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Natural scenes consist of objects of varying shapes and sizes.
The impact of object size on visual perception has been welldemonstrated, from classic mental imagery experiments1,
to recent studies of object representations reporting topographic organization of object size in the occipito-temporal
cortex2. While the role of real-world physical size in perception is clear, the effect of inferred size on attentional selection
is ill-defined. Here, we investigate whether inferred realworld object size influences attentional allocation. Across
five experiments, attentional allocation was measured in
objects of equal retinal size, but varied in inferred real-world
size (for example, domino, bulldozer). Following each experiment, participants rated the real-world size of each object. We
hypothesized that, if inferred real-world size influences attention, selection in retinal size-matched objects should be less
efficient in larger objects. This effect should increase with
greater attentional demand. Predictions were supported by
faster identified targets in objects inferred to be small than
large, with costlier attentional shifting in large than small
objects when attentional demand was high. Critically, there
was a direct correlation between the rated size of individual
objects and response times (and shifting costs). Finally, systematic degradation of size inference proportionally reduced
object size effect. It is concluded that, along with retinal size,
inferred real-world object size parametrically modulates
attention. These findings have important implications for
models of attentional control and invite sensitivity to object
size for future studies that use real-world images in psychological research.
Visual attention is a spatially deployed mechanism enabling efficient processing of a vast array of sensory information3–6. Whereas
spatial selection is a fundamental aspect of attentional deployment, there is a rich history of attention research suggesting that
objects can also be the unit of attentional selection (that is, above
and beyond spatial contribution). In our environment, objects vary
across multiple dimensions, including colour, shape, boundaries, size and semantic meaning. Such object properties enable an
observer to distinguish between different objects, and also contribute to attentional deployment7–14.
While the contributions of some object properties (for example,
object boundaries, strength of object representations) to attention
have been well studied, the contribution of object size to attentional
selection remains ill-defined. Principally, the size of an object on the
retina and the inferred size of an object are independent15–19. For
example, the retinal size of a cup on your desk is larger than that
of a car that can be seen from your window a block away. Changes
in retinal object size that can occur due to a variety of reasons (for
example, changes in depth)20 do not correspondingly reflect changes
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in inferred object size, demonstrating the importance of object context17,21 and the principle of size constancy. Images of real-world
objects, such as those employed in our study, are rich in high-level
information, including information about each object’s real-world
size15,22–24. Therefore, we hypothesize that spatial attentional selection
might in fact be constrained by top-down inferences of object size.
Whether inferred object size affects perception has been at the
centre of much object processing and mental imagery research since
1975. There is strong evidence suggesting that size of real-world
object representations is inferred to be consistent with the true size
of those objects in the environment, such that when participants are
asked to imagine, draw or adjust objects to a preferred viewing size,
large real-world objects are consistently represented as larger than
small real-world objects in each task1,15,25. This consistent visual
size information has been termed canonical size15 and is dependent
on inferences of real-world object size. Further demonstrating the
impact of object size category on object perception, it was observed
that canonical object size representations are automatic, that midlevel object properties such as texture and overall shape are sufficient to distinguish objects of different real-world sizes and that
the topography of occipito-temporal cortex is organized to reflect
canonical object size2,22,23,26 in addition to an object’s perceived size18.
Interestingly, recent evidence also shows that observers are more
likely to miss an object while performing a visual search of a natural
scene if the object size is proportionally inconsistent with the scene
in which it would typically appear (for example, a giant toothbrush
placed on sink)27,28 further supporting evidence suggesting that not
only is an object’s canonical size computed automatically, but that it
has consequence for perception.
Whereas cortical organization seems to reflect differentiation
by an object’s inferred size in addition to the object’s retinal size,
whether such cortical segmentation has direct impact on attentional
selection, rather than general perception, remains unclear. Work by
Castiello and Umiltà29 delineated the effect of retinal object size on
attentional allocation, showing that, in a spatial cueing task, attention
was less efficiently allocated within larger compared with smaller
squares. Findings from this line of work suggest that attentional allocation within large objects is more diffuse while attention in smaller
objects is more focused29. That attention is influenced by the physical
size of the object is then well established, but does the same influence
extend to inferred, rather than physical, size of objects? The potential mechanism is as follows: following computation of the retinal
size of the object, this representation is then influenced, augmented,
by the inferred knowledge of an object’s real-world size either from
occipito-temporal canonical size topography2 or potentially through
the contribution from parietal cortex object representations that are
action-/size-sensitive30,31. These more complex object representations then serve as the basis for attentional selection.
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Fig. 1 | Experimental design. a, A modified Posner cueing task with task-irrelevant real-world objects was employed in experiments 1 and 2. Retinal
size was fixed, while canonical size varied and participants identified target letters. b, Modified Posner cueing task employed for experiment 3, in which
participants identified Gabor patch orientation. c, Post-experiment survey. Subjects ranked size of each object on a scale from 1–6. d, Examples of object
stimuli (domino) used for scrambling, from left: intact, retinotopically scrambled, and fully scrambled. Credit: Domino (a,d), Agarunov Oktay-Abraham;
pool table (a,c), Juan Pablo Bravo; outlet (b), Blaise Sewell (all icons reproduced from https://thenounproject.com/)

Here, we directly investigate whether inferred real-world object
size, rather than simply retinal object size, influences the focus
and shifting of attention within objects. If inferred object size has
direct impact on attentional allocation, the efficiency of allocation
should be modulated by whether an object is inferred to be canonically large (for example, a billiards table) or small (for example, a
domino), as well as by the degree of attentional engagement. We
hypothesized that if attention is influenced by, and thus constrained
by, the functional localization of inferred object size in the occipitotemporal cortex2,15, then attention will be less efficiently deployed
in canonically large objects, in a manner referred to henceforth as
attentional scaling. Conversely, if attention operates solely according to retinal object size, then attention should be allocated at the
same rate, without attentional scaling, across all objects of equal
retinal size (independent of inferred size).
