
Article 1 

Effects of Exogenous and Endogenous Attention on 2 

Metacontrast Masking 3 

Sevda Agaoglu 1,5, Bruno Breitmeyer 2,5 and Haluk Ogmen 3,4,5* 4 
1 Department of Electrical and Computer Engineering, University of Houston, Houston, TX 77204-4005, 5 

USA; agaoglu.sevda@gmail.com 6 
2 Department of Psychology, University of Houston, Houston, TX 77204-5022, USA; brunob@uh.edu 7 
3 Department of Electrical and Computer Engineering, University of Denver, Denver, CO 80208, USA; 8 

ogmen@du.edu 9 
4 Department of Electrical and Computer Engineering, University of Houston, Houston, TX 77204-4005, 10 

USA; 11 
4 Center for Neuroengineering & Cognitive Science, University of Houston, Houston, TX 77204-4005, USA; 12 
* Correspondence: ogmen@du.edu; Tel.: +1-303-871-2621 13 

 14 

Abstract: To efficiently use its finite resources, the visual system selects for further processing only 15 
a subset of the rich sensory information. Visual masking and spatial attention control the 16 
information transfer from visual sensory-memory to visual short-term memory. There is still a 17 
debate whether these two processes operate independently or interact, with empirical evidence 18 
supporting both arguments. However, recent studies pointed out that earlier studies showing 19 
significant interactions between common-onset masking and attention suffered from ceiling and/or 20 
floor effects. Our review of previous studies reporting metacontrast-attention interactions revealed 21 
similar artifacts. Therefore, we investigated metacontrast-attention interactions by using an 22 
experimental paradigm in which ceiling/floor effects were avoided. We also examined whether 23 
metacontrast masking is differently influenced by endogenous and exogenous attention. We 24 
analyzed mean absolute-magnitude of response-errors and their statistical distribution. Our results 25 
support the hypothesis that metacontrast and endogenous/exogenous attention are largely 26 
independent with negligible likelihood for interactions. Moreover, statistical modeling of the 27 
distribution of response-errors suggests weak interactions modulating the probability of “guessing” 28 
behavior for some observers in both types of attention. Nevertheless, our data suggest that any joint 29 
effect of attention and metacontrast can be adequately explained by their independent and additive 30 
contributions. 31 

Keywords: metacontrast; attention; exogenous attention; endogenous attention; visual masking; 32 
masking attention interactions. 33 

 34 

1. Introduction 35 

Visual masking is defined as the reduction in visibility of a (target) stimulus by another (mask) 36 
stimulus when they are presented in spatiotemporal vicinity of each other [1,2]. The term masking 37 
function refers to a plot of target visibility as a function of Stimulus Onset Asynchrony (SOA). Various 38 
types of masking have been identified based on spatial and temporal properties of the target and 39 
mask. Specifically, metacontrast masking occurs when a target is followed in time by a spatially non-40 
overlapping mask. Visual masking plays a crucial role in information processing. It can suppress the 41 
contents of sensory memory and thereby (i) eliminate motion blur and establish the clarity of vision 42 
for moving objects [3-6], and (ii) control the information transfer from sensory memory to visual 43 
short-term memory (VSTM) [7,8].  44 

The visual system is flooded with an enormous amount of information under normal viewing 45 
conditions. Only a subset of this information can be selected for further processing. Attentional 46 
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mechanisms are responsible for enhancing the processing of the selected information (features, 47 
objects, etc.) and for suppressing (or filtering out) the rest by allocating the available processing 48 
resources accordingly (e.g., [9-12]). Attentional mechanisms are also involved in the maintenance of 49 
information in VSTM [13-17]. Since both attention and masking play a crucial role in the transfer of 50 
information from sensory memory to VSTM, it is important to determine whether these two processes 51 
interact or operate independently.  52 

Several studies reported interactions between attention and different types of masking 53 
(common-onset masking: [18,19]; metacontrast masking: [20-22]. However, most of these studies 54 
suffered from the methodological problems posed by ceiling and floor effects. Hence, whether the 55 
empirically observed interactions between attention and masking are merely side-effects of these 56 
ceiling/floor effects remains to be determined. Recent studies on common-onset masking reported no 57 
interaction between the two processes when ceiling and floor effects were avoided [23,24]. The 58 
relationship between attention and metacontrast masking in the absence of such artifacts remains to 59 
be established.  60 

Two distinct types of attentional orienting have been identified [25-31]: Exogenous attention has 61 
often been described as controlled by the stimulus and, therefore referred to as a reflexive mechanism. 62 
When we hear a loud bang or see a flash of light on a dark road, the visual system automatically 63 
deploys additional resources for processing this information [32-34]. Endogenous attention, on the 64 
other hand, is a voluntary, rather than reflexive, allocation of resources to a predetermined region in 65 
space, a particular feature, or an object.  66 

Peripheral cues (presented at or around the target stimulus) and central cues (generally 67 
presented at or near fovea) are generally used to activate exogenous and endogenous attention, 68 
respectively. Peripheral cues directly specify the target location and reflexively summon attention 69 
whereas central cues are conceptual in the sense that they need to be cognitively processed and 70 
interpreted to determine where and how to voluntarily deploy attentional resources. Due to these 71 
differences, exogenous attention reaches its maximum effectiveness at shorter cue-target onset 72 
asynchronies (CTOA) (100-120 ms depending on the task and the stimuli) compared to endogenous 73 
attention, which may require about 300 ms to reach its maximum effectiveness (e.g., [35,36]. 74 
Moreover, exogenous attention effects decrease and disappear completely after 300-400 ms whereas 75 
endogenous attention benefits show a monotonically increasing trend as a function of CTOA and can 76 
be maintained as long as are needed for the task [25,37,28,29]; see review: [38]. Due to these 77 
differences in time courses, exogenous and endogenous attention are also called transient and 78 
sustained attention respectively [26,27,29,33].  79 

Endogenous and exogenous attention can lead to similar perceptual changes (e.g., [39]. Both 80 
types of attention have been shown to increase spatial resolution or acuity [40-42] and reduce 81 
temporal resolution ([43] ; but also see [44]) at the attended location. Suzuki and Cavanagh [45] 82 
showed that both types of attention distort the representation of position at the attended location. On 83 
the other hand, they can also lead to distinct perceptual effects. The effect of exogenous attention on 84 
conjunction search (based on the conjunction of multiple features) is larger than on simple search 85 
(based on a single feature) whereas endogenous attention yields equivalent improvements [46]. 86 
Dosher and Lu, in a series of studies, suggested that endogenous attention operates only under high-87 
noise conditions whereas the benefits of exogenous attention can be found under both low- and high-88 
noise conditions [47-50]. Ling and Carrasco [35], however, showed that both types of attention 89 
increase contrast sensitivity in both low- and high-noise conditions. Moreover, the modulation of 90 
contrast and response gains of neuronal responses have been associated with endogenous and 91 
exogenous attention, respectively [51,52]. Due to both differences and similarities in their temporal 92 
dynamics and in the perceptual changes they produce, there seems to be no consensus about the 93 
underlying neural mechanisms of these two types of attention. The view that the neural networks 94 
underlying endogenous and exogenous attention overlap to some extent but are independent, has 95 
been supported by many studies [38] with one exception. Peelen, Heslenfeld and Theeuwes [53] used 96 
both central and peripheral cues in a functional neuroimaging study and reported that the same 97 
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large-scale neural network mediates both types of attention. Nevertheless, whether masking has the 98 
same relationship with these two types of attention remains to be established empirically. 99 

Attentional allocation of resources can also be controlled by changing set-size rather than by a 100 
spatial cue. In fact, in a recent study, we investigated the relationship between attention and 101 
metacontrast masking by varying set-size [54,55]. We presented an array of oriented bars around a 102 
virtual circle, and asked observers to report the orientation of a target bar, which was followed by an 103 
annulus with various onset asynchronies. We manipulated the attentional load by varying the 104 
number of bars in the display. We found that masking functions (i.e., performance as a function of 105 
target-mask stimulus onset asynchrony (SOA)) underwent uniform shifts of performance as set-size 106 
changed, suggesting that attention and metacontrast masking operate independently, an observation 107 
which was also supported by statistical analysis [54,55]. There are two limitations of controlling 108 
attention by set-size. First, several researchers also suggested that the set size effect does not 109 
necessarily reflect attentional processing [56,57]. Second, varying set size does not allow us to 110 
investigate the temporal dynamics of attentional benefits. Third, since observers had to attend to the 111 
entire display at the beginning of each trial and the target was indicated by the onset of the mask, the 112 
task employs both endogenous and exogenous attention. Due to different temporal dynamics of the 113 
two types of attention and the aforementioned similarities and differences between the two, one 114 
cannot tease apart their contributions to performance. Differential contributions from different 115 
attention mechanisms might have overshadowed a potential interaction between metacontrast 116 
masking and attention in our previous study [54,55]. Here, we investigated the relationship between 117 
metacontrast masking and these two different types of attention separately by presenting either 118 
central or peripheral cues in different trial blocks. In our previous study, the mask also acted as the 119 
cue for the item selected for report. In the present study, using cues that are independent of masks 120 
also allowed us to remove any potential confound that could have arisen by the dual roles played by 121 
the mask in our previous study. By adjusting the stimulus parameters, we made sure that the 122 
ceiling/floor artifacts were avoided for each and thus every observer. Finally, we adopted a statistical 123 
modeling approach to determine whether endogenous and exogenous attention give rise to similar 124 
changes in the distribution of response errors. Part of the data from the present study has been 125 
presented at a conference [58]. 126 

