRPF, 74(4), 
400-406.

Casile, A., & Giese, M. A. (2006). Nonvisual motor training infuences biological motion 
perception. Current Biology, 16, 69–74.

Cutting, J. E., & Kozlowski, L. T. (1977). Recognizing friends by their walk: Gait 
perception without familiarity cues. Bulletin of the psychonomic society, 9(5), 
353-356.

Dekeyser, M., Verfaillie, K., & Vanrie, J. (2002). Creating stimuli for the study of 
biological-motion perception. Behavior Research Methods Instruments, & 
Computers, 34, 375-382.

Dittrich, W. H. (1993). Action categories and the perception of biological motion. 
Perception, 22(1), 15-22.

Dittrich, W. H., Troscianko, T., Lea, S. E., & Morgan, D. (1996). Perception of emotion 
from dynamic point-light displays represented in dance. Perception, 25(6), 
727-738.

Giese, M. A., & Poggio, T. (2003). Neural mechanisms for the recognition of biological 
movements. Nature reviews. Neuroscience, 4(3), 179.

Fox, R., & McDaniel, C. (1982). The perception of biological motion by human infants. 
Science, 218(4571), 486-487.

Grossman, E. D., Blake, R., & Kim, C. Y. (2006). Learning to see biological motion: 
brain activity parallels behavior. Learning, 16(9).

Hagen, S., Vuong, Q. C., Scott, L. S., Curran, T., & Tanaka, J. W. (2014). The role of 
color in expert object recognition. Journal of Vision, 14(9), 9-9.

Hagen, S., Vuong, Q. C., Scott, L. S., Curran, T., & Tanaka, J. W. (2016). The role of 
spatial frequency in expert object recognition. Journal of Experimental 
Psychology: Human Perception and Performance, 42(3), 413.



80

Hommel, B., Musseler, J., Aschersleben, G., & Prinz, W. (2001). The theory of event 
coding (TEC): a framework for perception and action planning. Behavioral 
Brain Science, 24, 849–937.

Jastorff, J., Kourtzi, Z., & Giese, M. A. (2002). Learning of the discrimination of artificial
complex biological motion. Dynamic Perception, 133-138.

Jastorff, J., Kourtzi, Z., & Giese, M. A. (2006). Learning to discriminate complex 
movements: Biological versus artificial trajectories. Journal of vision, 6(8), 3-
3.

Johansson, G. (1973). Visual perception of biological motion and a model for its analysis.
Perception & psychophysics, 14(2), 201-211.

Kozlowski, L. T., & Cutting, J. E. (1977). Recognizing the sex of a walker from a 
dynamic point-light display. Attention, Perception, & Psychophysics, 21(6), 
575-580.

McLeod, P. (1996). Preserved and Impaired Detection of Structure From Motion by 
a'Motion-blind" Patient. Visual Cognition, 3(4), 363-392.

Neri, P., Morrone, M. C., & Burr, D. C. (1998). Seeing biological motion. Nature, 
395(6705), 894.

Prinz, W. (1997). Perception and action planning. European Journal of Cognitive 
Psychology, 9, 129–154.

Pollick, F. E., Paterson, H. M., Bruderlin, A., & Sanford, A. J. (2001). Perceiving affect 
from arm movement. Cognition, 82(2), B51-B61.

Proffit, D. R., & Bertenthal, B. I. (1990). Converging operations revisited: Assessing 
what infants perceive using discrimination measures. Attention, Perception, & 
Psychophysics, 47(1), 1-11.

Reed, C. L., Stone, V. E., Bozova, S., & Tanaka, J. (2003). The body-inversion effect. 
Psychological science, 14(4), 302-308.

Simion, F., Regolin, L., & Bulf, H. (2008). A predisposition for biological motion in the 
newborn baby. Proceedings of the National Academy of Sciences, 105(2), 809-
813.

Troje, N. F. (2002). Decomposing biological motion: A framework for analysis and 
synthesis of human gait patterns. Journal of vision, 2(5), 2-2.



81

Troje, N. F., & Westhoff, C. (2006). The inversion effect in biological motion perception: 
Evidence for a “life detector”?. Current Biology, 16(8), 821-824.

Vaina, L. M., Lemay, M., Bienfang, D. C., Choi, A. Y., & Nakayama, K. (1990). Intact 
“biological motion” and “structure from motion” perception in a patient with 
impaired motion mechanisms: A case study. Visual neuroscience, 5(4), 353-
369.

Vallortigara, G., Regolin, L., & Marconato, F. (2005). Visually inexperienced chicks 
exhibit spontaneous preference for biological motion patterns. PLoS biology, 
3(7), e208.

Van Belle, G., De Graef, P., Verfaillie, K., Rossion, B., & Lefèvre, P. (2010). Face 
inversion impairs holistic perception: Evidence from gaze-contingent 
stimulation. Journal of Vision, 10(5), 10-10.

Vanrie, J., & Verfaillie, K. (2004). Perception of biological motion: A stimulus set of 
human point-light actions. Behavior Research Methods, Instruments, & 
Computers, 36, 625-629. 



82

Chapter 5: Examining the gaze strategies of expert object recognition

Extensive knowledge in a visual domain is associated with superior perceptual 

encoding of domain related information.  For example, a skilled chess player instantly 

encodes a large number of chess related configurations, while a radiologist can quickly 

detect abnormalities across a vast span of an x-ray image. This is in contrast to a novice 

in the respective domains who encodes information using a slower and more effortful, 

serial search strategy. Is extensive experience in an object domain also associated with a 

superior perceptual encoding strategy? In the current study we examined the claim that 

object experts encode object information across a wider spatial extent than do novices 

(Bukach, Gauthier, & Tarr, 2006), using a gaze-contingent eye-tracking paradigm to 

systematically manipulate the extent to which information was present across space (e.g., 

Van Belle, De Graef, Verfaillie, Rossion, & Lefèvre, 2010). 

Perceptual expertise in pattern recognition

Perceptual expertise has been studied extensively in domains associated with 

efficient encoding of configurations of features (for reviews, see Reingold & Sheridan, 

2011; Sheridan & Reingold, 2017).  For example, in chess, expert players show a 

superior ability to recreate briefly presented meaningful chess positions relative to chess 

novices (e.g., Chase & Simon, 1973a; 1973b).  Eye tracking studies show that chess 

experts use fewer fixations, have more fixations between pieces, and are able to a make 

use of parafoveal and peripheral vision to encode a larger span of the chess board 

(Charness et al., 2001; Reingold & Charness, 2005; Reingold et al., 2001a; 2001b). In a 

gaze-contingent change detection task, in which two chess boards that differ in a single 

piece, alternate until the participant detects the change, experts benefitted substantially 

more from a larger perceptual field than did the novices, but only for meaningful chess 

configurations (Reingold et al., 2001a). Visual expertise in such medical domains as 

radiology, dermatology, and pathology is also associated encoding of peripheral 

information. For example, radiologist’s fixate abnormalities faster if they are visible in 

the periphery relative when they were visible in the fovea (Kundel, Nodine, & Toto, 

1991), and increases to the size of a window centered at fixation decreases the time it 
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takes the radiologists to fixate nodules (Kundel, Nodine, & Toto, 1984). Moreover, when 

searching for abnormalities, expert radiologists have longer saccades and fewer fixations 

than less experiences observers, indicating that the former relies to a larger degree on 

peripheral information to make a wider sweep of the image (Krupinski, 1996; Krupinski 

et al., 2006; Kundel & La Follette, 1972). Similarly, expert pathologists spend 

disproportionate more time scanning an image at lower magnification than do novices, 

indicating that they rely on a more global strategy. Thus, a common aspect of expertise in

chess and in the medical domain is to encode foveal and peripheral information in 

parallel. 

The ability to simultaneously encode foveal and peripheral information is 

associated with fast and automatic recognition. For example, expert radiologists can 

detect up to 70% of abnormalities at presentation rates that only allow one fixation (e.g., 

200 ms), and some lesions can be detected even as far as 15° away from their point of 

fixation (Carmody, Nodine, & Kundel, 1980; Evans, Georgian-Smith, Tambouret, 

Birdwell, & Wolfe, 2013; Evans, Haygood, Cooper, Culpan,  & Wolfe, 2016; Kundel & 

Nodine, 1975). Without time restrictions, it has been shown that experts mammographers 

detected about 70% of lesions within 25 seconds, while novices detected only 46% of 

abnormalities within 40 seconds (Nodine and Mello-Thoms, 2010). Interestingly, 

radiology experts report a disproportionate amount of lesions in the early part of the 

reporting phase relative to later parts, while novices in contrast, reports a constant amount

of lesions throughout the reporting phase (Christensen et al., 1981, Nodine, Mello-

Thoms, Kundel, & Weinstein, 2002). This could suggest that while, novices rely on 

similar encoding strategy throughout the recognition phase, experts relied on a different 

encoding strategy in the early- as compared to later-phases. Given that experts can 

instantly encode a large portion of abnormalities in both foveal and peripheral vision, it is

likely that they first use a global strategy to instantly detect the most salient features, 

before switching to a more foveal strategy with a finer spatial resolution in order to detect

the more subtle abnormalities. However, to our knowledge, it has not been tested whether

instant recognition relies on a more global encoding strategy as compared to slow 

recognition. 
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Perceptual expertise in object recognition What encoding strategy supports expert object 

recognition? In the face recognition - a domain in which most people are considered 

experts  (Tanaka, 2001) - recognition is holistic where faces are identified based on the 

unified whole of the face  (eyes, nose, mouth) rather than on the recognition of the 

separate features (e.g., Tanaka & Farah, 1993). To investigate the holistic face strategy, 

Van Belle and colleagues (Van Belle et al., 2010) employed a gaze-contingent eye-

tracking paradigm where upright and inverted faces were shown either in an unrestricted 

full view (full-view condition), with a gaze-contingent window centered at fixation  

(central-view condition) allowing viewing of independent features only, or with a gaze-

contingent mask that blocked the feature at fixation while allowing viewing of features in

the periphery (peripheral-view condition). While upright faces should recruit the holistic 

mechanism, the inverted faces should recruit a feature-by-feature encoding mechanisms.  