Inferred object size was directly manipulated by creating two
experimental sets of objects. Objects were classified, a priori, into
two groups (canonically small and large) according to a pre-determined metric: objects classified as ‘large’ were body-sized or larger
(for example, billiards table, door), while ‘small’ objects were those
that could be held in hand (for example, domino, cell phone). A
modified Posner spatial cueing paradigm was employed5, with cues
highlighting one end of a single line drawing of a real-world object
presented in the centre of the screen (Fig. 1a). Line drawings were
used to control for viewpoint and low-level information. According
to several controls and metrics, there were no low-level differences
between small and large objects (see Methods). Participants performed a letter T or L target discrimination task with targets presented either at the cued (valid) or uncued (invalid) location within
the object (see Methods). Importantly, while objects subtended the
same physical size, they varied in inferred real-world size (domino
versus billiards table).
We hypothesized that the standard attentional cueing facilitation
should be observed independent of an object’s inferred size, such
that targets will be detected faster and more accurately in validly
cued locations compared to invalidly cued locations, termed the
spatial validity effect and reflecting spatial selection5. Furthermore,
and the contribution here, if attentional allocation scales with the
inferred size of the object, target identification response time will
be slower (and responses less accurate) in large real-world objects
compared to smaller objects, in a diffuse/focused manner analogous to the effect of retinal object size delineated in prior research.
Notably, the influence of object size may be more nuanced than a

categorical difference between small and large objects, as observers have prior knowledge of real-world object size beyond categorylevel15. If allocation scales with increasing inferred real-world size,
a direct relationship should be observed between real-world object
size and response time, such that as objects increase in size, attentional allocation should slow accordingly. To test this, on completion of each experiment, participants rated the real-world size of
each object, in random order, on a scale of one to six (one, very
small; six, very large, see Fig. 1c). This served two purposes: (1)
validating our a priori classification, and (2) elucidating a direct
relationship between an individual’s perception of object size and
corresponding response times.
In the first set of experiments (experiments 1a and 1b), validity
of the spatial cue (75 or 50% valid) was manipulated to test whether
the top-down spatial predictability of the cue modulates the degree
to which object size constrains attention. Given that inference of
object’s real-world size is a top-down process, it was important to
dissociate top-down knowledge from top-down attention. If topdown inference is only triggered by top-down attentional allocation, object size should only constrain attention in the 75% valid
condition. However, if object size has a general effect on attentional
allocation, size-based attentional modulation should be observed
independent of spatial predictability of the cue. To anticipate our
findings, we observed direct evidence that attentional selection is
modulated by inferred object size, independent of cue validity, in a
manner consistent with the attentional scaling hypothesis proposed
here (Fig. 2a,b). These results suggest more efficient deployment of
attention in inferred smaller objects compared to larger objects, analogous to the impact of retinal object size on attention. Importantly, a
strong correlation between participants’ ratings of real-world object
size and response times for individual objects strongly suggest that
attentional allocation scales as a function of individual real-world
object size, rather than just size category (Fig. 2).
In experiment 1a (75% valid cue, Fig. 2a), a three-way repeatedmeasures analysis of variance (ANOVA, α = 0.05) with object size
(large, small), cue validity (valid, invalid) and object orientation
(vertical, horizontal) as within-subjects factors and response time
as a dependent measure revealed main effects of inferred object
size (F(1, 19) =  14.50, P < 0.001, partial eta squared, ηp2 =  0.433,
90% confidence interval (CI)ηp2 = (0.138, 0.607), see Lakens for use
of 90% CI for F-tests with α =  0.05 (ref. 32)) and cue validity (F(1,
19) =  22.94, P <  0.001, ηp2 = 0.547, 90% CIηp2 = (0.252, 0.689)), such
that attention was allocated less efficiently in canonically large than
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Fig. 2 | Data for experiment 1. a, Results for experiment 1a (n = 20), 75%
validity and short stimulus-onset asynchrony. Significant main effects
of both size (F(1, 19) = 14.50, P < 0.001, ηp2 = 0.433, 90% CIηp2 = (0.138,
0.607)) and validity (F(1, 19) = 22.94, P < 0.001, ηp2 = 0.547,
90% CIηp2 =(0.252, 0.689)) were observed. No interaction between
inferred size and cue validity was observed (F(1, 19) = 0.52, P = 0.479,
ηp2 = 0.027, 90% CIηp2 =(0.000, 0.209)). In linear regression, ratings of
object size (n =28, following removal of two outliers) were predictive
2
of overall target response time (Radj
= 0.314, F(1, 26) = 13.38, P = 0.001,
2
2
ηp = 0.340, 90% CIηp = (0.102, 0.517)). b, Results for experiment 1b
(n =20), with 50% validity and short stimulus-onset asynchrony.
Significant main effects of both size (F(1, 19) = 49.01, P < 0.001, ηp2 = 0.721,
90% CIηp2 =(0.486, 0.809)) and validity (F(1, 19) = 5.60, P = 0.029,
ηp2 = 0.227, 90% CIηp2 =(0.014, 0.444)) were observed. No interaction
between inferred size and cue validity was observed (F(1, 19) = 1.21,
P = 0.285, ηp2 = 0.060, 90% CIηp2 =(0.000, 0.266)). In linear regression,
ratings of object size (n =29, following removal of one outlier) were
2
predictive of overall target response time (Radj
= 0.336, F(1, 27) = 15.19,
P < 0.001, ηp2 = 0.360, 90% CIηp2 =(0.122, 0.531)). All error bars represent
s.e.m. corrected for within-subjects variance. *P < 0.05.

canonically small objects. No interaction between inferred size and
cue validity was observed (F(1, 19) =  0.52, P =  0.479, ηp2 =  0.027,
90% CIηp2 = (0.000, 0.209)), indicating that while attention was
allocated generally more slowly in large objects than in small
objects, no evidence was observed that object size directly influenced attentional shifts away from the valid location. A main effect
of object orientation (F(1, 19) =  51.65, P <  0.001, ηp2 =  0.731, 90%
CIηp2 = (0.503, 0.816)) was observed, suggesting that attention was
allocated more efficiently across horizontally oriented objects than
vertically oriented objects. Imperatively, neither the two-way interaction between inferred size and object orientation (F(1, 19) =  2.40,
P =  0.138, ηp2 = 0.112, 90% CIηp2 = (0.000, 0.331)) nor the three-way
interaction between inferred size, cue validity and object orientation
(F(1, 19) =  0.06, P =  0.810, ηp2 = 0.003, 90% CIηp2 =  (0.000, 0.115)),
were significant, providing no evidence that rotation away from
an object’s canonical orientation modulated size-based attentional
scaling. The two-way interaction between cue validity and object
orientation was also non-significant (F(1, 19) =  0.89, P =  0.358,
ηp2 = 0.045, 90% CI ηp2 = (0.000, 0.242)). It should also be noted that
should there have been any orientation bias influencing size effects
42

(whether canonical orientation or general orientation peculiarities)
the orientation factor would have interacted with the size effect.
