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Spatial attention is a mechanism by which observers are able to enhance the processing of 

information at relevant locations.  Spotlight, zoom lens, and gradient theories of attention 

make no predictions about how spatial attention is directed in three-dimensional (3D) 

scenes.  This is an oversight, because previous research has demonstrated that younger 

and older observers can direct their attention in depth.  However, previous experiments 

on the topic of spatial attention for 3D scenes have been conducted using stimuli that are 

not typical during real-world task performance or have failed to provide compelling 

controls for potential confounding variables that are two-dimensional (2D).  Therefore, it 

is uncertain whether younger and older observers can direct their attention in depth 

during real-world task performance.  To address these limitations, I conducted 

experiments to test the hypothesis that spatial attention is based on a 3D representation of 

the scene.  Several predictions are proposed based on this hypothesis.  First, that the 

allocation of attention in depth is not a consequence of the projected size or 2D spatial 

separation of the targets but due to their perceived position in depth.  Second, that 3D 
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spatial attention will occur for stimuli that do not include binocular disparity as a source 

of depth information.  Third, that 3D spatial attention effects will not be dependent on 

eye fixation.  Lastly, that 3D spatial effects will occur with different tasks.  Following 

from previous research, I also hypothesize that the spatial extent of attention is reduced 

for older individuals as compared to younger individuals.  If these hypotheses are correct, 

then there will be a reduction in spatial attention along the axis of depth for older 

individuals as compared to younger individuals.  In these experiments, younger and older 

drivers performed a light detection task and one of two car-following tasks in a simulator 

lacking binocular disparity information for depth.  The results from these experiments 

were consistent with the predictions of the 3D spatial attention hypothesis.  Although 

there were age-related differences in spatial attention, a reduction in spatial attention 

along the axis of depth for older individuals was not observed. 
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3D Spatial Attention and Aging 

The visual world has been aptly characterized as “one great blooming, buzzing 

confusion” (James, 1890, p. 488). That is, within any given scene there is a multitude of 

sources of information that an observer could potentially process.  For example, consider 

what one sees as one drives a vehicle down a long straight expanse of highway in an 

urban setting.  The driving scene contains a wide range of information sources including 

texture, color, shape, and optic flow that can be used for steering, collision detection, 

speed regulation, as well as read signs, detect, and identify landmarks.  Human observers 

are not able to process all of this information at the same time (e.g. Shiffrin & Gardner, 

1972).  One of the ways in which human observers reduce the bloom and buzz of a 

complex visual world is by using spatial attention.  Specifically, spatial attention is a 

mechanism that allows observers to exclude information at irrelevant locations (for 

example a building on the side of the road) from processing while allowing the 

processing of information at relevant locations (for example oncoming vehicles or 

traffic signs). 

Although much has been done to investigate the characteristics of spatial 

attention, the majority of those investigations have been conducted using two-

dimensional (2D) visual stimuli positioned and extended in height and width (B. A. 

Eriksen & Eriksen, 1974; C. W. Eriksen & St. James, 1986; Posner, Snyder, & Davidson, 

1980).  For this reason, extant theories of spatial attention make no predictions regarding 

the deployment of spatial attention in depth.  However, previous research has shown that 

depth is a dimension along which attention can be allocated (Andersen, 1990; Atchley, 
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Kramer, Andersen, & Theeuwes, 1997).  Moreover, in many contexts depth is a relevant 

dimension.  For example, it would be nearly impossible to successfully file papers in a 

drawer, walk, drive a car, or play sports without processing depth information.  Thus, it is 

a considerable oversight that few studies have explicitly examined the characteristics of 

spatial attention in real-world contexts (cf., Andersen, Ni, Bian, & Kang, 2011 for a 

notable exception).  Therefore, this series of experiments expands the foundations for 

ecologically relevant research on three-dimensional (3D) spatial attention by examining 

the hypothesis that 3D spatial attention is based on the 3D representation of the scene.  In 

addition, following from previous research, I hypothesize that the spatial extent of 

attention is reduced for older individuals as compared to younger individuals.  The 

remainder of this introductory chapter is structured in four major sections: 

 Metaphors of 2D Attention: a review of 2D attention theories 

 2D Attention, Aging, and Driving:  a review of the effects of age on 2D attention 

and driving performance 

 3D Attention: a review of the existing evidence in favor of the 3D spatial 

attention hypothesis 

 Hypothesis and Experiments: hypotheses, predictions, description of 

experiments, and the relationship between the experiments and the hypotheses 

and predictions 
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Metaphors of 2D Attention 

Kuhn famously proposed that the use of metaphor is important in the development 

of scientific thought (Kuhn, 1993).  This has certainly been true for development of 

scientific thought on the topic of 2D attention in which three metaphors have dominated 

the scientific discussion.  Specifically, researchers have metaphorically described visual-

spatial attention as being a spotlight (Posner et al., 1980), a zoom lens (C. W. Eriksen & 

St. James, 1986; LaBerge, 1983) or a gradient (LaBerge & Brown, 1989). The spotlight 

metaphor implies that the boundaries of visual-spatial attention are discrete and fixed in 

size.  The zoom lens metaphor implies that the boundaries of visual-spatial attention are 

variable and that the resolution of processing is inversely related to the spatial extent of 

attention.  The gradient metaphor implies that spatial extent of visual-spatial attention is 

not bounded, but decreases monotonically from some maximal amount at the central 

focus of attention. 

Spotlight.  The metaphor of visual attention as being a spotlight has a venerable 

and contentious history in the psychological literature.  For example, the first record in 

PsycInfo with the search term "spotlight" states that "attention . . . is not a directing agent 

or force which throws a greater or lesser degree of light upon an object as a man casts a 

spotlight here and there" (Hunter, 1919, pp. 113-114).  However, in a recently published 

study, researchers wrote about how variation in working memory capacity "is strongly 

associated with feature-based attention only within the spotlight of spatial attention" 

(Bengson & Mangun, 2011, p. 93).  According to a Google Scholar search, in 2012 there 

were approximately 135 articles published that included the phrase ‘spotlight of 
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attention’ in their text.  One of the most cited articles supporting a spotlight 

conceptualization of visual-spatial attention in contemporary literature states that, 

"attention can be likened to a spotlight that enhances the efficiency of detection of events 

within its beam" (Posner et al., 1980, p. 172).  What is meant by this metaphor?  In short, 

this metaphor intends to convey three properties of visual-spatial attention.  First, the 

spotlight of attention enhances processing in a way that is spatially localized.  Second, the 

spotlight of attention only processes information in one region of the visual scene at a 

time.  Third, the spotlight has a limited spatial extent. 

Spatially localized enhancement of processing.  Research has demonstrated that 

visual-spatial attention can improve processing of information in a selected region.  An 

example of this type of result can be observed in a series of five experiments in which 

participants responded to simple 2D targets either in conditions in which there was no cue 

indicating target location or in conditions in which there was a cue indicating target 

location (Posner et al., 1980).  When no cue was provided, the target appeared in any of 

the possible locations with equal probability.  When a cue was provided, it had a high 

probability of being valid, that is, it was probable that the target would appear at the cued 

position.  However, there was a low probability that a cue would be invalid, that is, 

specify a location in which the target would not appear.  In these experiments, 

participants responded more quickly to validly cued targets relative to uncued targets.  

Participants also responded more slowly to targets with invalid cues relative to uncued 

targets.  Although these results support the proposition that directing attention to a 

location increases the efficiency of processing in that location, there are three possible 
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objections which should be considered: that the advantage is due to knowing stimulus 

features in advance, that the advantage is due to a change in criterion for detection, and 

that the advantage is due to fixating the target (i.e., orienting the eyes such that the target 

projects to the fovea; Curcio & Allen, 1990; Rains, 1963). 

Knowing stimulus features in advance.  If the advantage in processing attributed 

to visual-spatial attention were simply due to participants knowing stimulus features in 

advance, then reducing participants' uncertainty about what target will appear should 

result in faster detection.  In one experiment, participants viewed a centrally presented 

cue that indicated the identity and location of the target (Posner et al, 1980; Experiment 

2).  The validity of this cue varied along both factors.  Specifically, the cue provided 

information about the identity of the target amongst 10 possible options and about the 

spatial location of the target amongst two possible options.  If processing advantages 

were due to knowing a stimulus feature in advance, then reaction times (RTs) for valid 

target identity cues should be faster than for, non-informative, neutral target identity cues.  

Moreover, because valid target identity cues reduce uncertainty about the target more 

than valid target spatial cues, RTs for valid target identity cues should be faster than for 

valid spatial location cues.  The results showed that, relative to neutral cues, the 

advantage for knowing the spatial location was 19ms whereas the advantage for knowing 

the identity of the target was merely 8ms.  However, error rates were higher when spatial 

cues were present than when they were absent.  This result lends some credence to the 

idea the participants may be choosing to respond without having accumulated as much 

information about the identity of the target when spatial cues are present, i.e. they engage 
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in a global criterion shift, also known as a speed/accuracy tradeoff (for some 

computational accounts of mechansims underlying these processes cf., Logan, 2002; 

Nosofsky & Palmeri, 1997; Ratcliff, 1978).  However, if a global criterion shift were 

involved, then all RTs in the spatial cuing condition would have been equally 

advantaged.  On the contrary, only RTs in the cued location improved.  Thus, if a 

criterion change is an explanation of this effect, then it would have to be spatially 

localized to the cued location. 

Change in criterion.  If a spatially-localized criterion change is responsible for 

producing an RT advantage for validly cued targets, then participants should generate 

more false alarms for cued locations than for uncued locations (Macmillian & Creelman, 

2005). To assess error rates, another experiment required participants to indicate the 

location of a parafoveal target, either up or down (Posner et al, 1980; Experiment 3).  In 

that experiment, there was no significant increase in errors for targets that were validly 

cued relative to non-cued and invalidly cued targets, but the typical pattern of faster RTs 

to validly cued targets was still observed.  This pattern of results is incompatible with a 

hypothesis of simple criterion change which lends credence to the hypothesis that 

processing is more efficient at attended to regions.   

Eye fixation.  If fixating the eyes on the target is responsible for producing 

processing advantages for attended to targets, then the attentional advantage should only 

occur after the target is fixated.  However, research has shown that attentional advantages 

can occur before the target is fixated.  For example, in one experiment participants 

fixated a given location for 500ms and then were required to move their fixation to a cued 
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parafoveal location (Remington, 1980; Experiment 1).  A brief luminance change 

occurred 0 to 500ms after a cue to move their eyes.  Participants were better at detecting 

luminance changes at the cued location than at other locations.  Even when the luminance 

change occurred prior to an eye movement (0ms and 100ms delay), participants detected 

luminance changes more rapidly at the cued location than at the location they were 

actually fixating.   

However, alternative explanations abound.  For example, the results of this 

experiment may be due to the target stimuli being located on the uncrowded edge of the 

display, a non-attentional advantage in processing stimuli where a luminance change 

recently occurred, or an advantage in parafoveal luminance-change detection.  A number 

of other experiments have been conducted to address these concerns (cf., Irwin, 2004 for 

a review). Consequently, it is generally well accepted that attention can move to target 

locations prior to the movement of the eye.  However, it is apparent that controlling for 

all of these possible alternative explanations in a single experiment would be difficult.  

Fortunately, there is another approach.  Studies have demonstrated that the 

attentional advantage does occur in trials in which there are no eye movements.  In one 

experiment participants demonstrated a processing advantage for targets in a cued 

location even when excluding trials in which an  eye movement occurred (as determined 

by an electrooculography; Posner, Nissen, & Ogden, 1978; Experiment 3). Notably, on 

those trials in which participants did move their eyes they were slower to respond to non-

cued and validly cued targets.  This suggests that eye movements may sometimes 

detrimental to processing (see also, Fehd & Seiffert, 2010). However, the relationship 
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between fixating a target and the processing of visual information cannot be discounted.  

As Eriksen and Hoffman note, "the lack of resolution of detail for objects presented on 

the peripheral retina … [provides] very definite limits upon the level of information 

processing or extraction that [can] occur without a corresponding change in the eye’s 

fixation" (1972, p. 204). 

Single region enhancement.  A second property attributed to the spotlight of 

attention is that it heightens processing in one region of the visual scene at a time.  If 

visual-spatial attention could be split over multiple regions of the visual scene, then 

participants should be able to respond more rapidly to targets appearing at cued positions 

even if there are two positions cued.  One study evaluated this proposition by 

manipulating the probability that a target would appear in one of four possible locations.  

At the start of a block of trials, participants were instructed that it was highly probable 

that a target would occur at one location, moderately probable that it would occur at 

another location, and improbable that it would occur at one of the other two locations 

(Posner et al., 1980, Experiment 5).  Unsurprisingly, the RT of participants for targets at 

the locations in which it was highly probable the target were occur were faster than for 

locations in which it was moderately probable or improbable that targets would occur.  In 

addition, on average, participants RT for targets at the locations in which it was 

moderately probable the target would occur were faster than for targets at locations in 

which it was improbable the targets would occur.  However, this effect was only 

significant when the location in which it was moderately probable the target would occur 

was adjacent to the location in which it was highly probable the target would occur.  This 
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result supports the hypothesis that attention can only heighten processing in one region of 

the visual scene at a time.  Nevertheless, at least under certain conditions, some 

researchers have provided evidence that visual-spatial attention can be divided (e.g., 

Kramer & Hahn, 1995), however, this topic is still a matter of great debate (Cave, Bush, 

& Taylor, 2010; Jans, Peters, & De Weerd, 2010).  

Limited spatial extent.  The third property that has been attributed to the spotlight 

of attention is that it has discrete boundaries.  In particular, it has been frequently asserted 

that the extent of the spotlight is 1° visual angle (Eriksen & Hoffman, 1972, 1973; also 

see Andersen, 1990; Duncan, 1984). The results of a study by B. A. Eriksen and Eriksen 

(1974) are often used to support the assertion that the spotlight of attention has discrete 

boundaries. Participants in their study responded to a central target that always occurred 

in the same visual position.  If the target was one of two items, participants responded 

with a rightward lever press, if it was one of two other items, participants responded with 

a leftward lever press.  The experimenters manipulated the types of noise items 

surrounding the target and the 2D spatial separation between the target and noise items.  

The experimenters also measured responses to targets without noise, both within a block 

of experimental trials and in a solid block of target only trials.  When noise items were 

the same as the target, or were associated with the same response (congruent), 

participants responded more rapidly than when the noise items were associated with the 

other response (incongruent).  This pattern of slowing was more pronounced when items 

had a 2D spatial separation of 0.06° visual angle than when they had a 2D spatial 

separation of 0.5° or 1.0° visual angle. 
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 These results are interpreted as demonstrating the spatial extent of the attentional 

spotlight.  However, it should be noted that the cost of adjacent noise items is not a direct 

measure of attention itself.  That is, the costs are only indirectly attributable to a decrease 

in encoding speed.  In the same experiment, targets in isolation were presented either in 

blocks of trials without noise or in blocks with noise (B. W. Eriksen & Eriksen, 1974).  

They found that RTs were 30ms faster when targets were presented in blocks without 

noise.  They interpret this difference in RT as indicating that a response competition and 

spatial discrimination stage of processing is added when noise items interfere with the 

task decision.  For example, when noise is close to the target and specifies an 

incompatible response, this stage takes longer to complete.  Therefore, these costs reflect 

the spatial extent of attention in that "there is a minimal channel size in terms of capacity 

for simultaneous processing with a capacity exceeding that required for identifying a 

single letter.  Further capacity that is not utilized cannot be shut off and, if there are other 

letters or stimuli present, they will be processed simultaneously along with the target" 

(B.A. Eriksen & Eriksen, 1974, p. 144).  Thus, the interference of incompatible noise 

items is an indication that the items are positioned within the spatial extent of visual 

attention. 

Limitations of the spotlight metaphor.  Many researchers have interpreted 

Eriksen and Eriksen's study (1974) as concluding that the attentional spotlight has a 

precise spatial extent, viz. 1° visual angle (e.g. Andersen, 1990; Duncan, 1984).  

However, initial research on the spotlight of attention does not quite reach this conclusion 

(e.g. Eriksen & Hoffman, 1972, 1973).  Moreover, Eriksen and Eriksen's (1974) actual 
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conclusion is much more cautious.  Specifically, they write that "there is a limit to the 

degree to which a human [subject] can restrict his visual attentional capacity and that this 

minimal level is in excess of the capacity required for processing a single letter" (p. 147).  

This does not indicate a fixed or maximum size of the attentional spotlight.  It simply 

specifies a minimum size of the attentional spotlight.  Moreover in the experiment cited 

earlier, which demonstrated that attention can only process one region of the visual scene 

at a time, the adjacent regions demonstrate attentional facilitation for targets that were 4° 

to 6° away from the location of central focus (Posner et al., 1980).  The metaphor of a 

spotlight is unable to reconcile the results from both of these experiments without some 

modification.   

Variable spotlight.  Noting the limitations of the metaphor of an implicitly fixed 

size spotlight, researchers considered the spatial extent of attention as variable (cf. 

Duncan, 1984; Treisman & Schmidt, 1982). This resulted in a theoretical concept of 

visual-spatial attention that "appears to have a central focus that may vary in size 

according to the requirements of the experiment" (Posner et al., 1980, p. 171) and that 

can be gradually focused in on the target element (C. W. Eriksen & Hoffman, 1972). 

In an experiment designed to demonstrate these characteristics explicitly, 

participants engaged in a task that involved discriminating between targets and non-

targets.  Depending on the trial participants were either asked to respond to an entire 

word, establishing a wide attentional focus, or respond to a central letter in a word or 

non-word, establishing a narrow attentional focus (LaBerge, 1983).  On rare probe trials, 

interspersed with the main task, participants were required to respond to probes that 
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appeared across all letter positions.  Participants responded at the same speed regardless 

of probe position when their attentional focus was wide.  However, participants showed a 

distinct advantage for the central, and adjacent to central positions (relative to non-central 

positions) when their attentional focus was narrowly focused on the central position.  

This pattern of results suggests that the spatial extent of attention can be adjusted 

depending on the task participants are required to perform.  However, neither the 

metaphor he used, of attention as a variable spotlight, nor his experimental results 

encompass a common expectation that attention is a fixed processing capacity that allows 

for greater processing of a location if the processing resources are allocated over a 

smaller spatial extent, i.e. would have variable power inverse to the spatial extent of 

attention (cf. Eriksen & Rohrbaugh, 1970; Jonides, 1983) 

Zoom lens.  Eriksen and colleagues proposed the metaphor that attention is like a 

zoom lens to include characteristics of attention that had been previously proposed, viz. 

that attention has variable spatial extent and variable power (C. W. Eriksen & St. James, 

1986; C. W. Eriksen & Yeh, 1985).  Eriksen and St. James (1986) conducted an 

experiment in which participants viewed an array of eight items arranged in a circle.  

Participants received a cue that indicated, one, two, or three possible positions in which 

the target might appear.  One noise item was placed one, two, or three positions away 

from the cued area.  These noise items were neutral, response-compatible, or response-

incompatible (cf. B.A. Eriksen & Eriksen, 1974).  All other positions in the task array 

were filled with neutral noise.  The cue was provided 50ms before to 200ms subsequent 

to the onset of the task array.   
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Variable spatial extent.  Eriksen and St. James (1986) proposed that an 

interaction between the time of cue onset and the 2D spatial separation between the cued 

region and an incompatible noise item should occur if the variable spatial-extent 

hypothesis is correct.  Specifically, they suggest, "in the absence of a [cue] the subject's 

attention resources are distributed evenly over the entire visual display" (p 232-233).  

Processing of a task array is at a disadvantage so long as the spatial extent of attention 

includes response-incompatible noise.  Thus, prior to a cue, participants will process both 

target and noise elements regardless of position.  However, they suggest that subsequent 

to a cue "the zoom lens begins to contract the size of the focus field" (p 233).  Therefore, 

subsequent to a cue, as attention begins to contract, noise elements further from the point 

of focus will be excluded first.  Noise elements close to the central point of focus will be 

excluded last as the boundary of the contracting spatial extent of attention can only 

exclude proximal noise elements after it has already excluded items at more distant 

locations.  Congruent with these expectations, when participants viewed arrays with 

response-incompatible noise for 50ms before the onset of the cue, they responded to 

targets with the same speed regardless of whether the incompatible noise was near the 

cued area or far from the cued area.  In contrast, when the cue was available for 100ms 

prior to the appearance of the task array, participants' speed of responding reflected an 

advantage when the incompatible noise was further from the cued region.  Eriksen and St. 

James interpret this result as supporting a change in the spatial extent of attention 

following the appearance of the cue.   
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Variable power.  Under a variable power hypothesis, one would expect RT to 

increase in duration as cue sizes increased.  Congruent with the variable power 

hypothesis, Eriksen and St. James found that RT for targets did increase with increased 

cue size.  However, as cue size increases so might the number of steps in a serial search.  

For this reason, it was important to eliminate serial search as a possible alternative 

explanation.   

In serial search, identifying and rejecting a non-target is a time consuming process 

(Schneider & Shiffrin, 1977).  In other research using similar stimuli, Eriksen and Yeh 

(1985) found that focusing on an invalid region introduced a cost of approximately 65ms 

(C. W. Eriksen & Yeh, 1985).  However, the differences between that experiment and the 

Eriksen and St. James' study in terms of cue validity and differing needs for cue 

disengagement, suggest that the 65ms estimate should probably be viewed as an 

overestimation.  In addition, the 15ms increase in RT observed with each additional 

position cued in Ericksen and St. James' experiment is sufficiently brief to suggest that a 

serial search was not occurring. 

However, cue size in their experiment was confounded with the number of cued 

items.  Therefore, as they acknowledge, at least part of the increase in RT duration 

associated with larger cues “must be attributed to a change in the discriminative difficulty 

of the task” (Eriksen & St. James, 1986, p. 239).  Moreover, if processing capacity of 

attention were constant, then one would expect to see longer RTs for targets as the spatial 

extent of the cued area increased.  However, in their experiment RTs for cued items for 

which there were no distractors were the same regardless of cue size.  In response to this 
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result, they argue that the amount of processing capacity might be constant, but that the 

hypothesized effects would only occur “if the subject had no additional attentional 

resources to devote to the task as it became more difficult” (Eriksen & St. James, 1986, 

p. 239).   