 127 

2. Materials and Methods  128 

2.1. Participants 129 

Six observers (three males, three females; age range from 24 to 32) took part in this study and four of 130 
them were naïve as to the purpose of the study. All participants had normal or corrected-to-normal 131 
vision and gave written informed consent before the experiments. All experiments were carried out 132 
in accordance with the Code of Ethics of the World Medical Association (Declaration of Helsinki).  133 
We followed a protocol approved by the University of Houston Committee for the Protection of 134 
Human Subjects. 135 

2.2. Apparatus 136 

Stimuli were created using the ViSaGe and VSG2/5 cards manufactured by Cambridge Research 137 
Systems. A 22-in. CRT monitor with a refresh rate of 100 Hz and a display resolution of 800 by 600 138 
pixels was used to present the visual stimuli. Observers sat at a distance of 1 m from the display. To 139 
restrict head movements of the observer, a head/chin rest was used.  140 

2.3. Stimuli and Procedures 141 

To investigate the interactions between metacontrast masking and the two types of attention 142 
described above, we used either a central cue (endogenous attention experiment) or a peripheral cue 143 
(exogenous attention experiment) in separate trial blocks. The task of the observers was to report the 144 
orientation of a target bar whose location was indicated by a pre-cue at the beginning of each trial. 145 
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The stimulus sequences for both cueing types are given in Figure 1. Each trial started with a fixation 146 
point on an otherwise blank gray (60 cd/m2) screen. After a random delay (500-1000 ms), a black pre-147 
cue (an arrow at the center in the endogenous attention blocks, or a 0.3 deg square at 3.0 deg 148 
eccentricity in the exogenous attention blocks) was shown for 50 ms, indicating the target location. 149 
After a variable CTOA, an array of six (endogenous) or four (exogenous) oriented bars (1 deg long, 150 
0.1 deg wide) was presented for 10 ms around an imaginary circle centered on the fixation point, so 151 
that all bars had the same retinal eccentricity. In the exogenous attention blocks, we had 4 oriented 152 
bars and the eccentricity of each bar was 5 deg. In the endogenous attention condition, we had 6 153 
oriented bars. We increased the eccentricity for each bar to 6 deg so that the bars would not be too 154 
close to each other.  155 

The main reason for using 4 instead of 6 oriented bars in the exogenous attention condition was 156 
to reduce the total number of trials for the experiment. Since the cue had to be non-informative across 157 
trials, all locations were cued with the same probability. With 4 items, 1200 trials out of 4800 158 
corresponded to valid trials and were analyzed for the main results. Had we used 6 items as in 159 
endogenous attention experiment, we would have had to collect 7200 trials per observer to have the 160 
same number of valid trials. Since it was difficult to recruit observers who would participate in both 161 
experiments with a total of more than 7000 trials (1600 endogenous + 4800 exogenous + practice trials), 162 
we reduced the number of potential test bars in the exogenous attention experiment. 163 

All oriented bars were followed by a metacontrast mask (a ring with inner and outer diameters 164 
of 1.1 deg and 1.4 deg, respectively) after a variable stimulus onset asynchrony (SOA). Within the 165 
same block, the mask array was not presented in some trials, and the performance in these trials 166 
served as the baseline-performance level for each cueing condition. Once the stimulus sequence was 167 
presented, responses from observers were collected via a gamepad. Observers were asked to adjust 168 
the orientation of a comparison bar, by pressing right or left buttons on the gamepad, until a best 169 
match to the orientation to the previously presented test stimulus was obtained.  170 

Even though central and peripheral cues are designed to guide endogenous and exogenous 171 
attention, respectively, the validity of each cue may also play a role in observers’ strategies on how 172 
to allocate their attentional resources. For example, if an endogenous cue is not 100% valid, observers 173 
may distribute some of their attentional resources to uncued locations so as to increase performance 174 
in invalid trials. For that reason, in the endogenous attention experiment, the central cue had 100% 175 
validity so as to maximize the voluntary allocation of resources to the location of the target bar. In 176 
the exogenous attention experiment, however, observers reported the orientation of the bar indicated 177 
by a second cue, i.e., a post-cue, which appeared at the end of each trial. The peripheral pre-cue in 178 
the exogenous attention condition was not informative of the target location since the chance of being 179 
pre-cued was the same for all four targets (25% validity). Given that exogenous cues were 180 
uninformative, we would expect observers not to allocate endogenous-attention resources in a cue-181 
dependent manner, thereby minimizing any potential contribution from the endogenous attention 182 
mechanisms in the exogenous-attention trials. There was no time limitation on the response, and 183 
observers initiated the next trial by another button press. In the endogenous attention experiment, 184 
three CTOA values (0, 200, and 500 ms) were used whereas in the exogenous attention experiment, 185 
only two CTOAs were used; 0 ms and a CTOA between 80 ms and 120 ms (specific values for each 186 
observer were as follows: 120 ms for ATB, 80 ms for EB, 100 ms for FG, 80 ms for GQ, 100 ms for 187 
MNA, and 80 ms for SA), where the effect of exogenous attention is largest, as determined by pilot 188 
studies. In both cueing conditions, five individually suited target-mask SOAs were used for each 189 
observer.  190 

 191 
 192 
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 193 
Figure 1. The stimulus sequences for both the endogenous (top) and exogenous (bottom) 194 

attention conditions. 195 
 196 
 197 
In both conditions, each block started and ended with 10 consecutive baseline trials. Moreover, 198 

different SOAs were interleaved in the remaining trials within a block. In each block, the same CTOA 199 
was used. In other words, cue timing was varied across blocks whereas target and mask timing was 200 
randomized within blocks. Each combination of CTOA and SOA values as well as the baseline 201 
conditions were run 100 times.  In total, each observer completed 1800 trials ([5 SOA + 1 baseline] x 202 
3 CTOA = 18 conditions) in the endogenous attention experiment, and 1200 valid trials ([5 SOA + 1 203 
baseline] x 2 CTOA = 12 conditions) out of roughly 4800 trials (i.e., 25% validity) in the exogenous 204 
attention experiment.  205 

To familiarize observers with the task and the experiment, and stabilize the effects of perceptual 206 
learning, we ran several practice blocks (<500 trials per observer) with all conditions before we started 207 
the actual experiments. Practice trials were not included in further statistical analyses. 208 

2.4. Avoiding floor and ceiling effects 209 

The target and mask luminances were adjusted for each observer to avoid floor/ceiling artifacts. For 210 
each observer, the floor is defined as the theoretical chance level, whereas the ceiling is defined 211 
empirically as the highest performance achieved when there is no mask (i.e., baseline performance). 212 
Target-mask luminance pairs were selected to satisfy simultaneously two criteria: C1) To establish 213 
that performance did not suffer from a ceiling effect, the highest masked performance had to be 214 
significantly lower than unmasked (baseline) performance; and C2) To establish that performance 215 
did not suffer from a floor effect, the lowest masked performance had to be significantly higher than 216 
chance level. Moreover, because 1) in metacontrast optimal masking occurs at positive target-mask 217 
SOAs and 2) observers can differ in the value of the optimal SOA, a separate SOA range was also 218 
suited to each observer.  219 

2.5. Statistical analyses and modelling 220 

2.5.1. Performance measures 221 

1. Statistical distribution of errors 222 
 223 
We calculated signed response-errors as the difference between actual and reported orientations of 224 
the target bar, i.e., ݎ݋ݎݎܧ	݈݁݃݊ܣ = ௔ߠ	  ௥ are the actual and reported angles, 225ߠ ௔ andߠ , where	௥ߠ	−
respectively. Response-error values ranged from -90 to 90 deg. As discussed in the Data Analysis 226 
section below, the distribution of signed response-errors was used for statistical mixture-modeling. 227 

 228 
2. Transformed performance 229 
 230 
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In order to obtain masking functions, the magnitude of signed response-errors, 	|ݎ݋ݎݎܧ	݈݁݃݊ܣ|,	was 231 
transformed to a probability-like measure via Equation (1) [14]: 232 

 233 
݁ܿ݊ܽ݉ݎ݋݂ݎ݁ܲ	݀݁݉ݎ݋݂ݏ݊ܽݎܶ = 1 −	 |ா௥௥௢௥	஺௡௚௟௘|

ଽ଴
  .             (1) 234 

 235 
This is a linear transform of the magnitude of error angles to a probability-like range, where 0.5 236 

and 1 correspond to chance and perfect performance, respectively. This allows an easier 237 
interpretation of the results. As discussed in the Data Analysis section below, transformed 238 
performance was used to assess attention metacontrast interactions through metacontrast functions. 239 

 240 

2.5.2. Data analyses 241 

We conducted four separate data analyses:  242 
 243 

Analysis 1) Avoiding floor and ceiling effects: For the first analysis, the goal was to establish that 244 
floor and ceiling effects are indeed avoided. For this purpose, we ran a power analysis to determine 245 
the number of trials per SOA at 0.7 power level based on the data from pilot experiments and our 246 
previous studies on metacontrast masking. Note that this value does not reflect the overall power of 247 
our other two analyses described below, nor the power of across-observers tests. It is merely used as 248 
an objective criterion to set a priori the number of trials per observer. This analysis yielded around 249 
200 trials in total for baseline (i.e., no mask condition) and masking conditions. Hence, each observer 250 
(except GQ who ran 70 trials for both conditions) ran 100 trials per SOA for both masking and baseline 251 
conditions. Table I lists the target and mask luminances, as well as the results of t-tests used to check 252 
whether or not both criteria listed above were met, for all observers. In general, p-values indicate 253 
highly significant differences from ceiling and floor levels, indicating that floor and ceiling effects are 254 
avoided.   255 