In a follow-up analysis, participants’ size ratings were linearly
regressed against overall target response times to measure the
degree to which participants’ perception of object size predicted
attentional orienting. Crucially, individuals’ ratings of object size
were predictive of overall target response time (overall signifi2
cant regression: R adj
=  0.314, F(1, 26) =  13.38, P =  0.001, ηp2 =  0.340,
90% CIηp2 = (0.102, 0.517), Fig. 2a) following removal of two outliers (residuals greater than two standard deviations from the mean).
To assess whether this significant relationship was driven solely by
a bimodal distribution (large and small objects), we performed a
median split on response times according to participants’ size ratings for each object and conducted linear regression on each half
of the data. This split yielded two results: (1) there was a perfect
correspondence between the pre-experiment size classification and
participant ratings (median split on the data perfectly split objects
into small and large (Fig. 2a; t(26) =  −14.45, P <  0.001 (two-tailed),
Cohen’s d =  −5.462, 95% CId =  (−7.102, −3.799)) and (2) size ratings were strongly predictive of response times within the large
2
object group, (R adj
=  0.321, F(1, 12) =  7.13, P =  0.020, ηp2 =  0.373,
90% CIηp2 = (0.037, 0.590)). Additionally, a tertile split across all
objects, conducted to reduce the effect of moderately sized objects
on regression, revealed a significant relationship between size rating
2
and response time within the smallest object group (R adj
=  0.385, F(1,
2
2
7) =  6.01, P =  0.044, ηp = 0.462, 90% CIηp = (0.008, 0.676)) following
removal of one outlier (residual greater than two standard deviations
from the mean). Taken together, these results indicate that inferred
knowledge of real-world object size directly predicts the efficiency of
attentional allocation within objects of varying sizes. These findings
are consistent with our prediction of attentional scaling according
to object size and, imperatively, dovetail with the finding that attention is more diffuse and allocated less efficiently to locations within
retinally large objects29. In addition to response time, performance
accuracy was also analysed for all experiments and is reported in
the Supplementary Materials (see Supplementary Materials, experiments 1–3). Accuracy results were consistent with those reported
in response time. Namely, no effect of size was observed, suggesting that all significant effects were absorbed by the response time
measure and no speed-accuracy tradeoffs were observed, indicating
consistency with response time results.
In experiment 1a, more efficient attentional deployment was
observed in small objects compared to larger objects, consistent with
our original hypothesis that attention scales according to inferred
real-world object size. The observed top-down attentional scaling
effects could be partly driven by top-down attentional signal from
the spatial predictability of the cue. To test this possibility, cue validity was decreased to 50%, eliminating top-down spatial bias. While
spatial validity effects should be reduced with the decrease in spatial predictability, the effect of size should remain. In experiment 1b
(50% valid cue, Fig. 2b), a three-way repeated-measures ANOVA for
response time again revealed significant main effects of inferred size
(F(1, 19) =  49.01, P <  0.001, ηp2 = 0.721, 90% CIηp2 =  (0.486, 0.809))
and validity (F(1, 19) =  5.60, P =  0.029, ηp2 = 0.227, 90% CI =  (0.014,
0.444)), with no observed interaction between size and validity
(F(1, 19) =  1.21, P =  0.285, ηp2 = 0.060, 90% CI ηp2 =  (0.000, 0.266)).
Additionally, a main effect of object orientation was observed
(F(1, 19) =  69.78, P <  0.001, ηp2 = 0.786, 90% CI ηp2 =  (0.593, 0.853)),
but the two-way interaction between size and orientation (F(1,
19) =  0.03, P =  0.855, ηp2 = 0.002, 90% CIηp2 = (0.000, 0.088)), as well
as the three-way interaction between size, validity and orientation
(F(1, 19) =  0.08, P =  0.787, ηp2 = 0.004, 90% CIηp2 = (0.000, 0.127)) did
not reach significance, again providing no evidence that object orientation modulated the effect of object size on attention.