Limitations of the zoom lens metaphor.  Both physical spotlights and zoom 

lenses have a discrete spatial extent.  Although the metaphors being used to describe 

spatial attention imply discrete boundaries researchers realized that the spatial extent of 

attention was not actually discrete.  For example, Eriksen and Hoffman (1973) state that 

beyond the 1° spatial extent of attention there is a "margin extending slightly more … and 

[that] the rest of the field [constitutes] a fringe". Other studies have suggested that the 

boundary of focus is not sharply demarked and that it shows a gradual drop off in 

processing resources (Eriksen & St. James, 1986, p 227).  These studies found that 

participants responded more slowly when items near the cued area were response-

incompatible with the target.  Notably, RT increases were greater when response-

incompatible noise items were nearer the target than when they were further away.  In 

addition, slowing was a continuous function of 2D spatial separation.  On this basis, they 

conclude that there is a "processing gradient on the borders of attentional focus" (C. W. 

Eriksen & St. James, 1986, p. 239).  In information processing terms, this gradient might 

be conceived as a decrease in the probability of processing a stimulus proportional to its 

2D spatial separation from the edge of the boundary of attention.  However, if the borders 

are variable in size, then it is unclear how the borders of attentional focus should be 
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identified.  A more flexible metaphor would be required to advance the scientific dialog 

about visual-spatial attention. 

Gradient.  The most basic conceptualization of a gradient, in the context of 

visual-spatial attention, is as a processing resource that can be distributed along spatial 

axes (Downing & Pinker, 1985).  A gradient does not and cannot have distinct 

boundaries, but it may be adjusted to concentrate resources in some regions more than 

others.  For example, LaBerge and Brown (1989) describe a gradient of resources that 

"are presumed to be shaped by the range over which the probes are expected to 

occur" (p. 109).  This gradient of resources is responsible for creating openings in an 

attentional filter to allow for the processing of stimuli.  If visual-spatial attention is a 

gradient of limited resources, then reductions in that resource should decrease processing 

efficiency or spatial extent of attention.  If, as some have proposed (B. A. Eriksen & 

Eriksen, 1974), then the slope of attention beyond the central focus of attention is a 

consequence of the requirement that all resources be allocated —any resources that are 

not allocated to the central focus of attention are allocated to adjacent regions. 

 Gradient theories of attention are an appropriate starting point for developing a 

3D theory of attention for three reasons.  First, there is a model of gradient theory already 

explicitly incorporates depth as a feature involved in attentional allocation (LaBerge & 

Brown, 1989).  Second, gradient theory has been previously alluded to throughout the 

literature on 3D Attention (e.g. Andersen, 1990; Downing & Pinker, 1985).  Lastly, 

gradient theory involves a metaphor that has implications for directing attention in depth.  
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2D Attention, Aging, and Driving  

It is generally agreed that the ability to process visual information declines with 

age.  However, there is little agreement regarding the underlying causes of age-related 

limits of attention.  This is possibly due to a propensity for causal explanations regarding 

these limits to be ad hoc or specific to a given experimental paradigm.  For example, 

older adults have been shown to have a reduced ability to tolerate perceptual load 

(Madden & Langley, 2003; Maylor & Lavie, 1998) and reduced spatial localization 

ability (Plude & Hoyer, 1986).  However, these limitations do not seem to serve as a 

general hypothesis regarding the underlying cause of age-related limits of visual-spatial 

attention.  Although age-related limits in attention are plausibly due to a variety of 

factors, this dissertation will primarily address issues related to reductions in resources 

(Li, 2005; Salthouse, 1988).   

In aggregate, the experimental evidence suggests important aspects of age related 

declines in attention.  Older adults' attention becomes more limited with age in contexts 

with a certain level of complexity.  For example, age-related declines are most apparent 

within difficult dual-task conditions or for conditions in which distracting information is 

present (Ball, Beard, Roenker, Miller, & Griggs, 1988; cf. Holmes, Cohen, Haith, & 

Morrison, 1977 for a similar result in young children who may have similar attentional 

limitations).  Similarly, in regards to shifting attention, it has been found that older adults 

can shift the spatial extent of their attention in the same manner as younger adults 

(Hartley, Kieley, & McKenzie, 1992).  However, the speed with which they can do so 

may decrease (Greenwood, Parasuraman, & Alexander, 1997), particularly in the 
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presence of distracting items (Madden, Connelly, & Pierce, 1994).  Nevertheless, it 

should be noted that these restrictions seems to be primarily restricted to the shifting of 

attention to endogenous cues and may reflect differences in cue encoding rather than the 

shifting of attention per se (Folk & Hoyer, 1992).  Regardless, driving—a complex 

context that changes rapidly—is well suited for eliciting age-related differences in 

attention.    

If age-related limits are due to a decline in a limited attentional resource, then the 

spatial extent or processing efficiency of the central focus of attention should decrease 

and the spatial extent of attention and the gradient of attention should be either 

nonexistent or steeper.  In the remainder of this section, I will examine two studies that 

examined age-related differences in attention and discuss how 2D theories of attention 

and aging have been applied to the context of driving.   

Age related limits in the 2D spatial extent of attention.  If the spatial extent of 

attention reduces with increased age, then one should find that younger adults are able to 

detect targets over a greater spatial extent than older adults.  To test this hypothesis Ball 

and colleagues required participants to perform a central task while identifying the 

location of peripherally presented targets (Ball et al., 1988).  The central task was a 

detection task, an identification task, or a comparison task.  The central task appeared for 

90ms, was followed by visual noise for 750ms, which was followed by the presentation 

of the display for the peripheral detection task.  The peripheral target appeared 10°, 20°, 

or 30° from the central fixation in one of eight radial positions, and was presented alone 

or with distractors, i.e., response neutral noise items.  Within blocks of trials, both the 
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eccentricity and the position of the peripheral target varied, but the central task remained 

the same.  Across these levels, regardless of the peripheral location of the target, older 

participants were less accurate with respect to target localization than younger 

participants.  In addition, both younger and older participants were less accurate with 

respect to peripheral target detection at greater eccentricities, particularly when 

distractors were present.  Younger participants' peripheral target localization performance 

was only slightly affected by the difficulty of the central task.  In contrast, older 

participants target detection accuracy dropped dramatically as the demands of the central 

task increased.  Based on these results the authors conclude that the spatial extent of 

attention is reduced with increased age.  

Application of 2D attention to driving.  Drivers over the age of 65 have an 

increased risk of automotive accidents and accident related fatality (Evans, 2004; Tefft, 

2008).  Although there are sensory changes in the periphery of older drivers' vision, the 

magnitude of performance changes among older adults is greater than might be expected 

by sensory changes alone (Ball, Owsley, & Beard, 1990).  In addition, although there are 

motor changes reflected in slowed responses to simple RT tasks and higher order 

cognitive changes reflected in simple choice RT tasks, these factors alone are not strongly 

predictive of crash risk (Kramer, Cassavaugh, Horrey, Becic, & Mayhugh, 2007).  As 

driving is a complex task with many components, it is plausible that there are multiple 

factors associated with age-related crash risks.  One relevant factor is visual-spatial 

attention. 
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Another conceptualization of visual spatial attention that has been frequently used 

by human factors researchers is to think of attention as a useful field of view.  The useful 

field of view is frequently defined as an attentional window from "which useful 

information can be acquired without eye and head movements" (Ball et al., 1988, 

p. 2210; also see Sanders, 1970).  This construal of visual attention shares much in 

common with the notion of attention as a fixed size spotlight.  The most frequently used 

test for the useful field of view is the UFOV® (Edwards et al., 2005; Visual Awareness 

Research Group Inc., 2004).  Measurement of the UFOV has proven to be useful for 

predicting accident risk among older drivers (Sims, McGwin Jr, Allman, Ball, & Owsley, 

2000)   However, it is not entirely clear whether the UFOV® is measuring visual 

attention.  Moreover, the useful field of view is a 2D theory of attention that has no 

specific predictions regarding the deployment of visual-spatial attention in depth.  

However, rear end crashes, which account for 28.5% of vehicle-to-vehicle-in-motion 

crashes for which injuries are reported, plausibly involve depth as a relevant component 

(Department of Transportation/National Highway Traffic Safety Administration, 2009).  

Given that recent evidence suggests that 3D visual-spatial attention is relevant to 

performance in driving related tasks (Andersen et al., 2011), it seems worthwhile to 

develop a theory of spatial attention that is able to makes predictions about the depth 

dimension. 
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3D Attention 

Visual-spatial attention has also been examined with regard to the processing of 

information in 3D space.  One difficulty when assessing whether the deployment is in 

depth is that 3D information is correlated with 2D information.  As a result, one must 

control for 2D factors, e.g. size, intensity, and position, when assessing 3D attention.  For 

these reasons several early experiments, which concluded that depth was a dimension 

along which attention could be allocated, were not properly controlled (e.g. Downing & 

Pinker, 1985; Gawryszewski, Riggio, Rizzolatti, & Umiltá, 1987). 

Response incompatibility experiments.  The first experiment that provided clear 

evidence in favor of the hypothesis that attention can be directed in depth eliminated 2D 

factors by simulating depth using random dot stereograms, (Andersen, 1990).  The 

advantage of using random dot stereograms for this type of research is that it is possible 

to construct random dot stereograms that can provide information regarding depth and 

form solely from binocular disparity and eliminate all other 2D information correlated 

with depth (Julesz, 1971).  Specifically, the stimuli in the experiments I review in this 

subsection maintained constant luminance and 2D size, and thus were not confounding 

variables.  In fact, if 2D factors had any effect it may have been to reduce the apparent 

depth of the display (Rushton & Wann, 1999). 

In the study by Andersen (1990), participants were required to identify the 

orientation of a central target flanked by noise items, which varied in terms of 

compatibility and depth, immediately above and below the central target.  Similar to the 

study by Eriksen and Eriksen (1974), slower responses occurred when response-
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incompatible noise items were present as compared to when response-compatible noise 

items were present.  This effect is assumed to be due to interference of the response 

incompatible items.  Thus, interference reflects the extent to which noise items are within 

the spatial extent of attention.  Congruent with the hypothesis that the spatial extent of 

attention extends in depth, participants' interference was greatest when noise items were 

at the same simulated depth as the central target and decreased as the distance in 

simulated depth between the central target and noise increased.  Similar results were 

obtained in another experiment that also used a response-compatibility task (Andersen & 

Kramer, 1993).  Participants responded with the identity of the central target.  Noise 

items varied in simulated depth as well as in horizontal or vertical position.   

These results indicated that interference occurred for the incompatible stimuli and 

varied as a function of 2D position and depth.  Specifically, the extent of interference for 

response-incompatible noise items was greater when the noise items were closer in depth 

to the target than when they were further in depth.  In addition, the difference in RTs 

between response-incompatible and response-compatible conditions was greater on 

blocks in which noise varied across horizontal as compared to vertical positions.  The 

authors concluded that attention can be allocated according to the horizontal position, 

vertical position, and depth axis specified by binocular disparity.  However, one 

alternative explanation for these results needs to be excluded.  Specifically, if noise items 

were perceptually processed less efficiently as a function of their disparity, then it would 

be unsurprising that interference decreased as disparity increased.  Although no peer-

reviewed experiment has directly addressed this issue in the context of 3D attention, a 
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control study was conducted and reported in a footnote (Andersen & Kramer, 1993).  In 

that control study, participants’ RT for target identification, when noise was response 

compatible, did not vary as a function of binocular disparity.  Therefore, perceptual 

processing of binocular disparity per se is not a probable underlying cause of the 

observed depth effects. 

There is little reason to doubt that response-compatibility experiments serve as an 

index of attention.  Cue-validity experiments have been conducted using several different 

methodologies.  Targets presented without a cue are referred to as neutral, targets that 

occurred at a cued location are referred to as validly cued, and targets that occurred at a 

non-cued location are referred to as invalidly cued targets.  The extent to which 

participants respond more quickly to targets that were validly cued, relative to neutral or 

invalidly cued, is an index of increased processing efficiency associated with attention. 

These results provide evidence that there is an advantage associated with directing 

attention to the correct level of depth.  Notably, these results were dependent on an 

experimental display that included response-neutral distractors.  Therefore, one might 

wonder whether the ability to direct attention in depth is maintained with age.   

Cue-validity experiment.  As discussed earlier, response-compatibility 

experiments are only able to assess the minimum spatial extent of attention and can only 

serve as an indirect index of attention through higher order mechanisms of response 

competition.  In contrast, cue-validity experiments can assess the full spatial extent of 

attention and are able to directly assess relative processing speeds of validly cued, 

invalidly cued, and non-cued targets (e.g. Eriksen & St. James, 1986; LaBerge, 1983; 
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LaBerge & Brown, 1989; Posner, Snyder, & Davidson, 1980).  The cues provided in the 

cue-validity experiments I review here were short, sudden luminance increases in display 

locations that were likely to contain a target (Atchley et al., 1997; Atchley & Kramer, 

1998).   In the 3D cue-validity studies reviewed here targets were not cued, cued validly, 

cued invalidly in 2D position, or cued invalidly in 2D position and depth (Atchley et al., 

1997).   The results from one experiment (Atchley et al., 1997) indicated that participants 

were quicker to identify targets when invalidly cued in 2D than when targets were cued 

invalidly in 2D and in depth.  When response-neutral distractors were absent, then there 

were no differences in participants' response time between targets cued invalidly in 2D 

and those cued invalidly in 2D and depth.  Therefore, attention can be allocated in 3D in 

the presence of distractors. 

Age-related effects in a cue-validity experiment.  There are changes in older 

adults' perceptual abilities that may be relevant to their perception of depth (Andersen, 

2012; Bell, Wolf, & Bernholz, 1972; Sun et al., 1988).   One experiment sought to answer 

this question (Atchley & Kramer, 1998).  In that study, older and younger participants 

identified targets that were not pre-cued, pre-cued validly, pre-cued invalidity in 2D 

position, or pre-cued invalidity in 2D position and depth.  Similar to a previous 

experiment (Atchley et al., 1997), younger participants were much slower to respond to 

2D invalid cues than valid or neutral cues. Younger participants responded more slowly 

to cues that were invalid in both 2D and depth.  Older adults demonstrated a similar 

pattern, with the exception that they demonstrated no decline in performance to invalid 

2D cues relative to neutral cues.  The additional cost of an invalid depth and 2D cue 
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relative to a valid depth and invalid 2D cue was the same for both younger and older 

participants.  The authors conclude that both older adults and younger adults can direct 

attention in depth. 

Age-related effects in visual search experiments.  As discussed earlier, visual-

spatial attention has two important roles — to enhance processing of information at 

relevant locations and to exclude information at irrelevant locations from processing.  

Cue-validity and response-compatibility experiments are valuable for establishing that 

individuals are capable of directing attention to different locations in depth.  Response-

competition experiments demonstrate the effects of attention through participants' 

inability to exclude irrelevant information from processing when that information is near 

an attended target.  Cue-validity experiments demonstrate the enhancement of attention 

by comparing RTs to validly cued targets with neutral or invalidly cued targets.  

Researchers can also determine whether a characteristic of attentional processes involves 

the exclusion of information from processing by comparing participants’ response times 

to invalidly cued targets relative to neutrally or validly cued targets in cue-validity 

experiments.  However, in cue-validity experiments, occasionally uncued locations 

contain the target.  As a result, participants' task goals in cue validity experiments also 

include processing these locations.  In addition, both of these experimental methods are 

relatively impoverished in that the maximum number of positions a target might occupy 

was eight.  In contrast, the positions of targets and non-targets can include a greater 

number of values under real-world conditions.  If participants can direct attention to a 
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location in depth, then the advantages attributed to the allocation of attention should 

persist in cued visual search.   

A series of experiments evaluated the performance of younger participants to 

determine the extent to which they could use 3D attention to exclude irrelevant locations 

during visual search (Theeuwes, Atchley, & Kramer, 1998).  Participants viewed a 

display with colored vertical and sloped lines.  A sudden-onset exogenous cue specified 

the location in depth of the target.  Targets were sloped lines and distractors were vertical 

lines.  Both targets and distractors had a lower luminance and differed in color from the 

rest of the lines presented in the display.  When a distractor was the same color as a 

target, participants responded to targets more slowly when distractors were at the cued 

depth than when distractors were not at that depth.  In addition, participants were slower 

to respond to targets when the distractor was in the non-cued disparity level than when 

there was no distractor present.  Thus, in this experiment younger adults were able to use 

exogenous depth cues to reduce, but not eliminate, the processing of distractors at other 

depths when the distractors share a salient feature with the target.  In contrast, when the 

distractor was a different color from the target, it only slowed target identification when it 

was present at the cued depth. 

In a similar pair of experiments older and younger participants were required to 

identify targets in the presence of a distractor that had the same or different color than the 

target (Atchley & Kramer, 2000).  However, in these experiments, the targets were the 

same luminance as the non-distractor lines on the display.  In addition, the luminance of 

the distractor was manipulated, to have a greater luminance, the same luminance, or less 
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luminance than the other lines.  As in the previous experiment, when the distractor was 

the same color as the target, both younger and older participants were able to respond 

more quickly to targets when the distractor was not present at the attended-to depth than 

when the distractor was at the same depth as the target.  In addition, both younger and 

older participants were slower to respond to targets when a distractor was present, even in 

the non-cued depth level, than when there was no distractor at all.  Unlike the results of 

the previous experiment (Theeuwes, Atchley, et al., 1998), when the distractor was 

absent target identification was faster than when the distractor was present in a different 

color at the non-cued depth (Experiment 2). However, in both experiments participants 

responded more quickly to neutral targets than when different color and different depth 

distractors were present.  Thus, this research indicates that older adults, like younger 

adults, are able to use exogenous depth cues to reduce, but not eliminate, the processing 

of distractors at other depths when the distractors share a salient feature that specifies the 

target.  Some researchers consider participants inability to eliminate the processing of 

distractors at other depths as being indicative that retinal disparity cues for depth should 

be “considered as just another feature along which selection may occur” (Theeuwes, 

Atchley, et al., 1998, p. 1484). 

In another experiment, lower luminance distractors, as compared to distractors 

with greater luminance, interfered less with target detection for both younger and older 

participants.  However, low luminance distractors only slowed target detection when the 

distractors were at the same depth as the target for older participants.  Atchley and 

Kramer (2000) conclude that depth filtering for older adults is more effective than for 



 

28 

younger adults.  However, other research has shown that attention to the relevant depth 

plane results in stimulus enhancement (Atchley & Hoffman, 2004).  Therefore, attention 

related enhancement or filtering of the distractor could have been responsible for the 

observed effect. 

Ecological validity.  The experiments reviewed thus far on 3D attention were 

conducted under laboratory conditions and assessed 3D attention using binocular 

disparity as the primary cue for depth.  The advantage of using this cue for depth is that it 

has no 2D information that is correlated with depth.  Thus, these experiments provide 

clear evidence in support of the hypothesis that younger and older adults alike can direct 

their attention horizontally, vertically, and along the depth dimension.  However, internal 

validity of these experiments was obtained at the cost of ecological validity.  For example 

in real-world conditions space consists of features that can vary drastically in qualitative 

and quantitative terms.  In addition, real-world conditions include a multitude of sources 

of depth information.  If each source of depth information produces its own 

representation of depth, as in a weak fusion model of depth cue combination (Landy, 

Maloney, Johnston, & Young, 1995), then the preceding experiments can not specify 

whether experiments using other sources of depth information will demonstrate similar 

results.  Therefore, whether the result from the previously reviewed studies would be 

replicable when 3D attention is directed in complex scenes or scenes in which binocular 

disparity is not an information source for depth, is unclear. 

One study has used a paradigm that has great promise in terms of addressing 

issues of 3D attention in a manner that has high ecological validity and a large degree of 
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experimental control (Andersen et al., 2011).  In a car simulator drivers engaged in a 

centrally presented car following task while also detecting light changes above a roadway 

at varying horizontal and depth positions.  As the primary driving task was very 

demanding, drivers were assumed to have focused their attention on the lead vehicle.  As 

with work in the 2D visual-spatial attention literature (e.g. Hoffman, 1975), drivers’ RTs 

should increase with the distance between the primary location of attention (the lead 

vehicle) and a secondary target (the changed light).  Thus, the extent to which RTs 

increased as a function of distance between the lead vehicle and the changed light can be 

considered an index of the extent to which attentional processing was diminished by 

increased distance (hereafter, the 3D attention effect).  If 2D spatial separation were 

relevant, then the RT to targets should be solely specified by their 2D spatial separation 

relative to the lead vehicle on the display.  For example, if attention were only 2D in 

nature, then targets which were further in depth, and consequently relatively close (in 2D 

spatial separation) to the point of attentional focus, should have been responded to more 

quickly than targets that were closer in depth.  However, although light changes close in 

depth occurred further away from the central task in terms of 2D spatial extent, drivers in 

their experiment responded more quickly to light changes that were closer in simulated 

depth than to those that were farther away.  One might conclude that faster RTs to targets 

closer in depth are a consequence of the increased 2D size of those targets due to 

perspective.  However, the authors report that after statistically controlling for the 2D 

spatial extent of the stimulus the effects of depth on RT remain.  These results provide 

evidence that drivers' attention in a roadway scene is limited along the depth dimension 
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with more attention directed to light changes closer in depth than to light changes that 

were further away.  However, the statistical control performed by Andersen et al. (2011) 

for projected size is less compelling than an experimental control of projected size. 

Hypotheses and Experiments 

There has been strong evidence in favor of 3D spatial attention in well controlled 

experimental studies (Andersen & Kramer, 1993; Andersen, 1990).  There also has been 

evidence in favor of the same hypothesis in a less well controlled, but more ecologically 

valid, simulator study (Andersen et al., 2011).  Therefore, I hypothesize that 3D spatial 

attention is based on the 3D representation of the scene.  Four predictions are proposed 

based on this hypothesis.  First, that the allocation of attention in depth is not a 

consequence of the projected size or 2D spatial separation of the targets but due to their 

perceived position in depth.  Second, that 3D spatial attention will occur for stimuli that 

do not include binocular disparity as a source of depth information.  Third, that 3D spatial 

attention effects will not be dependent on eye fixation.  Forth, that similar 3D spatial 

effects will occur with different tasks.  A second hypothesis examined in the experiments 

is that.  If this hypothesis is correct, then there will be a reduction in spatial attention 

along the depth axis for older individuals as compared to younger individuals 

(Prediction 5).   