 256 
Table 1. The target, mask, and cue luminance values in cd/m2 (and corresponding Weber contrast 257 
values) are listed for each observer in endogenous and exogenous attention conditions. The 258 
background luminance was 60 cd/m2 for all observers. The results of t-tests used to assess whether 259 
criteria C1 and C2 are met are also listed for each observer. Note that we used two-sample t-tests with 260 
unequal variances for testing for criterion C1, and one-sample t-tests against chance level (0.5) for 261 
testing for criterion C2. 262 

Endogenous 263 

 Luminance (Contrast) Statistical Criteria 

Observer Target Mask Cue C1 (ceiling) C2 (floor) 

ATB 43 (-0.28) 15 (-0.75) 10 (-0.83) t(150.7) = -2.18; p = 0.016 t(99) = 4.11; p < 0.001 

EB 12.5 (-0.79) 30 (-0.5) 10 (-0.83) t(164.8) = -2.22; p = 0.014 t(99) = 6.15; p < 0.001 
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FG 46 (-0.23) 18 (-0.7) 10 (-0.83) t(145.5) = -2.73; p = 0.004 t(99) = 8.27; p < 0.001 

GQ 46 (-0.23) 0 (-1) 10 (-0.83) t(141.6) = -2.53; p = 0.006 t(99) = 3.92; p < 0.001 

MNA 42 (-0.3) 20 (-0.67) 10 (-0.83) t(142.6) = -2.19; p = 0.015 t(99) = 5.86; p < 0.001 

SA 47 (-0.22) 18 (-0.7) 10 (-0.83) t(138.6) = -2.94; p = 0.002 t(99) = 7.72; p < 0.001 

 264 

Exogenous 265 

 Luminance (Contrast) Statistical Criteria 

Observer Target Mask Cue C1 (ceiling) C2 (floor) 

ATB 44 (-0.27) 10 (-0.83) 30 (-0.5) t(167.7) = -2.23; p = 0.013 t(99) = 6.26; p < 0.001 

EB 40.5 (-0.32) 12 (-0.8) 30 (-0.5) t(181.5) = -1.87; p = 0.031 t(99) = 5.24; p < 0.001 

FG 46 (-0.23) 18 (-0.7) 30 (-0.5) t(180.6) = -2.5; p = 0.007 t(99) = 6.26; p < 0.001 

GQ 46.5 (-0.22) 6 (-0.9) 30 (-0.5) t(125.3) = -2.9; p = 0.002 t(69) = 4.34; p < 0.001 

MNA 43.5 (-0.28) 30 (-0.5) 30 (-0.5) t(137) = -2.34; p = 0.01 t(99) = 6.68; p < 0.001 

SA 48 (-0.2) 30 (-0.5) 30 (-0.5) t(134.6) = -3.81; p < 0.001 t(99) = 3.73; p < 0.001 

 266 

Analysis 2) Assessing attention metacontrast interactions by analyzing masking functions: The 267 
second analysis was directed to masking functions with the goal of determining whether attention 268 
and metacontrast interact. Because we used different stimulus parameters for each observer for the 269 
reasons mentioned above, we adopted a within-observer analysis approach and analyzed 270 
transformed-performance of each observer separately. We fitted a series of linear and polynomial 271 
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embedded regression models listed in Table II to determine the contributions of the main factors (e.g., 272 
CTOA, SOA) and their interactions. In the exogenous attention condition, only the trials where the 273 
peripheral cue correctly indicated the target location (i.e., valid trials) were included in the analyses. 274 
The results of the invalid trials in the exogenous attention condition were analyzed separately and 275 
included in Appendix. 276 

We used both Bayesian Information Criterion (BIC) and Adjusted-R2 metrics in the selection of 277 
best performing model. Model selection results were similar, if not identical, with both metrics for all 278 
observers. Both metrics penalize models for the number of free parameters. In addition, the BIC 279 
approach provides comparisons between different models in terms of their likelihood. To compare 280 
models, one needs to look at differences between BICs from different models. A BIC difference of x 281 
between model A and model B (i.e., BICA - BICB) corresponds to e-x -to-1 odds favoring model A. 282 
Therefore, the regression model with the smallest BIC value is the most likely model compared to 283 
others and the BIC difference between two models indicate their relative likelihood.  284 

 285 
Table 2. The regression models used to fit transformed performances and the winning model 286 
parameters are listed. The models are sorted based on number of parameters. The models M1, M2, 287 
M3, M4, M7, M8, M9, and M14 are the standard linear regression models whereas the remainder of 288 
models has quadratic main factors and/or interactions. τ represents SOA and n represents CTOA. β's 289 
are the coefficients of the models and ε represents the error term.. 290 

 291 

ID Regression Model 

M1 Y = β0 + ε 

M2 Y = β0 + β1 τ + ε 

M3 Y = β0 + β1 n + ε 

M4 Y = β0 + β1 τ n + ε 

M5 Y = β0 + β1 τ2 + ε  

M6 Y = β0 + β1 τ2 n + ε  

M7 Y = β0 + β1 τ + β2 n + ε  

M8 Y = β0 + β1 τ + β2 τ n + ε  

M9 Y = β0 + β1 n + β2 τ n + ε  

M10 Y = β0 + β1 τ2 + β2 n + ε  

M11 Y = β0 + β1 τ2 + β2 τ2 n + ε  

M12 Y = β0 + β1 n + β2 τ2 n + ε  
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M13 Y = β0 + β1 τ + β2 τ2 + ε  

M14 Y = β0 + β1 τ + β2 n + β3 τ n + ε  

M15 Y = β0 + β1 τ2 + β2 n + β3 τ2 n + ε  

M16 Y = β0 + β1 τ + β2 τ2 + β3 n + ε 

M17 Y = β0 + β1 τ + β2 τ2 + β3 τ n + ε 

M18 Y = β0 + β1 τ + β2 τ2 + β3 τ2 n + ε 

M19 Y = β0 + β1 τ + β2 τ2 + β3 n + β4 τ n + ε 

M20 Y = β0 + β1 τ + β2 τ2 + β3 n + β4 τ2 n + ε 

M21 Y = β0 + β1 τ + β2 τ2 + β3 n + β4 τ n + β5 τ2 n + ε 

 292 

Analysis 3) Statistical mixture modeling of data: Statistical mixture models have a long history in 293 
behavioral, perceptual, and cognitive studies. In several studies, it was noted that a mixture of 294 
statistical models (e.g., combined Gaussian and Uniform distributions) provide a better account of 295 
data compared to a single one (e.g., Gaussian), even when the difference in the number of parameters 296 
is taken into account. Mixture models have been used in modeling VSTM [59,60,14,61], visual 297 
encoding [60,14], crowding [62,63], and masking [64,65]. An upshot of this approach is that it can 298 
provide a meaningful interpretation for the parameters of the model. For example, as discussed 299 
below, for a Gaussian + Uniform mixture model, the mean and variance of the Gaussian can be 300 
interpreted as the accuracy and precision of the underlying process, respectively, whereas the weight 301 
of the Uniform component can be interpreted as the guess rate.  302 

We used a family of embedded statistical models: The G model has only a Gaussian term, and the GU 303 
model is a weighted sum of a Gaussian and a Uniform distribution. The GUCA and GUNN models 304 
have an additional Gaussian term, which represents “misbinding” behavior (i.e., reporting the 305 
orientation of a non-target bar). Since the non-target bars share structural properties of the target bar, 306 
there is a possibility to report one of the non-target bars, e.g. the one that has the closest angle to the 307 
target angle or the closest location to the target location, instead of the target stimulus. In this case, 308 
the masking effect would be caused by incorrect identity binding of a feature of a non-target bar to 309 
the target bar and this effect is modeled by an extra Gaussian distribution. In the GUCA model, 310 
misbinding is caused by the non-target bar, which has the closest angle to the target’s orientation. In 311 
the GUNN model, misbinding is modeled as stemming from the nearest neighbors of the target bar. 312 
Since the adjacent neighbors are equally far from the target bar, two non-target Gaussian distributions 313 
were included for the nearest elements in the GUNN model. We did not include all non-target 314 
elements for misbinding because, as discussed in [60], including all elements can lead to spurious 315 
matches, which in turn can lead to an over-fitting of these misbinding terms. For more details, the 316 
reader is referred to [64,60].  317 

We used the Bayesian Model Comparison (BMC) technique [66,67] for selecting the best performing 318 
statistical model. The performance metric provided in Equation (2) will be referred as the BMC (for 319 
full derivation see [55,64]). We assumed uniform priors over a plausible range of parameters and 320 
calculated the BMC as 321 
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ln L(m) = ln Lmax(m) −∑ ln	( ௝ܴ)௞
௝ 	+ ln[ ∫݁݌ݔ(ln (ߠ|݉)ܮ − lnܮ௠௔௫(݉))݀322 (2)  ,[ߠ 

where m represents the models, ߠ represents the free parameters of the models, ௝ܴ represents the 323 
size of the range for jth free parameter and Lmax( ௝݉) = max(L( ௝݉|θ)). We used the Riemann-sum 324 
approximation to compute Equation (2) and we had at least 50 bins in each parameter dimension. The 325 
difference between the BMC values from two different models is equivalent to the logarithm of their 326 
likelihood ratios. Therefore, a model with larger BMC performs better. A BMC difference of x between 327 
model A and model B corresponds to ex-to-1 odds favoring model A. 328 