These results replicated findings from experiment 1a, indicating
an effect of size-based attentional scaling: again, individuals’ ratings
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of object size were predictive of response time (overall significant
2
linear regression: R adj
=  0.336, F(1, 27) =  15.19, P <  0.001, ηp2 =  0.360,
90% CIηp2 = (0.122, 0.531)) following removal of one outlier (residual
greater than two standard deviations from the mean). Additionally,
a between-experiment four-way ANOVA with experiment (75%
valid, 50% valid) as a between-subject variable, inferred object size,
cue validity and object orientation as within-subject factors and
response time as a dependent measure revealed main effects of size
(F(1, 38) =  42.82, P <  0.001, ηp2 = 0.530, 90% CIηp2 =  (0.332, 0.647)),
validity (F(1, 38) =  28.53, P <  0.001, ηp2 = 0.429, 90% CIηp2 =  (0.223,
0.567)) and orientation (F(1, 38) =  115.67, P <  0.001, ηp2 =  0.753,
90% CIηp2 = (0.621, 0.812)) such that, across both experiments, attention was less efficiently allocated in larger objects, in invalid locations and in the vertical orientation. A two-way interaction between
validity and experiment (F(1, 38) =  10.43, P =  0.003, ηp2 =  0.215,
90% CIηp2 = (0.050, 0.381)) was significant, consistent with the prediction that validity effect should be larger in the 75% valid condition (experiment 1a). A two-way interaction between validity and
object orientation was also significant (F(1, 38) =  7.06, P =  0.011,
(0.021, 0.322)), suggesting that validity
ηp2 = 0.157, 90% CIηp2 = 
effects are stronger in the horizontal orientation. Importantly, the
influence of size on attention remained unaffected by experiment
(size by experiment interaction, F(1, 38) =  0.07, P =  0.793, ηp2 =  0.002,
90% CIηp2 = (0.000, 0.068)) or orientation (size by orientation interaction, F(1, 38) =  1.85, P =  0.181, ηp2 = 0.046, 90% CIηp2 =  (0.000,
0.185)). In experiments 1a and 1b, as well as two additional supplemental experiments, in which the time-course and robustness of
these effects are tested (see Supplementary Materials, Experiments 1
and 2), we observe that attention is deployed less efficiently in
canonically larger compared to canonically smaller objects. It could
also be argued that the observed size effect is driven by the surprise
or novelty associated with seeing small objects that share the same
retinal size as the large objects. If this were the case, it would be
anticipated that the effect of size would diminish with time spent on
the experiment (that is, blocks). It was observed, however, that the
effect of size remained stable over time (see Supplementary Fig. 4)
Imperative to the original hypothesis of attentional scaling,
inferred knowledge of object size has been shown to modulate
deployment of attention within objects. If inferred object size is
driving this difference, then a systematic reduction in object identifiability should result in a parametric decrease in the contribution of inferred object size to attentional allocation and thus lead
to diminished differences in response time between large and small
objects. In an additional set of two experiments (experiments 2a
and 2b), objects were scrambled to parametrically reduce knowledge of object size (Fig. 1d). Two forms of image scrambling were
employed: (1) retinotopic scrambling, in experiment 2a, preserved
the gestalt of the object, such that the object might still be recognizable, despite a lack of low-level fidelity due to scrambled pixels
and (2) full scrambling, in experiment 2b, in which pixels were
scrambled within an image irrespective of the gestalt of the original
object. In this set of experiments, with 75% validity and a cue-totarget stimulus-onset asynchrony of 250 ms (as in experiment 1a),
it was predicted that the magnitude of the size-driven effect should
decrease parametrically with an increase in scrambling. Specifically,
retinotopic scrambling will moderately reduce the effect of size on
attentional deployment, while full scrambling will reduce the effect
above and beyond retinotopic scrambling, due to the greater degree
of object information loss in full scrambling compared to retinotopic scrambling.
A between-experiment three-way repeated-measures ANOVA
was conducted with scrambling level (no scrambling, experiment
1a; retinotopic scrambling, experiment 2a and full scrambling,
experiment 2b) as a between-subject variable and object size (large,
small) as a within-subject factor (Fig. 3). ANOVA revealed a significant effect of object size (F(1, 57) =  17.18, P <  0.001, ηp2 =  0.232,

90% CIηp2 = (0.085, 0.367)) and importantly, a significant two-way
interaction between object size and scrambling type (F(2, 57) =  6.35,
P =  0.003, ηp2 = 0.182, 90% CIηp2 = 
(0.041, 0.308)) was observed,
such that size effect was only significant in the no-scramble condition (F(1, 19) =  14.40, P =  0.001, ηp2 = 0.431, 90% CIηp2 =  (0.137,
0.606)) and the retinotopic scrambling experiment (F(1, 19) =  8.58,
P =  0.009, ηp2 = 0.311, 90% CIηp2 = 
(0.052, 0.514); Fig. 3 and
Supplementary Fig. 3a), but not in the full scramble experiment
(F(1,19) =  0.05, P =  0.826, ηp2 = 0.003, 90% CIηp2 = (0.000, 0.108); Fig. 3
and Supplementary Fig. 3b). Interestingly, dovetailing with the findings, the retinotopically scrambled objects were rated consistently
with our pre-defined large/small groups with 93% accuracy, suggesting a somewhat preserved size inference. On the other hand,
size rating consistency was at chance (53.33%) for the fully scrambled objects. Taken together, these results indicate that the size
effect, as predicted, was reduced (Fig. 3) in the full scramble condition (no canonical size inference, experiment 2b, with difference
in response times between large and small objects of Δ =  −0.67 ms)
relative to the retinotopic condition (somewhat preserved size inference, experiment 2a, Δ = 7.73 ms) and the no-scramble condition
(intact size inference, experiment 1a, Δ = 13.79 ms).
Experiment 3 was designed with three aims: (1) internal replication with a different target discrimination task; (2) testing the effect
of increased attentional demand; and (3) addressing a possible confound of target spatial frequency. One of the important aspects of
object size is a consideration that objects of varying size also vary in
terms of the spatial frequency of their features (that is, large objects,
low spatial frequency; small objects, high spatial frequency)33,34 and
that the results demonstrated in experiment 1 and 2 could partly
be confounded by a mismatch between target spatial frequency and
object spatial frequency. High spatial frequency targets may be processed less efficiently in low spatial frequency, large objects, leading
to the attentional scaling effect. To address this potential confound,
and to provide additional internal replication of our original results,
in experiment 3 participants performed a target identification task
as in experiments 1 and 2, but the nature of the target was different.
In this experiment, instead of performing a T or L discrimination
task, participants identified the orientation of a target Gabor patch
(45° or −45°) (Fig. 1b). Additionally, the spatial frequency of the
target Gabor patches varied between four cycles per degree (low
frequency) and eight cycles per degree of visual angle (high spatial
frequency) in a within-subjects design. If attention is affected by the
spatial frequency of targets as they relate to object spatial frequency,
a congruency effect should be observed, such that attention will be
allocated more efficiently when target spatial frequency matches
object spatial frequency (for example, high spatial frequency, small
object; low spatial frequency, large object). Alternatively, if attention
is only constrained by inferred object size, as we have argued up to
this point, we expect to observe two findings: (1) a main effect of
object size, same as in prior experiments and (2) an interaction with
frequency such that effect of size should be large in a more difficult,
high-frequency (less discriminability), task.
For experiment 3, a repeated-measures ANOVA on response
times was conducted with object size (large, small), cue validity
(valid, invalid), object orientation (vertical, horizontal) and target
spatial frequency (low, high) as within-subject factors (Fig. 4a).