Experiment 1.  With few exceptions, the design of Experiment 1 is identical to 

that of Andersen et al. (2011).  As in that study, all experiments in this dissertation will 

involve the use of a driving simulator in which the information for depth is based on 
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pictorial cues and optic flow and excludes binocular disparity cues.  This allowed a 

demonstration that the effects of 3D spatial attention are not dependent on binocular 

disparity (Prediction 2).  In order to examine the hypothesis that the spatial extent of 

attention is reduced for older individuals as compared to younger individuals (Hypothesis 

2), half of the participants recruited were older drivers.  In addition, several minor 

changes to the design and apparatus were also made.  Specifically, minimum 

performance criteria were set to encourage optimal performance, to provide clean car 

following performance metrics, and to eliminate extreme trade-offs between tasks.  

Blocks in which drivers failed to meet the minimum performance criteria were repeated.  

I also improved the simulator controls by using force feedback pedals. 

Experiment 1 included a partial replication of the effects of Andersen et al. (2011) 

in regards to younger drivers.  As in that experiment, the use of a statistical control for 

projected size examined the prediction that 3D attention effects are not due to differences 

in projected size (Prediction 1).  Specifically, the allocation of attention in depth is not a 

consequence of the projected size of the targets but due to their perceived position in 

depth, then drivers should respond more rapidly to light change targets that are closer to 

the focus of attention in depth than to targets that are further from the focus of attention 

in depth.  This 3D attention effect should persist even after controlling for changes in 

projected size of the targets.   

The same workload manipulation used by Andersen et al. (2011) will be 

employed again in this experiment.  If the resources of the 3D spatial attention are limited 

by workload, differences in RTs to lights, as a function of distance, should be greater in 
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the high workload condition as compared to the low workload condition.  A previous 

experiment found differences in spatial attention were as a function of workload for 

younger drivers (Andersen et al., 2011).  This experiment includes older drivers, who 

may already have limitations in the spatial extent of attention.  If both age and workload 

restrict the availability of resources, then the effect of workload for older drivers should 

be greater than that observed for younger drivers.  Assuming that older drivers have 

fewer available resources (and a reduced spatial extent of attention) than younger drivers, 

it is unlikely that the limited resources and reduction in spatial extent of attention would 

occur in just the horizontal or vertical dimension, but instead older drivers in this 

experiment are predicted to demonstrate reductions in the spatial extent of attention in 

depth (Prediction 6).   

Experiment 2.  Experiment 2 was identical to Experiment 1 with three 

exceptions.  The first exception is that the simulated size of the lights was manipulated 

between blocks, to produce identical 2D size and positions at different positions in 

simulated depth at the moment of light change.  This allowed for a direct test of the 

prediction that the effects of 3D attention are more than a consequence of projected size 

or 2D spatial extent (Prediction 1).  The second exception is that eye tracking data was 

collected in this experiment and Experiment 3 using a head mounted eye tracker.  An 

analysis of the eye tracking data from these experiments allowed an assessment of the 

extent to which 3D attention effects are independent of eye fixations (Prediction 3).   

Experiment 3.  Experiment 3 was similar to Experiment 2.  However, as in 

Experiment 1 only one light size was tested.  Therefore, Experiment 3 used a statistical 
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control for 2D size to assess the prediction that 3D attention effects cannot be attributed 

to differences in projected size or 2D spatial extent (Prediction 1).  The primary 

difference in Experiment 3 is that drivers had a different central task.  Changing the 

central task allowed me to determine whether the observed 3D attention effects are task 

general (Prediction 4).  Drivers in this experiment engaged in a lane following task (i.e., 

drivers maintained position behind a lead vehicle that changed lanes) for the central task 

instead of the car following task.  The lane following task does not require drivers to 

process changes in depth of the lead vehicle.  If 3D attention effects are a consequence of 

the relevance of depth as a feature, then, at least according to one account of attention 

(Bundesen, 1990; Logan, 2002), the reduction of the relevance of depth will result in 

smaller differences in RTs to light change targets as a function of depth.  In contrast, I 

hypothesize that 3D spatial attention is based on the 3D representation of the scene 

(Hypothesis 1).  If this is accurate, then the resources of 3D attention should be present at 

the particular depth at which the lead car was traveling laterally regardless of the 

particular task being performed.  

Analytical methods.  All the analyses presented here used the R language and 

environment for statistical computing (R Core Team, 2013; R Development Core Team, 

2011).  Calculations were cached using the cache function of the Biobase package 

(Gentleman, Carey, & Bates, 2004).  Group means and statistical details for each 

experiment were calculated using the summaryBy function of the doBy package 

(Højsgaard, Halekoh, Robison-Cox, Wright, & Leidi, 2013) and are located in the 
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associated appendices, Appendix A for Experiment 1, Appendix B for Experiment 2, and 

Appendix C for Experiment 3. 

ANOVAs examining performance differences between conditions were calculated 

using the ezANOVA function of the ez package (Lawrence, 2011), with generalized eta 

squared (
2

G ; Olejnik & Algina, 2003)  as a measure of effect size.  Where appropriate, I 

reported Greenhouse-Geisser corrected p values and the original degrees of freedom.  

Unless otherwise noted, post hoc tests were t-tests with p values adjusted according to a 

Bonferroni correction.   

Some of the analyses I performed involved analyzing and comparing linear mixed 

effect models.  The use of linear mixed effect models avoids losing statistical power due 

to aggregating continuous data, e.g. eye fixation position, within arbitrarily specified cells 

(Cohen, Cohen, West, & Aiken, 2003).  All linear mixed effects models were calculated 

using the lmer function of the lme4 package (Bates, Maechler, & Bolker, 2012).   

When p values are reported, the p value was a result of a 10,000 run Markov 

chain Monte Carlo analysis on a model without correlated random effects (Baayen, 

Davidson, & Bates, 2008).  When no p value was reported for individual regression 

coefficients from the linear mixed effect models, significance was determined using a 

simple criterion of |t| > 2.02.  This value exceeds the generally recommended threshold of 

2.00, but provides a conservative match to the t distribution with df of 46, as would be 

typical for a standard comparison between groups in Experiment 2 and Experiment 3 

where N = 48 (24 younger, and 24 older drivers).   
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In order to yield models with coefficients that were maximally interpretable, the 

analyses reported in text only include interactions between the primary variables of 

interest as fixed effects (see details in each experiment).  In regards to random effects, 

recent simulation research has shown that underfitting the random effects structure of this 

class of models inflates Type I error rate whereas overfitting has only “minimal 

consequences for Type I error and power” (Barr, Levy, Scheepers, & Tily, 2013, p. 274).  

Therefore, out of due deference to a tradition of highly conservative Type I error rate 

protection in experimental psychology, random effects for each of the within subject 

factors were included when this decision permitted the model to converge.  However, 

complex random effects structures can cause models to fail to converge.  Complex 

random effects structures can also cause modeling results to  become unstable and 

untrustworthy as the model matrix approaches singularity (Baayen, 2008).  Therefore, 

condition numbers (κ), were calculated for the model matrix using the kappa.mer 

function (Frank, 2011).  Condition numbers are the square root of the ratio of the largest 

and smallest principle components for a set of predictors (cf. Cohen et al., 2003, p.424 for 

details).  If the condition number for a model exceeded an upward bound of 30, the 

analysis plan provided that the model should be recalculated after considering the highest 

correlation (τ) in the random effects structure and the lowest estimated random effects 

variance and determining which approach, elimination of a random effects correlations or 

of a random effect, was more likely to lead to an interpretable converging model.   

 “Although all models are wrong, some are more useful than others” (Box & 

Draper, 1987, p. 424).  One of the goals of the data analyses in these experiments is to 
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find evidence regarding whether a 2D model of attention or a 3D model of attention is a 

more useful.  Linear mixed effects regression models are mathematical 

descriptions/explainations of observed patterns of data.  Given certain assumptions 

(cf. the Linearity and Multicolinearity section in the final chapter for a relevant subset of 

these), analyses of these statistical models can provide evidence regarding the relative 

usefulness of the two models of attention.  One way to characterize the usefulness of 

these models is model fit another is model parsimony. 

 In order to provide a readily interpretable index of model fit, I report the root 

mean square of the residuals (RMSEResid).  This value represents the typical error in the 

estimates made by the statistical model.  However, there are three limitations associated 

with this model fit statistic as used here.  First, RMSEResid reflects an estimate in precision 

that is only possible with these particular subjects on these particular days.  Put another 

way, RMSEResid is reduced by estimating the variance attributable to subjects as well as 

variance attributable to predictors of interest.  Second, the models were fit using 

restricted maximum likelihood (REML) criterion; therefore, the models were necessarily 

not optimized to minimize RMSEResid.  Third, model fit can inevitably be improved by 

the addition of more predictors.  For this reason, it is not sufficient to just assess and 

compare the fit of these statistical models. 

The relative usefulness of the models presented here was assessed using “the 

principle of parsimony in model building” (Akaike, 1974, p. 719).  Specifically, 

comparisons between pairs or sets of non-nested models were performed using an Akaike 

Information Criterion (AIC) statistic (Akaike, 1974).  This information criterion identifies 
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models as being relatively more or less parsimonious on the basis of degree of model fit 

penalized by the number of predictors in the model.  To penalize a model in this way 

means that model fits are compared the quality of the fit is adjusted to be somewhat 

worse for each predictor in the model.  The precise manner in which a model is penalized 

for the number of predictions depends on the method being employed.  In the case of 

AIC, the model fit is being penalized by somewhat more than the amount of 

improvement in model fit that would be expected if that predictor had been a random 

variable with no systematic relationship to the dependant variable or other independent 

variables (see Akaike, 1974 for details regarding the  actual penalty used; see Burnham & 

Anderseon, 1998 for an discussion of other, more accurate, interpretations of relative 

AICs).  Models with lower AIC values are said to be more parsimonious explanations of 

the data than models with higher AIC values.  For ease of expression, in this document 

when statistical models are reported to be ‘better’ or ‘worse’, that judgment was made on 

the basis of the AIC. 
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Experiment 1 

Older drivers have a greater than average risk of collisions (Tefft, 2008).  

Researchers have claimed that these greater risks are partially due to reductions in the 

spatial extent of the useful field (UFOV; Hoffman, Mcdowd, Atchley, & Dubinsky, 2005; 

Owsley et al., 1998; Owsley, Ball, Sloane, Roenker, & Bruni, 1991).  The UFOV is said 

to be an attentional window from "which useful information can be acquired without eye 

and head movements" (Ball et al., 1988, p. 2210; also see Sanders, 1970).  Measurement 

of the UFOV has proven to be useful for predicting accident risk among older drivers 

(Sims et al., 2000).  Notably, the spatial extent of attention measured by UFOV 

assessments is two-dimensional, extending only in the horizontal and vertical dimensions 

(Edwards et al., 2005; Sekuler & Ball, 1986; Visual Awareness Research Group Inc., 

2004).  This is consistent with theories of visual-spatial attention that were developed 

using two-dimensional (2D) displays (B. A. Eriksen & Eriksen, 1974; C. W. Eriksen & 

St. James, 1986; LaBerge & Brown, 1989).  However, driving is a task that takes place in 

a three-dimensional (3D) environment.  Research has shown that depth is an independent 

and relevant dimension along which attention can be allocated (Andersen & Kramer, 

1993; Andersen, 1990).  Moreover, depth remains a relevant dimension along which 

older adults can allocate attention (Atchley & Kramer, 1998, 2000; Theeuwes, Atchley, et 

al., 1998).  Recent research has demonstrated that attention is limited in 3D space when 

attending to a roadway scene (Andersen et al., 2011). The purpose of the current 

experiment was to evaluate whether limits in visual-spatial attention associated with 

aging and workload also occur in the depth dimension when driving. 
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Sensory abilities change with age in ways that might be expected to be relevant to 

the perception of depth, as well as directing attention in depth (Andersen, 2012; Bell et 

al., 1972; Sun et al., 1988).  However, previous research has not identified any 

statistically significant age-related differences in 3D visual-spatial attention (Atchley & 

Kramer, 1998, 2000; Theeuwes, Atchley, et al., 1998).  One possible reason is that the 

degree of experimental control used in previous research to eliminate alternative 

explanations (e.g., 2D visual information, eye movements, and strategy) may have 

produced conditions with low external validity.  For example, they produced conditions 

that had few sources of information for depth, scenes that were relatively simple, and 

involved simple tasks.   

Previous research has used binocular disparity as the primary source of visual 

information for target depth.  However there are many other sources of depth information 

available to an observer that might be important in 3D attention (e.g. texture gradients, 

relative size, occlusion, and differential shading; cf. Cavoto & Cook, 2006; Cutting & 

Vishton, 1995).  In addition, binocular disparity as a depth cue is not as effective as other 

cues that are likely to be important in driving (e.g., relative size or optical flow; Cutting 

& Vishton, 1995; Palmisano, Gillam, Govan, Allison, & Harris, 2010).   

Previous research has also used experimental scenes that were relatively simple in 

which targets were spatially distinct, never at more than three distinct levels of depth, and 

easily distinguishable.  However, in the real-world objects are in contact with each other 

and a ground surface and can occur at many different levels of depth.  Research has 

shown that 3D visual-spatial attention effects and age-related differences in 2D spatial 
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attention are more pronounced in displays with distractors (Atchley et al., 1997; Folk & 

Hoyer, 1992; Madden et al., 1994; Theeuwes, Atchley, et al., 1998).  Therefore, if the 

stimulus characteristics of real-world scenes are more difficult to process and distracting, 

then real-world scenes may be more likely to demonstrate age-related differences in 3D 

attention.  In addition, research has shown that age-related differences in 2D visual-

spatial attention are more pronounced in dual-task contexts (Ball et al., 1988).  A driving 

simulator task combines the elements just discussed, multiple sources of depth 

information, increased scene complexity, and increased task complexity.  Therefore, 

driving simulator tasks may be particularly well suited for examining age-related 

differences in 3D visual-spatial attention. 

Previous research has examined the effects of workload on the limits of 3D 

visual-spatial attention in a driving scene (Andersen et al., 2011; Experiment 2).  In that 

experiment, younger drivers were engaged in a simulated car-following task and detected 

light changes above the roadway at varying horizontal and depth positions.  Workload 

was manipulated by adjusting the variability of the lead car's speed.  Although light 

changes that occurred closer in simulated depth were positioned further away in 2D from 

the central task, drivers responded more quickly to light changes that were closer in 

simulated depth than to light changes that were farther away in simulated depth.  Notably, 

these differences remained after statistically controlling for the changes in the projected 

size of the lights.  In addition, although the difference between horizontal positions 

(in 2D spatial separation) was greater at near distances than far distances, drivers in 

general responded more slowly to lights, as a function of their horizontal position, at far 
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distances than at near distances.  With regards to workload, drivers demonstrated greater 

error in maintaining the target following distance in the high workload as compared to the 

low workload condition.  Drivers in the high workload condition also responded more 

slowly to light change targets.  However, there was no additional slowing due to the 

combination of higher workload and greater simulated horizontal or depth position for 

younger drivers. 

The current experiment expands the design of Andersen et al.'s (2011) second 

experiment to include both younger and older drivers.  Given previous results 

demonstrating the existence of a 3D spatial attention, I predict that younger and older 

drivers' attention would be limited along the depth axis while performing driving relevant 

tasks.  In addition, given that there are age-related differences in dual-task demands, 

visual-processing demands of a complex 3D real-time display, and 2D visual spatial 

attention, it is reasonable to predict that there would be a reduction in spatial attention 

along the depth axis for older drivers as compared to younger drivers (Prediction 5).  The 

workload manipulation in this experiment, variability of the lead vehicle speed, increased 

many of the identified determinants of the spatial extent of attention (i.e., cognitive load, 

focused attention, and speed stress; Williams, 1988).  However, previous research 

demonstrated no spatially dependent effect of workload for younger drivers (Andersen et 

al., 2011).  One possibility is that the workload manipulation was insufficient to affect 

younger drivers' ability to attend in 3D significantly.  Another possibility is that changes 

in lead-car speed variability only produced general interference for drivers (Williams, 

1988).  Research examining performance of older drivers has demonstrated that older 
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drivers have reductions in 2D spatial attention in response to workload and multiple-task 

demands (Ball et al., 1988; Daigneault, Joly, & Frigon, 2002; Hakamies-Blomqvist, 

Mynttinen, Backman, & Mikkonen, 1999).  If variability of the lead car’s speed affects 

3D spatial attention, then the effect of workload should be larger for older drivers as 

compared to younger drivers.  However, if there is no spatially dependent effect of 

workload for older drivers, then it would further support the hypothesis that variability of 

lead car speed only produces general interference. 

In summary, Andersen et al. (2011) examined the limits of 3D spatial attention in 

younger drivers and the effects of workload.  In the current experiment, I examined 

whether there is a reduction in the spatial extent of attention along the depth axis for older 

drivers as compared to younger drivers (Prediction 5).  I also examined whether the 

effects of workload on performance differed between younger and older drivers.  

Age-related and workload differences in 3D visual-spatial attention may have 

implications for driving performance and for how spatial attention is measured as a 

predictor of crash risk. 

Methods 

Drivers.  The drivers were 20 college students, 3 male and 17 female, (M = 23.74 

years; SD = 2.64 years; range 22 - 34 years) and 22 older adults, 10 male and 12 female 

(M = 75.36 years; SD = 6.04 years; range 68 - 88 years) who were paid for their 

participation.  All drivers had normal or corrected-to-normal vision and were naïve to the 

purpose of the study. 
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Driving Simulator.  The simulator consisted of a Dell XPS (Gen 2) desktop 

computer, an ECCI Trackstar 6000 wheel unit and pedal unit, simulation code written in 

C++ with OpenGL Performer libraries, and LCD monitor with a visual angle of 28.77° × 

21.78° and a driver resolution of 1024 x 768.  The ECCI pedal unit provided closed loop 

control of the simulator.  The controls and the rest of the simulation software updated at 

30Hz.   

The computer generated 3D scene was of a 12.68m wide three-lane one-way road 

situated with two-story office buildings on both sides to a distance of 407 meters from the 

observer (see Figure 1).  Scene textures were derived from digital photographs of a real 

vehicle and real buildings, but were digitally altered and rescaled to fit the simulation 

environment in a realistic manner.  Asphalt was simulated using a black and white gravel 

texture pattern.  The average luminance of the driving scene was 24.70 cd/m
2
.  The only 

vehicle visible in the scene was the lead vehicle, a white sedan initially displayed at a 

headway distance, i.e. the distance between the drivers’ vehicle and the lead vehicle, of 

20.50m.  The driver and the lead vehicle were located in the center lane.  Above the 

roadway centered at a height of 2.35m, there were arrays of 21 evenly spaced 41.50cm 

diameter red and green lights.  Each array had a different random order of red and green 

lights, extended 12.68m horizontally and 0.60m vertically, and was separated from the 

next array by a simulated distance of 72m.  Only four arrays were displayed at any given 

time. 
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Figure 1.  Example scene image. 

In all simulations, the lead vehicle's average speed was 60 kph (37.28 mph).  

During simulator sessions, the lead vehicle's speed varied according to the sum of three 

sine waves with equal peak accelerations and decelerations.  Specifically, the frequencies 

of the sine waves were .033, .083, and .117 Hz.  The phases of the sine waves were 

restricted such that the speed of the lead vehicle started no more than +/- 1 kph from 60 

kph.  The amplitude of the sine waves depended on the workload condition.  Lead vehicle 

speed in the low workload condition was calculated using sine waves with amplitudes of 

9.722, 3.889, and 2.778 kph respectively.  This resulted in an average range of speed of 

±14.30 kph (8.89 mph) about the mean speed.  In the high workload condition, the sine 

wave amplitudes were 220% the size of the sine waves in the low workload condition.  

For an example low-workload speed profile, see Figure 2. 
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Figure 2.  Example of a lead vehicle variation in speed during a trial and a driver’s 

variation in speed in response to maintain following distance.   

Procedure.  The experiment took place in a darkened room.  The drivers were 

seated in front of the display with their hands on the steering wheel and feet on the pedals 

as if they were operating a vehicle.  When the drivers were ready to start the simulator 

session, they pulled a paddle behind the steering wheel attached to the steering column.  

Drivers completed five training sessions followed by four experimental sessions.  Each 

session began with the lead vehicle and the drivers’ vehicle moving at a constant speed of 

60 kph with a constant separation of 20.5m.  Control input (acceleration/deceleration) 

was not allowed.  Drivers were instructed to remember this distance as the desired 

headway distance for the rest of the trial.  After 5 seconds, drivers heard a tone that 

indicated the start of the experimental task, the lead vehicle began varying its speed 

according to the experimental design, and the driving controls became active. 
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The first training session familiarized drivers with the light detection task.  Prior 

to the session, drivers were told that they would not need to use the gas or brake.  They 

were told that their task in this session was to notice when one of the lights in the array 

turned yellow, determine whether it was on the left half of the array or on the right half of 

the array, and then to pull a response paddle on the corresponding side of the steering 

wheel.  Lights turned yellow when the drivers' vehicle was 24m, 36m, 48m, or 60m away 

from the light array at the 3
rd 

 (1.21m), the 6
th

 (3.02m), or 9
th

 (4.83m) light position from 

the center.  Feedback on the light detection task was given by activating a high-tone 

sound (indicating a correct response); no feedback was given for incorrect responses.  If 

the drivers failed to make a response before passing the light array, then a neutral sound 

was activated as a reminder.  The first training session ended after one minute of task 

performance.  In all sessions with the light detection task, if drivers failed to respond, or 

gave the incorrect response, to four lights, then they repeated the session. 

The second training session familiarized drivers with the simulated vehicle 

dynamics and car following task.  Prior to the session, drivers were told that they did not 

need to respond to the lights.  Drivers were told that their task in this session was to use 

the acceleration and brake pedals to control their speed with the goal of maintaining the 

same following distance from the lead car that they saw during the first stage of the 

simulator session.  For the second and third training session, the velocity of the lead 

vehicle was determined by one sine wave function with a frequency of 0.083 and 

amplitude of 3.889 kph.  If drivers' headway distance exceeded 27.3 meters, then a horn 

sound was activated to simulate an impatient driver behind the drivers’ vehicle and to 
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encourage the drivers to attend to the speed variation of the lead vehicle.  The second 

training session ended after one minute of task performance.  If drivers had a headway 

distance of 27.3m or greater for 15 seconds or if their headway distance was less than 

2.35m, then the driver repeated the session.   