Accordingly, they hypothesized that for upright faces, performance in the peripheral-view

and the full-view conditions should comparable because participant have access to the 

holistic information in a face, while performance in the central-view condition should be 

poor because it forces a less efficient feature-by-feature encoding strategy. For inverted 

faces, performance in the central-view and full-view conditions should be comparable 

because the central-view does not interfere with a feature-by-feature strategy, while 

performance should be poor in the peripheral-view condition where individual features is 

blocked.  For upright faces, discrimination performance in the peripheral-view was closer

to the full-view than the central-view condition, while for inverted faces, performance in 

the central-view was closer to the full-view than the peripheral-view condition. Thus, 

information was encoded across a wider spatial extent in the upright orientation relative 

to the inverted orientation, indicating that efficient encoding of faces relied on a holistic 

encoding strategy. 

Similar to expertise in the face domain, it is proposed that experts in non-face 

object domains encode object information more holistically than do novices (Bukach, et 

al., 2006). For example, Gauthier and coworkers (Gauthier, Curran, Curby, & Collins, 

2003) tested car experts with a composite task, in which participants judge whether one 

half (e.g., bottom) of an object is the same or different as the same half (e.g., bottom) of a

previously seen object. Holistic recognition is inferred if the irrelevant half interferes 
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with performance when it contains an object half that is incongruent with the correct 

response, relative to when it contains an object half that is congruent with the correct 

response. They showed that interference from the irrelevant part of cars was larger for 

experts than for novices. Importantly, this interference increased with the level of 

expertise of the participants. In a more recent study, Chua and coworkers (Chua, Richler, 

& Gauthier, 2016) examined whether knowledge of diagnostic features induces holistic 

recognition. Novice participants were trained to recognize artificial objects (Greebles) 

that contained diagnostic features either in the top or bottom half of the objects. In a 

composite task and before training, participants showed no interference from irrelevant 

object halves, whereas after training, the participants showed interference only from 

halves containing diagnostic object features. Thus, observers encoded information across 

a wider spatial extent only when the features in the periphery were diagnostic. Although 

there still is controversy regarding whether face and non-face expertise rely on similar 

encoding strategies, a growing body of evidence suggest that expertise with objects is 

associated with the ability to recognize those objects more holistically (Bukach et al., 

2006).  In sum, perceptual expertise in object (e.g., face, non-face objects, words) and 

pattern-recognition (e.g., radiology, chess) domains show striking similarities in terms of 

perceptual encoding strategy; they all share the ability to quickly encode information 

across a wider spatial extent, rather than relying on a more slow and effortful serial 

search strategy.

Although it is claimed that non-face object experts encode information across a 

wider spatial extent than do novices (Bukach et al., 2006), no studies examining non-face

expert recognition have used eye tracking measures to test this claim, despite its 

successful application in a variety of other domains of expertise, including face 

recognition. Thus, the aim of the current study was to ascertain whether real-world 

experience with non-face objects influences the extent to which information is encoded 

across space. Here, we used a gaze-contingent eye-tracking paradigm to systematically 

manipulate the extent to which information was present across space (Van Belle et al., 

2010). Images were shown either fully visible (full-view condition), with a gaze-

contingent window (central-view condition), or with a gaze-contingent mask (peripheral-

view condition). The gaze-contingent window allowed central-view and blocked object 
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information in the periphery. In contrast, the gaze-contingent mask blocked central-view 

and allowed peripheral information. If real world experience increase the ability to 

encode object information across space, then the gaze-contingent mask condition should 

interfere less with expert- as compared to novice-recognition, as experts should have a 

wider perceptual field than novices. Moreover, if the information in the periphery is 

necessary for expert recognition, then the central-view condition should interfere more 

with expert- as compared to novice recognition. Finally, to test whether instant 

recognition, which is a behavioral hallmark of expertise (Tanaka & Taylor, 1991) is 

associated with increased holistic recognition than slow recognition, we analyzed the 

effects of the gaze-contingent manipulation as a function of how quickly the participants 

responded (Hagen et al., 2014; 2016). Fast trials are correlated with high accuracy and 

imply that the external stimuli is instantly mapped onto the correct underlying 

representation. In contrast, slow trails are correlated with low accuracy and imply that the

external stimuli does not instantly map onto the correct representation. Thus, consistent 

with studies suggesting that radiology experts rely on a different encoding strategy during

instant recognition, relative to slow recognition, we expected that holistic recognition 

should be strongest during the fastest trials.

Methods

Participants. Fifteen expert participants, ranging in age from 26–68 years (7 females, M 

= 46.20, SD = 16.52) were selected based on nominations from their bird-watching peers.

Fifteen additional age- and education-matched participants, ranging in age from 28–66 

years (7 females; M = 44.40, SD = 13.22), were selected to serve as the novice control 

group. The novice participants had no prior experience in bird watching. Nine out of the 

15 expert participants, had taken part in previous studies on bird recognition in our lab 

(Hagen et al., 2014; 2016).  None of the novice participants had taken part in previous 

experiments. The level of bird recognition performance in our participants was assessed 

with a bird recognition test (Hagen et al., 2014; 2016) in which participants judged 

whether two sequentially presented bird images belonged to the same or different species.

Data for one expert was lost due to technical issues yielding data from 14 experts and 15 
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novices. The scores of the experts and the novices were compared using a Welch’s two-

sample t-test to deal with unequal sample sizes as well as unequal variance. The experts 

obtained a higher discrimination score (d’ = 1.86, SE = 0.14) compared to the novices (d’ 

= 0.87, SE = 0.09), t(22.42) = 5.95 p < .001).  Two additional expert participants were 

excluded from the data analysis due to low bird discrimination score (d’ < 0.66, SE < 

0.43).

Apparatus. A custom script in the Matlab environment was used to present stimuli on a 

21 in Viewsonic Graphic Series G225f monitor at a viewing distance of 82 cm with a 

spatial resolution of 1024 X 768 pixels and a refresh rate of 85 Hz.  Images subtended a 

visual angle of approximately 12.38 degrees vertically and 7.06 degrees horizontally, or 

approximately 7.06 degrees vertically and 12.38, depending on the posture of the bird. 

Eye movements were recorded with an SR Research EyeLink 1000 system (SR Research,

Osgoode, ON) at a sampling rate of 1000 Hz using a 35 mm lens and a 940 nm infrared 

illuminator. A chin rest was used to constrain head movements and accuracy of gaze 

position was between 0.25° and 0.50°. 

Stimuli. The stimuli consisted of different species from the Warbler, Finch, Sparrow, and 

Woodpecker bird families. The number of different species in each of Warblers, Finches, 

Sparrows, and Woodpeckers were 8, 8, 4, and 4, respectively, and each species was 

represented by 12 exemplars. Thus, a total of 288 bird images were used. The stimuli 

were in part collected from the Wahlheim, Teune, and Jacoby (2011) bird dataset; 

previous studies run in our lab (Hagen et al., 2014; 2016); and supplemented with images

collected from the Internet. No bird images were repeated in the experiment and therefore

each condition consisted of a unique set of bird images. All images were greyscale, 

cropped and scaled to fit within a frame of 450 x 450 pixels and pasted on a gray 

background using Adobe Photoshop CS4. Images subtended a visual angle of 

approximately 12.39° horizontally and 9.28° vertically.

Procedure. Participants were tested in a sequential same-different matching task while 

their eye movements were monitored. They were shown a sequence of two bird images, 
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and instructed to respond “same” (“c” on the keyboard) if the bird images were of the 

same species or respond “different” (“m” on the keyboard) if the bird images were of 

different species. For “different” trials, the birds were different species from the same 

family (e.g., field sparrow versus a song sparrow), whereas for the “same trials” the birds 

were always different images of the same species (e.g., two field sparrows). The 

participants were instructed to respond as quickly and accurately as possible.

Figure 1 illustrates the trial sequence. Each trial began with a red fixation dot 

at the center of the screen that served as a drift check by measuring deviations relative to 

calibration. Large deviations (i.e., > 2.0°) prompted recalibration. Acceptable drift 

deviations were followed by a new red fixation dot that appeared either to the left, the 

right, above, or below a centered black oval shape. The location of this red dot was 

randomly determined. The oval shape served as a cue to where the bird would appear and

was replaced by the first bird image once the red dot was fixated. This procedure ensured 

that every participant fixated off the bird before it appeared on the screen. The first bird 

image remained on the screen for 3000 ms before it was replaced by another black oval 

shape paired with a red fixation dot that appeared randomly on either of the sides, above 

or below the oval shape. The second bird image replaced the oval shape once the red dot 

was fixated and remained on the screen until a response was made.

The first bird image was always presented in full view. For the second bird 

image, a gaze-contingent paradigm was used to create three view conditions (see Figure 

1). In one-third of the trials, the second bird image was fully visible (full-view condition).

In another third of the trials, a gaze-contingent circular window centered on participants’ 

fixation restricted the participants view to the foveal region of the visual field while 

blocking the peripheral region (central-view condition). In the remaining one-third of the 

trials, a gaze-contingent circular mask centered on participant’s fixation blocked the 

foveal region while allowing view of the peripheral region (peripheral-view condition). 

The radius of the window and mask subtended 5.80° of visual angle2. 

2

 This radius was determined in a pilot study with novices. It gave rise to 
approximately equal discrimination performance (d’) in the full-view and the central-
view conditions, while significantly impairing performance on the peripheral-view 
condition.
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The data were analyzed in 2 x 3 mixed design ANOVA with group (expert, 

novice) as the between-subjects factor and viewing condition (full-view, central-view and

peripheral-view) as the within-subjects factors. The participants were informed that the 

three viewing conditions appeared at random with an equal probability. Thus, the 

incentive to strategize with regard to condition was minimized. There were 48 trials in 

each condition for a total of 144 trials. Trials from different conditions were presented in 

a random order.

Eye tracking data from one expert was lost due to a technical error, and so the 

eye-tracking analysis consist of 14 experts and 15 novices. Furthermore, we only 

analyzed eye-movements data acquired from correct trials during the presentation of the 

second bird image. 