ANOVA revealed main effects of inferred object size (F(1,
19) =  25.11, P <  0.001, ηp2 = 0.569, 90% CIηp2 = (0.278, 0.704)) with
faster response times to small objects; cue validity (F(1, 19) =  29.35,
P <  0.001, ηp2 = 0.607, 90% CIηp2 = (0.325, 0.731)) with faster response
times to validly cued targets; object orientation (F(1, 19) =  6.20,
P =  0.022, ηp2 = 0.246, 90% CIηp2 = (0.021, 0.460)) with faster response
times in horizontally oriented objects and target spatial frequency
(F(1, 19) =  43.99, P <  0.001, ηp2 = 0.698, 90% CIηp2 =  (0.452, 0.793)),
with faster response times for the low frequency targets. In addition
to replicating main effects of object size and validity, the main effect
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Fig. 3 | Data for experiment 2, comparison across all scrambling
conditions. Scrambling of objects reduced contribution of object size to
attention. As objects become more difficult to identify, the contribution
of size is reduced. A between-experiment repeated-measures ANOVA
conducted across experiment 1a (n =20), experiment 2a (n = 20) and
experiment 2b (n =21) revealed a significant effect of object size
(F(1, 57) = 17.18, P < 0.001 , η 2 = 0.232, 90% CIη 2 =(0.085, 0.367)) and a
p
p
significant two-way interaction between object size and scrambling type
(F(2, 57) = 6.35, P = 0.003, ηp2 = 0.182, 90% CIηp2 =(0.041, 0.308)). The
size effect was only significant in the no-scramble condition
(F(1, 19) = 14.40, P = 0.001, ηp2 = 0.431, 90% CIηp2 =(0.137, 0.606)) and the
retinotopic scrambling experiment (F(1, 19) = 8.58, P = 0.009, ηp2 = 0.311,
90% CIηp2 =(0.052, 0.514)), but not in the full scramble experiment
(F(1,19) = 0.05, P = 0.826, ηp2 = 0.003, 90% CIηp2 =(0.000, 0.108)). All error
bars represent s.e.m. corrected for within-subjects variance. *P < 0.05.
Credit: Domino, Agarunov Oktay-Abraham (reproduced from
https://thenounproject.com/)

of target spatial frequency indicates that participants are slower for
high spatial frequency targets compared to low frequency targets,
regardless of object size, indicating this is a result of task difficulty
and not spatial frequency mismatch.
A two-way interaction between inferred object size and cue
validity was marginally significant (F(1, 19) =  4.09, P =  0.057,
ηp2 = 0.177, 90% CIηp2 = (0.000, 0.398)). Crucially, a significant threeway interaction between inferred object size, cue validity and target spatial frequency was also significant (F(1, 19) =  7.99, P =  0.011,
ηp2 = 0.296, 90% CIηp2 = (0.044, 0.502)), indicating that target spatial
frequency (low or high) modulates the degree to which attentional
shifts are constrained by object size (Fig. 4a). These results suggest that, in addition to general attentional scaling resulting from a
more diffuse focus of attention in large than small objects (observed
in experiments 1 and 2), as predicted, attentional shifts between
cue valid and invalid locations are also modulated by inferred
object size, such that cue validity effects are larger in large objects
(∆ = 56.6 ms) compared to small objects (∆  = 45.8 ms). When target
spatial frequency is high, the task is more difficult and attentionally
demanding, therefore modulation of attentional shifts by object size
is observed (large objects, ∆  = 70.8 ms; small objects, ∆  = 40.3 ms).
This was further supported by a significant relationship observed
between object size rating and cost of attention shift for high spatial
2
frequency targets (R adj
=  0.210, F(1,28) =  8.73, P = 0.006, ηp2 =  0.238,
2
90% CIηp = (0.043, 0.424), Fig. 4c). When target spatial frequency is
low, modulation of attentional shifts by object size is reduced (large
objects, ∆  = 43.0 ms; small objects, ∆ = 52.5 ms) and attention is
constrained by inferred object size in a more general, scaling fashion
(that is, less efficient in large objects). No relationship was observed
between object size rating and attentional shifting costs with low
2
spatial frequency targets (R adj
=  −0.014, F(1,28) =  0.59, P =  0.450,
ηp2 = 0.016, 90% CIηp2 = (0.000, 0.162), Fig. 4b). No other effects,
including any congruency effect of inferred object size and target
44

spatial frequency, were observed (size by frequency, F(1, 19) =  0.04,
P =  0.838, ηp2 = 0.002, 90% CIηp2 = (0.000, 0.099); validity by frequency, F(1, 19) =  1.98, P =  0.176, ηp2 = 0.094, 90% CIηp2 =  (0.000,
0.311); validity by orientation, F(1, 19) =  0.71, P =  0.793, ηp2 =  0.004,
90% CIηp2 = 
(0.000, 0.227); size by frequency by orientation,
F(1, 19) =  0.01, P =  0.946, ηp2 = 0.000, 90% CIηp2 =  (0.000, 0.041)
and validity by frequency by orientation, F(1, 19) =  0.53, P =  0.477,
ηp2 = 0.027, 90% CIηp2 = (0.000, 0.210)). The four-way interaction
between size, validity, frequency and orientation was also nonsignificant (F(1, 19) =  0.44, P =  0.513, ηp2 = 0.023, 90% CIηp2 =  (0.000,
0.200)), providing no evidence for an effect of object orientation
on the crucial three-way interaction between size, validity and frequency (see Supplementary Material, orientation analyses section
for additional lower-level orientation interactions).
More sluggish processing of spatial locations within canonically
larger objects compared to smaller objects suggests that inferred
real-world size modulates attentional allocation, in a scaling fashion. Critically, this effect is modulated by the degree of top-down
knowledge available about the object, as evidenced by the reduction of size-based attentional modulation according to the degree of
information loss about object size due to image scrambling (Fig. 3).
Finally, under attentionally demanding conditions, shifts of attention are also constrained by inferred object size, with slower attentional shifts within large objects.
As much progress has been made in the understanding of how
objects guide attention, it is becoming imperative to move toward
real-world objects to better understand object properties that facilitate
attentional selection. Real-world objects contain a rich array of highlevel information that may also constrain attentional selection, alongside low-level features of more basic, two-dimensional objects, such as
the rectangles in a traditional two-rectangle display10. These findings
provide evidence of high-level size-based attentional constraint, in the
form of attentional scaling within line drawings of real-world objects.
While novel with respect to equal retinal size, the findings dovetail with prior research, suggesting that attention scales according
to both the physical and the perceived size of an object16–18,29,35,36.