The third training session, and all subsequent sessions, required drivers to 

complete the light detection task at the same time as the driving task and terminated after 

one minute of task performance.  In the fourth training session, the lead vehicles' speed 

was determined using the low workload sum-of-sines function and terminated after one 

minute of task performance.  In the fifth training session, the lead vehicles' speed was 

determined using the high workload sum of sines function.  Once a driver passed all 24 

light arrays, the session was complete. 

The remaining four sessions were experimental sessions.  Each experimental 

session contained three trials for a total of 12 trials per experimental session.  Workload 

was counterbalanced across blocks.  In each experimental trial, the drivers performed 

both the car following task and the light detection task.  Drivers were instructed to 

perform both tasks equally well.  Drivers were allowed a brief break after each session.  

Each trial lasted for approximately 65 seconds and the duration of the whole experiment, 

including breaks, was approximately 60 minutes.  

Design.  The independent variables in this experiment were: simulated target 

depth relative to the driver (24m, 36m, 48m, or 60m), simulated target horizontal position 

relative to the driver (4.83m, 3.02m, or 1.21m), variability of the lead vehicles' speed 

(±14.30 or ±31.50 kph), and driver age group.  Drivers 65 years and older were assigned 
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to the older driver group.  All other drivers were assigned to the younger driver group.  

Data was collected during four simulator sessions on a single day.  The variability of the 

lead vehicle's speed was counterbalanced between sessions.  Within each session, each 

unique combination of simulated target depth and horizontal position and side (left/right) 

was presented in random order. 

Results 

Inclusion Criteria.  During the experiment, each driver had the opportunity to 

respond to 288 light changes.  A visual examination of the results showed that if drivers 

responded within 300ms of a light change, then their performance was near chance (N  

= 103 responses; M accuracy = 43.69%; see  Figure A15 for details).  As a result, 

responses within 300ms of a light change were excluded from analysis.  This criterion 

excluded no more than 5% of trials for any given driver.  To eliminate an upward bias in 

RT as a result of the minimum RT criterion, responses more than 2100ms after a light 

change were also eliminated from analysis (N = 112 responses).  This criterion excluded 

no more than 4% of trials for any given driver.  In analyses of RT or accuracy, trials in 

which drivers failed to respond were removed from analysis (N = 118 responses).  This 

criterion excluded no more than 5% of trials for any given driver.  In analyses of RT, 

trials in which drivers gave the incorrect answer were removed from analysis (N = 273 

responses).  This criterion excluded no more than 6.5% of trials for any given driver.  In 

combination, these criteria eliminated no more than 5.01% of light change data from any 

analysis and no more than 10.07% for any given driver. 
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Table 1.  Mean RMS Error in Car Following 

Workload 
Age 

Younger Drivers Older Drivers 

Low 5.11 (1.43) 6.16 (1.97) 

High 8.64 (2.06) 9.74 (1.92) 

Note.  Standard Deviations in Parentheses 

RMS Error Velocity.  To confirm that the workload manipulation was successful 

I examined root mean square error (RMSE) of drivers’ velocity relative to the lead car's 

velocity in an Age x Workload mixed ANOVA.  Statistical analyses demonstrated 

separate main effects of age, F(1, 39) = 5.58, p = .02, 
2

G  = .11, and of workload, F(1, 

39) = 447.48, p < .001, 
2

G = .58.  There was no interaction between these factors, p = 

.89, suggesting that the workload manipulation affected younger and older adults to a 

similar extent. 

RT.  I conducted an Age x Light Distance x Light Position x Workload mixed 

ANOVA for reaction time (RT) on the light detection task.  There was a non-significant 

trend for an interaction between age and workload, F(1, 40) = 3.82, p =  .06.  

Specifically, a paired samples t-test of older drivers' responses showed slower responses 

in high as compared to low workload conditions, t(21) = 3.16, p = .005, but there was no 

effect of workload for younger adults, p = .81.  Workload did not interact with any other 

factors, all ps > .44.  There was an interaction between age, light distance, and light 

position on RT, F(6, 240) = 3.04, p = .01 (see Figure 3).  Simple effects analyses split by 

age revealed that the differences in RT between light positions increased as light distance 
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increased for younger drivers, F(6, 114) = 8.02, p < .001.  However, this interaction did 

not occur for older drivers, F(6, 126) =  1.34, p = .26, and no other interactions were 

statistically significant, all ps > .53. 

 

Figure 3.  Effects of age, light distance, and light position on RT. 

Accuracy.  I also conducted an Age x Light Distance x Light Position x Workload 

mixed ANOVA for accuracy on the light detection task.  There was a main effect of light 

distance, F(3, 120) = 30.20, p < .001, no other main effects or interactions were reliable, 

all ps > .09.  Bonferroni corrected paired t-tests indicated that accuracy was significantly 

lower at a distance of 24m (M = 95.19%) compared to 36m (M = 98.69%), 48m (M = 

99.43%), and 60m (M = 99.42%), all ps < .001; all other comparisons were not 

significant, ps > .09.  See Table 2. 
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Table 2.  RT and Accuracy as a Function of Workload and Driver Age 

Workload 
Age 

Younger Drivers Older Drivers 

Low 751ms 98.82% 818ms 97.90% 

High 750ms 98.48% 842ms 97.64% 

Note.  See Table A11 for more details. 

Statistical Model.  Before interpreting these results with regard to 3D visual-

spatial attention, one must eliminate two alternative explanations.  First, one must 

eliminate the explanation that drivers’ faster responses to targets near the lead vehicle are 

a consequence of changes in projected size resulting from changes in 3D simulated 

distance.  Second, one must eliminate the explanation that drivers’ faster responses to 

targets near the lead vehicle are a consequence of a speed accuracy trade-off.  To test 

these alternative explanations, I conducted a linear mixed effects regression including 

projected size (M area in degrees visual angle = .15 degrees), drivers’ proportion of 

correct responses for any given position in depth to predict RTs to light change targets (M 

correct collapsing over positions in depth, but not across subjects = 98.35%), and 

simulated distance (M = 42.29m).  The effect of simulated distance remained significant, 

p = .0001, after statistically controlling for percentage correct, p = .18, and projected size, 

p = .13.  Therefore, it is unlikely that the increase in target detection RT associated with 

simulated distance is due to differences in projected 2D size or speed-accuracy tradeoffs. 

As predicted, the extent of older drivers’ 3D spatial attention was different from that 

of younger drivers.  Specifically, for younger drivers RT varied as a function of light 

position and distance whereas for older drivers RT varied only a function of distance.  
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That is, for older drivers, the extent of spatial attention along the horizontal dimension 

was constant across various depths.  Furthermore, the extent of spatial attention along the 

depth dimension may be somewhat less for older drivers as they responded to targets, at 

nearly all light positions and distances slower than younger drivers.    

Discussion 

A 2D model of spatial attention would predict two patterns that were not observed 

in the present results.  First, it would predict that RTs to targets near in depth would be 

the same as that obtained for targets far in depth.  Second, because perspective causes 

targets located at a far distance to be projected in 2D closer to the center of the display 

(and thus closer to the position in the image of the lead vehicle), a 2D model of spatial 

attention would predict that horizontal light position should matter less for far targets 

than for near targets.  However, the data indicated the exact opposite pattern for younger 

and older adults.  These results are similar to those reported by Andersen et al. (2011) 

who demonstrated that spatial attention during a driving task is affected by distance and 

horizontal position.  Specifically, the results indicate that the spatial extent of spatial 

attention for young drivers is broad near the vehicle and reduces in horizontal spatial 

extent with increased depth.  That is, among younger drivers spatial attention is 

asymmetric in 3D space.  

In addition, the results demonstrate age-related differences in the extent of 3D 

spatial attention.  Specifically, the horizontal spatial extent of attention at near distances 

was the same for younger and older drivers.  However, the horizontal spatial extent of 
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attention decreased at greater distances for younger drivers but not for older drivers.  

Notably, the largest age-related cost occurred for targets at the greatest distance and in 

close horizontal proximity to the lead vehicle.  The results of the present study suggest 

that tests to assess crash risk, such as the UFOV, are limited because such tests fail to 

incorporate the variation in attention as a function of distance.  I recommend that as new 

procedures are developed to assess spatial attention with the purpose of predicting 

individual crash risk that researchers consider including a test of 3D spatial attention to 

augment already well-established 2D measures 
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Experiment 2 

The description of visual spatial attention as a 2D useful field of view suggests 

two factors that should be important in determining RTs to peripheral light targets, the 

2D projected position of the light change target relative to the central focus of attention 

and the projected size of the light change target.  According to this model of attention, 

drivers should respond more rapidly to targets that have a 2D spatial position closer to the 

focus of attention and to lights with larger 2D projections.  In contrast, a 3D model of 

visual spatial attention implies that the amount of attention available at a given location is 

determined by the 3D spatial position (horizontally, vertically, and in depth) of that 

location relative to the focus of attention and the size of that location.   

In Experiment 1, it was assumed that the focus of attention was the lead vehicle.  

However, it may be argued that drivers were able to shift the focus of their 2D attention 

during the course of a trial in a manner that produced the appearance of a 3D attention 

effect.  If this were so, then it would challenge the conclusion that Experiment 1 

demonstrated 3D attention effects.  In addition, in Experiment 1, all lights with 2D 

projections further from the assumed focus of attention (the lead vehicle) also had larger 

projected sizes.  Statistical controls for size in Experiment 1 and in Andersen et al. (2011) 

demonstrate that it is unlikely that drivers’ faster RT to targets close in depth are a 

consequence of changes in projected size resulting from changes in 3D simulated 

distance.  However, it may be reasonably argued that the statistical controls provided are 

insufficient because projected size in those analyses were confounded with horizontal 

position and have relatively limited variability at any given position in depth.  Moreover, 
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although a logical argument has been presented as to why 2D position cannot predict 

faster RTs for targets closer in depth, there has been no statistical or experimental control 

for the effect of 2D position on performance.  The purpose of Experiment 2 was to 

provide a direct assessment of the effects of projected size and position on light detection 

RT when targets are at different distances from the driver to eliminate alternative 

explanations for 3D attentional effects associated with projected size or 2D spatial 

separation of the targets (Prediction 1) and position of eye fixation (Prediction 3). 

Experiment 2 was similar to Experiment 1 with the following exceptions.  First, 

no manipulation of workload was examined.  Second, I manipulated the size of the light 

change targets along with their simulated height between blocks.  This allowed light 

change targets to occur at different distances, but at exactly the same 2D position in the 

scene and with the same projected size.  If attention is allocated in depth, then responses 

to light change targets nearer the focus of attention should be faster than those that are 

further when simulated size and height are identical (Prediction 1).  Third, an eye tracker 

was used to measure the fixation location of drivers during task performance.  This 

allowed for the measurement of the spatial location and dispersion of eye fixations and 

allowed for the assessment of whether the 3D attention effect could be attributable to the 

distribution of eye-fixations during task performance (Prediction 3).  It also allowed for a 

comparison of the eye fixation distributions of younger and older drivers.  These 

measurements also allowed for the generation and comparison of statistical models of 2D 

attention and 3D attention.   
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Methods 

Drivers.  Drivers 65 years and older were assigned to the older driver group.  All 

other drivers were assigned to the younger driver group.  The younger drivers were 24 

college students, 11 male and 13 female, (M = 21.75 years; SD = 1.03 years; range 19 - 

24 years) and 24 older drivers, 12 male and 12 female (M = 73.50 years; SD = 4.48 years; 

range 66 - 83 years) who were paid for their participation.  All drivers had normal or 

corrected-to-normal vision and were naïve to the purpose of the study. 

Driving Simulator.  Except as otherwise noted, the driving simulator used in 

Experiment 2 was the same as in Experiment 1.  I updated the computer being used to a 

Dell Vostro desktop computer.  This allowed the computer resolution to match the LCD 

native resolution of 1280 x 1024 pixels.  It also allowed the controls and the rest of the 

simulation to update at 60 Hz and for all light arrays within 1km to be displayed in the 

scene at the same time.  The amplitudes of the sine waves generating lead vehicle speed 

changes were intermediate, specifically, 15.56 kph, 6.22 kph, and 4.44 kph respectively. 

Large lights viewed with an offset of 4.8m at a distance of 60m had the same 

projected size and position as medium lights viewed with an offset of 3.6m at a distance 

of 45m and small lights viewed with an offset of 2.4m at a distance of 30m.  In addition, 

large lights viewed with an offset of 2.4m at a distance of 60m had the same projected 

size and position as small lights viewed with an offset of 1.2m at a distance of 30m (see 

Figure 4 for an example of matched conditions). 
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Figure 4.  Depiction of conditions matched in 2D position (horizontal and vertical 2D 

spatial extent) and projection.  A transparent overlay of large green lights at 60m distance 

and small red lights at 30m distance.  The lights that appear yellow represent conditions 

where the 2D size and position are matched across distances. 

Procedure.  Except where otherwise noted, the procedure used in Experiment 2 

was the same as in Experiment 1.  Drivers completed only four training sessions, with the 

fourth training session using the same amplitude sine waves as in the main experiment, 

and completed two experimental sessions of nine trials each.  The size of the lights was 

ABCCBA counterbalanced between trials and the value of A, B, and C were 

counterbalanced between drivers.  Lights turned yellow when the drivers' vehicle was 

30m, 45m, or 60m away from the light array at the 1
st

 (1.2m), 2
nd

 (2.4m), 3
rd 

(3.6m), or 4
th
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(4.8m) light position from the center.  Simulated light size and matched simulated light 

height were manipulated across between blocks.  

To facilitate eye-tracking, drivers sat closer to the monitor in Experiment 2 than in 

Experiment 1 such that the LCD visual angle was 37.07° x 28.23°.  Eye-position 

recording at 500Hz was accomplished using an SR Research Eyelink II head-mounted 

eye-tracker.  Custom modifications to the simulation software allowed for 

synchronization of the recordings of task performance and eye position.  The eye-tracker 

was calibrated at the start of each experimental session and the calibration was updated at 

the start of each trial.  When possible, both right and left eyes were tracked with fixation 

considered to be at the center of the two recorded eye positions.    

Design.  The independent variables in this experiment were: simulated light target 

depth relative to the driver (30m, 45m, or 60m), simulated light horizontal position 

relative to the driver (1.2m, 2.4m, 3.6m, or 4.8m), simulated light diameter (small, 

41.25mm, medium, 61.88mm, or large, 82.50mm), and driver age group.   

Results 

RMS.  To determine whether the simulated size of the lights affected car 

following performance I examined the root mean square error (RMSE) of the drivers 

velocity relative to the velocity of the lead car in an Age x Light Size mixed ANOVA.  

There was no interaction between these factors, p = .66, nor was there an effect of 

stimulus size, p = .78.  Consistent with Experiment 1 there was an effect of age, F(1, 46) 
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= 14.01, p < .001, 2

G  = .22.  Specifically, on average older drivers had a larger RMS 

error (M = 6.81; SD = 1.40) than younger drivers (M = 5.61; SD = 1.20). 

RT.  During the experiment, each driver had the opportunity to respond to 432 

light changes, 144 light changes per light size.  Consistent with Experiment 1, a visual 

examination of driver accuracy in response to light changes showed that if drivers 

responded within 300ms of a light change, then their performance was near chance 

(N = 149 responses; M accuracy = 51.01%; see  Figure B16).  For this reason, responses 

that occurred in less than 300ms after a light change were excluded from analysis.  This 

criterion excluded no more than 4.17% of trails for any given driver.  To minimize an 

upward bias in RT as a result of the minimum RT criterion, responses more than 2100ms 

after a light change were also eliminated from analysis (N = 87 responses).  This criterion 

excluded no more than 2.55% of trials for any given driver.  For analyses of RT or 

accuracy, trials in which drivers failed to respond were removed from analysis (N = 84 

responses).  This criterion excluded no more than 2.78% of trials for any given driver.  In 

analyses of RT, trials in which drivers gave the incorrect answer were removed from 

analysis (N = 240 responses).  This criterion excluded no more than 6.71% of trials for 

any given driver.  In combination, these criteria eliminated no more than 2.33% of light 

change data from any analysis and no more than 10.19% for any given driver.  
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Figure 5.  RT as a function of light size, light position, and light distance. 

I conducted an Age x Light Distance x Light Position x Light Size mixed 

ANOVA for reaction time (RT) on the light detection task.  There was a Light Distance x 

Light Position x Light Size interaction, F(12, 552) = 2.24, p = .009, 2

G  = .006 and an 

Age x Light Position x Light Size interaction, F(6, 276) = 3.16, p = .005, 2

G  = .004.  

Specifically, regardless of Age and Light Distance, smaller lights were responded to more 

slowly than larger lights and this difference increased as the horizontal position of the 

light increased relative to the observer, all Light Distance x Light Position ps < .001.  

However, these interaction effects were smaller for lights at near distances,
 

2

G  = .02 , 

relative to far distances, 2

G  = .05, and smaller for older drivers, 2

G  = .06, relative to 

younger drivers, 2

G  = .13 (See Figure 5 and Figure 6 for details). 
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Figure 6.  RT as a function of light size, light position, and age. 

 

Figure 7.  Eye fixation heat map.  A density plot of the location of the start of eye 

fixations immediately prior to a light change separated by age and the distance in depth, 

relative to the driver, of the light change.  Lighter colors indicate higher densities. 
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Spatial distribution of eye fixations prior to light change.  The locations of the 

last eye fixations that began prior to the change of a light were identified for each driver 

on each light change trial.  The overall pattern of these eye fixations is presented in 

Figure 7.  For the purpose of analysis, the position of eye fixations was converted to units 

of visual angle relative to the bumper of the lead car, which was always near the center of 

the display. 

I conducted an Age x Light Distance x Light Size/ Height mixed ANOVA for 

average spatial separation between eye fixation and the bumper of the lead car (Figure 8). 

 There were significant main effects of age, F(1, 46) = 13.34 , p < .001, 2

G  = .18, 

light size/height, F(2, 92) = 43.35, p < .001 ,  2

G  = .07, and light distance, 

F(2, 92) = 209.79, p < .001 , 2

G  = .40 were qualified by interactions between the light 

change distance and light size/height, F(4, 184) = 16.55, p =< .001, 2

G  = .02, light 

change distance and age, F(2, 92) = 11.28, p < .001 ,  2

G  = .03, and age and light 

size/height, F(2, 92) = 3.98, p = .002, 2

G  = .006.  The spatial separation between eye 

fixation and the bumper of the lead car was larger for light changes at near distances than 

at far distances, for older drivers than for younger drivers, and for larger/taller lights than 

for smaller/shorter lights.  The effects of light distance and light size/height combined 

superadditively such that nearer light changes produced more spatial separation for 

large/tall lights than for small/short lights.  For older drivers the reduction in average 

spatial separation as a function of distance was greater than for younger drivers.  For 

younger drivers the differences between the average spatial separation between eye 
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fixation and the center of the display for small and medium lights was not statistically 

reliable, Bonferroni adjusted p = .523, but there were significant differences between 

small and large and medium and large lights, Bonferroni adjusted ps < .001.  In contrast, 

for older drivers the differences between the average spatial separation between eye 

fixation and the bumper of the lead car for medium and large lights was not statistically 

reliable, Bonferroni adjusted p = .207, but there were significant differences between 

small and medium and small and large lights, Bonferroni adjusted ps < .001. 

 

Figure 8.  Mean 2D spatial separation in degrees visual angle from the bumper of the lead 

car as a function of the distance at which the banner changed and the size/height of the 

light. 
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Figure 9.  2D spatial separation standard deviation in degrees visual angle from the 

bumper of the lead car as a function of the distance at which the light changed and the 

size/height of the light. 

I conducted an Age x Light Distance x Light Size mixed ANOVA for the standard 

deviation of spatial separation between eye fixation and the bumper of the lead car 

(Figure 9).  The main effect of light distance, F(2, 92) = 123.80, p < .001, 2

G  = .25, 

demonstrated that the spatial variability of eye fixations was larger for targets near in 

depth than those far in depth.  The main effect of age, F(1, 46) = 17.88 , p < .001, 

19.2 G , demonstrated that the spatial variability of eye fixations was greater for older 

drivers (M  = 2.45; SD = .43) than for younger drivers (M = 1.88; SD = .37).  The main 

effect of stimulus size, F(2, 92) = 6.34, p < .001 , 2

G  = .02, demonstrated that the spatial 

variability of eye fixations was greater for larger lights (M = 2.27; SD = .50) than for 
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medium (M  = 2.12; SD = .59) or small lights (M = 1.99; SD = .48).  There also was a 

small statistical trend towards an interaction between age and light size, F(2, 92) = 3.12, 

p = .052, 2

G  = .01.  To understand this trend, consider the performance of younger and 

older drivers separately.  For younger drivers the spatial variability of eye fixation was 

similar for small and medium lights, but increased for the large sized lights.  In contrast, 

for older drivers the spatial variability of eye fixations was relatively low for small lights, 

but was increased to a similar degree for medium and large lights.  No other interactions 

between these factors were statistically reliable, all ps > .36. 

Matched 2D projection size and 2D spatial position analyses.  The RTs to light 

changes analyzed for the matched conditions only included lights that have identical 

projected sizes and positions, but that were at different simulated depths.  This approach 

yielded two sets of matched conditions.  The first set of matched conditions included 

large lights viewed with an offset of 4.8 m at a distance of 60 m (M = 805 ms; SD = 281 

ms), medium lights viewed with an offset of 3.6 m at a distance of 45 m (M = 715 ms; 

SD = 249 ms), and small lights viewed with an offset of 2.4 m at a distance of 30 m 

(M = 640 ms; SD = 180 ms).  I employed a mixed ANOVA to compare the RTs of 

younger and older drivers across these positions.  I found that there were differences 

between RTs as a function of simulated depth, F(2,92) = 94.03, p < .001, and between 

younger (M = 641 ms; SD = 207 ms) and older drivers (M = 800 ms; SD = 264ms), 

F(1, 46) = 45.04, p < .001, but there was no interaction between these factors, p = .39 

(see the first panel of Figure 10).   
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Figure 10.  Effects of simulated distance on RT experimentally controlling for projected 

2D size and position 

The second set of matched conditions included small lights viewed with an offset 

of 1.2 m at a distance of 30 m (M = 650ms; SD = 175ms) and large lights viewed with an 

offset of 2.4 m at a distance of 60 m (M = 762ms, SD = 268ms).  There were differences 

between RTs as a function of simulated depth, F(1, 46) = 72.09, p < .001, and between 

younger (M = 615 ms; SD = 181 ms) and older drivers (M = 800 ms; SD = 243 ms), 

F(1, 46) = 91.05, p < .001, but there was no interaction between these factors, p = .22 

(see the second panel of Figure 10). 