Analysis 4) Analysis of winning statistical model’s parameters: Analysis 2 is conducted for 329 
determining whether attention and metacontrast interact. Analysis 3 provides a parametric 330 
interpretation of the data. We investigated the relationship between masking strength and model 331 
parameters by computing the correlation (Pearson R coefficients) between masking functions and the 332 
model parameters. The masking function is a plot of target visibility as a function of target-mask SOA. 333 
A strong correlation would suggest a critical role for that model parameter in accounting for masking 334 
effects, and a change in correlation with CTOA would suggest an interaction between attention and 335 
masking for that parameter (or for the process represented by that parameter). 336 

After model selection, we examined the winning model parameters to determine how model 337 
parameters, which represent different mechanisms (e.g., stimulus encoding, guessing), change with 338 
SOA and CTOA in endogenous and exogenous attention conditions. The examination of model 339 
parameters has the potential to tease apart different relationships between the processes they 340 
represent, metacontrast, and attention. We created 500 different data sets of response errors using 341 
resampling by replacement method for each and every observer separately. Then, we fitted the best 342 
model to these data sets. We obtained means and standard errors for model parameters of the winning 343 
model by this bootstrapping method. Finally, we fitted a series of linear and polynomial regression 344 
models (see Table II) to each model parameter for each observer separately. By this, we were able to 345 
reveal the contributions of the main factors (e.g., SOA, CTOA) and their interactions for each model 346 
parameter.  347 

3. Predictions 348 

As we mentioned in the Introduction, endogenous and exogenous orienting have been known to have 349 
different time courses in enhancing target processing (see review: [68]. Figure 2A illustrates the time 350 
courses and the predicted outcomes for the experiments presented here. When either type of cue is 351 
shown simultaneously with the target item (i.e., CTOA = 0 ms), both cues are ineffective; however, as 352 
the time separation between the cue and the target is increased, the facilitative effect of exogenous 353 
attention increases first, peaking around 100-120 ms, and then decreases back to no facilitation at long 354 
CTOAs [25,37,28,29]. For endogenous attention, the facilitative effect increases monotonically and 355 
reaches a plateau after a certain CTOA [25,37,28,29]. Here, we investigated whether different types of 356 
attentional orienting interact with metacontrast masking. If there is no interaction, then masking 357 
functions (i.e., transformed performance as a function of SOA) should uniformly shift vertically up or 358 
down, with the size of the shift depending on CTOA. Specifically, masking functions should shift 359 
upward with increasing CTOA for the case of endogenous cueing whereas it should shift up first, and 360 
then shift down to its no facilitation levels for exogenous cueing (see Figure 2B). However, since we 361 
used only two CTOAs in the exogenous attention condition, our data can only show an upward 362 
vertical shift from zero CTOA to 100 ms CTOA. On the other hand, any other pattern of results, i.e., 363 
any nonuniform change in masking functions, such as a change in maximum deviation in masking 364 
strength as a function of SOA with CTOA (Figure 2C), or a shift of the dip of the masking functions 365 
with CTOA (Figure 2D), or any combination of these two changes would indicate an interaction 366 
between attention and masking.  367 

 368 

 369 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2018                   doi:10.20944/preprints201806.0211.v1

Peer-reviewed version available at Vision 2018, 2, 39; doi:10.3390/vision2040039

http://dx.doi.org/10.20944/preprints201806.0211.v1
http://dx.doi.org/10.3390/vision2040039


 11 of 26 

 

 370 
 371 
Figure 2. (A) The time courses of effects of exogenous (solid line) and endogenous (dashed line) 372 

cueing (Ward, 2008). The blue and red arrows indicate endogenous and exogenous cues, respectively. 373 
(B) The predicted outcomes assuming no interaction between attention and masking. (C) and (D) 374 
Possible outcomes that would indicate interactions between metacontrast and attention. 375 

 376 

4. Results 377 

Figure 3 shows the experimental results for both cueing types obtained by each observer. The 378 
vertical axes represent the transformed performance while the horizontal axes represent SOA 379 
between the target and mask arrays. The dotted lines represent baseline conditions where the mask 380 
array was not presented. The markers and dashed lines represent empirical data whereas the solid 381 
lines indicate the best fitting regression models. Different colors represent different CTOAs. The 382 
baseline data were collected to ensure that the masking data did not have any ceiling effect (criterion 383 
C1, see Methods). For each observer, we performed a two-sample t-test between the baseline and 384 
masking conditions at an SOA where masking is the weakest, i.e., the transformed performance is 385 
the highest. Moreover, we did a one-sample t-test between the chance level (0.5 transformed 386 
performance) and the masking conditions at an SOA and CTOA pair where the transformed 387 
performance is the lowest (typically, zero CTOA and an intermediate SOA), to ensure that floor 388 
effects are also avoided (criterion C2, see Methods). Table I lists the results of all t-tests as well as the 389 
target and mask luminances that allowed us to avoid ceiling and floor effects for each observer. In 390 
short, both criteria were met for all observers, and our masking data are free from ceiling and floor 391 
effects. 392 

 393 
 394 
 395 
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 396 
Figure 3. The transformed performance in the (A) endogenous and (B) exogenous attention 397 

conditions for all CTOAs and SOAs. The horizontal axes represent SOA and the vertical axes 398 
represent transformed performance (see Methods). Different colors represent different CTOA 399 
conditions. The dotted horizontal lines indicate baseline (i.e., without masks) performance. The 400 
markers and the dashed lines represent empirical data whereas the solid lines show the best-fit 401 
regression model. Each panel shows data from a single observer. The initials of each observer and 402 
the best regression model (see Table II) are given on top of each panel. Error bars represent ±SEM 403 
across trials (n=100). Note that only the validly cued trials are included in both conditions, which 404 
correspond to 100% and 25% of the trials in the endogenous and exogenous attention conditions, 405 
respectively. Results of invalidly cued trials in exogenous attention condition is shown in Appendix. 406 
(C) The baseline performance (averaged across observers) as a function of CTOA in both conditions. 407 
Error bars represent ±SEM across observers (n=6). 408 

 409 
Visual inspection of Figure 3 suggests a general trend, with the possible exception of observer 410 

EB’s results, whereby masking functions seem to be shifted uniformly along the ordinate with 411 
changes in CTOA, consistent with the predictions of no interaction between masking and attention 412 
(cf. Fig. 2). To quantitatively test this qualitative observation, we fitted a series of polynomial 413 
regression models (see Table II) to individual data to quantify the effects of SOA (masking), CTOA 414 
(attention), and their various interactions. The best model was selected based on the BIC metric (the 415 
lower the BIC, the better the model), which pits model likelihoods against each other after taking into 416 
account the number of parameters. The pairwise BIC differences are given Figure 4. Greenish colors 417 
represent equivalent model performance whereas blue and red colors represent better and worse 418 
model performance, respectively. Figure 3 also shows the best model fits (solid lines).  419 

 420 
 421 
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 422 
 423 
Figure 4. The BIC differences between each pair of the regression models listed in Table II. (A) 424 

Endogenous attention condition. (B) Exogenous attention condition. 425 
 426 
In the endogenous attention condition, for four out of six observers, the best model was M16. 427 

This model has a linear SOA and CTOA terms as well as a quadratic SOA term but no interaction 428 
term. For observers EB and FG, the best model was M19, which has an additional interaction term. 429 
However, for these observers, the BIC differences between M16 and M19 were within ±2 indicating 430 
that these two models performed nearly equally well. Given that four observers showed no 431 
interaction effect and that the model with interaction term for the remaining two observers was only 432 
marginally superior to the no-interaction model, we conclude that for endogenous attention 433 
condition, attention and metacontrast are largely independent, with negligible likelihood for 434 
interactions.  435 

In the exogenous attention condition, for all observers except EB, M16 was again the best 436 
regression model. For EB, M19 again performed best. Note that although the best regression model 437 
was M19 for EB in both attention conditions, the BIC differences between M16 and M19 were within 438 
±2 indicating that these two models performed nearly equally well. Hence, five out of six observers 439 
indicate no interaction and the evidence for interaction in the sixth observer is very weak.  440 

Taken together, our results suggest that metacontrast masking and attention are largely 441 
independent, with negligible likelihood for interactions.  442 

Perceptual improvements as a result of spatial pre-cueing have been reported to be contingent 443 
upon the presence of masks (e.g., [49,50,70-72]. To test whether the effect of cueing is limited to the 444 
cases where masks were presented in our experiments, we analyzed the transformed performance in 445 
the baseline conditions (see Figure 3C). Although we did not control for ceiling and floor effects in 446 
the baseline conditions, we found a significant improvement in transformed performance with 447 
increasing CTOA in the endogenous attention condition. A one-way repeated measures ANOVA 448 
yielded a significant main effect of CTOA (F2,10=8.060; p=0.008; ηp2=0.617). Although there was an 449 
increasing trend in performance with CTOA, a paired t-test between performance at zero CTOA and 450 
~100ms CTOA in the exogenous attention condition was only marginally significant (t(5)=2.451; 451 
p=0.058).  452 