Figure 1. Example of the experiment paradigm and the three viewing conditions (full-
view, central-view, and peripheral-view conditions). 
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Results

Sensitivity analysis. Trials with RT 3 SD (1.92% of total trials) greater than each 

participant’s grand mean were excluded from this and all subsequent analysis.  Figure 2 

presents mean d’ scores as a function of viewing condition (full-view, central-view, 

peripheral-view) and group (experts, novices). For this study, hits were defined as 

responding “same” on “same” trials, and false alarms were defined as responding “same” 

on “different” trials. The sensitivity measure (d’) was computed as: Z(proportion hits) – 

Z(proportion false-alarms) (Macmillan & Creelman, 2004). The d’ data were analyzed in 

a 2 x 3 mixed design analysis of variance (ANOVA) with group (novice and expert) as a 

between-subjects factor and view condition as a within-subjects factor. The significant 

main effect of group, F(1, 28) = 79.46, p < 0.001,  generalized eta2 = .60, showed that 

experts were better at discrimination of the birds relative to the novices (novices: M = 

1.70, SE = 0.10; experts: M = 3.03, SE = 0.11). The significant main effect of view 

condition, F(2, 56) = 8.79 , p < 0.001, generalized eta2 = 0.13 (full: M = 2.57, SE = 0.11; 

central: M = 2.46, SE = 0.14; peripheral: M = 2.07, SE = 0.10), showed that sensitivity in 

the full-view and central-view was higher than in the peripheral-view (all ps < 0.005), 

while the sensitivity in the full- and central-view conditions did not differ (p = 0.438).  
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Figure 2. d’ scores for each group (expert novice) as a function of viewing condition 
(full-view, central-view, peripheral-view). Error bars represent the SEMs. 

Response times. Figure 3 presents the mean correct RTs as a function of viewing 

condition (full view, central view, peripheral view) and group (experts, novices). The RT 

data were analyzed in a mixed-design ANOVA using viewing condition as a within-

subjects factor and group as a between-subjects factor. The main effect of group 

approached significance, F(1, 28) = 3.91 , p = 0.058, generalized eta2 = 0.11, suggesting 

that the experts were faster than the novices at making correct discrimination judgements 

(novices: M = 1911.57 ms, SE = 133.46 ms; experts: M = 1589.63 ms, SE = 93.15 ms). 

The significant main effect of viewing condition, F(2, 56) = 54.50, p < 0.001, generalized

eta2 = 0.20 (full: M = 1448.89 ms, SE = 60.11 ms; central: M = 2003.67 ms, SE = 101.59 

ms; peripheral: M = 1799.24 ms, SE = 106.90 ms), showed that correct response times 

were faster in full-view than peripheral-view and central-view (ps < 0.001), and that 

central-view was slower than peripheral-view (p = 0.001). As with the sensitivity 

analysis, group and viewing condition did not interact, F(2, 56) = 0.05, p = 0.947. 
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Figure 3.  Response time for each group (expert, novice) as a function of viewing 
condition (full-view, central-view, peripheral-view). Error bars represents the SEMs. 

Distribution analysis. Following our previous work (Hagen et al., 2014, 2016), we 

examined whether experts and novices employed different strategies on fast and slow 

trials. In the medical domain, experts encode more peripheral information during fast 

recognition than during slow recognition (Christensen et al., 1981, Nodine et al., 2002); 

however, it is unknown whether object experts also encode more peripheral information 

during fast than in slow recognition. If object experts resemble experts in the medical 

domain, we reasoned that sensitivity differences between experts and novices across the 

three viewing conditions should be present in the fastest responses. To test this, we 

analyzed d’ scores as a function of response speed. Specifically, each participant’s trials 

were sorted from fastest to slowest separately for each viewing condition and trial type. 

Next, the trials were grouped into four bins containing both the fastest 25% of responses 

from “same” trials and the fastest 25% of responses from “different” trials (i.e., quartile 

bin 1), the next 25% of responses from both trial types (i.e., quartile bin 2), and so on. 

Within each bin, mean d’ scores for each condition for each participant were computed.

Figure 4 presents mean d’ scores as a function of quartile bin (1, 2, 3, 4), 

viewing condition (full, central, peripheral), and group (experts, novices). The data were 

first analyzed in a mixed-design ANOVA using viewing condition and bin as within-
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subjects factors, and group as a between-subjects factor. The main effects of group, F(1, 

28) = 55.87 , p < 0.001, generalized eta2 = 0.32, bin, F(3, 84) = 38.56 , p < 0.001, 

generalized eta2 = 0.22, and viewing condition, F(2, 56) = 17.26 , p < 0.001, generalized 

eta2 = 0.08  were significant. Group interacted with bin, F(3, 84) = 2.81 , p = 0.044, 

generalized eta2 = 0.02. Post-hoc comparisons showed that for the experts, sensitivity was

highest in bin 1 (M = 2.69 , SE = 0.05), followed by equal sensitivity in bin 2 (M = 2.51, 

SE = 0.07) and 3 (M = 2.38, SE = 0.09; p = 0.132), and lowest in bin 4 (M = 2.01, SE = 

0.09; all significant ps < 0.016). In contrast, for the novices, sensitivity was equal in bin 1

(M = 1.97, SE = 0.16) and bin 2 (M = 1.91, SE = 0.11, p = 0.698), followed by bin 3 (M =

1.46, SE = 0.14), and lowest in bin 4 (M = 0.95, SE = 0.11, all significant ps < 0.01). 

Thus, experts showed a sensitivity advantage in the fastest trials. Group did not interact 

with viewing condition, F(2, 56) = 0.92, p = 0.404. Moreover, bin did not interact with 

viewing condition, F(6, 168) = 1.00 , p = 0.429. The three-way interaction between 

group, bin, and viewing condition was not significant, F(6, 168) = 1.23 , p = 0.293.

Given the significant two-way interaction between group and bin, which 

showed an expert advantage in bin 1, we analyzed the sensitivity data from Bin 1 using a 

mixed-design ANOVA with viewing condition as a within-subjects factor, and group as a 

between-subjects factor. The main effects of group, F(1, 28) = 17.64 , p < 0.001, 

generalized eta2 = 0.28, and viewing condition, F(2, 56) = 8.14 , p < 0.001, generalized 

eta2 = 0.10, were significant. Importantly, the significant two-way interaction between 

group and viewing condition, F(2, 56) = 3.33, p = 0.043, generalized eta2 = 0.04, 

indicated that viewing condition had a differential effect on the experts and the novices. 

For experts, the central view was not significantly different from the full-view (p = 0.131)

and peripheral-view was only marginally significantly different from the full-view (p = 

0.06). No difference was found between the central and peripheral-views (p = 0.984) 

indicating that both gaze-contingent conditions influenced performance equally. For 

novices, the peripheral-view (p = 0.002), but not the central-view (p = 0.518), was 

significantly different from full-view and the peripheral-view was significantly worse 

than central-view (p = 0.005)3. Thus, whereas experts utilized both peripheral and central 

3 The difference between the experts and novices in bin 1 was not due to a speed-accuracy tradeoff: a 
mixed-design ANOVA with the overall response times for bin 1 using viewing condition as a within-
subjects variable and group as a between-subjects variable was not significant, F(2,56) = 2.07, p = 0.136.  
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view information on their fastest correct responses, the novices relied disproportionately 

on central-view information. 

Figure 4. Distribution of d’ scores for the experts and the novices. Bin 1 contains the 25%
fastest responses of each participant. Bin 2 contains the next 25% fastest responses, and 
so on. Error bars represents the SEMs. 

In summary, the peripheral-view and the central-view conditions impaired 

“same/different” discrimination in terms of lower sensitivity and slower response times in

both experts and novices.  Critically, quartile analysis showed that for the fastest response

times, experts were equally accurate in the peripheral and central-view conditions as they 

were in the full-view condition.  In contrast, for the fastest response times, novices 

performed significantly worse in the peripheral-view condition compared to the central 

and full-view conditions. These results demonstrate that experts could quickly extract 

information from both foveal and peripheral vision to mediate their discriminations, 

whereas novices relied more heavily on foveal vision for fast and accurate discrimination 

and were thus impaired when only allowed access to peripheral vision.

Fixation Duration. Figure 5 presents the average fixation duration as a function of group

and view condition. The fixation duration data was analyzed in a mixed-design ANOVA 

Thus, the response times associated with the d’ score in bin 1 was not differentially affected between 
experts and novices as a function of viewing condition. 



95

using view condition (full, central, peripheral) as a within-subjects factor and group 

(expert, novice) as a between-subjects factor. The significant main effect of view 

condition, F(2, 54) = 21.74 , p < 0.001, generalized eta2 = 0.09, indicated a shorter 

average fixation duration in full-view relative to central-view (p < 0.001), but not 

peripheral view (p = 0.080), as well as shorter average fixation duration for peripheral 

view than central view (p < 0.001). The main effect of group was not significant, F(1, 27)

= 1.69 , p = 0.204. Group did not interact with view condition, F(2, 54) = 0.19, p = 0.825.

Figure 5. Average fixation duration for the novices (left) and experts (right) for correct 
trials. Error bars represents the 95% confidence intervals. 

Fixation Count. Figure 6 presents the average fixation count as a function of group and 

view condition. The fixation count data was analyzed in a mixed-design ANOVA using 

view condition as a within-subjects factor and group as a between-subjects factor. The 

significant main effect of view condition,  F(2, 54) = 24.58 , p < 0.001, generalized eta2 =

0.09, indicated fewer fixations in full-view relative to central-view (p < 0.001) and 

peripheral-view (p = 0.080), but no difference in fixation count between central and 

peripheral-views (p = 0.605). The significant main effect of group, F(1, 27) = 5.58, p = 

0.026, generalized eta2 = 0.15, indicated that the experts (M = 3.86, SE = 0.34) used 

fewer fixations than did the novices (M = 5.04, SE = 0.42). Group did not interact with 

view condition, F(2, 54) = 1.34 , p = 0.270. 
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Figure 6. Average fixation count for the novices (left) and experts (right) for correct 
trials. Error bars represents the 95% confidence intervals. 

Distribution Analysis for Fixation Duration. Figure 7 presents the average fixation 

duration as a function of participant group, view condition, and quartile bin. The fixation 

duration data was analyzed in a mixed-design ANOVA using view condition and bin as a 

within-subjects factor and group as a between-subjects factor. The main effects of view 

condition, F(2, 54) = 20.69 , p < 0.001, generalized eta2 = 0.07, and bin,  F(3, 81) = 5.22 ,

p = 0.002, generalized eta2 = 0.01, were significant. The main effect of group was not 

significant, F(1, 27) = 1.83 , p = 0.187. Group did not interact with view condition, F(2, 

54) = 0.24 , p = 0.789,  or with bin,  F(3, 81) = 0.945 , p = 0.423. Although view 

condition interacted with bin, F(6, 162) = 2.21 , p = 0.045, generalized eta2 = 0.009, the 

three-way interaction between group, view condition, and bin was not significant,  F(6, 

162) = 0.72 , p = 0.630. Similar to the distribution analysis of the d’ data, the data within 

each bin was analyzed in a mixed-design ANOVA using viewing condition as a within-

subjects factor, and group as a between-subjects factor. The main effect of view condition

was significant in all bins (ps < 0.001). The main effect of effect of group was not 

significant in any of the bins (ps > 0.098), nor did group interact with view condition in 

any of the bins (ps > 0.289). 
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Figure 7. Distribution of fixation durations for the novices (left) and experts (right) for 
correct trials. Bin 1 contains the 25% fastest responses of each participant. Bin 2 contains
the next 25% fastest responses, and so on. Error bars represents the 95% confidence 
intervals. 