One elegant study aimed to disentangle the complex relationship
between retinal and perceived object size through the use of the
Ponzo illusion and rectangles, concluding that perceived object
size constrains attentional selection16, and that, in concordance
with work conducted by Castiello and Umiltà, attention is more
tightly focused in objects perceived to be smaller. The study presented here concludes that attention is not influenced by perceived
size alone, but by an inferred knowledge of object size in the realworld. This inferred canonical size, an inherent high-level property
of real-world objects, constrains topographic organization within
object-selective cortical regions, but also influences how attention
is deployed. Both the focus and shifting of attention are affected by
inferred real-world object size, rather than retinal object size alone.
Mechanistically, our findings point to a possible functional relationship between object-selective cortical regions of occipito-temporal cortex, mapped according to inferred object size and parietal
cortex and the attentional priority map, in that real-world object
size perception affects attentional deployment2,16,17. This has yet to
be explored and the time is ripe for pursuits of the neural basis of
size-based attention scaling. It should be noted that the real-world
size-specific functional response in the inferior temporal cortex lies
in good register with the known maps of eccentricity, in many cases
extending them. Such retinotopic constraints on the high-level
visual representations are widespread in both human and monkey37
for both animate and inanimate objects. Importantly, this organization is present even in studies where the actual retinal size and
position is held constant, as in our study. Thus, our results may be
related to the presence of this inferred real-world object size organization in the inferior temporal cortex. The precise mechanism relating these two factors will need to be the subject of further studies.
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Fig. 4 | Data for experiment 3. a, Results for experiment 3 (n =20), in which target Gabor spatial frequency varied between four cycles per degree and
eight cycles per degree. Low frequency data shown in striped bars; high frequency data shown in solid bars. Repeated-measures ANOVA revealed main
effects of inferred object size (F(1, 19) = 25.11, P < 0.001, ηp2 = 0.569, 90% CIηp2 =(0.278, 0.704)), cue validity (F(1, 19) = 29.35, P < 0.001, ηp2 = 0.607,
90% CIηp2 =(0.325, 0.731)) and target spatial frequency (F(1, 19) = 43.99, P < 0.001, ηp2 = 0.698, 90% CIηp2 =(0.452, 0.793)). A two-way interaction
between inferred object size and cue validity was marginally significant (F(1, 19) = 4.09, P = 0.057, ηp2 = 0.177, 90% CIηp2 =(0.000, 0.398)) and a three-way
interaction between inferred object size, cue validity and target spatial frequency was significant (F(1, 19) = 7.99, P = 0.011, ηp2 = 0.296, 90% CIηp2 = (0.044,
0.502)). All error bars represent s.e.m. corrected for within-subjects variance. *P < 0.05. b, No correlation was observed between object size ratings
2
(n =30) and shift costs with low spatial frequency targets (Radj
= −0.014, F(1,28) = 0.59, P = 0.450, ηp2 = 0.016, 90% CIηp2 = (0.000, 0.162)). c, Strong
2
positive correlation between object size ratings (n =30) and shift costs with high spatial frequency targets (Radj
= 0.210, F(1,28) = 8.73, P = 0.006,
ηp2 = 0.238, 90% CIηp2 = (0.043, 0.424)).

This research also holds strong implications for scene processing
literature, given that scene processing requires attentional allocation
to objects of varying sizes. According to an observer’s prior experience with an object, the context of an object may provide information about an object’s size, which will impact the manner in which
the object engages attentional selection. High-level object representations and object context modulate attentional allocation, and
novel work must be conducted to investigate the role of real-world
objects and inferred size on attention, both space- and object-based.
Additional high-level properties of objects, such as how large an
object is imagined to be via mental imagery or whether an object
is known to be animate, may also constrain attentional deployment
in a scaling manner. Previous work suggests that if participants are
told an object is a toy, the canonical size of the toy object is smaller
than the object it represents22, suggesting a change in the mental
representation of the object, while other work suggests that imagined objects are also topographically organized according to realworld size in occipito-temporal cortex26. However, animate objects
do not show a size-based topographic organization38. If this topographic organization is necessary for size-based attentional scaling, animate objects should not elicit a scaled attentional response.
Taken together, our findings and these implications suggest that
caution should be taken when using object images in psychological
research, as inferred object size constrains processing of and attention to objects.

Methods

Participants. For experiment 1a, 25 participants (8 male; average age: 19.4
years) were recruited. Five participants were excluded for failing to meet the 90%
accuracy criteria. For experiment 1b, 25 participants (7 male; average age: 19.4
years) were recruited. Five participants were excluded for failing to meet the 90%
accuracy criteria. For experiment 2a, 26 participants (6 male; average age: 19.2
years) were recruited. Six participants were excluded for failing to meet the 90%
accuracy criteria. For experiment 2b, 26 participants (8 male; average age: 19.7
years) were recruited. Five participants were excluded for failing to meet the 90%
accuracy criteria. For experiment 3, 25 participants (9 male; average age: 19.6

years) were recruited. Five participants were excluded for failing to meet the 90%
accuracy criteria. All participants were recruited from The George Washington
University participant pool, gave written informed consent according to The
George Washington University’s institutional review board, reported normal or
corrected-to-normal visual acuity and were naïve to the purpose of the experiment.
All experiments consisted of completely independent sets of participants. No
statistical methods were used to pre-determine sample sizes but our sample sizes
are larger than those reported in previous publications5,16,29. For each experiment,
subjects were provided with instructions by the experimenter. Data collection and
analysis were not performed blind to the conditions of the experiments.
Apparatus and stimuli. For all experiments, stimuli were presented on a 19”
Dell 1908FP colour liquid crystal display monitor with a refresh rate of 60 Hz,
positioned at a distance of 62 cm from the viewer. All experiments were generated
and presented using PsychoPy v1.8239,40. Stimuli consisted of line drawings of realworld, everyday objects drawn both from The Noun Project, an online repository
of object icons and clip art (https://thenounproject.com), as well as from a set of
images rendered by the authors. The object stimuli consisted of 15 line drawings
of small objects and 15 line drawings of large objects. The small objects were as
follows: soda can, cell phone, cigarette lighter, credit card, domino, envelope,
iPod, mason jar, computer mouse, electric outlet, playing card, salt shaker, aerosol
canister, toothpaste tube and watch. The large objects were: basketball hoop,
billiards table, bulldozer, car, sofa, door, grandfather clock, jukebox, kayak, mirror,
phone booth, porta-potty, throne, bathtub and vending machine. All objects are
displayed in the Supplementary Materials (Supplementary Fig. 5).