 453 

4.1. Statistical mixture modeling 454 

We examined the distribution of signed response-errors by using the BMC technique. We used a 455 
hierarchy of statistical models to capture the characteristics of the response errors (see Methods). 456 
Among these models, the GU model was the winning model for all observers in both types of 457 
attention manipulations. Averaged across observes, the BMC of the GU model in the endogenous 458 
attention condition was larger by 13.1, 1.9, and 3.4 than that of the G, GUCA, and GUNN models, 459 
respectively. These differences correspond to 5.0E+5-to-1, 6.7-to-1, and 30.0-to-1 odds, in favor of the 460 
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GU model, and suggest a “decisive evidence” favoring the GU model [73]. Similarly, in the exogenous 461 
attention condition, the BMC of the GU model was 14.3, 2.1, and 3.2 larger than that of the G, GUCA, 462 
and GUNN models, respectively. These BMC differences correspond to 1.6E+6-to-1, 8.2-to-1, and 463 
24.5-to-1 odds, all favoring the GU model. Next, we analyzed the model parameters of the GU model 464 
to determine whether any interaction between metacontrast masking and attention exists. Since the 465 
Gaussian and the Uniform components in the GU model are interpreted to represent different 466 
processes (stimulus encoding and guessing), examination of model parameters has the potential to 467 
tease apart different relationships between these processes, metacontrast, and attention. 468 

 469 

 470 
 471 
Figure 5. Pairwise BMC differences between the statistical models tested. A square with 472 

coordinates (x,y) on each plot represents the BMC difference between model y and x. In order to have 473 
the same color notation (i.e., cooler colors mean better model performance and hotter colors mean 474 
worse model performance) as in Figure 4, we flipped the sign of the BMC differences. For both types 475 
of attention and for all observers, the GU model performs best in explaining the distribution of signed 476 
response errors, as indicated by the darkest blue color at the (G, GU) coordinate in all panels. 477 

 478 
Figure 6 shows the model parameters for the winning GU model as a function of SOA and CTOA 479 

in both the endogenous (Figure 6A) and exogenous (Figure 6B) attention conditions. There is no 480 
discernable systematic pattern of changes in the standard deviation of the Gaussian term. The weight 481 
of the Uniform component, however, depicts an entirely different picture. First, it tightly follows the 482 
(inverted) shape of masking functions, indicating that metacontrast masking exerts its effect 483 
primarily by increasing the weight of the Uniform component (i.e., guessing). Second, the effect of 484 
pre-cueing at different temporal distances to the target array (i.e., CTOAs) is also reflected in the 485 
weight parameter as an overall increase/decrease at all SOAs. At zero CTOA, where spatial pre-486 
cueing virtually has no effect on performance, the weight parameter is largest for all SOAs and 487 
observers in both types of attention. As CTOA increases, more attentional resources are deployed at 488 
the target location, which decreases the weight of the Uniform component. More importantly, these 489 
opposing effects of metacontrast and attention seem to be operating independently since the weight 490 
functions (i.e., the weight of the Uniform component as a function of SOA) undergo vertical shifts 491 
with CTOA.  492 

 493 
 494 
 495 
 496 
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 497 
Figure 6. Pairwise BMC differences between the statistical models tested. A square with 498 

coordinates (x,y) on each plot represents the BMC difference between model y and x. In order to have 499 
the same color notation (i.e., cooler colors mean better model performance and hotter colors mean 500 
worse model performance) as in Figure 4, we flipped the sign of the BMC differences. For both types 501 
of attention and for all observers, the GU model performs best in explaining the distribution of signed 502 
response errors, as indicated by the darkest blue color at the (G, GU) coordinate in all panels. 503 

 504 
These informal evaluations of the results were confirmed by the statistical tests where we fitted 505 

model parameters with a series of polynomial regression models. Figure 6 also shows the best fitting 506 
regression model on top of each panel. Across observers, there were differences in the regression 507 
model that best captures the changes in the standard deviation of the Gaussian term.  These 508 
inconsistencies across observers suggests that masking strength and attentional benefits are not 509 
directly reflected in the standard deviation of the Gaussian in the GU model. The changes in the 510 
weight of the Uniform term were best captured by the regression model M16 for four out of six 511 
observers in the endogenous attention condition. For the observers EB and FG, the best regression 512 
model was M19 and M21, respectively. The model M19 has an additional SOAxCTOA interaction 513 
term compared to M16, and the model M21 has both SOAxCTOA and SOA2xCTOA interaction terms 514 
(see Table II for a complete list of all regression models). In the exogenous attention condition, the 515 
best regression model for the weight of the Uniform term was M16 for three out of six observers. 516 
Here, the best model for observer FG was again M21. However, for observer EB, there was no 517 
interaction between SOA and CTOA in the exogenous attention condition. Moreover, for observers 518 
MNA and SA, the best regression models were M20 and M21, respectively. Both M20 and M21 519 
contain a quadratic SOA and CTOA interaction, which suggest a masking strength-dependent effect 520 
of attention. This is apparent in the nonuniform, SOA-dependent drops in the weight parameter with 521 
an increase in CTOA for these observers (Figure 6B, Uweight). Interestingly, we did not find such 522 
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interactions for the weight parameter in the endogenous attention condition as well as the 523 
transformed performance in both attention conditions.  524 

 525 

 526 
 527 
Figure 7. The correlations between masking functions and the GU model parameters for the (A) 528 

endogenous and (B) exogenous attention conditions. The top row represents the standard deviation 529 
of the Gaussian whereas the bottom row represents the weight of the Uniform. 530 

 531 
To determine how well the changes in transformed performance are reflected in the model 532 

parameters, we carried out a correlation analysis, where we computed the Pearson’s R coefficient 533 
between masking functions and each model parameter separately. Figure 7 shows the individual and 534 
average correlation coefficients for both attention conditions. Different colors represent different 535 
CTOAs. Consistently, we found very strong correlations between the weight of the Uniform and the 536 
masking functions in all CTOAs. This suggests that regardless of the level of attentional resources on 537 
the target bar, the transformed performance can be closely captured by the changes in the weight of 538 
the Uniform term.  539 

 540 

5. Discussion 541 

The visual system is overwhelmed by an enormous amount of information impinging on the 542 
retina. Since the computing resources available to the brain are limited, they must be used efficiently. 543 
Spatial attention facilitates this feat by selecting a relevant subset of information and filtering out or 544 
suppressing the rest. In other words, it controls the quality and quantity of information transfer from 545 
sensory input to VSTM. Visual masking also plays an important role in the transfer of information 546 
from sensory memory to VSTM. In fact, many studies on VSTM have used visual masks to control 547 
the information available to the observer. However, this approach neglects the possibility of 548 
interactions between masking and attention mechanisms. If the mechanisms underlying these two 549 
visual phenomena interact, the results of studies where both spatial pre-cues and visual masks are 550 
used need reinterpretation.  551 

Earlier studies on masking and attention relations indeed showed significant interactions 552 
between the two [18-22,70,71,74]. In common-onset masking, where the target and mask onsets 553 
coincide but the mask outlasts the target, Enns and Di Lollo [19] showed that attentional benefits due 554 
to a spatial pre-cue or reduced set-size strongly depend on mask duration. Similarly, by using 555 
metacontrast masks, Tata [22] showed that increasing set size results in an SOA-dependent 556 
impairment of performance. However, most of these studies suffered from ceiling/floor effects and 557 
possibly other methodological artifacts. For instance, in Tata’s experiments, there was essentially no 558 
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masking at all for set size one; percentage of correct responses as a function of SOA formed a flat line 559 
at around 95%. However, for larger set sizes, they found strong masking effects, and therefore, this 560 
led the author to conclude that attention and metacontrast masking interact.   561 

 Evidence from recent studies where ceiling and floor effects were avoided, suggests that 562 
mechanisms underlying common-onset masking and attention are indeed independent [23,24,75,76]. 563 
Similarly, we sought to determine whether the same relationship holds for metacontrast masking and 564 
attention. In a recent study, we varied the number of potential targets in the target display and the 565 
SOA to control the attentional load and masking strength, respectively [55] and showed that 566 
metacontrast masking and attention operate independently. There are, however, two caveats with 567 
this methodology. First, the temporal dynamics of attention and mask interactions cannot be 568 
examined by solely manipulating target-display size. Second, since the oriented bars that served as 569 
the target was unknown to the observers in the beginning of each trial, they had to attend to the entire 570 
target display. Moreover, the target bar was indicated by the onset of a mask. Therefore, the task 571 
employed both endogenous and mask-evoked exogenous attention. Differential contributions from 572 
endogenous and exogenous attention mechanisms might have obscured a potential interaction 573 
between metacontrast masking and attention in our previous study. Finally, since the mask also 574 
served as the attentional cue, it was not clear how this dual role might have affected the results. In 575 
the present study, we investigated the relationship between metacontrast masking and these two 576 
different types of attention separately by using spatial pre-cues that were independent of masks. The 577 
task of the observers was again to report the orientation of the cued bar. We kept the set size fixed 578 
and varied the CTOA between the pre-cue and the target array and the SOA between the target and 579 
mask arrays. We found that for both attention types, the mean magnitude of errors is affected by 580 
CTOA equally at all SOA values. In other words, masking functions underwent vertical shifts with 581 
changes in CTOA, indicating that metacontrast masking and attention arise from independent 582 
processes. We expressed our data parametrically by using statistical mixture modeling and found 583 
that the parameter corresponding to guess rate (i.e., the weight of the Uniform distribution) gave the 584 
best account of metacontrast functions. Interestingly, when we further examined interactions at the 585 
parametric level, two (three) out of six observers in the endogenous (exogenous) attention condition 586 
showed significant interactions between CTOA and the guess rate. Although it was “barely worth 587 
mentioning” from a Bayesian statistics point of view [73], individual differences found in model 588 
parameters warrant further investigations, especially in the light of recent findings that indicate 589 
genetically-based individual variations in metacontrast masking [77,78]. Since we have not 590 
genotyped our observers, we cannot generalize our results across all genotypes and we cannot assert 591 
whether the individual differences stem from genetic variations.  592 