In summary, the overall fixation data for the second trial stimulus was that 

average fixation duration was similar for experts and novices, while experts used less 

fixations than did the novices. Thus, the faster response times for the experts compared to

novices is associated with fewer fixations rather than shorter fixation durations. The 

distrubution analysis revealed that experts and novices did not differ in terms of fixation 

durations. Thus, the larger sensitivity in the peripheral-view condition in the fastest trials 

for experts relative to novices cannot be explained by differences in their fixation 

duration. This finding is consistent with the claim that experts are more efficient with the 

same amount of information. 

General discussion

In the current study we examined the claim that object experts encode object 

information across a wider spatial extent than do novices (Bukach, Gauthier, & Tarr, 

2006), using a gaze-contingent eye-tracking paradigm to systematically manipulate the 
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extent to which information was present across space (e.g., Van Belle, De Graef, 

Verfaillie, Rossion, & Lefèvre, 2010). Overall, experts were more sensitive to the birds 

than were the novices. The experts and the novices did not differ in terms of average 

fixation durations, but the experts had fewer fixations than did novices. For the overall 

analysis, the gaze-contingent manipulation did not influence the experts and the novices. 

However, the gaze-contingent manipulation did have a differential impact on the 

sensitivity of experts and novices in the fastest trials. Specifically, the experts were able 

to use peripheral information to a larger degree than the novices, as indicated by the 

higher sensitivity in experts relative to the novices. The ability to use more peripheral 

information was not attributed to longer average fixation durations for the experts than 

the novices, as the average fixation durations were equal across experts and novices in 

the fastest trials. The central view condition had no impact on recognition in the fastest 

trials, indicating that it captured a sufficient amount of diagnostic information. In 

summary, when recognition was instant, experts were able to encode information across a

wider spatial extent than the novices. 

Our findings are consistent with previous studies using gaze-contingenent eye-

tracking to examine expert recognition in multiple domains. For example, chess skill is 

positively correlated with the ability to extract information in the periphery; the better the

chess player, the better they are at encoding information across the chess-board, but only 

if the configurations are meaningful (Reingold et al., 2001a). Similarly, skilled 

radiologists are able to extract more information in the periphery than less skilled 

readiologists (Kundel, Nodine, & Toto, 1991). Reading skill is associated with the ability 

to encode more letters per fixation (for review, see Rayner, 2014). The ability to 

recognize upright faces, which most people are experts at, is associated with the ability to

encode information in central- and peripheral-view, while recognition of inverted faces, 

which people are not experts at, is associated with encoding of central-view information 

(Van Belle et al., 2010). Unlike all the domains mentioned above, eye-tracking has not 

been used to test the recognition strategies used for expert recognition in non-face object 

domains. Our study provide evidence that non-face objects of expertise show similar 

recognition strategies as to other domains of expertise. These findings are congruent with 

previous studies in which its been shown, using behavioral measures, that non-face object
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expertise is associated with holistic recognition  (Bukach, Gauthier, & Tarr, 2006; Chua, 

Richler, & Gauthier, 2015; Gauthier et al., 2003).

As reviewed above, there is stricking similarity in the expert encoding strategy 

across a variety of domains. Although is has long been argued that faces recruit different 

recognition mechanisms than other objects (e.g., Kanwisher, 2000), there is a growing 

body of evidence suggesting that expertise in variety of domains recruit the same 

mechanisms. For example, expertise with non-face objects, including laboratory trained 

experts with novel objects (e.g., “Greebles”, “Ziggerins”) and real-world car and bird 

experts, show a failure of selective attention – as measured in the composite task – and 

they show inversion effects comparable to that of faces (Chua, Richler, & Gauthier, 2015;

Curby, Glazek, & Gauthier, 2009; Diamond & Carey, 1986; Gauthier et al., 2003; 

Gauthier et al., 2000). Similarly, chess experts show failure of selective attention 

(Boggan, Bartlett, & Krawczyk, 2012).  Importantly, expert domains such as chess, 

radiology, and a variety of non-face objects have been shown to differentially activate 

face-selective areas of the VVP (e.g., FFA) (Bilalić, 2016; Bilalić, Langner, Ulrich, & 

Grodd, 2011; Gauthier, Skudlarski, Gore, & Anderson, 2000; Harley et al., 2009; 

McGugin, Gatenby, Gore, & Gauthier, 2012; Righi, Tarr, & Kingon, 2013). It is 

interesting to note that reading expertise, which relies to a large extent on mechanisms in 

the VVP in the opposite hemsiphere as compared to other objects (e.g., faces, non-face 

objects), is also associated with the ability to encode more information across space (i.e., 

more letters per fixations). However, it is argued that although words and non-word 

expert domains are biased to opposite hemispheres, they still rely on overlapping 

distributed neural mechanisms (Robinson, Plaut, & Behrmann, 2017; for review, see 

Behrmann, & Plaut, 2013). Thus, it is likely that the ability to encode more information 

per fixation depends on the same underlying system for domains that differ widely in 

visual characteristics, such as words, chess, radiology and objects. 

Our work suggest that the mechanisms used for automatic recognition of 

within-categories is different in experts and novices. That is, when recognition is instant –

as in the fastest trials – experts were able to encode information across a wider spatial 

extent than did the novices. Previous work on expert object recognition have also shown 

differences between automatic recognition between experts and novices. For example, 
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Hagen et al. (2014) showed that experts used color information in the very fastest trials 

during subordinate recognition judgments, while novices used color information during 

slower trials. Thus, automatic recognition in the experts relied on color and shapes, while 

automatic recognition in the novices relied on shape information only. Similarly, Hagen 

et al. (2016) showed that experts applied knowledge about shapes contained in the mid 

SF range to enhance encoding time in the fastest trials, while novices were not able to 

apply this information quickly. Interestingly, the shapes contained in the mid-range SF 

range have been implicated in holistic recognition, as it contains both featural 

information as well as distances between the features (Goffaux, Hault, Michel, Vuong, & 

Rossion, 2005). Experts and novices in radiology also show differences in the temporal 

dynamics of encoding visual information.  For example, radiologists quickly encode 

foveal and peripheral information, before shifting to a more foveal strategy. In contrast, 

novices encode a constant amount of information across space regardless of whether they

are in the fast or slow recognition phase (Christensen et al., 1981, Nodine et al., 2002). 

Collectively, these studies suggest that while experts and novices ultimately encode much

of the same information, the expert advantage is to instantly encode relevant information 

(e.g., local and peripheral shapes, colors) while novices slowly search through the visual 

stimuli to find the relevant information.

Why did experts have an encoding advantage in the fastest, but not the slower 

trials, relative to the novices? Arguably, object recognition rely on mechanisms that map 

external stimuli onto internal object representations.  While the fastest trials are also the 

most accurate,  the slowest trials are also the most inaccurate (Hagen et al., 2014; 2015; 

current study). Accordingly, in the fastest trials the external stimulus is instantly mapped 

to the correct internal representation, while in the slowest trials the mapping is slow and 

incorrect. Presumably, for the experts in the fast trials, the diagnostic features instantly 

grabs attention, while in the slower trials the diagnostic information is not instantly 

located. Presumably, slower trials engage a more fine-grained (foveal) search strategy to 

look for subtle cues that can activate the correct representation. For the novices, correct 

mapping between external stimuli and internal representation must be somewhat different

because they do not have a stored representation of the different bird species. Arguably, 

their mapping is between the external stimulus and the short-term memory of the 
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prevously seen bird image (s1 in a trial, Figure 1). Presumably, the content of the short-

term memory is restricted in capacity for features and what the novices thought would be 

a diagnostic feature. Thus, fast recognition in novices is presumably when they instantly 

locate a salient feature that was memorized from the previous image. The temporal-

dynamics of holistic and feature-based recognition should be further examined with gaze-

contingent eye-tracking. To find stronger evidence that fast and slow mapping of external

stimuli and internal representation is associated with holisitic and feature-based 

recognition strategies, respectively, it would be beneficial to use face stimuli since a fixed

window/mask size can block one feature at the time (e.g., eye, nose, mouth).  

In summary,  the current study used a gaze-contingent eyetracking paradigm to

assess object experts ability to encode information across space. Our results corroborate 

previous studies indicating that extensive experience with objects leads to a more holistic 

recognition strategy. The novel aspect of the current study was that it used a gaze-

contingent eye tracking paradigm and related automatic recognition in experts to a more 

holistic strategy than automatic recognition in novices. Finally, our study together with 

previous work on object experts (Hagen et al., 2014; 2016) point to the usefulness of 

studying the response time distributions, as fast and slow trials in object recognition task 

are very likely to reflect different underlying processes. 
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Chapter 6: Examining the neural correlates of expertise object recognition by the

means of fast periodic visual stimulation.

Object experts quickly and accurately discriminate objects within their domain 

of expertise. For example, in the face domain, in which expertise develops naturally, most

humans instantly discriminate between individuals (e.g., John vs. Jim). In non-face 

domains, in which expertise develops at own volition, an expert bird watcher, for 

example, instantly discriminate between bird species (e.g., Song Sparrow vs. Field 

Sparrow). A modular account argues that face and non-face objects of expertise rely on 

different and independent within-category discrimination mechanisms (e.g., Kanwisher, 

2000; Schalk et al., 2017). In contrast, the domain-general expertise account argues that 

face and non-face objects of expertise share common visual discrimination mechanisms 

(for review, see Bukach, Gauthier, & Tarr, 2006) . The current study used a novel and 

implicit visual discrimination paradigm coupled with electroencephalography (EEG) – 

Fast Periodic Visual Stimulation – to examine whether within-category discrimination of 

face and non-face objects of expertise rely on shared visual discrimination mechanisms. 