The results of the matched conditions discussed above provides strong evidence 

that 3D attention effects cannot be explained by differences in projected size, and 2D 

spatial position relative to the lead vehicle.  However, they are unable to address directly 

whether 2D spatial separation relative to eye fixation might be the cause of the observed 

3D attention effect.  Linear mixed effects regression models with random slopes for light 

distance and 2D spatial separation between fixation and light were fit separately for the 
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first and second matched set of conditions.  Both models demonstrated significant effects 

of light distance after experimentally controlling for projected light size, 2D spatial 

separation between the target and the lead vehicle, and statistically controlling for 2D 

spatial separation between the target and fixation, ps < .001 , bs = 5.50 and 3.96, κs = 

1.14 and 1.66 respectively. 

Statistical models.  The most relevant spatial 2D factors that might affect RT in 

this experiment were 2D spatial separation of the light target from the focus of attention 

(the rear bumper of the lead vehicle; 2DLV), visual angle separation of the light target 

from the location of fixation (two-dimensional fixation or 2DFix), and projected size of 

the target (Area).  The most relevant spatial 3D factors that might affect RT in this 

experiment were simulated depth (three dimensional distance or 3DD), horizontal 

position (three dimensional horizontal or 3DH), light height, and size of the light targets 

(light size or LS).  In addition, age of driver might be thought to moderate each of these 

effects or interactions between these effects.  Unfortunately, the design of this experiment 

provided no means to distinguish between the effects of simulated light height and light 

size.  Therefore, for the sake of clarity in the following analyses I have discussed the 

models and results in terms of simulated light size rather than simulated height.   

The variance, covariance, and correlations of random effects from the models 

reported in this section, as well as all effects from other models of interest are presented 

in Appendix B.  Of particular note in Appendix B are detailed results from models that 

selected 2D predictors according to a modified best subsets regression procedure 

(Miller, 2002).  These models plausibly represent the best possible predictive models that 
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2D predictors could conceivably form for this data without additional transformations of 

scale.  However, in this case, the best subsets models included interaction terms for 

which there was no simple effect and, as might be expected, formed combinations of 

variables that reduced residuals but had little interpretable meaning. Therefore, in this 

section, specific results involving those analyses will not be discussed except as points of 

comparison. 

The analyses reported in this section include interactions between the primary 

variables of interest and age as well as random effects for each of the within subject 

factors.  As reference points, I calculated the results from a base model which contained 

only a fixed intercept and random intercept by subject, AIC = 274,664, 

RMSEResid = 233.05, the best subsets linear model with 2D predictors, AIC = 272,586.47, 

RMSEResid = 220.13, κ = 5.93, and the best subsets polynomial model with 2D predictors, 

AIC = 272,016.24, RMSEResid = 216.40, κ = 6.08.   

The model with 2D predictors was better than the base model, 

χ
2
(16) = 2,005.96, p < 0.001, AIC = 272,690.08, RMSEResid = 220.71, κ = 5.98, see Table 

3 for the fixed effects.  The RTs of drivers to light change targets decreased as a function 

of projected size and as a function of 2D spatial separation between the target and the 

lead vehicle.  The RTs of older drivers was slower than the RT of younger drivers.  There 

were no significant effects on RT associated with 2D spatial separation between the 

location of eye-fixation and the target.  There were no significant interactions between 

age and any of the 2D predictors. 
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Table 3.  Fixed Effects for the Model with 2D Predictors 

Predictor Coefficient Std. Error t value 

(Intercept) 648.88 14.92 43.48 

Age 164.82 21.11 7.81 

Area -132.39 10.13 13.07 

2DFix -1.80 1.30 1.38 

2DLV 4.95 2.39 2.07 

Age x Area  0.48 14.37 0.03 

Age x 2DFix -0.66 1.74 0.38 

Age x 2DLV -5.73 3.35 1.71 

Note.  For all models presented in this section, all factors were mean centered on the 

overall mean of the individual data points, with the exception of driver age, which was 

dummy coded (0 for younger drivers, 1 for older drivers), before performing modeling 

(cf. Appendix B for means). 

The model with 3D predictors was better than the base model, χ
2
(16) = 

3,315.77, p < 0.001, AIC = 271,380.27, RMSEResid = 213.30, κ = 5.98, see Table 4 for the 

fixed effects.  Moreover, according to the AIC, this model was also better than the model 

with 2D predictors, the best subsets linear model with 2D predictors, and the best subsets 

polynomial model with 2D predictors.  The RTs of drivers increased at greater distances 

in depth and horizontal position relative to shorter distances and for older drivers relative 

to younger drivers, but decreased for larger lights relative to smaller lights.  There were 

no significant interactions between age and any of the 3D predictors. 

Another question of interest is whether 3D attention is object centered or viewer 

centered.  Although this experiment did not manipulate variables designed to answer this 



 

70 

question, a statistical analysis comparing the results of the model with 3D predictors, 

which used absolute distance of the light change relative to the driver as a predictor 

(i.e. viewer centered information), to another model, which used distance of the light 

relative to the lead vehicle (i.e., object centered information), may be considered 

informative.  The relative distance 3D predictor model, an object centered information 

model, was better than the base model, χ
2
(16) = 3,619.98, p < 0.001, AIC = 271,076.07, 

RMSEResid = 211.61, κ = 2.47.  Moreover, according to the AIC, the model with a relative 

distance predictor was better than any of the models include 2D predictors.  Appendix B 

contains the coefficients for the relative 3D predictor model.  The coefficients were very 

similar in both models.   

Table 4.  Fixed Effects for the Model with 3D Predictors 

Predictor Coefficient Std. Error t value 

(Intercept) 649.17 14.74 44.05 

Age 163.00 20.85 7.82 

3DD 5.91 0.49 12.06 

3DH 18.14 2.74 6.62 

LS -195.63 21.18 9.24 

Age x 3DD  0.93 0.69 1.34 

Age x 3DH -7.40 3.89 1.90 

Age x LS 11.05 30.09 0.37 

The results in this section combined with the results from the matched 2D 

projection analyses in the preceding section provide considerable evidence in favor of a 

3D model of visual spatial attention.  In most driving scenes, 2D variables and 3D 
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variables may serve as partial (non-linear) aliases for one another, i.e., they are 

necessarily correlated.  For this reason, I fit a combined model to characterize the relative 

linear contributions of these influences on RTs.   

Table 5.  Fixed Effects for the Model with 2D and 3D Predictors 

Predictor Coefficient Std. Error t value 

(Intercept) 649.06 14.95 43.40 

Age 164.78 21.15 7.79 

Area 47.79 11.88 4.02 

2DFix -0.53 1.26 0.42 

2DLV 1.84 4.31 0.43 

3DD 7.41 0.75 9.86 

3DH 16.64 6.54 2.54 

LS -291.03 29.03 10.03 

Age x Area 5.84 17.03 0.34 

Age x 2DFix -0.09 1.68 0.06 

Age x 2DLV 1.10 6.10 0.18 

Age x 3DD 1.20 1.06 1.13 

Age x 3DH -8.85 9.28 0.95 

Age x LS -0.48 41.45 0.01 

The model with 2D and viewer centered 3D predictors fit the observed patterns of 

RT better than the base model, χ
2
(40) = 3,402.85, p < 0.001, AIC = 271,341.19, 

RMSEResid = 212.65, κ = 21.89, (see Table 5 for Fixed Effects).  According to the AIC, 

this model was better than the models with only 2D or 3D predictors.  However, it was 

worse than the relative distance, i.e. object centered, 3D model.  Notably, the only 2D 

predictor that remained significant in this model was projected size.  However, the sign of 

this result changed relative to the model with only 2D predictors.  Specifically, the effect 

of projected size indicated that, after controlling for all other 2D and 3D variables, RTs 
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increased as a function of increased projected size.  This counter intuitive result may be 

an indication that the effects of target distance in depth are underadditive at near 

distances.  As was the case with the model with viewer centered absolute distance 3D 

predictors, the model coefficients indicate that drivers RT increased at greater distances 

in depth and horizontal position relative to shorter distances.  In addition, RT increased 

for older drivers relative to younger drivers.  However, RTs decreased for larger lights 

relative to smaller lights.  There were no significant effects interactions between any of 

these factors and driver age.  

Discussion 

The purpose of this experiment was to provide an experimental control for the 

effects of projected size and position on light detection RT to eliminate alternative 

explanations for any 3D attention effects.  The matched projection size and 2D spatial 

position analyses showed significant effects of simulated distance across conditions 

matched for these factors.   

In this experiment, I was also able to quantify drivers’ fixation location during 

task performance.  There were overall differences in mean fixation position and 

variability of fixation location across age groups, but the effects of specific fixation 

location on a trial-by-trial basis did not reliably interact with age in predicting RT to light 

change targets.  In addition, a statistical model that included absolute 3D position as 

predictors of RT provided a more parsimonious account of the observed patterns of RT 

than models that only included predictors related to projected size, 2D spatial separation 
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from the lead vehicle, and 2D spatial separation from fixation.  These results occurred 

even when the models were derived from an exhaustive search algorithm (best subsets).  

In addition, the effects of 3D position remain statistically significant after controlling for 

all plausible 2D predictor variables recorded.  Therefore, patterns of eye-fixations cannot 

account for the observed 3D attention effects.  Moreover, if the location of eye-fixation is 

a good indicator of the location of 2D attention, then patterns of shifting 2D attention also 

cannot account for the observed 3D attentional effects.   

It should also be noted that a linear model that used depth relative to the lead 

vehicle rather than absolute depth was a more accurate predictor of the RT of drivers than 

the model that used absolute depth.  This suggests two important findings.  First, it 

provides evidence consistent with an object-centered locus for the gradient of visual 

spatial attention.  Second, it provides further evidence that the observed 3D attention 

effects cannot be attributed to a dynamic reprioritization of response priority as a function 

of light distance relative to the observer.  If response priority related to spatial proximity 

were the underlying cause for the 3D attention effects observed, then the relative distance 

of the lead car to the light change target would have no effect. 

Given the results of Experiment 2, it is clear that the position of a target in depth 

affects the response speed of drivers.  Moreover, on the basis of statistical parsimony, the 

model comparisons provide evidence that a model including depth should be selected 

over a model including only 2D factors.  Although one might argue that the observed 

effects of depth reflect effects of attentional mechanisms relevant to decision making or 

prioritization of task rather than attention per se, this objection still tacitly assumes that 
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spatial attention is processed in depth.  In Experiment 3, I examined whether the observed 

effects will generalize when a different primary task was required.
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Experiment 3  

In previous experiments, I have provided evidence that depth is a relevant factor 

in the spatial extent of attention during driving.  One might argue that this effect has its 

locus in higher order processes, like prioritization or decision-making.  However, such an 

approach would necessitate the untenable assumption that nearly all of the perceptual 

aspects of a scene were subject to late selection processing (Deutsch & Deutsch, 1963; 

Pashler, 1984).  A somewhat more tenable assumption might be that higher order 

processes direct visual spatial attention to facilitate the processing of information on the 

basis of depth–a tacit acceptance of the 3D visual spatial attention hypothesis  (i.e. that 

visual spatial attention can select information for processing on the basis of depth).  

However, one further element is needed in order to support the hypothesis that 3D 

attention is based on the spatial representation of the scene.   

In Experiment 1 and 2 depth was a salient component of the car following task 

because drivers responded to variations in depth of the lead vehicle as a result of changes 

in lead vehicle speed.  Therefore, it is impossible to determine whether the observed 3D 

attention effect was a consequence of the allocation of the resources of attention in depth 

or other higher order processes that were processing depth in order to perform the car 

following task.  If depth were no longer critical in the primary task, then the emphasis on 

that information for higher order processes should be diminished.  In contrast, if attention 

is allocated according to a spatial dimension of depth, then the resources of attention 

must be allocated at some specific distance from the driver.  Consequently, one would 
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expect that the position of objects in depth would still be important for the allocation of 

spatial attention. 

In this experiment, I decreased the importance of the depth dimension during 

driving by changing the primary task.  In the previous experiments, drivers performed a 

car following task in which the lead vehicle varied its position along the depth axis as a 

result of variations in speed.  In this experiment, the lead vehicle changed lanes rather 

than speed and the primary task of the driver was to maintain position behind the lead car 

using the steering wheel.  Under these conditions, the distance between the driver and 

lead vehicle in depth was constant.  In addition, in this experiment, all light sizes matched 

the small lights from Experiment 2 and all lights changed in a horizontal position 3.6m 

from the center of the light array.  In all other respects, this experiment was the same as 

Experiment 2. 

Methods 

Drivers.  Drivers 65 years and older were assigned to the older driver group.  All 

other drivers were assigned to the younger driver group.  Five drivers did not complete 

the experiment due to eye-tracking issues (e.g., driver compliance with the calibration 

sequence, experimenter error, or equipment error).  Two drivers reported signs of motion 

sickness and did not complete the study.  Two additional subjects did not return for the 

second day of the experiment in a timely manner.  For this reason, they were dropped 

from analysis.  All of the aforementioned drivers were replaced to yield a final design 

that included 24 younger drivers, 11 male and 13 female, (M = 22.67 years; SD = 1.13 
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years; range 20–25 years) and 24 older drivers, 12 male and 12 female (M = 74.46 years; 

SD = 4.56 years; range 66–84 years).  All drivers had normal or corrected-to-normal 

vision and were naïve to the purpose of the study.   

Driving Simulator.  Except as otherwise noted, the driving simulator used in 

Experiment 3 was the same as in Experiment 2.  In Experiment 3, the steering wheel 

controlled the velocity of horizontal movement.  The dynamics for this control were 

simplified and adapted from an open source automotive simulator (Varner, 2012).  The 

simulated viewpoint rotated half as much as the steering angle of the vehicle to yield an 

impression of turning as opposed to translation along the X-axis with the maximum angle 

of rotation clamped to ±5.5°.  However, in this experiment none of the drivers had a 

simulated viewpoint rotated more than 2.96° at the moment of light change. 

Procedure.  Except where otherwise noted, the procedure used in Experiment 3 

was the same as in Experiment 2.  Although simulated light size was not manipulated in 

this experiment drivers still completed two experimental sessions of nine trials each.  

Lights turned yellow when the drivers' vehicle was 30m, 45m, or 60m away from the 

light array.  Only the lights in the 3
rd

 light position from the center (3.6m) changed in this 

experiment.  However, as drivers controlled their simulated lateral position the position 

of this light relative to the observer in simulated space and projected position varied 

considerably.  For this reason, it would have been possible for a light to change when the 

simulated position was not displayed on the screen.  Therefore, light change events were 

constrained such that a light change occurred if the light to be changed projected within 

9.09° visual angle (measured along the x-axis) of the center of the display. 
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During simulator sessions, the horizontal velocity of the lead vehicle was varied 

according to the sum of three equal energy sine waves to produce a non-repeating pattern 

of horizontal position change.  Specifically, the frequencies of the sine waves were .089, 

.139, and .331 Hz.  The amplitudes of the sine waves generating lead vehicle horizontal 

speed changes were 2.67 kph, 1.71 kph, and .72 kph respectively.  The phases of each 

sine wave was randomly assigned to 90° or 270° such that the initial velocity of each sine 

wave was 0 keeping the average position of the lead vehicle in the center lane.  

Design.  The independent variables in this experiment were simulated light target 

depth relative to the driver (30m, 45m, or 60m) and driver age. 

Results 

Inclusion Criteria.  During the experiment, each driver had the opportunity to 

respond up to 432 light changes, 96 light changes per simulator session, and 144 per light 

change distance.  However, a light change was only displayed if the projection would 

have been within 9.09° visual angle as measured along the x-axis of the center of the 

display.  This resulted in all the lights that did not change being presented at a simulated 

distance of 30m (N = 849 responses).  This eliminated no more than 27.09% of trials for 

any given driver at that simulated distance.  Occasions in which lights did not change 

occurred more frequently for younger drivers (M  = 19.71 responses, SD = 5.83 

responses) than older drivers (M = 15.67 responses, SD = 9.07 responses), but this 

difference was not statistically reliable, t(46) = 1.84, p = .073, r = .28.  Drivers in this 

experiment made a response 41 times in the absence of a light change, but these false 
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alarms were distributed equivelantly between younger drivers (N = 22 responses) and 

older drivers (N = 19 responses).  Trials in which light changes were not displayed were 

excluded from all further analyses.   

To maintain consistency with the two previous experiments if drivers responded 

within 300ms of a light change, then their responses were excluded from analysis 

(N responses = 26; M accuracy = 60.26%).  This criterion excluded no more than 1.95% 

of trials for any given driver. To minimize an upward bias in RT as a result of the 

minimum RT criterion, responses more than 2100ms after a light change were also 

eliminated from analysis (N = 54 responses). This criterion excluded no more than 2.19% 

of trials for any given driver.  For analyses of RT or accuracy, trials in which drivers 

failed to respond were removed from analysis (N = 41 responses).  This criterion 

excluded no more than 1.42% of trials for any given driver.  In analyses of RT, trials in 

which drivers gave the incorrect answer were removed from analysis 

(N = 102 responses).  This criterion excluded no more than 4.73% of trials for any given 

driver.  In combination, these criteria eliminated no more than 5.13% of light change data 

from any analysis, no more than 10.42% for any given driver, and no more than 29.86% 

from any driver at any particular level of depth.   Although this may seem like a large 

proportion, missing data at near distances was an anticipated component of the design, 

and there was still more than 100 lights of data for any given distance for any given 

driver to be used for the purposes of these analyses. 

RMSE.  I examined the root mean square error (RMSE) of drivers lateral velocity 

relative to the lead car over a single simulator trial using a Welch’s between subjects 
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t-test.  Although there was a trend for older drivers to have a slightly higher RMSE 

(M = 1.90 kph, SD = .19 kph) than younger drivers (M = 1.80 kph, SD = .17 kph), this 

difference was not reliable, t(46) = 1.90, p = .06, r = .27.   

 

Figure 11.  Root mean squared error in lateral following velocity as a function of age and 

light change distance.  Error bars for figures in this experiment reflect confidence 

intervals consistent with a Fisher’s least significant differences post-hoc analysis for the 

within age-group comparisons. 

Due to a change in the simulator code, it was also possible to evaluate RMSE for 

periods during which the driver was passing between two banners and assess these 

RMSE scores separately by the distance from the driver at which the light changed.  

If drivers dynamically reallocated their task efforts following the detection of a light 

change, then RMSE for banners that changed at further simulated distances from the 

driver should be lower than RMSE for light changes that occurred at nearer simulated 
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distances.  There were no reliable main effects of Age, p = .10, 2

G  = .06, or of light 

change distance, p = .14, 2

G  = .0017, but there was a significant but small interaction 

between these factors, F(2, 92) = 3.29, p = .044, 2

G  = .0029 (see Figure 11).  However, 

Bonferroni corrected post-hoc analyses comparing light change distances within age 

groups and Bonferonni corrected between age groups at various levels of light change 

distances detected no reliable differences, all ps > .092. 

 

Figure 12.  RT as a function of age and light change distance. 

RT.  I conducted an Age x Light Distance mixed ANOVA for reaction time (RT) 

on the light detection task.  There was no significant main effect of age, p = .25, but there 

was a significant main effect of light distance, F(2, 92) =242.38, p < .001, 2

G  = .45.  

There also was a significant age by light distance interaction, F(2, 92) =4.27, p = .002, 

2

G  = .014 (see Figure 12).  Specifically, Bonferroni corrected post hoc analysis showed 
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significant differences in RT between all levels of light change distance for younger and 

older drivers, all ps < .001, but significant differences between age groups only at the 

30m distance, p = .012, all others ps = 1. 

 

Figure 13.  A density plot of the location of the start of eye fixations immediately prior to 

a light change separated by age and the distance in depth, relative to the driver, of the 

light change.  Lighter colors indicate higher densities. 

Spatial distribution of eye fixations prior to light change.  The location of the 

last eye fixation prior to the change of a light was extracted from the eye tracking data for 

each driver on each light change trial (see Figure 13).  I conducted an Age x Light 

Distance mixed ANOVA for average 2D spatial separation between eye fixation and the 
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center of the rear bumper of the lead vehicle.  There was no significant main effect of 

age, p = .93.  However, there was a significant effect of light distance, F(2, 92) =492.37, 

p < .001 , 2

G = .73.  There was no reliable interaction between these factors, p = .80.  

Post hoc tests demonstrated that there were larger spatial separations between eye 

fixation and the center of the rear bumper of the lead vehicle for lights at closer simulated 

distances than for lights at further simulated distances, all ps < .001. 

 

Figure 14.  Standard deviation of 2D spatial separation in degrees visual angle from the 

rear bumper of the lead vehicle as a function of the distance at which the light changed. 

I conducted an Age x Light Distance mixed ANOVA for the standard deviation of 

spatial separation between eye fixation and the rear bumper of the lead vehicle.  There 

was no significant main effect of age, p = .99.  However, there was a significant effect of 

light distance, F(2, 92) = 257.28, p < .001 , 2

G  = .66 demonstrated that the spatial 
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variablity of eye fixations was larger for targets near in depth than those far in depth.  

There also was a significant interaction between age and light distance, F(2, 92) = 6.24, p 

= .003, 2

G  = .046 (see Figure 14).  Post hoc tests demonstrated that the differences in the 

average standard deviation of the distance between fixation and lead vehicle was 

significant between all levels of light distance for younger and older drivers alike, 

all ps <.001.  Post hoc tests did not identify any reliable differences in standard deviation 

of fixation as a function of age at any of the light distances, all ps > .22. 

Statistical models.  The most relevant spatial 2D factors that might affect RT in 

this experiment were the projected size of the light (Area), 2D spatial separation of the 

light target from the focus of attention (the rear bumper of the lead vehicle; 2DLV), and 

2D spatial separation of the light target from the location of fixation (2DFix).  The most 

relevant spatial 3D factors that might affect RT in this experiment were simulated depth 

(three dimensional distance or 3DD) and horizontal position (three dimensional 

horizontal or 3DH).  In addition, age of driver might be thought to moderate each of these 

effects or interactions between these effects.  See Appendix C for summary statistics for 

each variable and model parameters. 

As the drivers in this experiment had not been in Experiment 2, it was not 

possible to use previous models directly as they included subject-level predictors.  