5.1. Implications for models of attention 593 

Next, we will discuss whether and how our results can be explained by two prominent models of 594 
attention in the literature, namely the Perceptual Template Model (PTM) developed by Lu and 595 
Dosher [49], and the Integrated System Model (ISM) developed by Smith and colleagues ([70] – early 596 
version, no explicit VSTM layer; [79] – VSTM stage is added; [74] – final version). These models are 597 
selected since they also address visual masking and its proposed interactions with attention. In short, 598 
PTM can distinguish three attention mechanisms that have distinct signatures on behavioral 599 
improvements in perceptual tasks. According to PTM, attention enhances visual stimuli, removes 600 
external noise, and reduces multiplicative internal noise. These mechanisms can work in tandem or 601 
separately depending on the stimulus configuration and the amount of noise in the stimuli. ISM 602 
assumes that attention affects the rate of information transfer from sensory memory to VSTM [80]. 603 
Masks either truncate sensory information prematurely before the truncated information is fully 604 
transferred to VSTM, or they add noise to the stimulus, which in turn, slows down the rate at which 605 
encoded stimulus information becomes available for later stages of processing [74]. Moreover, ISM 606 
also assumes that masking and attention mechanisms interact, and hence, predicts larger attentional 607 
benefits when a stimulus is masked compared to when it is unmasked. Likewise, the stronger the 608 
masking is, the larger the attentional effects will be. 609 
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One way masking and attention are related in PTM is that the mask adds noise through temporal 610 
integration at the stage of the perceptual template, where stimulus enhancement mechanism of 611 
attention also operates. Moreover, in a series of studies, Dosher and Lu showed that external noise 612 
exclusion is the mechanism underlying endogenous attention effects whereas both external noise 613 
exclusion and stimulus enhancement are in play when exogenous attention operates [47-50].  614 
Therefore, PTM predicts that the amount of external noise added due to the mask will decrease with 615 
increasing SOA, hence a Type-A masking function. PTM further predicts that the effect of attention 616 
should be large when external noise is large compared to the signal. Hence, it predicts that the effect 617 
of attention should be largest at SOA=0 and should decrease with increasing SOA. These predictions 618 
clearly do not hold for our findings. We obtained Type-B masking functions with increasing, rather 619 
than decreasing masking effects as SOA increases from zero. Furthermore, we found that the effect 620 
of both endogenous and exogenous pre-cues, measured by mean magnitude of errors in orientation 621 
judgments, is virtually the same across all SOAs. Based on the Type-B shape of masking functions, 622 
one could speculate that, by some unspecified mechanism, the metacontrast mask adds external noise 623 
in an SOA-dependent manner, i.e., less noise at very short and long SOAs and more noise at 624 
intermediate SOAs where masking is strongest. According to this scenario, an increase in CTOA 625 
should lead to larger change in performance at intermediate SOAs compared to short and long SOAs. 626 
This is equivalent to a statistical interaction between SOA2 and CTOA. As revealed by statistical 627 
modeling of the distribution of signed response-errors, rather than just the mean magnitude of errors, 628 
the interaction between SOA2 and CTOA was evident in the frequency of random guessing behavior 629 
for two observers in the endogenous attention condition, and for three observers in the exogenous 630 
attention condition. In sum, although the underlying neurophysiological mechanism is unspecified 631 
at this time, our finding that there might be modest interactions between metacontrast masking and 632 
attention can be explained by PTM. However, as mentioned above, this explanation rests on some 633 
unspecified mechanism according to which the metacontrast mask adds external noise in an SOA-634 
dependent manner. 635 

ISM makes predictions similar to those of PTM. However, as mentioned before, ISM directly 636 
incorporates interacting masking and attention mechanisms. For instance, it predicts that there will 637 
be no effect of attention in the absence of masks. However, our baseline data, which correspond to 638 
no mask conditions (see Figure 3C), show clear effects of attention and we did not find strong 639 
evidence in favor of interactions between attention and masking.  640 

 641 

5.2. Implications for masking models 642 

Attention has facilitative and inhibitory effects in almost all perceptual tasks [30,69]. However, many 643 
early models of visual masking do not address the effects of attention on masking, and mostly assume 644 
that attention and masking are independent processes (e.g., [81,82,5]. These models can be extended 645 
straightforwardly to include attention as an add-on process, which simply reduces the masking 646 
strength uniformly across SOAs. Michaels and Turvey’s model [83] also included attention as an 647 
independent process, which modulates spatial inhibitory effects in masking.  648 

At least one theory of visual masking puts more weight on attention [18,19]. In a common onset 649 
masking paradigm, Enns and Di Lollo [19] showed that four-dot masks can produce strong masking 650 
when the stimuli were viewed peripherally and when attention was diffused to more than one spatial 651 
location. Enns and Di Lollo interpreted these effects as a result of re-entrant (feedback) higher-level 652 
processes contributing to object substitution. In summary, interaction between attention and masking 653 
is an essential ingredient of the object substitution theory. This prediction was supported by 654 
significant interactions found in their study [18,19]. However, as noted, more recent evidence shows 655 
that their results suffered from ceiling/floor artifacts, and that common-onset masking and attention 656 
do not interact [23,24,76]. Another strong contradiction to the object substitution theory comes from 657 
a study by Filmer, Mattingley, and Dux [24]. They found strong common-onset masking effects for 658 
attended and foveated targets. Consistent with these recent reports, here we showed that metacontrast 659 
masking and attention are largely independent. From a theoretical point of view, Francis and 660 
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Hermens [84] argued that re-entrant processes are not necessary to explain common-onset masking 661 
and the same results can be captured by feed-forward models of masking. The way they modeled 662 
attentional effects was by reducing the intensity of the mask stimulus. However, since changes in 663 
target/mask energy ratio generally changes the shape of masking functions [2] and given the 664 
aforementioned recent evidence for lack of interactions between common-onset masking and 665 
attention, alternative ways of modeling attentional effects may be more appropriate (e.g., [85]; see 666 
also, [86,87]).   667 

It would be interesting to see whether this finding holds when there are varying types of high 668 
external noise in the stimuli. For example, a compound mask consisting of noise spatially overlapping 669 
the target added to a non-overlapping metacontrast-type stimulus could be used in conjunction with 670 
spatial cues to test whether masking and external noise exclusion mechanism of attention also do not 671 
interact. 672 
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Appendix A 679 

As mentioned in the Methods section, the validity of the cue was 25% in the exogenous attention 680 
condition to make sure that the cue is non-informative and the effect of endogenous attention is 681 
minimized or eliminated. Observers completed 1200 valid trials out of roughly 4800 trials. We 682 
analyzed the invalid trials in exogenous attention condition separately. Figure A1 shows the 683 
experimental results of different SOA and CTOA conditions for all observers. X axes represent SOA 684 
and y axes represent transformed performance. Different colors represent different CTOA conditions. 685 
The dotted lines show baseline condition for each CTOA value. The markers and dashed lines show 686 
the empirical data and the solid lines show the best-fitting regression model (see Table II). Only two 687 
(FG and MNA) out of six observers showed a significant main effect of CTOA. In invalidly cued trials, 688 
the effect of attention was much weaker compared to validly cued trials. 689 

 690 
 691 

 692 
Figure A1. The transformed performance as a function of SOA for invalid trials in the exogenous 693 

attention condition for all CTOAs. The horizontal axes represent SOA and the vertical axes represent 694 
transformed performance. Red color represents zero CTOA and blue color represents positive CTOA 695 
value (ranging from 80 to 120). The dotted horizontal lines indicate baseline performance. The 696 
markers and the dashed lines represent empirical data whereas the solid lines show the best-fit 697 
regression model. Each panel shows data from a single observer. The best regression model (see Table 698 
II) is given on top of each panel. Error bars represent ±SEM across trials (n=100). 699 

 700 
We looked at the distribution of signed response-errors of invalid trials in the exogenous 701 

attention condition and fitted a hierarchy of statistical models described in Methods section. The GU 702 
model was the winning model for all observers as in the valid trials presented in the main text. Figure 703 
A2 shows the model parameters for the GU model as a function of SOA and CTOA. Red color 704 
represents zero CTOA and blue color represents positive CTOA values (ranging from 80 to 120). 705 
Markers show data points and solid lines show the best fitting regression models. The effect of 706 
attention was not significant on standard deviation of Gaussian except for observer FG, and there is 707 
no discernable pattern of changes in standard deviation of Gaussian in the GU model.  Although the 708 
weight of the Uniform follows an inverted shape of the masking function for most (five out of six) of 709 
the observers, the effect of attention was not significant on the weight of the Uniform distribution in 710 
GU model except for observer FG. Overall, attention effects are much weaker in the invalidly cued 711 
trials in the exogenous attention condition. Therefore, it is not ideal to investigate whether there is an 712 
interaction between attention and metacontrast masking in invalid trials since the main effect of 713 
attention is absent. 714 

 715 
 716 
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 717 
 718 
Figure A2. The transformed performance as a function of SOA for invalid trials in the exogenous 719 

attention condition for all CTOAs. The horizontal axes represent SOA and the vertical axes represent 720 
transformed performance. Red color represents zero CTOA and blue color represents positive CTOA 721 
value (ranging from 80 to 120). The dotted horizontal lines indicate baseline performance. The 722 
markers and the dashed lines represent empirical data whereas the solid lines show the best-fit 723 
regression model. Each panel shows data from a single observer. The best regression model (see Table 724 
II) is given on top of each panel. Error bars represent ±SEM across trials (n=100). 725 
  726 
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Appendix B 727 