A great deal of research show that the human ventral visual pathway (VVP) 

contains a network of cortical areas that selectively represent faces.  For example, studies 

using functional magnetic resonance imaging (fMRI) have shown differential responses 

to faces as compared to non-face objects in cortical areas localized in the inferior 

occipital gyrus (Occipital Face Area [OFA]: for review, see Pitcher, Walsh, & Duchaine, 

2011), the lateral fusiform gyrus (Fusiform Face Area [FFA]; Kanwisher, McDermott, & 

Chun, 1997), and the posterior superior temporal sulcus (pSTS: Haxby, Hoffman, & 

Gobbini, 2000), all of which show a right hemispheric bias. It is proposed that the OFA 

builds the inital face percept which is subsequently processed in the FFA and STS 

(Fairhall & Ishai, 2007; Haxby, Hoffman, & Gobbini, 2000; Pitcher, Walsh, & Duchaine, 

2011). Studies using event related potentials (ERPs) have shown differential responses to 

faces relative to non-face objects as early as approximately 170 ms after stimulus in 

occipito-temporal channels, also with a right-hemispheric bias (Bentin, Allison, Puce, 

Perez, & McCarthy, 1996: Rossion et al., 2000; Rossion & Jacques, 2008). This 

component has been linked with OFA activity as measured intra-cranially in an epileptic 

patient (Jonas et al., 2012). Collectively, these studies suggest that the VVP contains a 
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face-specific neural infrastructure that quickly discriminate faces from other non-face 

objects. According to a modular account, these neural mechanisms are caused by innate 

influences exclusively reserved for encoding the unique geometry shared by all faces, 

while non-face objects are discriminated by different and independent non-face specific 

neural mechanisms  (Kanwisher, 2000; Grill-Spector, Knouf, & Kanwisher, 2004; Op de 

Beeck et al., 2006; Schalk et al., 2017; Yue et al., 2006). 

However, a growing body of evidence suggest that putative face-selective 

areas also show selectively to non-face objects of expertise. For example, studies using 

fMRI have shown that non-face objects of expertise - both real-world and laboratory 

trained - evoke differential responses relative to novice domains in putative face-selective

areas, including the right OFA and the right FFA (e.g., Gauthier, Skudlarski, Gore, & 

Anderson, 2000; Gauthier, Tarr, Anderson, Skudlarski, & Gore, 1999; Gauthier, & Tarr, 

2002; McGugin, Gatenby, Gore, & Gauthier, 2012). Using high-definition fMRI, its been 

shown that the peak selectivity for face- and non-face objects of expertise colocates in the

right FFA (McGugin et al., 2012). These effects are robust to a variety of attentional 

manipulations, and the greymatter thickness of the FFA predicts the ability to recognize 

non-face objects of expertise, showing an expertise effect that cannot possible be 

explained by differences in attention (McGugin, Newton, Gore, & Gauthier, 2014; 

McGugin, VanGulick & Gauthier, 2016; Van Gulick, Tamber-Rosenau, Ross, & Gauthier,

2015). Studies using ERPs have showed that non-face objects of expertise, similar to 

faces, evoke a differential response at around 170 ms in occipito-temporal channels 

(Busey & Vanderkolk, 2005; Rossion, Gauthier, Goffaux, Tarr, & Crommelinck, 2002; 

Scott, Tanaka, Sheinberg, & Curran, 2006; 2008; Tanaka & Curran, 2001). These findings

are consistent with a domain-general account of expertise, which states that all 

homogenous objects  (i.e., share a set of diagnostic features in a fixed configuration) for 

which people have extensive experience discriminating at a specific category level, will 

be represented by the putative face-specific mechanisms. However, despite the substantial

body of evidence in favour of this view, there is still an ongoing debate regarding the 

degree to which these mechansims are face specific (e.g., Gauthier, 2017).

It is believed that at least some of the putative face-selective areas contribute to

recognition of individual face and non-face objects of expertise. In face recognition, this 
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question have been studied extensively with fMRI adaptation, whereby the assumption is 

that repeated presentation of a face identity attenuates the response in its neural 

representation, while a change in identity evokes a different neural representation thereby

producing a rebound from adaptation (Grill-Spector & Malach, 2001). The putative face 

selective FFA show a rebound from adapation to different individual faces, but not to 

non-face objects, and this magnitude correlates with behavioral measures of perceptual 

discriminability of face identity (e.g., Gauthier, Tarr, Moylan, Skudlarski, Gore, & 

Anderson, 2000; Loffler, Yourganov, Wilkinson, & Wilson, 2005; Natu et al., 2016). 

Adaptation paradigms have also been combined with ERPs to examine the time course of

individual face recognition, whereby faces, but not cars, produced a rebound from 

adaption in occipito-temporal channels occuring about 250 ms after stimuli onset 

(Schweinberger, Huddy, & Burton, 2004). Collectively, these studies suggest that 

individual face recognition occur within 250 ms in the FFA. Although similar arguments 

are made for non-face objects of expertise, this conclusion is based on more indirect 

evidence. For example, subordinate level training with novel objects,  but not more 

general category training,  increase selectivity to the trained category in putative face 

selective areas (Wong, Palmeri, Rogers, Gore, & Gauthier, 2009). Moreover, the fMRI 

signal to non-face objects of expertise correlates with within-category discrimination 

performance and other behavioral indexes of expertise (Gauthier & Tarr, 2002;  McGugin

et al., 2014; Wong et al., 2009). Similar training protocols have been applied with ERPs, 

whereby it was shown that subordinate level training, but not basic level training, 

enhanced the N250 in occipito-temporal channels (Scott et al., 2006; 2008).  Thus, 

although it is likely that these areas represents within-category differences of both faces 

and non-face objects of expertise, this claim has not been directly tested using for 

example adaptation paradigms. 

Does experience and learning influence the neural sensivity to within-category 

representations in the VVP? Glezer and coworkers (Glezer, Kim, Rule, Jiang, & 

Riesenhuber, 2015) used fMRI adapatation to show that learning to recognize novel 

words increased the neural sensitivity to those words in word-selective areas of the left 

fusiform gyrus (i.e., Visual Word Form Area [VWFA]). Specifically, before learning, the 

VWFA showed broad tuning to the psuedowords, whereas after learning it showed 
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narrow tuning, similar to real words. For faces, Natu et al. (2016) used fMRI adaptation 

to show that neural sensitivity to different faces increased in face-selective areas, but not 

object-selective areas, with the participant’s age. Importantly, the neural sensitivity 

correlated with perceptual discriminability (also see McGugin, Ryan, Tamber-Rosenau, 

and Gauthier, 2017). Collectively, these studies suggest that both real-world and 

laboratory experience can increase neural sensitivity to within-categories in cortical areas

selective to the category. Although the modular- and the expertise-accounts can agree on 

this principle, they would disagree as to where this increased sensitivity for non-face 

objects of expertise occurs. While the modular account holds that sensitivity to objects of 

expertise develops in object-selective areas (Op de Beeck et al., 2006; Yue et al., 2006; 

for a critism of their expertise manipulation, see Gauthier, 2017), the expertise account 

holds that sensitivity develops in face selective areas (e.g., Bukach, Gauthier, & Tarr, 

2006; Tarr & Gauthier, 2000; for a critism of studies showing expert effects in face-

specific mechansisms, see Kanwisher, 2017).  

The current study used a novel and implicit visual discrimination paradigm 

coupled with electroencephalography (EEG) – Fast Periodic Visual Stimulation – to 

examine whether discrimination of face and non-face objects of expertise rely on 

common perceptual mechanisms. This approach allowed us to obtain a behavioral free 

(i.e., implicit) measure of within-category visual discrimination that is based on the 

principles of neural adaptation (for review, see Norcia, Appelbaum, Ales, Cottereau, & 

Rossion, 2015; Rossion, 2014). Specifically, expert and novice bird watchers were shown

sequences of birds or faces, whereby the same object image (Figure 2: faces; family-level

birds; or species-level birds) were presented at a periodic rate of six images per second 

(i.e., 6.00 Hz), with size varying randomly at every cycle to restrict adaptation to areas 

sensitive to object discrimination (Liu-Shuang, Norcia, & Rossion, 2014). A different 

within-category “oddball” object was periodically interleaved at every 5th cycle (i.e., 1.20 

Hz). Thus, while the signal measured at 6.00 Hz index the neural mechanisms that 

respond similarly to the base and oddball objects (e.g., lower-level processes), the 

differential signal at the oddball frequency (1.20 Hz) index the neural mechanisms that 

discriminate between base- and the oddball-objects, irrespective of differences in size. 

Participants were instructed to fixate a cross, centered within the objects and detect 
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random changes in color from red to green. This task ensured that participants maintained

a constant level of attention in the center of the object, while performining a task 

orthogonal to the images. The question of interest to our study pertained to whether face 

and non-face objects of expertise rely on independent discrimination mechanisms in 

experts and novices.  The change in size, but not view-point, made the discrimination of 

oddballs easy for both experts and novices, allowing us to compare the discrimination 

responses in both groups. 

We reasoned that if the perceptual mechanisms for different object domains are

independent, then the discriminability of one object domain should not be correlated with

the discriminability of another object domain. In contrast, if the perceptual mechanisms 

for different object domains are shared,  then the discriminability of one object domain 

should be correlated with the discriminability of another object domain. The modular 

account predicts that birds and faces are discriminated by independent mechanisms by 

both the experts and the novices (e.g., Schalk et al., 2017). Specifically, the 

discrimination signal (1.20 Hz and harmonics, occipito-temporal channels) for birds and 

faces should not correlate in either the experts or the novices, while that of birds should 

correlate in both experts and the novices. In contrast, the expertise account predicts that 

birds and faces are discriminated by shared mechanisms in the experts, but not in the 

novices. Specifically, the discimination signal (1.20 Hz and harmonics, occipito-temporal

channels) for birds and faces should correlate in the experts, but not in the novices, while 

birds should correlate in both experts and the novices. Finally, both accounts predicts that

all object domains, irrespective of experience, share early level visual processes. Thus, 

they would predict that all object domains should correlate in the base signal (6.00 Hz 

and harmonics, medial occipital channels). 

Methods

Participants

Sixteen expert participants, ranging in age from 20–57 years (5 females, M = 

33.25, SD = 13.66) were selected based on nominations from their bird-watching peers. 