For each experiment, the display consisted of a single central fixation point,
which subtended a visual angle of 1° × 1°, and a single central line drawing of an
object, subtending a visual angle of 4° × 8° oriented either vertically (as shown
in Supplementary Fig. 5a) or horizontally (rotated 90° clockwise, as shown in
Supplementary Fig. 5b). Object orientation was fully counterbalanced withinsubjects for each experiment and all 30 objects were displayed with equal
probability. Following the presentation of an object, a cue was presented at either
end of the object, with equal probability. For experiments 1 and 2, following the
offset of the cue, a single target letter (T or L, equiprobable) always appeared at
either of the two ends of the object, while a distractor letter (T/L hybrid) always
appeared at the opposite end of the object. For experiment 3, a single Gabor
patch oriented 45° or −45° equiprobably appeared at either of the two ends of
the object, while a distractor chequerboard appeared at the opposite end. Gabor
spatial frequency equiprobably varied between four cycles per degree of visual
angle and eight cycles per degree of visual angle. Note that we used a factor of
two rather than factor of around ten (more reflective of real-world differences)
for spatial frequencies with the goal of increasing spatial attention demands and
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not necessarily matching real-world frequency differences. Targets and distractors
each subtended a visual angle of 1° × 1° and were presented with a centre-tocentre distance of 5°. Line drawings were rendered in black (red, green, blue:
RGB = 0, 0, 0) against a light grey background (RGB = 192, 192, 192). Cues, targets
and distractors were rendered in red (RGB = 255, 0, 0) in experiments 1 and 2,
while targets and distractors were rendered in black (RGB = 0, 0, 0) and white
(RGB = 255, 255, 255) in experiment 3. Additionally, all stimuli were controlled for
overall luminance and tested to ensure that small and large objects did not differ.
To demonstrate that size effects in the two main and two supplementary
experiments are truly driven by inferred object size knowledge, rather than any lowlevel group or individual differences between canonically large and small objects,
low-level features (specifically, luminance and retinal size) of each object were
directly compared14. A 100-bin histogram based on luminance values was created for
each object. Intensities greater than or equal to 128 were discounted from analysis,
as these pixels belonged to the grey background of each image. Histograms were
normalized and all objects were compared to each other and to the group mean.
The pixel counts for each object were compared across conditions to account for
potential differences in retinal object size. Two-tailed, two-sample t-tests for both
relative pixel intensity (t(28) =  −0.80, P =  0.428, d =  −0.293, 95% CId =  (−1.011,
0.429)) and retinal object size (t(28) =  1.40, P =  0.174, d = 0.509, 95% CId =  (−0.223,
1.233)) revealed no significant differences between groups. Two-tailed one-sample
t-tests comparing relative pixel intensity (small objects: t(14) =  0.56, P =  0.584,
d = 0.145, 95% CId =  (−0.367, 0.651); large objects: t(14) =  −0.58, P =  0.574, d =  −
0.149, 95% CId =  (−0.655, 0.363)) and retinal object size (small objects: t(14) =  −0.90,
p =  0.384, d =  −0.232, 95% CId =  (−0.741, 0.285); large objects: t(14) =  1.11, P =  0.288,
d = 0.285, 95% CId =  (−0.236, 0.797)) to the overall group average (average pixel
intensity: 115.72; average retinal object size: 10,250.73 pixels) revealed no individual
object differed from the group mean, failing to provide evidence that less efficient
allocation of attention within larger objects was driven by systematic differences in
low-level features between large and small objects.
To control for any further possible conflation between inferred object size
and low-level features, individual ratings of inferred real-world object size were
also regressed against average luminance value for each object and luminance
values were regressed with response time. Linear regression was done to test
whether average object luminance was predictive of performance (that is,
worse performance in darker objects), despite a lack of group differences in
2
=  −
low-level features. For experiment 1a, neither size by luminance (R adj
0.014, F(1,28) =  0.60, P =  0.447, ηp2 = 0.021, 90% CIηp2 = (0.000, 0.163)), nor
2
=  −0.005, F(1,28) =  0.86, P =  0.361, ηp2 =  0.030,
luminance by response time (R adj
90% CIηp2 = (0.000, 0.181)) relationships were observed, indicating a lack of
evidence that the average luminance of each object, and not the inferred object
size, was predictive of response time. For experiment 1b, neither size by luminance
2
=  −0.026, F(1,28) =  0.25, P =  0.619, ηp2 = 0.009, 90% CIηp2 = (0.000, 0.128)), nor
(R adj
2
=  −0.020, F(1,28) =  0.43, P =  0.515, ηp2 =  0.015,
luminance by response time (R adj
90% CIηp2 = (0.000, 0.149)) relationships were observed.