To show how well the best fitting models fit the data, Table B1 summarizes the R2 values for the 728 
best-fitting models for all observers and experiments. 729 

 730 
Table B1. A summary the R2 (and Adjusted R2) values for the best fitting models for all observers 731 

and experiments. 732 

 ATB EB FG GQ MNA SA 

Endogenous 0.82(0.74) 0.97(0.95) 0.96(0.93) 0.90(0.87) 0.81(0.75) 0.89(0.85) 

Exogenous 0.84(0.73) 0.90(0.81) 0.75(0.54) 0.94(0.90) 0.85(0.76) 0.91(0.85) 

  733 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2018                   doi:10.20944/preprints201806.0211.v1

Peer-reviewed version available at Vision 2018, 2, 39; doi:10.3390/vision2040039

http://dx.doi.org/10.20944/preprints201806.0211.v1
http://dx.doi.org/10.3390/vision2040039


 23 of 26 

 

References 734 

1. Bachmann, T. (1994). Psychophysiology of visual masking: the fine structure of conscious experience. Commack, 735 
NY: Nova Science. 736 

2. Breitmeyer, B. G., & Ogmen, H. (2006). Visual Masking: Time Slices Through Conscious and Unconscious Vision 737 
(2nd Ed.). Oxford: Oxford University Press. 738 

3. Chen, S., Bedell, H. E., & Ogmen, H. (1995). A target in real motion appears blurred in the absence of other 739 
proximal moving targets. Vision Research, 35(16), 2315–2328. 740 

4. Noory, B., Herzog, M. H., & Ogmen, H. (2015). Spatial properties of non-retinotopic reference frames in 741 
human vision. Vision Research, 113(Pt A), 44–54. 742 

5. Ogmen, H. (1993). A neural theory of retino-cortical dynamics. Neural Networks, 6(2), 245–273. 743 
6. Purushothaman, G., Ogmen, H., Chen, S., & Bedell, H. E. (1998). Motion deblurring in a neural network 744 

model of retino-cortical dynamics. Vision Research, 38(12), 1827–1842. 745 
7. Atkinson, R. C., & Shiffrin, R. M. (1971). The control of short-term memory. Scientific American, 225(2), 82–746 

90. 747 
8. Averbach, E., & Sperling, G. (1961). Short-Term Storage of information in Vision. Information Theory, 196–748 

211. 749 
9. Chen, Y., Martinez-Conde, S., Macknik, S. L., Bereshpolova, Y., Swadlow, H. A., & Alonso, J.-M. (2008). 750 

Task difficulty modulates activity of specific neuronal populations in primary visual cortex. Nature 751 
Neuroscience, 11(8), 974–982. 752 

10. Gazzaley, A., & Nobre, A. C. (2012). Top-down modulation: bridging selective attention and working 753 
memory. Trends in Cognitive Sciences, 16(2), 129–135. 754 

11. Palmer, J. (1990). Attentional limits on the perception and memory of visual information. Journal of 755 
Experimental Psychology: Human Perception and Performance, 16(2), 332–350. 756 

12. Polk, T. A., Drake, R. M., Jonides, J. J., Smith, M. R., & Smith, E. E. (2008). Attention enhances the neural 757 
processing of relevant features and suppresses the processing of irrelevant features in humans: a functional 758 
magnetic resonance imaging study of the Stroop task. The Journal of Neuroscience, 28(51), 13786–13792. 759 

13. Baddeley, A. (2007). Working memory, thought, and action(Vol. 45). OUP Oxford. 760 
14. Ogmen, H., Ekiz, O., Huynh, D., Bedell, H. E., & Tripathy, S. P. (2013). Bottlenecks of motion processing 761 

during a visual glance: The leaky flask model. PLoS ONE, 8(12), 1–12. 762 
15. Reynolds, J. H., & Chelazzi, L. (2004). Attentional Modulation of Visual Processing. Annual Review of 763 

Neuroscience, 27(1), 611–647. 764 
16. Sreenivasan, K. K., & Jha, A. P. (2007). Selective attention supports working memory maintenance by 765 

modulating perceptual processing of distractors. Journal of Cognitive Neuroscience, 19(1), 32–41. 766 
17. Tombu, M. N., Asplund, C. L., Dux, P. E., Godwin, D., Martin, J. W., & Marois, R. (2011). A Unified 767 

attentional bottleneck in the human brain. Proceedings of the National Academy of Sciences of the United States 768 
of America, 108(33), 13426–31. 769 

18. Di Lollo, V., Enns, J. T., & Rensink, R. A. (2000). Competition for consciousness among visual events: the 770 
psychophysics of reentrant visual processes. Journal of Experimental Psychology. General, 129(4), 481–507. 771 

19. Enns, J. T., & Di Lollo, V. (1997). Object substitution: A new form of masking in unattended visual locations. 772 
Psychological Science, 8(2), 135–139. 773 

20. Ramachandran, V. S., & Cobb, S. (1995). Visual attention modulates metacontrast masking. Nature, 373, 66–774 
68. 775 

21. Shelley-Tremblay, J., & Mack, A. (1999). Metacontrast Masking and Attention. Psychological Science, 10(6), 776 
508–515. 777 

22. Tata, M. S. (2002). Attend to it now or lose it forever: Selective attention, metacontrast masking, and object 778 
substitution. Perception & Psychophysics, 64(7), 1028–1038. 779 

23. Argyropoulos, I., Gellatly, A., Pilling, M., & Carter, W. (2013). Set size and mask duration do not interact 780 
in object-substitution masking. Journal of Experimental Psychology: Human Perception and Performance, 39(3), 781 
646–661. 782 

24. Filmer, H. L., Mattingley, J. B., & Dux, P. E. (2014). Size (mostly) doesn’t matter: the role of set size in object 783 
substitution masking. Attention, Perception & Psychophysics, 76(6), 1620–1629. 784 

25. Cheal, M., & Lyon, D. R. (1991). Importance of precue location in directing attention. Acta Psychologica, 785 
76(3), 201–211. 786 

26. Egeth, H. E., & Yantis, S. (1997). VISUAL ATTENTION : Control , Representation , and Time Course. Annual 787 
Reviews Psychology, 48, 269–297. 788 

27. Jonides, J. J. (1981). Voluntary versus automatic control over the mind’s eye’s movement. In J. Long & A. 789 
Baddeley (Eds.), Attention and performance IX (Vol. 9, pp. 187–203). Hillsdale, NJ: Lawrence Erlbaum 790 
Associates. 791 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2018                   doi:10.20944/preprints201806.0211.v1

Peer-reviewed version available at Vision 2018, 2, 39; doi:10.3390/vision2040039

http://dx.doi.org/10.20944/preprints201806.0211.v1
http://dx.doi.org/10.3390/vision2040039


 24 of 26 

 

28. Müller, H. J., & Rabbitt, P. M. (1989). Reflexive and voluntary orienting of visual attention: time course of 792 
activation and resistance to interruption. Journal of Experimental Psychology. Human Perception and 793 
Performance, 15(2), 315–30. 794 

29. Nakayama, K., & Mackeben, M. (1989). Sustained and transient components of focal visual attention. Vision 795 
Research, 29(11), 1631–1647. 796 

30. Posner, M. I. (1980). Orienting of attention. The Quarterly Journal of Experimental Psychology, 32(1), 3–25. 797 
31. Weichselgartner, E., & Sperling, G. (1987). Dynamics of automatic and controlled visual attention. Science, 798 

238(4828), 778–780. 799 
32. Jonides, J. J., & Yantis, S. (1988). Uniqueness of abrupt visual onset in capturing attention. Perception & 800 

Psychophysics, 43(4), 346–354. 801 
33. Wright, R. D., & Ward, L. M. (2008). Orienting of attention. New York: Oxford University Press. 802 
34. Yantis, S., & Jonides, J. J. (1984). Abrupt visual onsets and selective attention: evidence from visual search. 803 

Journal of Experimental Psychology: Human Perception and Performance, 10(5), 601–621. 804 
35. Ling, S., & Carrasco, M. (2006). When sustained attention impairs perception. Nature Neuroscience, 9(10), 805 

1243–1245. 806 
36. Remington, R. W., Johnston, J. C., & Yantis, S. (1992). Involuntary attentional capture by abrupt onsets. 807 

Perception & Psychophysics, 51(3), 279–290. 808 
37. Kröse, B. J. A., & Julesz, B. (1989). The control and speed of shifts of attention. Vision Research, 29(11), 1607–809 

1619. 810 
38. Carrasco, M. (2011). Visual attention: The past 25 years. Vision Research, 51(13), 1484–1525. 811 
39. Hikosaka, O., Miyauchi, S., & Shimojo, S. (1993). Focal visual attention produces illusory temporal order 812 

and motion sensation. Vision Research, 33(9), 1219–1240. 813 
40. Carrasco, M., & Barbot, A. (2015). How Attention Affects Spatial Resolution. Cold Spring Harbor Symposia 814 

on Quantitative Biology. 815 
41. Yeshurun, Y., & Carrasco, M. (1998). Attention improves or impairs visual performance by enhancing 816 

spatial resolution. Nature, 396(6706), 72–75. 817 
42. Montagna, B., Pestilli, F., & Carrasco, M. (2009). Attention trades off spatial acuity. Vision Research, 49(7), 818 

735–745. 819 
43. Yeshurun, Y., & Levy, L. (2003). Transient spatial attention degrades temporal resolution. Psychological 820 