Sixteen additional age and education matched control participants ranging in age from 

20–70 years (6 females; M = 33.88, SD = 12.73), were recruited from the community or 
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University of Victoria’s online recruitment system for undergraduates. The novice 

participants had no prior experience in bird watching. However, two out of the 12 novice 

participants had participated in previous experiments on bird recognition in our lab 

(Hagen et al., 2014; Hagen et al., 2016). For the experts, nine out of the 12 participants 

had taken part in previous studies on bird recognition (Hagen et al., 2014; 2016). The 

level of bird recognition performance in our participants were assessed with a bird 

recognition test (Hagen et al., 2014; 2016) in which participants judged whether two 

sequentially presented bird images belonged to the same or different species. 

Discrimination scores between experts and novices were compared with a welch two-

sample t-test due to unequal variances in the two groups. Discrimination scores for one 

expert and novice were lost due to technical issues. The experts obtained a higher 

discrimination score (n = 15, d’ = 2.10) compared to the novices (n = 15, d’ = 0.90), 

t(24.14) = 7.14, p < .001.  All expert participants were recruited from the off-campus 

community, whereas the novices were recruited either from the off-campus community or

University of Victoria’s online recruitment system for undergraduate students. Four 

additional novices were excluded from the data analysis because of technical issues with 

the EEG recording (n = 4: triggers were not recorded). 

Stimuli

Stimuli from the Bird Family condition consisted of 12 grayscale bird images 

from different bird families (Figure 1A: eagle, cardinal, seagul, woodpecker, pigeon, 

wren, crow, humminbird, swallow, jay, sparrow, robin), while the stimuli in the Bird 

Species condition consisted of 12 grayscale within-family bird images (Figure 1B: 

American Gold Finch, Black Headed Grosbeak, Brambling, Common Redpoll, Evening 

Grosbeak, Gray Crowned Rosy Finch, Hoary Redpoll, Pine Grosbeak, Pine Siskin, Purple

Finch, House Finch, Red Crossbill). Stimuli used in the face condition consisted of full-

front grayscale photographs of 12 female and 12 male faces with neutral facial expression

(Figure 1C,D). Each face picture was taken under the same conditions of lighting and 

background and with the same face-to-camera distance. External features such as hair and

ears were cropped out using Adobe Photoshop, and the isolated faces were put against a 

neutral grey background. Whereas all face images were cropped and scaled to fit within a
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frame of approximately 250 x 300 pixels, all bird images were cropped and centred with 

respect to the fixation cross within a frame of 300 x 300 pixel. All images were pasted on 

a grey background using Adobe Photoshop CS4.  In addition, images within each object 

category were equated for  overall luminance (Willenbockel, Sadr, Fiset, Horne, 

Gosselin, & Tanaka, 2010). Face images subtended a visual angle of approximately 8.95° 

vertically and 6.88° horizontally. Bird images subtended a visual angle of approximately 

5.99° vertically and 6.18° horizontally.

Figure 1. Stimuli consisted of birds differing across bird family (A), birds differing 
across species  (B), female faces differing across identity (C), and male faces differing 
across identity (D). 

Procedure. The experiment consisted of 6 sixty-second trials during which EEG was 

recorded. In a given trial, bird (species or family) or human face (female or male) images 

were presented at a rate of 6 cycles per second (6.00 Hz = base stimulation frequency) 

through sinusoidal contrast modulation using a custom Matlab script (Figure 2) (Liu-

Shuang, Norcia & Rossion, 2014; The Mathworks). Within the presentation sequence, a 

bird (or face) image was randomly selected as the base image and presented four times at 

a presentation rate of 167.7 ms, before an oddball bird (or face) was randomly selected 
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from the remaining of the 11 category images and displayed at the 5th presentation cycle 

(F/5 = 1.20 Hz = oddball stimulation frequency) (Figure 2). Importantly, the size of each 

image varied randomly between 80% and 120% in 2% steps at every cycle of 

presentation to ensure that the low-level visual properties (e.g., retinal position of edge 

information) varied at every cycle (Liu-Shuang, Norcia & Rossion, 2014). Thus, the 

change in birds (or faces) at the oddball frequency (F/5 = 1.20 Hz) should evoke a 

periodic oddball response in higher-level mechanisms that are invariant to the change of 

object size, but not in lower-level mechanisms that are not invariant to stimuli size (e.g., 

retinotopically organized areas). 

During the image presentation, participants were instructed to fixate a cross - 

centred in the birds and centered between the eyes of the faces - and press the space-bar 

every time it changed colour from red to green (duration of color change: 200ms). The 

colour-change occurred randomly. This task ensured that every participant maintained 

attention in the center of the object throughout each presentation cycle.

Two of the six trials displayed base and oddball birds that differed at the family 

level (e.g., base bird: robin, oddball bird: sparrow). Two of the six trials displayed base 

and oddball birds that differed at the species level (e.g., base bird: Gold Finch, oddball 

bird: House Finch). Two of the six trials displayed images of faces whereby one trial 

contained base and oddball female faces (e.g., base face: female face A, oddball face: 

female face B) and one trial were composed of male faces (e.g., base face: male face A, 

oddball face: male face B). Thus, the entire experiment consisted of 240 seconds of 

image presentation. The order of the trials were counterbalanced across participants such 

that half of the participants were presented with birds followed by faces and the other half

with faces followed by birds.       
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Figure 2. Schematic illustration of the experimental paradigm. (A) Objects were 
presented by sinusoidal contrast modulation at a rate of six images per second (6.00 Hz). 
A base object was presented 4 times with a different oddball object presented at every 5th
cycle (1.20 Hz) of presentation. To avoid pixel-wise processing, object size was randomly
varied between 80% and 120% at every stimulation cycle. 

EEG Acquisition     

The electroencephalogram (EEG) was recorded using a montage of 36 electrode 

sites in accordance to the extended international 10-20 system (Jasper, 1958). Signals 

were acquired using Ag/AgCl ring electrodes mounted in a nylon electrode cap with an 

abrasive, conductive gel (EASYCAP GmbH, Herrsching-Breitbrunn, Germany). Signals 

were amplified by low-noise electrode differential amplifiers with a frequency response 

of DC 0.017-67.5 Hz (90 dB--octave roll off) and digitized at a rate of 250 samples per 

second. Digitized signals were recorded to disk using Brain Vision Recorder software 

(Brain Products GmbH, Munich, Germany). The impedances were maintained below 10 

kΩ. The EEG was recorded using the average reference.
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Data analysis

Preprocessing was conducted with a customized software (Letswave 5: 

http://nocions.webnode.com/letswave) running in the Matlab environment (The 

Mathworks).  EEG data was band-pass filtered (0.1 - 100 Hz zero-phase Butterworth 

filter, 24 dB/octet slope), and all channels were rereferenced to the common average 

reference. Filtered data was first cropped down to an integer number of 1.20 Hz that 

containing the start of the first presentation cycle and the end of the last presentation 

cycle (0 s to 60 s, 72 oddball cycles, 15000 time bins). The segmented sequences were 

averaged within each participant separately for each condition in the time domain in 

order to increase signal-to-noise by reducing EEG activity non-phase locked to the 

stimulation (e.g., Liu-Shuang, Torfs, & Rossion, 2016). To extract amplitude spectra for 

all channels, a Fast Fourier Transform was applied to the averaged segments (frequency 

resolution, 1/60, i.e., 0.017 Hz). To take into account noise variations across the EEG 

spectrum, signal-to-noise (SNR) was computed as the ratio of the amplitude in each 

frequency bin to the average amplitude of the 10 surrounding frequency bins in each 

direction, excluding the two directly neighbouring bins. Similarly, Z-scores were 

computed for each bin by subtracting its amplitude by the average signal of the 20 

surrounding bins (excluding the neighbours), and dividing it by the standard deviation of 

the 20 surrounding bins. The signal associated with the stimuli presentation would be 

contained in the frequency bins corresponding with the rate of image presentation (e.g., 

fundamental: f = 6.00 Hz) and in the bins corresponding with the multiple integers of the 

stimulation frequency (harmonics: 2f = 12.00 Hz, 3f = 18.00 Hz, ...). 

To determine the number of harmonics included in the statistical comparison 

between the experts and the novices in the face and bird conditions, the amplitude data 

from the frequency domain for each condition (group and object domain) was averaged 

across the participants and all the channels. Next, Z-scores for the base- and oddball 

stimulation rate, and its 8 harmonics were extracted and analyzed until they were no 

longer significant in either of the conditions (Dzhelyova & Rossion, 2014; Liu-Shuang et 

al., 2014). A conservative threshold of significance was placed at a Z-score of z > 3.10 (p 

< .001, one-tailed; i.e., signal > noise) (e.g., Liu-Shuang et al., 2016, Xu et al., 2017). For

the base frequency, the harmonics were analyzed up to the 6th harmonic. For the oddball 

http://nocions.webnode.com/letswave
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frequency, the harmonics were analyzed up to the 7th harmonic (7F/5 = 8.40 Hz). The 5th 

harmonic of the oddball response (5F/5 = 6.00 Hz) was excluded from the oddball 

analysis because it overlaps with the fundamental frequency of the base response (F = 

6.00 Hz).

Results

EEG data

Frequency domain analysis: group analyis

Regions of interest (ROIs) for the base and oddball responses were defined based 

on the respective scalp topographies and by the channels with maximal response. The 

maximal response of the base stimulation rate (6.00 Hz) was located at medical occipital 

channels (Oz, POz) for every condition (Figure 3). This topography is similar to previous 

studies using the same task with faces (e.g., Liu-Shuang et al., 2014), words (Lochy et al.,

2015), and objects (e.g., Jacques, Retter, & Rossion, 2016), and indicate that the visual 

system synchronized to the visual stimulation. The visual response in each participant 

was quantified as the sum of the signal (SNR) of the 6 first harmonics averaged across 

channels Oz and POZ. We report uncorrected p-values for the post-hoc tests in this and 

subsequent analysis.

Figure 3b presents the mean SNR for the base stimulation rate in medial-

occipital channels as a function object category and group.The SNR data for the base 

response were analyzed in a mixed-design analysis of variance (ANOVA) using object 

category (family level birds, species level birds, faces) as a within-subjects factor and 

group (experts, novices) as a between-subjects factor. There was no main effect of group, 

F(1,30) = 0.25, p = 0.624. The main effect of object category was significant, F(2,60) = 

8.46, p < 0.001, generalized eta2 = 0.07. Post-hoc tests showed that Faces (M = 21.29; SE 

= 2.19) evoked a larger signal than both Family birds (M = 16.39; SE = 1.53) and Species

birds (M = 18.00; SE = 1.94, ps < 0.015), and that Family and Species evoked similar 
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responses (p = 0.136). The two-way interaction between group and object domain did not

interact with object category, F(2,60) = 1.76, p = 0.181. 