Moreover, the centered values of these variables differed from those in previous 

experiments.  In addition, as the primary task was different it may not be reasonable to 

use the same model for performance on the light detection task.  Therefore, new 

statistical models were fit to the data from this experiment. 
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The variance and correlations of random effects from these models, as well as all 

effects from other models of interest, including additional best subsets analyses, are in 

Appendix C.  The analyses reported here include interactions between the primary 

variables of interest and age as well as random effects for each of the within subject 

factors.  As reference points, I calculated the results from a base model which contained 

only a fixed intercept and random intercept by subject, AIC = 268,416.1, 

RMSEResid = 222.98, the best subsets linear model with 2D predictors, AIC = 265,231.78, 

RMSEResid = 204.31, κ = 4.72, and the best subsets polynomial model with 2D predictors, 

AIC = 264,912.23 RMSEResid = 202.69, κ = 15.75. 

Table 6.  Fixed Effects for the Model with 2D Predictors 

Predictor Coefficient Std. Error t value 

(Intercept) 723.62 17.78 40.69 

Age 27.71 25.15 1.10 

Area -514.60 41.13 12.51 

2DFix -7.18 0.95 7.56 

2DLV 0.85 2.65 0.32 

Age x Area 185.09 58.96 3.14 

Age x 2DFix 1.28 1.31 0.98 

Age x 2DLV -5.73 3.83 1.50 

Note.  For all models presented in this section, all factors were mean centered on the 

overall mean of the individual data points, with the exception of driver age, which was 

dummy coded (0 for younger drivers, 1 for older drivers), before performing modeling 

(cf. Appendix C for means). 
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The model with 2D predictors was better than base model, χ
2
(16) = 2,906.99, 

p < 0.001, AIC = 265,541.11, RMSEResid = 206.01, κ = 7.37, see Table 6 for the fixed 

effects.  The RTs of drivers were faster as a function of increase in projected size and 

increase in 2D spatial extent relative to the location of eye fixation.  However, the effect 

of increased projected size on RT was greater for younger drivers than for older drivers.  

No other effects, or interactions with age, were reliable.   

The model with 3D predictors was better than the base model, χ
2
(10) = 3,109.20, 

p < 0.001, AIC = 265,326.90, RMSEResid = 205.20, κ = 2.60, see Table 7 for fixed effects.  

Moreover, according to the AIC it was a better model of the RTs of drivers than model 

with 2D predictors, but worse than either of the best subsets predictor models.  There 

were significant effects of distance and an interaction between age and distance.  

Specifically, there was a 3D attention effect–drivers took longer to respond to light 

change targets at shorter distances in depth as compared to greater distances in depth.  

The magnitude of the 3D attention effect was smaller for older drivers than for younger 

drivers suggesting their attention was more diffuse along the depth axis.  No other effects 

or interactions with age were significant. 

Table 7.  Fixed effects for the Model with 3D Predictors 

Predictor Coefficient Std. Error t value 

(Intercept) 723.16 17.65 40.98 

Age 28.19 24.96 1.13 

3DD 7.46 0.57 12.99 

3DH 8.45 5.10 1.66 

Age x 3DD -1.69 0.81 2.09 

Age x 3DH -6.98 7.50 0.93 
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Table 8.  Fixed effects for the linear model with 2D and 3D predictors 

Predictor Coefficient Std. Error t value 

(Intercept) 723.16 17.81 40.61 

Age 28.82 25.18 1.14 

3DD 9.89 1.00 9.90 

3DH 11.72 5.26 2.23 

Area 216.10 59.31 3.64 

2DFix -7.59 0.93 8.18 

2DLV 6.89 2.56 2.69 

Age x 3DD -0.49 1.41 0.35 

Age x 3DH -7.75 7.72 1.00 

Age x Area 149.92 84.26 1.78 

Age x 2DFix 1.35 1.28 1.05 

Age x 2DLV -6.38 3.70 1.72 

The model with 2D and 3D predictors was better than the base model, 

χ
2
(31) = 3,429.46, p < 0.001, AIC = 265,048.64, RMSEResid = 203.08, κ = 21.180, see 

Table 8 for fixed effects.  Moreover, according to the AIC it was a better model of 

drivers’ RT than the model with 2D predictors, the linear model with 3D predictors, or 

the best subsets model with 2D predictors.  However, it worse than the best subsets 

polynomial model with 2D predictors.  Controlling for all other factors, there were 

significant effects of depth of target, horizontal position of target, projected size of target, 

2D spatial separation between the target and fixation, and 2D spatial separation between 

the target and the bumper of the lead vehicle.  Specifically, drivers responded more 

slowly as a function of increased distance, horizontal position, age, projected size, and 

2D spatial separation between the target and the lead vehicle.  However, drivers 

responded more rapidly as a function of increased 2D spatial separation between the 
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target and the location of fixation.  There was no significant effect of age or significant 

interactions between these factors and age.  As in Experiment 2, the direction of the 

effect of increased projected size changed between the model with only 2D predictors 

and the model with 2D and 3D predictors. 

As in Experiment 1, the 2D and 3D statistical models examined in this experiment 

operate on inputs that have highly structured relationships.  For example, it is an 

unavoidable function of projection geometry that objects that are nearer the observer have 

larger projections.  For example, in this study the correlation between projected size and 

simulated distance was very high, r = .96.  Given this degree of collinearity, regression 

coefficients will tend to have large standard errors, which will reduce the likelihood of 

finding significant effects.  Nevertheless, the addition of a distance fixed effect to the best 

subsets 2D linear model–that has already had a random effect of distance added– yields 

an improvement in the model fit, χ
2
(1) = 70.09, p < .001, κ = 12.11.  The same finding 

occurs when adding a fixed effect of distance to the best subsets 2D polynomial model, 

χ
2
(1) = 9.35, p = .002, κ = 526.3. 

Comparing Experiment 2 and Experiment 3.  A model was fit comparing the 

effect of simulated depth across Experiments 2 and 3.  In order to conduct this analysis 

data from Experiment 2 was used (that included only the trials with small lights that 

matched the size of the lights in Experiment 3) and was compared with the 3D predictor 

model from Experiment 3.The effect of depth was greater in Experiment 3 (b = 7.46 

ms/m, bse = 0.57 ms/m) than in Experiment 2 (b = 5.91 ms/m, bse = .49 ms/m), Z = 2.05, 

p = .04 (Clogg, Petkova, & Haritou, 1995; Cohen, Cohen, West, & Aiken, 2003, 
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pp. 46-47; Paternoster, Brame, Mazerolle, & Piquero, 1998).  These results were 

replicated using a mixed model with both datasets that included the simulated distance by 

experiment interaction with only random intercepts, t = 2.77, b = .69, p by Monte Carlo 

Simulation = .006.   

In a separate analysis, the effects of 2D Spatial Extent between fixation and the 

light target were examined across the two experiments using the RT data.  The reduction 

in RT associated with fixations further away from the light in Experiment 3 was 

significantly greater than the effect observed in Experiment 2, t = 20.17, b = -31.35. 

Discussion 

If the effects of depth in Experiment 1 and Experiment 2 were solely due to 

higher order processes like prioritization and decision making, then the reduced 

importance of the dimension of depth, by using a primary task that did not require 

processing depth, should have attenuated the effect of depth.  However, I found the 

opposite pattern of results.  This is consistent with the hypothesis that perceptual 

information for depth is processed and is relevant for attentional selection to a similar 

degree regardless of task relevance.   
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Discussion 

Visual spatial attention is a mechanism by which observers are able to exclude 

information at irrelevant locations and allow or enhance the processing of information at 

relevant locations.  Research motivated by spotlight, zoom lens, and 2D gradient theories 

of attention has demonstrated three nearly incontrovertible properties of visual spatial 

attention.  Specifically, the spatial extent of attention can vary in size, is continuous, and 

decreases monotonically as a function of distance from the central focus of attention.  

Although research evidence with regards to the effects of age on the properties of 

attention is much less clear, a major viewpoint is that visual attention declines with age 

(Ball & Owsley, 1993).  Previous research has shown that depth is relevant in the 

allocation of attention for younger and older adults (Atchley & Kramer, 1998, 2000; 

Theeuwes, Atchley, et al., 1998).   

Given these findings, the experiments of this dissertation examined two 

hypotheses.  The first hypothesis examined is that 3D spatial attention is based on the 3D 

representation of the scene.  Four predictions were considered for the first hypothesis.  

First, that the allocation of attention in depth is not a consequence of the projected size or 

2D spatial separation of the targets but due to their perceived position in depth.  Second, 

that 3D spatial attention will occur for stimuli that do not include binocular disparity as a 

source of depth information.  Third, that 3D spatial attention effects will not be dependent 

on eye fixation.  Forth, that similar 3D spatial effects will occur with different tasks 

regardless of whether the task requires processing depth information.    
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A second hypothesis examined in the experiments is that the spatial extent of 

attention is reduced for older individuals as compared to younger individuals.  For this 

hypothesis I predicted that a reduction in spatial attention along the depth axis would be 

observed for older individuals as compared to younger individuals.  Let us examine the 

evidence in support of these two hypotheses separately. 

3D Representation Hypothesis 

Some may think that the hypothesis that 3D spatial attention is based on the 3D 

representation of the scene, and the predictions based on this hypothesis, are just common 

sense.  After all, most people have at one time or another found that they were so 

engrossed in the task before them that they failed to process information going on in the 

room at the same time.  Likewise, upon reflection, it is easy to notice that if a driver 

several car lengths ahead engages in a dangerous maneuver, then attention is drawn 

towards that vehicle even when one chooses to keep their eyes on the road in front of 

them.  Unfortunately, relative to research on 2D attention, there has been very little 

research on 3D attention.  Therefore, testing these predictions is an important step in 

developing a necessary foundation for future empirical research. 

Evidence for prediction 1.  One of the first experiments exploring the topic of  

3D attention presented stimuli on a rectangular board in front of participants at distances 

less than 2m (Downing & Pinker, 1985).  One concern with presenting stimuli in this 

manner is that many potentially confounding 2D factors are correlated with the depth of 

presented stimuli.  The first prediction based on the 3D representation hypothesis is that 
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the allocation of attention in depth is not a consequence of the projected size or 2D spatial 

separation of targets but due to the perception of targets having a position in depth.  This 

prediction was tested using statistical and experimental controls. 

Statistical control.  If the 3D attention effect is not just a consequence of 

projected size or 2D spatial separation due to perspective, then the effect should remain 

after statistically controlling for projected size and 2D spatial separation.  In these 

experiments, the central focus of attention for the primary task of car following was the 

location of the lead vehicle.  Due to perspective, light targets that were closer in depth 

had a greater projected size than those that were further in depth.  Therefore, it was 

possible to calculate the projected size of the light target given its position relative to the 

driver.  In addition, due to perspective, light targets that were closer had a greater height 

in the visual field relative to the lead vehicle.  It was also possible to calculate the visual 

angle of the light target relative to the position of the lead vehicle.  Both of these values 

were used in statistical models to assess the effects of projected size of the light target 

and 2D spatial separation of the light target relative to the central focus of attention on the 

RT of drivers. 

 In Experiment 1, the 3D attention effect remained statistically significant after 

controlling for changes in projected size.  The effects of target 2D spatial separation 

relative to the central focus of attention were not assessed for reasons discussed in that 

experiment.  In both Experiment 2 and 3, the 3D attention effect remained statistically 

significant after controlling for these 2D variables.  However, see the penultimate section  
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Experimental control.  If the 3D attention effect is not just a consequence of 

projected size or 2D spatial extent due to perspective, then the effect should remain after 

experimentally controlling for projected size and 2D spatial separation.  In Experiment 2, 

such an experimental control was performed.  Two sets of matched conditions were 

created to generate stimuli that were identical in projected size and 2D spatial position 

(i.e., both vertical and horizontal 2D spatial separation between the lead vehicle and the 

light target) when the light changed.  The analysis of these matched conditions showed a 

138.5ms difference on average between RT for lights matched for projected size and 2D 

spatial position simulated at a distance of 30m and 60m.  This is less than 40ms less than 

the value predicted by the 3D predictor only statistical model in the same experiment and 

remarkably similar to the statistical model results from Experiments 1 and 3.  Therefore, 

there is some evidence that the majority of the 3D attention effect, even for experiments 

lacking controls for projected size and 2D spatial separation, was due to depth of the 

targets and not the 2D factors associated with that depth. 

Conclusion.  The results from the statistical and experimental control experiments 

are quite clear, the allocation of attention in depth is not a consequence of the projected 

size or 2D spatial separation of targets relative to the focus of attention, but due to the 

perception of targets having a position in depth.  Admittedly, other explanations 

involving 2D characteristics are possible, e.g. the movement rate of lights was different, 

the rate of change in projected light size after change is different, etc.  However, none of 

those explanations are particularly plausible.  It is difficult to eliminate the alternative 

explanation that the 3D attention effect in this paradigm is a consequence of task strategy.  
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However, there is evidence from Experiment 2 and Experiment 3 that it is implausible 

certain elements of task strategy are involved in creating the 3D attention effect.  In 

Experiment 2, the RT of drivers to light changes was a more reliable function of distance 

of the light to the lead car than was distance from the driver.  This suggests that the 3D 

attention effect is not likely attributable to dynamic reprioritization of response priority as 

a function of light distance.  In Experiment 3, the RMSE results in the lane following task 

showed no reliable or large differences as function of light change distance that would 

suggest that task emphasis did not change as a function of light change distance.  In 

addition, average travel velocity in Experiment 1, 2, and 3 was such that drivers could 

have responded as slowly to the near lights as to the far lights before the light targets 

were projected outside the field of view.  Therefore, the most plausible conclusion would 

seem to be that Prediction 1 was supported by these experiments; the allocation of 

attention in depth is not a consequence of the projected size or 2D spatial separation 

between targets and the lead vehicle but due to their perceived position in depth.   

Evidence for prediction 2.  The second prediction based on the 3D 

representation hypothesis is that 3D spatial attention will occur for stimuli that do not 

include binocular disparity as a source of depth information.  In order to eliminate the 

confounding variables of projected size and 2D spatial extent, Andersen made use of 

random dot stereograms (Andersen & Kramer, 1993; Andersen, 1990).  Random dot 

stereograms are perceived as random patterns of dots when viewed monocularly, but 

when viewed binocularly shapes offset in depth appear.  The advantage of using random 

dot stereograms stimuli to establish the existence of 3D attention is that no 2D 
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information for depth is available.  However, these types of displays have relatively low 

ecological validity in that in natural scenes binocular disparity is never the only source of 

depth information.  Moreover, approximately 20% of the population has some degree of 

stereo deficit (Richards, 1970) and stereo disparity becomes a relatively weak cue at 

distances frequently involved in driving tasks, i.e., beyond 2m (Cutting & Vishton, 1995; 

but also cf. Palmisano, et al., 2010 for a complete review and alternative view).  

However, the majority of research on visual spatial attention in depth has used binocular 

disparity as the primary source of information for depth (Andersen & Kramer, 1993; 

Andersen, 1990; Atchley et al., 1997; Atchley & Kramer, 1998, 2000; Theeuwes, 

Atchley, et al., 1998).  Other research that has not used binocular disparity as a source of 

information for depth provided only statistical controls for projected size (Andersen et al., 

2011).  Therefore, if there are multiple representations of depth for each source of depth 

information (Landy et al., 1995), then it is possible, that visual spatial attention is 

allocated according to binocular disparity rather than to depth.  In contrast, if the 3D 

representation hypothesis is correct, then 3D spatial attention effects will occur for 

stimuli that do not include binocular disparity as a source of depth information.   

The present experiments consistently demonstrated 3D attention effects in the 

absence of binocular disparity information for depth.  These results provide evidence that 

the 3D spatial attention is not dependent on binocular disparity as a source of depth 

information.  However, as these experiments lacked a manipulation of binocular 

information, it is possible that a type of spatial attention exists that is based on disparity.  

Therefore, although it is reasonable to conclude that binocular disparity information is 
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not needed in order to direct attention in depth, an important goal of future research 

would be to examine the effects of presence and absence of binocular disparity directly.  

Evidence for prediction 3.  The third prediction based on the 3D representation 

hypothesis is that spatial attention effects will not be dependent on eye fixation.  One 

method of demonstrating this disassociation in previous experiments has been to present 

stimuli very briefly (under 100ms) so that participants' do not have enough time to move 

their fixation.  Using this method, previous research has demonstrated that processing 

advantages can occur in attended to, but non-fixated, locations (Posner et al., 1978, 

1980).  Moreover, the majority of previous experiments investigating 3D visual-spatial 

attention have displayed targets very briefly to prevent changes in eye vergence 

(Andersen & Kramer, 1993; Andersen, 1990; Atchley et al., 1997; Theeuwes, Atchley, et 

al., 1998).  Consequently, in those experiments no changes in fixation could occur.  

Therefore, 3D attention effects in those experiments cannot be attributed to eye fixation.  

However, in the context of driving short presentation times are not an ecologically valid 

method of preventing eye fixation location from being an alternative explanation for 

observed 3D attention effects.  For this reason, in Experiments 2 and 3 drivers wore a 

head mounted eye-tracker and their location of eye fixation at the time the light changed 

was measured. 

Previous research has shown that frequently individual fixations are disassociated 

from endogenous attention.  Specifically, attention shifts prior to fixation shifts (J. E. 

Hoffman & Subramaniam, 1995; Kowler, Anderson, Dosher, & Blaser, 1995), cognitive 

processing is not restricted to the fixation location (Ball et al., 1988), eye fixation can be 
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captured exogenously (Theeuwes, Kramer, Hahn, & Irwin, 1998), and cognitive 

processing can occur during eye movements (Irwin, Carlson-Radvansky, & Andrews, 

1995).  Therefore, I expected that 2D fixation locations would not explain the observed 

3D attention effects. 

As in previous research (Andersen et al., 2011), eye fixation data was collected to 

assess the spatial distribution of eye fixations.  In addition, I assessed the average location 

of eye fixation and included 2D spatial separation between eye fixation and the target as a 

control variable in statistical models that also include projected size and 2D spatial 

separation between the focus of attention and the light target.   

Spatial variability of fixations.  Similar to previous research (Andersen et al., 

2011), the results of Experiment 2 and 3 indicated that drivers tended to have fixations 

that were more variable in 2D spatial location relative to the 2D spatial location of the 

lead vehicle when targets were positioned closer in depth.  As with average location of 

fixation, older drivers had a greater variability in their location of eye fixation than 

younger drivers in Experiment 2, but not in Experiment 3.  However, as there were no 

systematic differences as a function of age in for this variable in Experiment 3, the only 

notable point about this result is that it had no statistically reliable impact on RT related 

to spatial position in depth. 

Average location of fixation.  In Experiment 2 and 3, drivers tended to have 

fixations that were further away in 2D spatial separation from the lead vehicle when the 

light targets were position closer in depth..  In Experiment 2, older drivers had fixations 

that were further away from the lead vehicle than younger drivers, and this difference 
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became larger at closer light distances than for further light distances.  Although there 

were additional interactions with light size, these are difficult to interpret because light 

size was confounded with light height in order to enable the matching of conditions for 

projected size and 2D spatial separation.  In Experiment 3, the same pattern of greater 

average fixation distances occurred for nearer light change targets than for further light 

change targets.  However, there were no interactions between this factor and age. 

It is unlikely that these different patterns in average spatial 2D separation between 

light change and fixation can account for the 3D attention effects observed in these 

experiments.  An examination of a plot of the density of fixation points suggests that the 

majority of fixations were position near the lead vehicle.  Given that drivers could not 

know on which side of the light array changes would occur, fixations further from the 

lead car are unlikely to have resulted in a processing advantage unless the fixations were 

located higher in the display (and closer to the location of the light array).  However, the 

concentration of fixations here appeared no different than in other locations on the light 

array suggesting that this was not a strategy adopted by drivers. 

Location of eye fixation and RT.  Statistical models fit to the RT data from 

Experiment 2 and 3 explored the relationship between eye fixation location and 3D 

attention.  In Experiment 2, in a model with other 2D predictors, the 2D spatial extent of 

eye fixation was not a significant predictor of RT.  In Experiment 3, it was a significant 

predictor of RT.  However, the statistical model shows that, after controlling for other 2D 

factors, participants whose fixation had a larger 2D spatial extent relative to the target 

responded more rapidly than those whose fixation had a smaller 2D extent relative to the 
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target.  After controlling for the effects of 2D spatial extent, the 3D attention effect 

remained significant.  A direct comparison of these two experiments demonstrated that 

the effects observed were significantly different between Experiment 2 and Experiment 3.  

This may indicate that the lane following task lead to a greater, but paradoxical, 

importance of eye fixation location.  However, there are many other possible 

explanations for this effect (e.g., bad timing leading to inhibition of return, Casagrande et 

al., 2012).  However, future applied research should consider instructing participants on 

task strategies to determine whether this effect reflects an advantage associated with not 

moving fixation (Fehd & Seiffert, 2010; Posner, et al., 1978; Smilek, Enns, Eastwood, & 

Merikle, 2006; Watson, Brennan, Kingstone, & Enns, 2010) 

Evidence for prediction 4.  The forth prediction of the 3D representation 

hypothesis is that similar 3D spatial effects will occur with different tasks.  In support of 

this prediction, regardless of workload or primary task, 3D spatial attention effects were 

observed in all three experiments under every task condition.  Specifically, the nature of 

the primary task was different between Experiment 2 and 3, but effects were observed in 

both experiments, and the difficulty of the task was manipulated within Experiment 1, but 

3D spatial effects were observed under both high and low workload conditions.  

Although these results are sufficient to address the prediction of the 3D representation 

hypothesis, it is also possible to examine the nature of these results to see what other 

characteristics of 3D spatial attention can be identified. 

Different primary task.  A comparison of equivalent models between Experiment 

2 and Experiment 3 found that the 3D attention effect was larger in Experiment 3 than in 
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Experiment 2.  This difference is consistent with the 3D representation hypothesis.  In 

Experiment 2, because the lead vehicle was changing depth (due to changes in speed), the 

allocation of attention might be expected to be more diffusely focused in depth than in 

Experiment 3 where the depth of the lead vehicle was constant. 

Although this result is consistent with the prediction and previous work showing 

that depth is a privileged stimulus dimension for conjunctive search (Nakayama & 

Silverman, 1986), this result cannot be viewed as definitive because performance took 

place in different task contexts and task strategy or workload may have been qualitatively 

different between Experiment 2 and Experiment 3.  For example, in Experiment 2, 

drivers responded to large and medium lights on other blocks of the experiment.  If this 

resulted in a change in task strategy that persisted during task performance on small light 

blocks, then that might serve as an alternative account for the observed effects.  