Science, 14(3), 225–231. 821 
44. Hein, E., Rolke, B., & Ulrich, R. (2006). Visual attention and temporal discrimination: Differential effects of 822 

automatic and voluntary cueing. Visual Cognition, 13(1), 29-50. 823 
45. Suzuki, S., & Cavanagh, P. (1997). Focused attention distorts visual space: an attentional repulsion effect. 824 

Journal of Experimental Psychology. Human Perception and Performance, 23(2), 443–463. 825 
46. Briand, K. A., & Klein, R. M. (1987). Is Posner’s “beam” the same as Treisman’s “glue”?: On the relation 826 

between visual orienting and feature integration theory. Journal of Experimental Psychology: Human 827 
Perception and Performance, 13(2), 228–241. 828 

47. Dosher, B. A., & Lu, Z.-L. (2000a). Mechanisms of perceptual attention in precuing of location. Vision 829 
Research, 40, 1269–1292. 830 

48. Dosher, B. A., & Lu, Z.-L. (2000b). Noise exclusion in spatial attention. Psychological Science, 11(2), 139–146. 831 
49. Lu, Z.-L., & Dosher, B. A. (1998). External noise distinguishes mechanisms of attention. Vision Research, 832 

38(9), 1183–1198. 833 
50. Lu, Z.-L., & Dosher, B. A. (2000). Spatial attention: different mechanisms for central and peripheral 834 

temporal precues? Journal of Experimental Psychology. Human Perception and Performance, 26(5), 1534–48. 835 
51. Herrmann, K., Montaser-Kouhsari, L., Carrasco, M., & Heeger, D. J. (2010). When size matters: attention 836 

affects performance by contrast or response gain. Nature Neuroscience, 13(12), 1554–1559. 837 
52. Pestilli, F., Ling, S., & Carrasco, M. (2009). A population-coding model of attention’s influence on contrast 838 

response: Estimating neural effects from psychophysical data. Vision Research, 49(10), 1144–1153. 839 
53. Peelen, M. V., Heslenfeld, D. J., & Theeuwes, J. (2004). Endogenous and exogenous attention shifts are 840 

mediated by the same large-scale neural network. NeuroImage, 22(2), 822–830. 841 
54. Agaoglu, S., Breitmeyer, B. G., & Ogmen, H. (2016a). Attention and Metacontrast Masking do not Interact. 842 

Journal of Vision, 16(12), 1267. 843 
55. Agaoglu, S., Breitmeyer, B. G., & Ogmen, H. (2016b). Metacontrast Masking and Attention do not Interact. 844 

Attention, Perception & Psychophysics, 78(5), 1363–1380. 845 
56. Eckstein, M. P. (1998). The lower visual search efficiency for conjunctions is due to noise and not serial 846 

attentional processing. Psychological Science, 9(2), 111-118. 847 
57. Palmer, J., Verghese, P., & Pavel, M. (2000). The psychophysics of visual search. Vision research, 40(10-12), 848 

1227-1268. 849 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2018                   doi:10.20944/preprints201806.0211.v1

Peer-reviewed version available at Vision 2018, 2, 39; doi:10.3390/vision2040039

http://dx.doi.org/10.20944/preprints201806.0211.v1
http://dx.doi.org/10.3390/vision2040039


 25 of 26 

 

58. Ogmen, H., Agaoglu, S., & Breitmeyer, B. G. (2016). How do Endogenous Attention, Exogenous Attention 850 
and Metacontrast Masking Operate in Controlling Stimulus Visibility? Journal of Vision, 16(12), 898. 851 

59. Bays, P. M., Catalao, R. F. G., & Husain, M. (2009). The precision of visual working memory is set by 852 
allocation of a shared resource. Journal of Vision, 9(10), 7.1-11. 853 

60. Huynh, D. L., Tripathy, S. P., Bedell, H. E., & Ogmen, H. (2015). Stream specificity and asymmetries in 854 
feature binding and content-addressable access in visual encoding and memory. Journal of Vision, 15(13), 1–855 
32. 856 

61. Zhang, W., & Luck, S. J. (2008). Discrete fixed-resolution representations in visual working memory. Nature, 857 
453(7192), 233–235. 858 

62. Agaoglu, M. N., & Chung, S. T. L. (2016). Can (should) theories of crowding be unified? Journal of Vision, 859 
16(15), 1–22. 860 

63. Ester, E. F., Zilber, E., & Serences, J. T. (2015). Substitution and pooling in visual crowding induced by 861 
similar and dissimilar distractors. Journal of Vision, 15(1), 15.1.4. 862 

64. Agaoglu, S., Agaoglu, M. N., Breitmeyer, B. G., & Ogmen, H. (2015). A statistical perspective to visual 863 
masking. Vision Research, 115, 23–39. 864 

65. Harrison, G. W., Rajsic, J., & Wilson, D. E. (2014). Effect of object-substitution masking on the perceptual 865 
quality of object representations. Journal of Vision, 14(10). 866 

66. Mackay, D. J. C. (2004). Information Theory, Inference, and Learning Algorithms (7th ed.). Cambridge 867 
University Press. 868 

67. Wasserman, L. (2000). Bayesian Model Selection and Model Averaging. Journal of Mathematical Psychology, 869 
44(1), 92–107. 870 

68. Ward, L. M. (2008). Attention. Scholarpedia, 3(10), 1538. 871 
69. Smith, P. L., Ratcliff, R., & Wolfgang, B. J. (2004). Attention orienting and the time course of perceptual 872 

decisions: Response time distributions with masked and unmasked displays. Vision Research, 44(12), 1297–873 
1320. 874 

70. Smith, P. L., & Wolfgang, B. J. (2004). The attentional dynamics of masked detection. Journal of Experimental 875 
Psychology. Human Perception and Performance. 876 

71. Smith, P. L., & Wolfgang, B. J. (2007). Attentional mechanisms in visual signal detection: the effects of 877 
simultaneous and delayed noise and pattern masks. Perception & Psychophysics, 69(7), 1093–1104. 878 

72. Smith, P. L. (2000). Attention and luminance detection: effects of cues, masks, and pedestals. Journal of 879 
Experimental Psychology. Human Perception and Performance, 26(4), 1401–1420. 880 

73. Jeffreys, H. (1961). The theory of probability. Oxford University Press. 881 
74. Smith, P. L., Ellis, R., Sewell, D. K., & Wolfgang, B. J. (2010). Cued detection with compound integration-882 

interruption masks reveals multiple attentional mechanisms. Journal of Vision, 10(5), 1–28. 883 
75. Filmer, H. L., Mattingley, J. B., & Dux, P. E. (2015). Object Substitution Masking for an Attended and 884 

Foveated Target. Journal of Experimental Psychology: Human Perception and Performance, 41(1), 6–10. 885 
76. Pilling, M., Gellatly, A., Argyropoulos, Y., & Skarratt, P. (2014). Exogenous spatial precuing reliably 886 

modulates object processing but not object substitution masking. Attention, Perception & Psychophysics, 887 
76(6), 1560–1576. 888 

77. Maksimov, M., Vaht, M., Harro, J., & Bachmann, T. (2013). Can common functional gene variants affect 889 
visual discrimination in metacontrast masking?. PloS one, 8(1), e55287. 890 

78. Bachmann, T., & Francis, G. (2013). Visual masking: Studying perception, attention, and consciousness. 891 
Academic Press. 892 

79. Smith, P. L., & Ratcliff, R. (2009). An integrated theory of attention and decision making in visual signal 893 
detection. Psychological Review, 116(2), 283–317. 894 

80. Carrasco, M., & McElree, B. (2001). Covert attention accelerates the rate of visual information processing. 895 
Proceedings of the National Academy of Sciences of the United States of America, 98(9), 5363–7. 896 

81. Bachmann, T. (1984). The process of perceptual retouch: Nonspecific afferent activation dynamics in 897 
explaining visual masking. Perception & Psychophysics, 35(1), 69–84. 898 

82. Breitmeyer, B. G., & Ganz, L. (1976). Implications of sustained and transient channels for theories of visual 899 
pattern masking, saccadic suppression, and information processing. Psychological Review, 83(1), 1–36. 900 

83. Michaels, C. F., & Turvey, M. T. (1979). Central Sources of visual masking: Indexing structures supporting 901 
seeing at a single, brief glance. Psychological Research, 41, 1–61. 902 

84. Francis, G., & Hermens, F. (2002). Comment on “competition for consciousness among visual events: The 903 
psychophysics of reentrant visual processes” (Di Lollo, Enns, & Rensink, 2000). Journal of Experimental 904 
Psychology: General, 131(4), 590–593. 905 

85. Põder, E. (2013). Attentional gating models of object substitution masking. Journal of Experimental 906 
Psychology: General, 142(4):1130-41. 907 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2018                   doi:10.20944/preprints201806.0211.v1

Peer-reviewed version available at Vision 2018, 2, 39; doi:10.3390/vision2040039

http://dx.doi.org/10.20944/preprints201806.0211.v1
http://dx.doi.org/10.3390/vision2040039


 26 of 26 

 

86. Di Lollo, V. (2014). Reentrant processing mediates object substitution masking: comment on Põder 908 
(2013). Frontiers in psychology, 5, 819. 909 

87. Põder, E. (2014). The changing picture of object substitution masking: reply to Di Lollo (2014). Frontiers in 910 
psychology, 5, 1004. 911 

 912 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2018                   doi:10.20944/preprints201806.0211.v1

Peer-reviewed version available at Vision 2018, 2, 39; doi:10.3390/vision2040039

http://dx.doi.org/10.20944/preprints201806.0211.v1
http://dx.doi.org/10.3390/vision2040039