Figure 3. A: EEG spectra for the base response (6.00 Hz) of the three conditions on 
electrode Oz and POz from 0.50 to 37.00 Hz. B: Summed SNR across the first 6 
harmnonics and the associated scalp topograhy. Error bars represent standard error of the 
means (SEMs). 

In contrast to the base stimulation response, the maximal response of the 

oddball frequency (1.20 Hz) was located at occipito-temporal channels (PO7, PO8, P7, 

P8) for the bird and face conditons (Figure 4). This topography is consistent with 

previous studies using the same task with faces (e.g., Liu-Shuang et al., 2014), words 

(Lochy et al., 2015), and objects (e.g., Jacques, Retter, & Rossion, 2016), and 

corresponds with cortical areas involved in high-level visual discrimination (e.g., Scott et 
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al., 2006; 2008). The visual response in each participant was quantified as the sum of the 

signal (SNR) of the 7 first harmonics, excluding the 5th harmonic (5F/F = 6.00 Hz) 

averaged across channels PO7, PO8, P7, and P8.

Figure 4 b presents the mean SNR for the oddball frequency in occipito-

temporal channels as a function object category and group.The SNR data for the oddball 

response were analyzed in a mixed-design analysis of variance (ANOVA) using object 

category (family level birds, species level birds, faces) as a within-subjects factor and 

group (experts, novices) as a between-subjects factor. There was no main effect of group, 

F(1,30) = 0.17, p = 0.687. The main effect of object category was significant, F(2,60) = 

48.97, p < 0.001, generalized eta2 = 0.34. Post-hoc tests showed that Family birds (M = 

18.06 ; SE = 1.57) evoked larger signals than Species birds (M = 14.43; SE = 1.15, p < 

0.001) and that both Family and Species birds evoked larger signal than Faces (M = 9.96, 

SE = 0.64, ps < 0.001). The two-way interaction between group and object category 

approached, but did not achieve significant levels, F(2,60) = 2.52, p = 0.089. 
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Figure 4. A: EEG spectra for the oddball response (6.00 Hz) of the three conditions on 
electrode Oz and POz from 0.50 to 9.00 Hz. B: Summed SNR across the first 7 
harmonics (excluding 5F/5 = 6.00 Hz) and the associated scalp topograhy. Error bars 
represent standard error of the means (SEMs). 

Correlation of the EEG response of each object domain

The expertise account predicts that face mechanisms also represents objects of 

expertise, at least if they share certain aspects  (e.g., homogeneity, task demands) 

(Bukach, Gauthier, and Tarr, 2006). That is, the same underlying neural substrate should 

represent faces and birds in the experts, but not in the novices. Accordingly, we predicted 

a positive relationship between the response evoked by bird and face stimuli in the 

experts, while no relationship between the two object domains in the novices. 

Importantly, this pattern should be specific to the discrimination response recorded at 

occipito-temporal channels, in contrast to the base response measured at medial occipital 
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channels, which should index the responsiveness of the visual system to visual 

stimulation, irrespective of domain experience. That is, at the medial occipital channels 

for the base response, the responsiveness to one category should be positively associated 

with the responsiveness to another category, regardless of the expertise of the observer. 

Moreover, the response to Family Birds and Species Birds should be positively correlated

in both groups. That is, although birds should recruit different neural substrates between 

experts and novices, they should recruit the same substrate within each group (e.g., FFA 

for experts; LOC for novices). The following analysis examined the relationship between 

the response evoked by face and bird stimuli in both experts and novices. 

For the base response at medial occipital channels, a significant correlation 

was found across all category domains for both the experts (rfb&f = 0.54, pfb&f = 0.031, 

95% CIfb&f [0.059, 0.82]; rsb&f = 0.67, psb&f = 0.004, 95% CIsb&f [0.27, 0.88]; rsb&cb = 0.81, 

psb&cb < 0.001, 95% CIsb&cb [0.53, 0.93]) and in the novices (rfb&f = 0.60, pfb&f = 0.013, 95%

CIfb&f [0.15, 0.85]; rsb&f = 0.50, psb&f = 0.051, 95% CIsb&f [0.001, 0.80]; rsb&cb = 0.65, psb&cb 

= 0.006, 95% CIsb&cb [0.23, 0.87]), and there was no difference between the two groups 

(pfb&f = 0.403, one-tailed; psb&f = 0.245, one-tailed; psb&cb = 0.370, two-tailed) (Figure 5). 

Thus, irrespective of group, the responsiveness to one object category predicted the 

responsiveness to another category at the medial-occipital channels. 

Figure 5. Correlation of base response (SNR) to Faces and Family Birds (A), Faces and 
Species Birds (B), and Family Birds and Species Birds (C). 
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In contrast to the base response at medial occipital channels, the oddball 

response at the more anterior occipito-temporal channels to Family Birds correlated with 

Faces in the experts (r = 0.76, p < 0.001, 95% CI [0.42, 0.91]), but not in the novices (r = 

0.10, p = 0.706, 95% CI [-0.42, 0.57]), and importantly, the difference between the 

correlations was signicant (p = 0.015, one-tailed) (Figure 6 A). Similarly, the oddball 

discrimination response at occipito-temporal channels to Species Birds correlated with 

Faces in the experts (r = 0.69, p = 0.003, 95% CI [0.29, 0.88]), but not in the novices (r =

0.13, p = 0.638, 95% CI [-0.39, 0.59]), and the difference between the correlations was 

significant (p = 0.039, one-tailed) (Figure 6 B). In contrast, the oddball discrimination 

response at occipito-temporal channels to Family Birds and Species Birds was significant

in both the experts (r = 0.76, p < 0.001, 95% CI [0.42, 0.91]) and the novices (r = 0.82, p

< 0.001, 95% CI [0.54, 0.93]), and there was no difference between the correlations in 

the two groups (p = 0.719, two-tailed) (Figure 6 C). This finding is consistent with the 

expertise account of shared neural mechansism for faces and objects of expertise; the 

mechanims that represents birds in novices respond in a way that is not consistent with 

the mechanism representing faces, while for the experts, the mechansim representing 

birds and faces respond in a consistent manner. 

Figure 6. Correlation of discrimination response (SNR) to Faces and Family Birds (A), 
Faces and Species Birds (B), and Family Birds and Species Birds (C). 
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The main findings were that the discrimination response to birds (family and 

species) and faces did not differ between the experts and the novices. However, the 

discrimination response (1.20 Hz and associated harmonics) to the birds correlated with 

that of the faces in the experts, but not in the novices. In contrast, the general response 

(6.00 Hz and associated harmonics) at medial-occipital channels to birds and faces 

correlated across both groups. This pattern is consistent with the claim that the visual 

stimuli (faces, birds) in our study evoked responses in the same low-level visual 

mechanisms, but not higher-level visual object discrimination mechanisms, in the experts 

and the novices. 

General discussion

The current study used a novel approach to test the neural correlates of within-

category discrimination of face and non-face objects of expertise. We presented bird 

experts and novices with birds and faces in an implicit discrimination task that is based 

on the principles of neural adaptation, while recording ongoing EEG. The same object 

was presented periodically six times a second (6.00 Hz) for 60 seconds, while different 

within-category objects were interspersed at every fifth cycle (1.20 Hz). Thus, a periodic 

signal in the EEG at 1.20 Hz (and associated harmonics) indicates that the oddball objects

were discriminated from the base object (i.e., a differential response occurring at the 

same rate as the oddball).  To our knowledge, this is the first time that the neural 

correlates of within-category discrimination of non-face objects of expertise have been 

directly measured. 

The main findings were that the discrimination response (1.20 Hz and 

associated harmonics) at occipito-temporal channels to faces, family-, and species- birds 

did not differ in the bird experts and novices. However, the discrimination response to 

family- and species- birds positively correlated with that of faces in the experts, but not in

the novices. In contrast, family- and species- birds correlated in both experts and novices.

This implies that within-category discrimination of birds and faces relied on the same 

mechanisms in the experts, but in the novices only the family- and species- birds relied 

on the same mechanisms, while faces relied on different mechanisms. The same analysis 
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in the base signal (6.00 Hz and associated harmonics) at medial-occipital channels -  

which picks up on low-level mechanisms applied to all visual stimuli – showed that all 

object categories correlated in both groups. Thus, all objects were processed in the same 

low-level system for both experts and novices. In contrast, faces and non-face objects 

were discriminated in different object discrimination systems in the novices, whereas in 

experts, they were processed in the same discrimination system. The results are unlikely 

to be caused by differences in attention between groups and object domains because the 

base-signal, which is modulated by attention (Morgan et al., 1996; Walter et al., 2012), 

was equal across groups and conditions (Figure 3).  Thus, the results suggest that the bird 

stimuli were treated differently in experts and novices only in high-level visual 

discrimination systems.  

A face-specific account predicts that all non-face objects are discriminated by 

the same mechanisms, while faces are discriminated by a different mechanism. This 

implies that expert recognition is faciliated by increased neural sensitivity to within-

categories in object selective mechanisms (i.e., quantitative change). According to this 

account, the discrimination response for birds (family and species) should be larger in the

experts than in the novices, as measured on the scalp. Moreover, this difference should be

largest for the species-birds, given that novices should have least experience with this 

form of discrimination. Imporantly, the discrimination response of birds and faces should 

not correlate, as discrimination in the two domains rely on different mechanisms.  Thus, 

novices should have showed a correlation in the discrimination response between non-

face objects (family- and species- birds), but not between face and non-face objects 

(family- and species-birds with faces). In contrast, the expertise account predicts that 

objects of expertise (faces and non-faces) are discriminated by the same mechanisms and 

that other objects are discriminated by a different mechanism. According to this view, 

expert recognition is faciliated by increased neural sensitivity in a qualitatively different 

processing system that is not shared with other objects (e.g., Tarr & Gauthier, 2000). In a 

simple recognition task in which both experts and novices can discriminate the objects, 

one would not necessarily expect a difference in the magnitude of the discrimination 

response in experts and novices, but rather that the discrimination signal is generated in a 

different neural system. Thus, while novices should only show a correlation between the 
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discrimination response to birds (family and species) and not faces and birds,  the experts 

should show a correlation between faces and birds (family and species), as well as 

between family and species birds. The results of the current study is compatiable with the

predictions of the expertise account. 