Workload.  Previous research has shown that dual-task difficulty moderates 2D 

attention (Ball et al., 1988).  According to a unitary resource theory of attention, demands 

in some attentional domains should affect others (Kahneman, 1973).  Likewise, according 

to a common formulation of multiple resource theory, demands in one task have an effect 

on performance of other tasks when there is overlap in the  sensory modality, the coding 

of information (verbal or spatial), or response modality (Wickens, 1991).  Other 

experiments have even demonstrated that performance decrements can occur even when 

overlaps in sensory modality, coding, and response modality are unexpected 

(Strayer & Johnston, 2001).  In Experiment 1, I manipulated workload by adjusting the 

amplitude of the sine waves that specified the speed changes of the lead vehicle.  Given 
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that the car following task and the light detection task overlapped in at least the sensory 

(visual) and response (manual) modalities, resource theories of attention would predict 

that under high workload there will be less residual capacity remaining for the light 

detection task and potentially therefore a larger 3D spatial attention effect 

(Wickens, 2008).   

Consistent with previous research (Andersen et al., 2011), younger and older 

drivers did not demonstrate a change in the magnitude of their 3D attention effect as a 

result of changes in workload.  It is unclear how these results can be accounted for by 

multiple resource theory.  This result may seem to suggest that the resources of spatial 

attention are distinct from the resources used in the performance of the car following task 

and that therefore the workload demands were separate (Hart & Staveland, 1988).  

However, it is of course possible that other workload manipulations would, e.g. the 

matrix span task (Kane et al., 2004), a spatial memory task that requires spatial coding.  

An important goal of future research will be clarify the similarities and distinctions 

between mechanism of attention and to improve the nomenclature used (Friedman & 

Miyake, 2004; Hart & Staveland, 1988; Hartley & Kieley, 1995; Kane, Poole, Tuholski, 

& Engle, 2006; MacLeod, Dodd, Sheard, Wilson, & Bibi, 2003; Miyake et al., 2000; 

Poole & Kane, 2009).  In specific regards to visual attention, an important goal of future 

research will be to clarify the distinctions between the types and roles of visual attention 

in response competition, cue validity, and visual search experiments. 



 

102 

Age-related Difference in Spatial Attention Hypothesis 

It is generally accepted that visual attention declines with age (Ball & Owsley, 

1993).  Research has shown that older adults have an increased risk of automotive 

accidents (Evans, 2004; Tefft, 2008) and that the UFOV®, a purported test of visual-

spatial 2D attention, can predict accident risk and performance in driving tasks for older 

drivers (Clay et al., 2005; L. Hoffman et al., 2005; Myers, Ball, Kalina, Roth, & Goode, 

2000; Owsley et al., 1998; Roenker, Cissell, Ball, Wadley, & Edwards, 2003; Sims et al., 

2000).  Therefore, it seems likely that age-related changes in visual-spatial attention are 

relevant for driving.  However, depth is not relevant in the useful field of view test.  

Given these previous findings and other research that has shown that depth is relevant in 

the allocation of attention for younger and older adults (Atchley & Kramer, 1998, 2000; 

Theeuwes, Atchley, et al., 1998), it seems reasonable to expect that older adults would 

likewise show reductions in the spatial extent of 3D attention.  Therefore, the second 

hypotheses examined in the current experiments is that attention is reduced for older 

individuals as compared to younger individuals.   

Prediction 5.  The fifth prediction of the this experiment, and the only prediction 

of the age-related difference in 3D spatial attention hypothesis, is that a reduction in 

spatial attention along the depth axis would be observed for older individuals as 

compared to younger individuals.  Contrary to this prediction, previous experiments on 

the issue of 3D attention and aging have failed to identify differences in the spatial extent 

of 3D attention in depth associated with age (Atchley & Kramer, 1998, 2000; Theeuwes, 

Atchley, et al., 1998).  However, given that some age-related differences in 2D attention 
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required relatively complex 2D displays and multiple task performance (Ball et al., 

1988), it was expected that perhaps the same might be true of 3D attention.  Relative to 

previous experiments (Atchley & Kramer, 1998, 2000; Theeuwes, Atchley, et al., 1998), 

the current experiment had a more complex display and more complex task demands.  

However, across all three experiments there was no decrement in the spatial extent of 

attention in depth as a function of age.  

Notably, the results from the statistical models in Experiment 3 showed the 

opposite effect.  In that experiment, the increase in RT as a function of distance was less 

for older drivers relative to younger drivers, suggesting that the spatial extent of attention 

in depth was greater for older drivers than for younger drivers.  Similarly, the statistical 

models in Experiment 1 identified age related differences in the horizontal spatial extent 

of attention as a function of distance.  However, horizontal spatial extent of attention at 

near distances was the same for younger and older drivers with the largest age-related 

difference occurring for targets at the greatest distance in depth and horizontal position 

relative to the vehicle.  Although these results are qualitatively different, they reflect a 

similar result in that both indicate that older drivers had a broader spatial extent of 

attention at the far distance than did younger drivers.  However, it is unknown whether 

this result reflects a failure of visual attention for older drivers resulting in a failure to 

filter information on the basis of depth, or whether it reflects the habitual task strategies 

of expert road users versus relative novices.  Future research may involve recruiting 

slightly older younger participants who have achieved expertise in the task of driving to 
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determine which explanation is more plausible.  There was no reliable pattern of either 

type in Experiment 2. 

Given the unexpected nature of the current findings, it is unclear whether 3D 

visual spatial attention is a relevant predictor of crash risk for older drivers.  An important 

next step for future research would be to define clearly what the resources of visual 

spatial attention are, how it relates to task expertise in the context of driving, and how it 

operates in relation to other cognitive processes. 

Linearity and Multicollinearity.  

Linearity.  It is a common property for many statistical models, including all of 

the models employed here, that the relationship between outcomes and predictors be 

linear according to some selected scale.  A decision about the appropriate type of 

transformation to make needed to be made for every variable in these experiments.  

However, it was not practical to examine every possible factorial combination of 

transformations.  Moreover, non-linear transformation of one of any given pair of 

predictor variables can result in, or eliminate, interactions between variables that might 

otherwise be present (Sternberg, 1969).  Given that the primary aim of this work was to 

identify an interaction, i.e. differences in the 3D attention effect as a function of age, it 

was necessary to identify a principled approach to variable transformation if any 

transformation were to be performed at all. 

Principled non-linear transformations of variables are undertaken for two reasons.  

First, to increase the extent to which the model meets the assumptions of statistical tests, 
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i.e. to increase normality.  However, it is generally accepted that violations of this 

assumption produce costs to statistical power but do not increase Type I error rate.  

Therefore, this was not considered to be a sufficient motivating factor.  The second 

reason to transform variables is to adjust the scale of two variables of known scale such 

that they will have a linear relationship.  However, there is at least one reason to suspect 

that a transformation of this type is not possible in the case of RT and 3D spatial 

separation.  Research has shown that egocentric depth judgments of older adults are 

approximately veridical, but that the judgments of younger adults underestimate target 

distance to an increasing degree as a function of distance (Bian & Andersen, 2012).  If 

the differences observed in egocentric depth judgments reflect an underlying 

psychological scale of depth, then it would be very difficult to determine whether 

differences in the 3D attention were due to changes in attention or changes in the internal 

representation of space.  If there are age-related changes in the internal representation of 

space that are anything other than an additive shift, then it would be the case that no 

single transformation would be appropriate for both age groups.  Moreover, in the 

literature I reviewed there appeared to be no consistent precedent for any particular 

non-linear transformation of RT, 2D space, or 3D space.  Therefore, to yield models that 

were maximally interpretable and to avoid creating interactions by transforming the data, 

I decided to leave variables untransformed.  Regardless, in the best subsets analyses I 

allowed for the prediction of models with 2D predictors including polynomial terms.  

This was not a principled analytic approach to addressing potentially intractable issues of 
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the linearity of 2D and 3D space relative to RT. These analyses were performed to 

address potential criticisms of the approach I selected. 

Multicollinearity.  In interpreting the results from the statistical models in this 

dissertation, it is important to recall that there are mathematically defined relationships 

between target depth, 2D spatial separation, and projected size.  This raises concerns 

regarding multicollinearity, i.e. high bivariate or multivariate relationships between 

variables (Cohen et al., 2003).  Specifically, when multicollinearity is high two problems 

occur (Cohen et al., 2003).  First, the standard errors of the estimated coefficients 

increase.  Second, it can be difficult to interpret the regression coefficients. 

With regard to the first issue, it is generally true that multicollinearity increases in 

the standard error of the estimates.  As these error estimates form the denominator for 

resulting inferential statistics, the typical consequence of multicollinearity is reduced 

statistical values, and thereby a decreased chance of rejecting the null hypothesis.  This 

suggests that if multicollinearity was an issue, then Type I error was not likely to be an 

issue.  The more common concern with multicollinearity is that it reduces the probability 

of Type II errors, although some simulation studies with this class of model suggest this 

issue may not be of great concern (Barr, et al., 2013).   

The second issue–increased difficulty in interpreting regression coefficients–is of 

much greater concern.  For example, in Experiment 2 and Experiment 3 the effect of 

projected size changed direction between a model with only 2D predictors and a model 

with 2D and 3D predictors.  This kind of result is often thought to either reflect statistical 

suppression or unacceptably high multicollinearity (Cohen et al., 2003).  The threshold 
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for severe issues of multicollinearity for the index of multicollinearity I calculated, 

condition number (κ), is usually reported to be 30 (Baayen, 2008; Cohen et al., 2003).  

Some of the best subsets models reported in the Appendices exceeded this value to a 

notable degree.  The result is a consequence of unavoidably increased collinearity 

associated with the use of polynomial models and likely overfitting due to the procedure 

used.  In the case of the models with only 2D or 3D predictors, κ was within acceptable 

limits.  However, the models with both 2D and 3D predictors were much closer to the 

typical threshold for concern regarding multicollinearity.   

Interpretation.  The interpretations of these models should be made with caution.  

I have suggested that the reversal in the sign of the projected size predictor might reflect 

an underadditive effect of depth at near distances, i.e. a non-linearity in the effect of 

depth (see results section for Experiments 2 and 3).  However, alternative explanations 

are possible (e.g. non-linearity in the effect of projected size or that RT is not on an 

interval scale).  Future research should be cautious when including 2D and 3D predictors 

in the same statistical model as it might result in results that are difficult to interpret.   

However, models with only 2D predictors are interpretable in terms of 2D space 

whereas models with only 3D predictors are interpretable in terms of 3D space.  The 

parsimony of these models may be directly compared for any given outcome, and that 

result is interpretable.  With regard to the present results, the models with 3D predictors 

were better than similar models with 2D predictors.  In the case of Experiment 2, models 

with 3D predictors were better than linear or polynomial best subsets models.  These 

assessment of model quality relies on assumptions of linearity and penalize nonlinear 
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models for having additional parameters (cf. the Analytic Methods in the first chapter for 

a brief review of what penalization means in this context).  However, if linearity is a 

reasonable null hypothesis, then any transformations prior to model comparisons should 

be considered as a hidden assumption for which the resulting models were not being 

appropriately penalized.  Therefore, it may be reasonable to conclude that, on the basis of 

statistical results, the more parsimonious model is a 3D model of attention.  

Conclusions 

There has been strong evidence in favor of the 3D spatial attention  in well 

controlled experimental studies (Andersen & Kramer, 1993; Andersen, 1990).  There also 

has been evidence in favor of the same hypothesis in a less well controlled, but more 

ecologically valid, simulator study (Andersen et al., 2011).  The current experiments 

continued the investigation of the 3D spatial attention in a context that was ecologically 

valid but retained a reasonable degree of experimental control.  The results from these 

experiments support the hypothesis that visual spatial attention can be allocated 

according to spatial position in depth when driving and viewing driving scenes.  

Although the experimental design did not allow for a full investigation of the issue, the 

results I observed were consistent with the hypothesis that visual spatial attention is 

allocated in depth and is based on a 3D representation of the scene.  Older and younger 

drivers alike are able to deploy visual spatial attention in depth and the presence of 

binocularity disparity information for depth is not critical.  However, these experiments 

were not able to elucidate the characteristics of the resources that are allocated in depth.  I 
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observed no consistent effects of age or workload on the allocation of attention in depth, 

but there were some indications in two experiments that the spatial extent of 3D attention 

may be broader for older drivers than for younger drivers.  Additional experiments will 

be needed to clarify the factors underlying these differences and whether they are 

characteristics of the mechanism of visual spatial attention or better attributed to the task 

strategies of drivers of different ages.  The 3D attention effects observed were similar 

across tasks, lending further credence to the notion that attentional effects occur across a 

variety of tasks.  Finally, an examination of eye tracking data demonstrated that the 

effects of 3D attention are not an epiphenomenal consequence of eye positions at the time 

of light change.  Although considerable progress has been made in these three 

experiments, more research remains to be done to better understand the processes of 3D 

spatial attention.
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Appendix A: Experiment 1 Statistical Details 

Demographics 

Table A9.  Driver Demographic Characteristics (in years) 

Gender Age M SD Minimum Maximum N 

Female Younger 23.06 0.83 22 25 17 

Female Older 75.33 6.27 69 88 12 

Male Younger 27.33 5.86 23 34 3 

Male Older 75.4 6.1 68 87 10 

RMS Error 

Table A10.  Mixed ANOVA on RMS Error (in kph) 

Source df SS MS F p 

Age 1 23.90 23.86 5.58 0.023 

Drivers 39 166.90 4.28   

Workload 1 259.10 259.1 447.48 <2e-16 

Age x Wkl (Workload) 1 0.01 0.01 0.02 0.89 

Age x Wkl x Drivers 39 22.6 0.6   

Table A11.  RMS Error (in kph) 

Age Workload M SD Minimum Maximum 

Young Low 5.11 1.43 2.55 9.27 

Young High 8.64 2.06 4.45 13.52 

Old Low 6.16 1.97 3.23 13.22 

Old High 9.74 1.92 5.88 15.12 
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RT 

 Figure A15.  Density of RTs separated by accuracy and target distance. The solid 

horizontal line refers to the 300ms cutoff selected and the dashed horizontal line refers to 

the 2100ms cutoff selected.  Responses from outside these ranges were excluded from 

analysis  
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Table A12.  Mixed ANOVA on RT (in ms) 

Source df SS MS F p 

Age 1 725924.34 725924.34 3.99 0.052 

Drivers 40 7272227.01 181805.68   

Wkl (Workload) 1 24973.00 24973.00 2.84 0.10 

Age x Wkl  1 33578.42 33578.42 3.82 0.058 

Drivers x Wkl 40 351752.27 8793.81   

3DD 3 11191639.85 3730546.62 294.37 < .001 

Age x 3DD 3 103759.53 34586.51 2.73 0.067 

Drivers x 3DD 120 1520766.97 12673.06   

3DH 2 720714.37 360357.18 50.76 < .001 

Age x 3DH 2 379182.67 189591.33 26.71 < .001 

Drivers x 3DH 80 567938.10 7099.23   

Wkl x 3DD 3 2037.44 679.15 0.12 0.94 

Age x Wkl x 3DD 3 6110.59 2036.86 0.35 0.76 

Drivers x Wkl x 3DD 120 703711.09 5864.26   

Wkl x 3DH 2 1358.19 679.09 0.15 0.88 

Age x Wkl x 3DH 2 3639.67 1819.84 0.39 0.67 

Drivers x Wkl x 3DH 80 372537.05 4656.71   

3DD x 3DH 6 191285.95 31880.99 6.13 < .001 

Age x 3DD x 3DH 6 94777.43 15796.24 3.04 0.012 

Drivers x 3DD x 3DH 240 1249066.04 5204.44   

Wkl x 3DD x 3DH 6 21582.28 3597.05 0.75 0.58 

Age x Wkl x 3DD x 3DH 6 27586.22 4597.70 0.96 0.44 

Drivers x Wkl x 3DD x 

3DH 

240 1148765.32 4786.52   

Note.  p values for all ANOVAs reported in this Appendix are Greenhouse-Geisser 

corrected where appropriate 
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Table A13.  RT (in ms) for Trials Included in RT Analyses 

Group Wkl 3DH 3DD 24m 3DD 36m 3DD 48m 3DD 60m 

Older Low 1.21m 677.92 

(164.72) 

758.21 

(209.78) 

827.13 

(280.40) 

917.28 

(297.23) 

Older Low 3.02m 666.46 

(177.49) 

733.81 

(216.53) 

849.12 

(288.23) 

930.88 

(295.81) 

Older Low 4.83m 680.29 

(178.21) 

768.70 

(234.63) 

841.46 

(282.50) 

942.58 

(309.13) 

Older High 1.21m 716.68 

(217.04) 

771.31 

(231.58) 

831.80 

(271.02) 

943.20 

(351.77) 

Older High 3.02m 678.71 

(232.62) 

770.63 

(272.02) 

846.13 

(292.02) 

939.29 

(323.69) 

Older High 4.83m 682.67 

(179.46) 

788.09 

(271.06) 

882.18 

(281.80) 

996.02 

(342.03) 

Younger Low 1.21m 587.93 

(155.63) 

650.26 

(203.38) 

746.11 

(269.03) 

842.29 

(300.82) 

Younger Low 3.02m 591.47 

(155.28) 

714.66 

(253.59) 

771.50 

(266.66) 

909.47 

(347.67) 

Younger Low 4.83m 617.31 

(163.89) 

775.88 

(246.96) 

908.80 

(350.39) 

981.01 

(365.35) 

Younger High 1.21m 575.69 

(150.30) 

658.67 

(207.27) 

773.75 

(283.83) 

821.32 

(293.02) 

Younger High 3.02m 595.29 

(184.45) 

718.94 

(275000) 

766.53 

(283.58) 

894.43 

(353.26) 

Younger High 4.83m 618.14 

(175.84) 

761.59 

(271.55) 

887.23 

(333.40) 

998.20 

(362.97) 

Note:  Values in parentheses are standard deviations within that cell of the design.  All 

cells presented in this table represent between subjects means and do not reflect the 

within subjects analyses performed for hypothesis testing. 
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Accuracy 

Table A14.  Mixed ANOVA on Accuracy (Proportion of Correct Responses) 

Source df SS MS F p 

Age 1 0.0130 0.0130 2.90 0.10 

Residuals 40 0.1798 0.0045   

Wkl 1 0.0020 0.0020 2.20 0.15 

Age x Wkl 1 0.0002 0.0002 0.21 0.65 

Drivers x Wkl 40 0.0357 0.0009   

3DD 3 0.3161 0.1054 30.20 < 0.001 

Age x 3DD 3 0.0021 0.0007 0.20 0.90 

Drivers x 3DD 120 0.4187 0.0035   

3DH 2 0.0042 0.0021 1.09 0.34 

Age x 3DH 2 0.0038 0.0019 0.99 0.38 

Drivers x 3DH 80 0.1528 0.0019   

Wkl x 3DD 3 0.0069 0.0023 1.41 0.24 

Age x Wkl x 3DD 3 0.0004 0.0001 0.07 0.97 

Drivers x Wkl x 3DD 120 0.1974 0.0016   

Wkl x 3DH 2 0.0017 0.0008 0.51 0.60 

Age x Wkl x 3DH 2 0.0025 0.0013 0.78 0.46 

Drivers x Wkl x 3DH 80 0.1304 0.0016   

3DD x 3DH 6 0.0096 0.0016 1.17 0.33 

Age x 3DD x 3DH 6 0.0040 0.0007 0.49 0.82 

Drivers x 3DD x 3DH 240 0.3279 0.0014   

Wkl x 3DD x 3DH 6 0.0077 0.0013 0.68 0.67 

Age x Wkl x 3DD x 3DH 6 0.0164 0.0027 1.43 0.20 

Drivers x Wkl x 3DD x 3DH 240 0.4578 0.0019   

Note:  A logistic mixed effects model was fit to the same data and fixed effects structure 

using only random intercepts by driver.  It identified no significant effect of age or 

interactions between age and other variables of interest, all ps > .30.  It also demonstrated 

significantly higher driver target detection accuracy at distances beyond 24m relative to 

24m.  Given the apparent high degree of agreement between the ANOVA and the logistic 

mixed effect model, no more detailed comparisons were performed. 
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Projected Size, Driver Accuracy, and Simulated Depth Predictor Model 

Table A15.  Fixed Effects for the Projected Size, Driver Accuracy, and Simulated Depth 

Predictor Model 

Predictor Coefficient Std. Error t p 

(Intercept) 787.91 13.96 56.45 < .001 

3DD 7.80 0.62 12.56 < .001 

Area -8.65 73.60 -0.12 .93 

Proportion Correct -19.17 89.28 -0.21 .86 

Note: All factors were mean centered on the overall mean of the individual data points.  

3DD is 3D Depth in meters (M = 42.29).  Target area (M = .15).  Proportion correct 

(M = .9834).  κ = 5.70. 