While low-level features (luminance, retinal object size) were controlled across
objects, it remains possible that clutter, another low-level feature, is responsible
for differences between canonically large and small objects. Due to remaining
concerns about possible clutter differences between object groups, a clutter
analysis assessing contrast was conducted across all objects and then analysed
for differences between groups41. Per a two-tailed, two-samples t-test of clutter
values for large and small real-world objects, large objects were on average more
cluttered than small objects (t(28) =  3.43, P =  0.002, d = 1.221, 95% CId =  (0.428,
1.995)). However, when eliminating the top five most-cluttered large items (that is,
grandfather clock, jukebox, phone booth, porta-potty, vending machine) and top
five least-cluttered small items (that is, computer mouse, lighter, playing card, soda
can, toothpaste tube) from analysis, leaving only the middle 20 objects, the groups
no longer differed in average clutter (t(18) =  0.80, P =  0.44 (two-tailed), d =  0.357,
95% CId =  (−0.532, 1.236)), yet the size-based modulation of attentional allocation
remained when accounting for only the middle 20 objects in experiment 1a
(F(1, 19) =  16.66, P <  0.001, ηp2 = 0.467, 90% CIηp2 = (0.169, 0.632)) and experiment
1b (F(1, 19) =  25.98, P <  0.001, ηp2 = 0.578, 90% CIηp2 = (0.288, 0.710)). Furthermore,
the degree of contrast clutter in the middle 20 objects did not significantly predict
2
=  −
response time in a regression analysis in either experiment (experiment 1a: R adj
0.015, F(1,28) =  0.56, P =  0.459, ηp2 = 0.020, 90% CIηp2 = (0.000, 0.159); experiment
2
=  −0.001, F(1,28) =  0.97, P =  0.333, ηp2 = 0.033, 90% CIηp2 =  (0.000, 0.188)),
1b: R adj
despite the significant prediction of response time by object size rating. Finally, in
experiment 3, size-based modulation of attentional shifting also remained when
accounting for only the middle 20 objects, as the analysis revealed a significant
main effect of size (F(1, 19) =  31.61, P <  0.001, ηp2 = 0.625, 90% CIηp2 =  (0.348,
0.743)), a marginally significant interaction between size and validity (F(1,
19) =  3.52, P =  0.076, ηp2 = 0.156, 90% CIηp2 = (0.000, 0.378)) and a significant threeway interaction between size, validity and target spatial frequency (F(1, 19) =  5.19,
P =  0.034, ηp2 = 0.215, 90% CIηp2 = (0.009, 0.433)), indicating that both size and
spatial frequency modulated attentional shifts. Crucially, the four-way interaction
between size, validity, object orientation and frequency was not significant (
F(1, 19) =  0.10, P =  0.757, ηp2 = 0.005, 90% CIηp2 = (0.000, 0.135)), failing to indicate
that object orientation affects the critical three-way interaction between object size,
cue validity and target frequency. Additional lower-level orientation interactions
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are included in the Clutter Control section of Supplementary Materials. Taken
together, these results further suggest that the effect of size is not driven by lowlevel features or object orientation.
Possible mid- and high-level differences between small and large objects were
investigated using a two-pronged approach (see Supplementary Experiment 3).
First, in a separate Mechanical Turk survey, participants were asked to rate the
overall curvature and familiarity of each object in the object set, as previous work
has suggested that large and small objects may differ in both curvature (mid-level)
and familiarity (high-level) due to the ergonomic features of small objects. Second,
a steerable pyramid image decomposition analysis was performed to assess the
angular features and relative curvilinearity of small and large objects. To preface
the findings of Supplementary Experiment 3, no differences were observed across
object groups in either the Mechanical Turk survey or the steerable pyramid
analysis. These results suggest that size-based attentional scaling is not due to
differences in shape features or familiarity between large and small objects.
Design and procedure. In experiment 1, cue validity (75%, 50%) was manipulated
between subjects (Experiments 1a and 1b). For each experiment, a 2 ×  2 ×  2 withinsubjects factorial design was employed, with inferred object size (large, small),
cue-target relation (valid, invalid) and object orientation (vertical, horizontal) as
within-subject factors. Response times were the primary measure of interest. The
letters T and L were used as target stimuli, while a T/L hybrid, which contains
components of both a T and an L, was used as a distractor (see Fig. 1a). The ‘T’
target was mapped onto the ‘c’ keyboard response, while the ‘L’ target was mapped
on the ‘m’ keyboard response. Targets were considered valid if they appeared in the
same location as the cue and invalid if they appeared in the opposite location.
In experiment 2, the procedure was identical to that used in experiment 1a.
However, line drawing images were scrambled using MATLAB (Mathworks) to
reduce the contribution of inferred object knowledge to attention. Two forms
of scrambling were used. In Experiment 2a, images were scrambled using a
retinotopic technique, in which each object was divided into 2,500 6 ×  6 pixel
grains (36 pixel2 region). The 6 × 6 grains were then scrambled across all objects in
a manner that preserved the average luminance of each 6 × 6 pixel grain location.
This conservative method roughly preserved the boundaries of each object, but
reduced the quality of each image. In experiment 2b, a more general scrambling
technique was used, in which no pixel information was preserved, conserving no
identifiable information about each object.
In Experiment 3, the procedure was also identical to that used in experiment 1a,
with the exception that targets were Gabor patches rather than T/L renderings. The
left-leaning Gabor target (−45°) was assigned to the ‘c’ keyboard response, while the
right-leaning Gabor target (45°) was assigned to the ‘m’ keyboard response.
Each trial began with a 500 ms presentation of one object line drawing.
Following the presentation of the line drawing, a red cue was presented on one of
the two ends of the object, followed by a brief interval prior to the presentation
of target stimuli. In experiments 1, 2 and 3, the cue lasted 100 ms, while the
interstimulus interval (ISI) was 150 ms. Following the ISI, targets and distractors
remained on the screen for 2 s or until response. Participants were encouraged
to respond as quickly and as accurately as possible. Each participant in each
experiment completed a practice block consisting of 30 trials, followed by eight
experimental blocks, each consisting of 120 trials. Trial order was fully randomized
across each experiment.
In the post-experiment survey, a single line drawing was presented centrally,
with a six-point rating scale presented underneath (Fig. 1c). Participants were
instructed to rate the size of each of the objects on a scale of one to six, one being
very small and six being very large. The size ratings were used as an independent
measure of each object’s real-world size and participants were agnostic to the size
classifications of the objects made prior to the experiments.
Data analyses. Data for each experiment were analysed using repeated-measures
analysis of variance with an α set to 0.05. Two-sample and paired t-tests were
also employed where indicated in the text and were two-tailed unless otherwise
specified. Anticipatory response times faster than 100 ms as well as any response
time longer than 1,500 ms were removed from analysis (1.9, 2.9, 1.1, 5.0 and 6.6%
data removal for experiments 1a, 1b, 2a, 2b and 3, respectively. Mean response times
for each condition (small, large object; valid, invalid location) were calculated for
each subject. For each analysis, all assumptions, including normality and equality of
variances, were formally tested and confirmed. Confidence intervals are reported for
all effect sizes, including 90% CI of ηp2 for F-tests (see Lakens for commentary on the
use of 90% CI for F-tests with α = 0.05) and 95% CI of Cohen’s d for t-tests32.
Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.
Code availability. The custom PsychoPy and MATLAB programs generated for
this study are available from the corresponding authors on reasonable request.

Data availability

The data that support the findings of this study are available from the
corresponding author upon reasonable request.
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