Previous work suggest that experience discriminating within-categories of an 

object domain increase the neural sensitivity by sharpening the underlying 

representations within cortical areas of the ventral visual pathway (VVP). For example, 

real-world experience with faces, in the form of aging, is associated with more 

differentiated face representations within the right fusiform face area (FFA; Natu et al., 

2016; also see McGugin, Ryan, Tamber-Rosenau, & Gauthier, 2017). Moreover, learning 

to recognize new words lead to differentiation of representations of those words within 

word-selective areas of the left fusiform gyurs (VWFA; Glezer et al., 2015). Our work 

suggest that neural sensitivity increases in discrimination mechanisms that are shared 

with faces, and corroborate previous work suggesting that faces and non-face objects of 

expertise share the same mechanisms. For example, interference paradigms coupled with 

ERP have showed that face and objects of expertise interefere with each other - both in 

behavioral measures and in neural correlates - whereas faces and inverted objects of 

expertise does not (Gauthier, Curran, Curby, & Collins, 2003; Rossion, Kung, & Tarr, 

2004). This finding rules out the possibility that the spatial overlap between faces and 

non-face objects of expertise, as measured with fMRI, is explained by different systems 

that are located close in proximity, but spatially blurred by the low resolution of fMRI. 

An important difference between said research and our study is that we directly 

quantified the neural sensitivity to different within-categories, rather than overall activity 

to the expert category. Thus our study provide further evidence that face and expert 

domains share neural mechanisms, not only for detection, but also for within-category 

discrimination. 

At a functional level, object expertise is associated with a shift in recognition 

process, from an analytical- process applied to most objects to a more holistic-process 

applied to objects of expertise (for review, see Bukach, Gauthier, & Tarr, 2006). For 

example, real-world and loboratory trained-experts show face-like holistic recognition as 

tested for example with a composite test in which participants match half of an object 
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image to a previously seen image, while trying to ignore the other irrelevant half. 

Interference from the irrelevant half indicate an inability to selectively attend to half of 

the object. Experts show larger intereference effects to objects of expertise than other 

objects (e.g., Chua, Richler, & Gauthier, 2015; Gauthier et al., 2003). Holistic recognition

as measured by composite tasks have been related to expert category responses in 

putative face-selective areas. For example, Wong et al., (2009) trained novices 

participants in the lab to recognize novel objects (Ziggerins) either at the basic or 

subordinate levels. Subordinate training, but not basic training, resulted in more holistic 

recognition and this correlated with the training effects in face-selective areas. Thus, it is 

possible that the increased neural selectivity to within-categories in putative face-specific 

discrimination mechanisms (e.g., FFA) is the source to holistic recognition. This predicts 

that the differential signal as measured specifically within these structures, with for 

example fMRI, should positively correlate with measured of holistic recognition. Future 

work testing this prediction should use a FPVS task that resemble the demands of daily 

recognition to a larger degree than our task. For example, it should use naturalistic 

images in which objects vary in view-point, size, and position. This would presumably 

allow the discrimination response to be biased more by visual categorization mechanisms

that are most closely linked with perceived discrimination. 

What neural structures contributed to the discrimination signal of experts and 

novices? It is difficult, if not problematic, to infer from signals measured on the scalp 

which brain structures contributed to discrimination. However, it is interesting to note 

that the scalp topograhy between experts and novices did not differ qualitatively. Given 

the perceptual salience between the base and the oddball birds (i.e., Figure 1: differences 

in external shape and internal features), it is likely that the discrimination response was 

generated by multiple cortical structures in the VVP that discriminate complex shapes 

and that are invariant of size. Interestingly, the discrimination response between the three 

object domains varied according to the within-category variability (Figure 1), such that 

family birds evoked larger signals than species birds which evoked larger signals than 

faces. In contrast, the base signal was larger to faces than to the birds (both family and 

species) despite its relative homogeneity, presumably because the faces were shown at a 

substantially larger visual angle than the birds. Collectively, this is consistent with the 
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view that the base-signal is generated by lower-level visual areas that are retinotopically 

organized (thus influenced by the size of the object), whereas the discrimination response

originates in higher-level areas that encode complex shapes and is insensitive to object 

size. Future work should explore the exact location of the within-category discrimination 

responses to objects of expertise and non-experts using tools with better spatial resolution

(e.g., fMRI, intracranial recordings). 

It is somewhat suprising that adapation paradigms have not been used to test 

the representational content of face-selective areas with regards to non-face objects of 

expertise, especially given its success examining within-category representations in the 

face and word domains. Although our results are in support of the expertise account, it is 

important to verify these results using a method with better spatial resolution (e.g., fMRI, 

intracranial recordings). The paradigm applied in this study – Fast Periodic Visual 

Stimulation – can be applied with other imaging methods, including fMRI. The task is 

implicit, which minimize contextual influences set by the contextual influences of a 

behavioral recognition task  (e.g., match images to labels vs. match categories by 

images). This is especially important when studying object expertise because experts 

possess a great deal of semantic knowledge that novices do not. Thus, a visual 

discrimination task – without any task associated with the images that are being 

discriminated – is more likely to measure internal representations that are directly evoked

by the visual stimuli, without mixing responses evoked by the context of the task. 

In summary, our study used a novel approach to examine neural mechanisms 

involved in within-category discrimination of faces and non-face objects of expertise. 

Our results provided novel support for the claim that within-category discrimination of 

faces and non-face objects of expertise is supported by the same underlying cortical 

structures. Previous work have not directly measured face-selective area’s sensitivity to 

different within-categories of non-face objects of expertise. However, these findings add 

to a great deal of research supporting the expertise account and the claim that face 

selectivity can be explained by the extensive experience that humans have with face 

discrimination. We hypothesize that at least some of the face-selective visual 

discrimination mechanisms learns the visual dimensions upon which different 

subordinate categories of homogenous non-face objects are discriminated. This claim 
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should be tested in future work with FPVS combined with recording techniques with 

relatively good spatial resolution.
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Chapter 7: General discussion

The main purpose of this research was to examine how expertise influenced 

the visual content of subordinate categories, the recognition strategy used to encode the 

object, and the neural system used for visually discrimination between within-category 

objects. Our work showed that experts applied color and shape, but not motion, 

information for their quick and accurate recognitions, whereas novices applied this 

knowledge in a way that did not infleunce the encoding process. Moreover, when 

recognition was instant, the experts applied a more holistic recognition strategy than did 

the novices. Finally, within-category discrimination of faces and objects of expertise (i.e.,

birds) relied on the same neural discrimination mechanisms, while novice discrimination 

in the same non-face domain (i.e., birds) relied on a different visual discrimination 

mechanism.  Thus, our experiments indicate that both experts and novices apply 

knowledge about shape and color for recognition; however, they seem to do so in a 

qualitatively different way. I would argue that – consistent with the expertise account 

(Bukach, Gauthier, Tarr, 2006) – this difference is due to experts relying on knowledge 

that is stored in the visual system, thereby instantly accessed by the external stimulus, 

while novices relied on semantic knowledge, activated by top-down influences. 

Specifically, I propose that the mechanisms that are used to visually discriminate between

faces, become sensitive to the visual dimensions upon which the expert domains are 

discriminated, thereby allowing for quick and accurate encoding of objects of expertise. 

What is the process by which face-selective mechanisms become increasingly 

sensitive to non-face object domains? Becoming an expert requires a shift from basic-

level recognition (e.g., bird) to subordinate recognition (e.g., Field Sparrow). Because 

different visual information is used for basic- and subordinate-discrimination (Collin & 

McMullen, 2005), this shift should also require a shift in visual encoding mechanisms. 

Indeed, it has been shown that subordinate recognition disproportionately activates face-

selective areas relative to basic-level recognition, indicating that these areas contain 

neurons that are more sensitive to the shapes (and maybe colors) that must be 

discriminated for successful subordinate recognition (Gauthier, Anderson, Tarr, 

Skudlarski, & Gore, 1997; Gauthier, Tarr, Moylan, Anderson, Skudlarski, & Gore, 2000). 
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In this view, these mechanisms are “within-category discrimination mechanisms” in the 

sense that they encode the visual information needed to discriminate between within-

categories of a homogenous object domain. Presumably, through extensive experience 

discriminating objects at the subordinate level, the processing units of this mechanism 

become gradually more tuned to the visual information that separates the different 

categories (e.g., correlates with one category but not with other categories). In this way, 

object expertise hinges on mechanisms that learn to quickly compress a high-dimensional

stimulus to a low-dimensional representation of diagnostic information. An optimally 

tuned object space would quickly project external stimuli from the same category onto 

the same point in this space, while quickly project stimuli from different categories onto 

different points. Once the space is fully tuned,  higher-level mechanisms can instantly 

read out the distinct codes (perhaps akin to  a linear classifier), without having to rely on 

topdown influences (semantic knowledge, attentional processes, etc). Thus, as the 

mechanisms becomes more tuned, recognition becomes gradually faster, eventually 

giving rise to quick and accurate subordinate recognition (e.g., Tanaka & Taylor, 1991). 

How are diagnostic visual dimensions instantiated at the neural level?  A recent

study with primates might give some insight (Chang & Tsao, 2017). Here, primates were 

presented with human faces that were parameterized on 50 dimensions – each face 

occupying a unique point in a 50 dimensional space - while recording single cell 

responses in multiple face-selective patches in inferotemporal cortex.  They showed that 

single cells projected the external stimuli onto single dimensions. For example, a cell that

responded to variations in dimension 1 would respond proportionally to how the external 

face-stimuli varied on dimension 1, while it would remain silent to faces varying on other

dimensions. This encoding scheme allows for a cell ensemble to efficiently represent any 

combination of the faces presented to it. I would argue – consistent with the expertise 

account – that these cells can be influenced by within-category discrimination experience 

such that individual neurons become tuned to diagnostic dimensions of the categories it 

frequently encounters. That is, without experience, the cell will respond to any input (not 

showing any selectivity), while with experience it will repond more and more to a 

diagnostic dimension. Thus, with learning and experience, an ensemble of neuron can 
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eventually efficiently represent different objects categories, despite variations in non-

diagnostic dimensions. 

A great deal of research has examined whether faces and non-face objects of 

expertise are represented within the same visual mechanisms. However, to my knowledge

none have examined the underlying neural code of different subcategories of the expert 

domain. Nor has anyone examined how that neural code emerges,and what visual 

information the discrimination mechanisms are representing. Thus, a great deal of 

research are still to be made in the field of expert recognition. 
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