Table A16.  Random Effects Summary for the Projected Size, Driver Accuracy, and 

Simulated Depth Predictor Model  

Variable (Intercept) 3DD Area 

(Intercept) 7945.25 56.34 -8051.11 

3DD .25 6.28 289.35 

Area -.41 .53 47442.79 

Note:  Variances provided on the diagonal.  Tau is provided above the diagonal.  Tau as 

correlations is provided below the diagonal.  σ
2
 for this model was 64,999.58 on 11,552 

observations within 42 sampling units.
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Appendix B: Experiment 2 Statistical Details 

Demographics 

Table B17.  Driver Demographic Characteristics (in years) 

Gender Age M SD Minimum Maximum N 

Female Older 73.42 4.27 66.00 81.00 12.00 

Female Younger 22.69 1.03 21.00 24.00 13.00 

Male Older 75.50 4.78 69.00 84.00 12.00 

Male Younger 22.64 1.29 20.00 25.00 11.00 

RMS Error 

Table B18.  Mixed ANOVA on RMS Error (in kph) 

Source df SS MS F p 

Age 1 51.47 51.47 14.01 0.0005 

Drivers 46 168.96 3.67   

Target Size (TS) 2 0.08 0.04 0.25 0.78 

Age x TS  2 0.13 0.06 0.42 0.66 

Age x TS x Drivers 92 13.86 0.15   

Table B19.  RMS Error (in kph) 

Age Target Size M SD Minimum Maximum 

Younger Small 5.62 1.20 3.31 9.54 

Younger Medium 5.59 1.18 3.49 9.02 

Younger Large 5.63 1.23 3.37 9.64 

Older Small 6.87 1.35 4.22 10.76 

Older Medium 6.82 1.39 4.33 11.40 

Older Large 6.74 1.46 4.34 11.37 
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RT 

 Figure B16.  Density of RTs separated by accuracy, driver age, and target distance. The 

solid horizontal line refers to the 300ms cutoff selected and the dashed horizontal line 

refers to the 2100ms cutoff selected.  Responses from outside these ranges were excluded 

from analysis  

 

  



 

126 

Table B20.  Mixed ANOVA on RT (in ms) 

Source df SS MS F p 

Age 1 11201367 11201367 60.63 < .001 

Drivers 46 8497898 184737   

Target Size (TS) 2 1904617 952309 105.85 < .001 

Age x TS 2 1780 890 0.10 .893 

Drivers x TS 92 827699 8997   

3D Distance (3DD) 2 10681949 5340975 302.06 < .001 

Age x 3DD 2 61354 30677 1.73 .193 

Drivers x 3DD 92 1626702 17682   

3DH 3 961836 320612 51.09 < .001 

Age x 3DH 3 101745 33915 5.40 .005 

Drivers x 3DH 138 866061 6276   

TS x 3DD 4 119093 29773 8.03 < .001 

Age x TS x 3DD 4 6280 1570 0.42 .780 

Drivers x TS x 3DD 184 681912 3706   

TS x 3DH 6 536230 89372 24.23 < .001 

Age x TS x 3DH 6 69938 11656 3.16 .011 

Drivers x TS x 3DH 276 1018031 3689   

3DD x 3DH 6 72631 12105 3.02 .012 

Age x 3DD x 3DH 6 21597 3600 0.90 .482 

Drivers x 3DD x 3DH 276 1106648 4010   

TS x 3DD x 3DH 12 93423 7785 2.24 .020 

Age x TS x 3DD x 3DH 12 51446 4287 1.23 .273 

Drivers x TS x 3DD x 3DH 552 1917343 3473   
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Table B21.  Average and SD RT (in ms) for trials included in RT Analyses 

Age Target Size 3D Horizontal 

Position 

3DD 30m 3DD 45m 3DD 60m 

Younger  Small 1.2m 566.96 

(133.07) 

635.81 

(193.31) 

713.27 

(199.40) 

Younger  Small 2.4m 570.61 

(137.08) 

653.21 

(192.44) 

753.83 

(252.13) 

Younger  Small 3.6m 600.15 

(153.61) 

706.20 

(217.88) 

830.57 

(266.47) 

Younger  Small 4.8m 654.97 

(194.28) 

744.33 

(252.46) 

901.40 

(365.72) 

Younger  Medium 1.2m 549.02 

(113.12) 

587.78 

(134.75) 

713.80 

(257.27) 

Younger  Medium 2.4m 530.69 

(113.88) 

628.34 

(199.08) 

712.85 

(266.21) 

Younger  Medium 3.6m 565.42 

(154.33) 

636.14 

(195.18) 

722.71 

(238.32) 

Younger  Medium 4.8m 591.40 

(182.09) 

653.03 

(195.96) 

762.61 

(252.21) 

Younger  Large 1.2m 553.21 

(136.75) 

607.94 

(173.24) 

705.84 

(240.94) 

Younger  Large 2.4m 520.85 

(121.97) 

591.75 

(172.81) 

662.65 

(207.82) 

Younger  Large 3.6m 529.06 

(130.54) 

610.04 

(207.09) 

700.75 

(264.10) 

Younger  Large 4.8m 548.25 

(139.55) 

610.17 

(173.84) 

718.35 

(246.34) 
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Age Target Size 3D Horizontal 

Position 

3DD 30m 3DD 45m 3DD 60m 

Older  Small 1.2m 734.90 

(171.45) 

817.59 

(214.85) 

958.41 

(308.55) 

Older  Small 2.4m 712.45 

(190.04) 

798.32 

(220.72) 

912.26 

(288.10) 

Older  Small 3.6m 745.15 

(194.75) 

816.29 

(220.25) 

952.70 

(322.08) 

Older  Small 4.8m 786.35 

(238.82) 

914.68 

(285.92) 

1092.82 

(350.26) 

Older  Medium 1.2m 731.68 

(171.71) 

797.34 

(256.07) 

907.43 

(286.06) 

Older  Medium 2.4m 683.94 

(172.45) 

761.43 

(242.46) 

888.86 

(280.29) 

Older  Medium 3.6m 698.12 

(197.16) 

794.70 

(271.49) 

891.70 

(279.62) 

Older  Medium 4.8m 700.83 

(182.96) 

807.34 

(263.98) 

907.66 

(270.88) 

Older  Large 1.2m 706.65 

(166.32) 

773.71 

(217.70) 

883.54 

(281.93) 

Older  Large 2.4m 668000 

(161.89) 

741.44 

(202.84) 

862.73 

(283.13) 

Older  Large 3.6m 671.46 

(193.52) 

759.25 

(231.84) 

863.12 

(303.37) 

Older  Large 4.8m 714.66 

(216.85) 

784.20 

(253.42) 

893.88 

(286.96) 

Note.  Values in parentheses are standard deviations within that cell of the design.  All 

cells presented in this table represent between subjects means and do not reflect the 

within subjects analyses performed for hypothesis testing. 
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Accuracy 

Table B22.  Mixed ANOVA on Accuracy (in Proportion of Correct Responses) 

Source df SS MS F p 

Age 1 0.0641 0.0641 12.92 0.001 

Drivers 46 0.2280 0.0050   

TS 2 0.0009 0.0004 0.72 0.487 

Age x TS 2 0.0016 0.0008 1.31 0.274 

Drivers x TS 92 0.0547 0.0006   

3DD 2 0.0644 0.0322 13.60 0.000 

Age x 3DD 2 0.0125 0.0063 2.65 0.076 

Drivers x 3DD 92 0.2177 0.0024   

3DH 3 0.0104 0.0035 3.49 0.018 

Age x 3DH 3 0.0014 0.0005 0.46 0.710 

Drivers x 3DH 138 0.1375 0.0010   

TS x 3DD 4 0.0041 0.0010 1.31 0.267 

Age x TS x 3DD 4 0.0105 0.0026 3.33 0.012 

Drivers x TS x 3DD 184 0.1454 0.0008   

TS x 3DH 6 0.0013 0.0002 0.22 0.968 

Age x TS x 3DH 6 0.0027 0.0005 0.47 0.833 

Drivers x TS x 3DH 276 0.2670 0.0010   

3DD x 3DH 6 0.0076 0.0013 1.36 0.233 

Age x 3DD x 3DH 6 0.0035 0.0006 0.62 0.717 

Drivers x 3DD x 3DH 276 0.2587 0.0009   

TS x 3DD x 3DH 12 0.0045 0.0004 0.38 0.972 

Age x TS x 3DD x 3DH 12 0.0173 0.0014 1.44 0.141 

Drivers x TS x 3DD x 3DH 552 0.5495 0.0010   
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Random Effects  

Table B23.  Random Effects Summary for the Model with 2D Predictors 

 (Intercept) 3DD 3DH LS 

(Intercept) 5104.98 64.63 205.07 -2368.49 

3DD 0.40 5.03 0.30 -90.07 

3DH 0.26 0.01 120.32 -654.47 

LS -0.40 -0.48 -0.72 6952.58 

Note.  All variance and correlations for random effects table presented in this appendix 

provide variances provided on the diagonal, Tau above the diagonal, and Tau as 

correlations below the diagonal.  All models were fit on 19,970 observations within 48 

sampling units.  σ
2
 for this model was 45,810.66. 

Table B24.  Random Effects Summary for the Model with 3D Predictors 

Variable (Intercept) 3DD 3DH LS 

(Intercept) 5104.98 64.63 205.07 -2368.49 

3DD 0.40 5.03 0.30 -90.07 

3DH 0.26 0.01 120.32 -654.47 

LS -0.40 -0.48 -0.72 6952.58 

Note:  σ
2
 for this model was 45,810.66. 
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Table B25.  Random Effects Summary for the Model with 2D and 3D Predictors 

 (Intercept) Area 2DFix 2DLV 3DD 3DH LS 

(Intercept) 5257.49 -1180.34 -82.22 244.79 47.49 -25.29 -407.24 

Area -1.00 265.16 17.08 -57.50 -11.56 11.19 109.22 

2DFix -0.32 0.30 12.62 15.61 6.22 -40.62 -147.62 

2DLV 0.41 -0.43 0.53 68.08 21.25 -139.02 -167.91 

3DD 0.22 -0.24 0.59 0.86 8.89 -38.57 -106.59 

3DH -0.02 0.03 -0.58 -0.85 -0.65 390.81 -170.30 

LS -0.07 0.08 -0.52 -0.25 -0.45 -0.11 6443.14 

Note:  σ
2
 for this model was 45,574.62Relative Distance 3D Predictor Model 

Table B26.  Fixed Effects for the Relative Distance 3D Predictor Model 

Predictor Coefficient Std. Error t value 

(Intercept) 651.18 14.41 45.18 

Rel3DD 5.90 0.49 12.03 

Age 155.98 20.39 7.65 

3DH 18.02 2.80 6.43 

LS -200.61 21.14 9.49 

Rel3DD x Age 0.74 0.69 1.06 

Age x 3DH -7.68 3.98 1.93 

Age x LS 6.43 30.04 0.21 

Note: For all model results presented in this appendix, factors were mean centered on the 

overall mean of the individual data points with the exception of driver age, which was 

dummy coded (0 younger drivers, 1 older drivers). 
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Table B27.  Random Effects Summary for the Relative Distance 3D Predictor Model 

Variable (Intercept) Rel3DD 3DH LS 

(Intercept) 4877.79 51.29 202.74 -1969.70 

Rel3DD 0.32 5.13 0.17 -93.58 

3DH 0.26 0.01 129.45 -666.38 

LS -0.34 -0.49 -0.70 6977.43 

Note.   σ
2
 for this model was 45,093.06. 

Best Subsets 

In addition to the models described in the main body to the text, I also attempted 

to perform analyses that should serve to address the concerns of even the most ardent 

critic of the 3D representation hypothesis.  For this reason, I approached these models 

through the use of an exhaustive search algorithm.  Specifically, I identified the three best 

fitting linear regressions for each possible number of non-intercept parameters with the 

restriction that the number of parameters could not exceed 16 (Miller, 2002).  This 

restriction was selected because this was the number of parameters I chose for my 

statistical model of 3D attention.  I used this algorithm twice, once for linear terms only, 

which yielded 43 linear models, and once including the possible inclusion of polynomial 

terms, which yielded additional 48 models.  Then I placed each candidate model into a 

linear mixed effects regression framework by adding within subjects random effects for 

every present non-interacting effect in the model with the exception of driver age and 

evaluated the AIC for each model.  The best subsets linear model with 2D predictors is 

presented in Table B28 below, variance and correlations of random effects are in Table 
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B29, AIC = 272,586.47, RMSEResid = 220.13.  The best model with polynomials had a 

lower AIC, See Table B30 for the fixed effect coefficients of the best subsets polynomial 

model with 2D predictors and Table B31for the random effects. 

Table B28.  Fixed Effects for the Best Subsets Linear Model with 2D Predictors 

Predictor Estimate Std. Error t value 

(Intercept) 651.56 13.42 48.56 

° from Lead Vehicle (2DLV) 4.63 1.84 2.51 

Projected Area in ° (Area) -148.28 7.19 -20.61 

Age 159.46 17.60 9.06 

2DLV x 2DFix -2.51 0.33 -7.56 

2DLV x Area 8.28 1.67 4.95 

2DLV x Age -5.15 2.82 -1.83 

2DFix x Area 3.64 1.49 2.45 

2DFix x Age -2.42 1.22 -1.99 

2DLV x 2DFix x Area 0.95 0.40 2.36 

2DLV x 2DFix x Age 1.25 0.41 3.06 

Table B29.  Random Effects Summary for the Best Subsets Linear Model with 2D 

Predictors 

Variable (Intercept) 2DFix Area 2DLV 3DD 

(Intercept) 5186.39 -83.10 -1307.81 233.54 39.85 

2DFix -0.36 10.06 20.11 -13.56 3.18 

Area -0.61 0.21 875.24 -213.05 -15.97 

2DLV 0.40 -0.53 -0.89 65.68 -0.93 

3DD 0.27 0.49 -0.26 -0.06 4.27 
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Table B30.  Fixed Effects for the Best Subsets Polynomial Model with 2D Predictors 

Predictor Estimate Std. 

Error 

t 

(Intercept) 620.48 13.38 46.38 

2DFix2 -0.84 0.20 4.09 

Area -261.73 12.32 21.24 

Area2 159.93 9.92 16.13 

2DLV2 1.10 0.44 2.48 

Age 159.11 17.11 9.30 

2DFix x Area 1.60 0.32 5.01 

2DFix x 2DLV 0.07 0.09 0.71 

Area x 2DLV -21.34 2.95 7.22 

Area x 2DLV2 9.99 1.05 9.51 

Area2 x 2DLV2 -4.79 0.96 4.98 

Age x 2DFix -0.15 1.46 0.10 

Age x 2DFix 1.25 1.46 0.86 

Age x 2DLV -2.93 2.35 1.24 

2DFix2 x Area x 2DLV2 -0.06 0.02 3.67 

2DFix2 x Age x 2DLV -0.38 0.15 2.61 

2DLV2 x Age x 2DFix -0.05 0.15 0.33 

2DLV2 x Age x 2DFix -0.33 0.15 2.24 

2DFix2 x 2DLV2 x Age 0.11 0.03 4.06 
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Table B31.  Random Effects Summary for the Best Subsets Polynomial Model with 2D 

Predictors 

Variable 1 2 3 4 5 6 7 

1. Intercept 4895.3 -83.5 -1621.3 205.06 -5.26 123.62 7.63 

2. 2DFix -0.25 22.1 -90.3 -19.4 -2.27 74.82 1.37 

3. Area -0.32 -0.26 5298.5 -176.4 10.86 -3117.5 46.99 

4. 2DLV 0.30 -0.42 -0.24 97.88 0.46 39.57 -8.97 

5. 2DFix2 -0.13 -0.85 0.26 0.08 0.33 -5.41 -0.15 

6. Area2 0.04 0.36 -0.96 0.09 -0.21 2009.15 -28.94 

7. 2DLV2 0.09 0.25 0.55 -0.77 -0.22 -0.55 1.37 

Note:  Precision reduced on some values as needed to allow table to fit on page.  

Variances provided on the diagonal.  Tau is provided above the diagonal.  Tau as 

correlations is provided below the diagonal.  σ
2
 for this model was 47,158.40 on 19,970 

observations within 48 sampling units. 
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Appendix C: Experiment 3 Statistical Details 

Table C32.  Driver Demographic Characteristics (in years) 

Gender Age M SD Minimum Maximum N 

Female Older 71.67 4.92 66 82 12 

Female Younger 22.77 2.49 20 30 13 

Male Older 71 3.88 66 77 12 

Male Younger 22.09 1.14 20 23 11 

Table C33.  Avereage and SD RMSE for all trials by age 

Age M SD 

Younger Drivers 1.80 0.17 

Older Drivers 1.90 0.19 

Table C34.  Mixed ANOVA on RMSE Across Light Array Distances 

Source df SS MS F p 

Age 1 0.25 0.25 2.86 0.10 

WAISID 46 4.02 0.09   

3DD 2 0.01 0.00 1.98 0.15 

Age x 3DD 2 0.01 0.01 3.29 0.04 

WAISID x 3DD 92 0.17 0.00   

Table C35.  Average RMSE by age and light array distance 

Age 3DD M 

Younger Drivers 30m 1.74 

Younger Drivers 45m 1.72 

Younger Drivers 60m 1.74 

Older Drivers 30m 1.83 

Older Drivers 45m 1.82 

Older Drivers 60m 1.80 
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Table C36.  Average and SD RT (in ms) for trials included in RT Analyses 

Age 3DD M SD 

Younger Drivers 30m 613.32 150.44 

Younger Drivers 45m 706.94 202.72 

Younger Drivers 60m 835.00 289.30 

Older Drivers 30m 671.15 177.68 

Older Drivers 45m 729.16 206.35 

Older Drivers 60m 842.40 273.38 

Table C37.  Model Predictor Means 

Variable M SD 

Area 0.26 0.15 

2DFix 5.60 3.64 

2DLV 4.90 1.43 

Random Effects 

Table C38.  Random Effects Summary for the Model with 2D Predictors 

Variable (Intercept) Area 2DFix 2DLV 

(Intercept) 7486.20 -9757.85 -92.84 -211.81 

Area -0.64 31047.86 289.44 8.27 

2DFix -0.38 0.58 8.11 -3.86 

2DLV -0.29 0.01 -0.16 72.36 

Note:  All variance and correlations for random effects table presented in this appendix 

provide variances provided on the diagonal, Tau above the diagonal, and Tau as 

correlations below the diagonal.  All models in this Appendix were fit on 19,643 

observations within 48 sampling units.  σ
2
 for this model was 42,706.65 
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Table C39.  Random Effects Summary for the Model with 3D Predictors 

Variable (Intercept) 3DD 3DH 

(Intercept) 7367.93 159.91 -152.91 

3DD 0.69 7.19 2.85 

3DH -0.15 0.09 146.37 

Note.  σ
2
 for this model was 42,321. 

Table C40.  Random Effects Summary for the Model with 2D and 3D Predictors 

Variable (Intercept) Area 2DFix 2DLV 3DD 3DH 

(Intercept) 7505.59 2287.77 -96.84 -133.25 162.03 -110.20 

Area 0.18 22051.39 -274.68 135.26 470.49 -797.33 

2DFix -0.41 -0.68 7.47 -4.90 -7.60 8.44 

2DLV -0.20 0.12 -0.23 58.73 4.97 -76.90 

3DD 0.49 0.84 -0.73 0.17 14.38 -13.20 

3DH -0.09 -0.40 0.23 -0.74 -0.26 183.79 

Note.  σ
2
 for this model was 41,535.70. 

Best Subsets 

The approach taken for Experiment 3 was similar to the approach described in 

Appendix B for Experiment 2.  For Experiment 3, I also attempted best subsets analyses 

to address the concerns of even the most ardent critic of the 3D representation hypothesis.  

In these analysis the exhaustive search algorithm was restricted to a eight parameters 

(Miller, 2002).  This restriction was selected because this was the number of parameters I 

chose to be present in my statistical model of 3D attention.  I used this algorithm twice, 

once for linear terms only, which yielded 21 linear models, and once including the 

possible inclusion of polynomial terms, which yielded additional 21 models.  Then I 
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placed each candidate model into a linear mixed effects regression framework by adding 

within subjects random effects for every present non-interacting effect in the model with 

the exception of driver age and evaluated the AIC for each model.  The fixed effects of 

best model without polynomials is presented in Table C41 below, the variance and 

correlations of random effects are presented in Table C42, AIC = 264,916.7, RMSE = 

202.86 (See Appendix C for random effect correlations and variances).  The best model 

with polynomials had a lower AIC, AIC = 264,889.4, RMSE = 202.51 (see Table C43 for 

the fixed effects and Table C44 for the random effects correlations and variances). 

Table C41.  Fixed Effects for the Best Subsets Linear Model with 2D Predictors  

Predictor Coefficient Std. Error t value 

(Intercept) 670.78 15.87 42.27 

2DFix -6.87 1.06 6.46 

Area -707.21 48.52 14.57 

Age 24.24 22.94 1.06 

Area x 2DLV 237.43 19.81 11.99 

Age x 2DLV 13.86 4.87 2.84 

2DFix x Age* x 2DLV 2.67 0.76 3.50 

2DFix x Age x 2DLV 6.38 0.74 8.61 

2DFix x Area x Age* x 2DLV -7.69 5.21 1.48 

2DFix x Area x Age x 2DLV -18.13 5.10 3.56 

 Note.  All factors were mean centered (cf. Appendix C for means) on the overall mean of 

the individual data points with the exception of driver age, which was dummy coded (0 

for younger drivers, 1 for older drivers).  
*
 represents an age coefficient referring to 

younger drivers suggesting that the best subsets models were fit in an unexpected 

manner. 
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Table C42.  Random Effects Summary for the Best Subsets Linear Model with 2D 

Predictors 

Variable (Intercept) 2DFix Area 2DLV 

(Intercept) 7194.19 -105.01 39566.63 -5287.55 

2DFix -0.46 7.10 -1560.62 189.01 

Area 0.51 -0.64 845853.51 -104570.99 

2DLV -0.55 0.62 -1.00 12982.80 

Note:  Variances provided on the diagonal.  Tau is provided above the diagonal.  Tau as 

correlations is provided below the diagonal.  σ
2
 for this model was 41,373.40 on 19,643 

observations within 48 sampling units. 

Table C43.  Fixed Effects for the Best Subsets Polynomial Model with 2D Predictors 

Predictor Coefficient Std. Error t value 

(Intercept) 675.77 11.45 59.01 

2DFix -9.47 0.66 14.33 

Area -701.15 44.81 15.65 

Area2 2436.09 218.11 11.17 

Area x 2DLV -53.17 7.52 7.07 

Area2 x 2DLV 194.82 40.99 4.75 

Area2 x Age 474.74 168.39 2.82 

2DFix x Area x Age* 24.15 4.04 5.98 

2DFix x Area x Age 44.68 3.91 11.42 

Note.  All factors were mean centered on the overall mean of the individual data points 

with the exception of driver age, which was dummy coded (0 for younger drivers, 1 for 

older drivers). 
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Table C44.  Random Effects Summary for the Best Subsets Polynomial Model with 2D 

Predictors 

Variable (Intercept) 2DLV 2DFix Area Area2 

(Intercept) 5800.01 -96.83 -79.88 -7709.4 19214.30 

2DLV -0.32 16.10 4.66 -171.94 48.31 

2DFix -0.38 0.42 7.69 437.40 -1944.10 

Area -0.36 -0.15 0.55 80897.7 -285246.8 

Area2 0.24 0.01 -0.68 -0.97 1071092.5 

Note:  Precision reduced on some estimates to allow table to fit on page as formatted.  

Variances provided on the diagonal.  Tau is provided above the diagonal.  Tau as 

correlations is provided below the diagonal.  σ
2
 for this model was 41,300.00 on 19,643 

observations within 48 sampling units. 




