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Understanding the determinants of consciousness is crucial for theories that see it as functionally
adaptive, and for explaining how consciousness affects higher-level cognition. The invention of
continuous flash suppression (CFS), a long-duration suppression technique, resulted in a pro
liferation of research into the process of prioritization for consciousness. We developed a new
technique, repeated masked suppression (RMS), that facilitates the measurement of long sup
pression times, but relies on different visual principles. RMS enables a theoretical leap: It allows
scientists to examine the central process of prioritization across different suppression methods. In
five experiments (n = 282) we collected chronometric RMS and CFS data, finding that the pre
viously reported face inversion effect and the face priority-dimension generalize beyond CFS. Our
results validate the use of multi-method designs in the study of prioritization for consciousness.
Furthermore, we show how RMS could be used online to reach diverse samples, previously be
yond the reach of consciousness science.

1. Introduction
The cognitive sciences have long been engaged with the hard problem of consciousness: making it measurable, tractable, and
explainable (Chalmers, 1995). A useful prism into the workings of conscious and non-conscious processing has been to ask what type
of information enters our conscious experience in the first place (e.g. Blake & Logothetis, 2002; Dubois & Faivre, 2014; Jiang,
Costello, & He, 2007). Since only a narrow subset of mental content is prioritized for conscious experience, prioritization and
selection have long been regarded as crucial for the study of consciousness (Baars, 1997; Cohen, Dennett, & Kanwisher, 2016; Mack &
Rock, 1998).
Understanding the process of prioritization is crucial for theories that see consciousness as functionally adaptive. It is by the
process of prioritization that information is either made available to the computational faculties of consciousness or left for the
purview of non-conscious processing. According to the global workspace (Baars, 1997; Dehaene & Naccache, 2001) and information
integration theories (IIT; Tononi, Boly, Massimini, & Koch, 2016), this difference is substantial: The combined, emergent processing
power of disparate brain regions is bestowed only upon the contents of consciousness (or uniquely characterizes it, according to IIT).
In line with these theoretical perspectives, scientists have identified different neuronal and behavioral signatures for content that has
crossed the threshold of consciousness in comparison to content that has not (e.g. Dehaene, Changeux, Naccache, & Sergent, 2006;
Koch, Massimini, Boly, & Tononi, 2016; Melloni et al., 2007). These differences inform our theories of human cognition and behavior,
positing consciousness as an important moderator of information processing.
⁎

Corresponding author.
E-mail address: ran.hassin@mail.huji.ac.il (R.R. Hassin).

https://doi.org/10.1016/j.concog.2020.103005
Received 17 February 2020; Received in revised form 9 July 2020; Accepted 9 August 2020
Available online 22 September 2020
1053-8100/ © 2020 Elsevier Inc. All rights reserved.

Consciousness and Cognition 85 (2020) 103005

Y. Abir and R.R. Hassin

Furthermore, crossing the threshold of consciousness may have far-reaching real-world repercussions: While nonconscious stop
signals cause a slowing of potent responses and sometimes prevent them, conscious signals reliably induce strong inhibition (Van
Gaal, Ridderinkhof, Scholte, & Lamme, 2010). This example formalizes the difference between a driver becoming consciously aware
of a child crossing the street, and mere non-conscious processing of this pertinent cue. Thus, a robust science of prioritization for
consciousness is of great interest.
When Continuous Flash Suppression (CFS; Tsuchiya & Koch, 2005), a visual presentation paradigm that facilitates the mea
surement of prioritization for consciousness, was invented over a decade ago, a paradigmatic shift in the study of consciousness
ensued. Unlike any previous method, with CFS visual stimuli can be presented for prolonged durations below the threshold of
awareness. In an influential variant of this technique presentation is maintained until the target stimulus breaks through CFS (bCFS;
Jiang et al., 2007) and becomes visible. Among other advances, the ability to prolong and measure the time it takes for a stimulus to
reach awareness led to the creation of a robust science of the prioritization for consciousness.
Researchers in this novel field have documented the various low-level visual factors that drive prioritization for consciousness
(e.g. Chung & Khuu, 2014; Li & Li, 2015). Furthermore, they have demonstrated how stimuli with semantic meaning that is
chronically important, such as social stimuli, valenced stimuli or readable text, enjoy privileged access to awareness (e.g. Abir, Sklar,
Dotsch, Todorov, & Hassin, 2018; Chen & Yeh, 2012; Jiang et al., 2007; Yang, Zald, & Blake, 2007; but see Rabagliati, Robertson, &
Carmel, 2018). Lastly, the prioritization system was shown to be adaptive on short time scales. It is, for example, reliably biased by
the contents of working memory, or by the convergence of multi-modal stimulation (e.g. Gayet, Paffen, & der Stigchel, 2013; Zhou,
Jiang, He, & Chen, 2010). The use of bCFS has also given rise to an enlightening discussion about the distinction between low- and
high-level vision in consciousness research (Hassin, 2013; Hesselmann & Moors, 2015), about integration in conscious vs. nonconscious vision (Moors, Hesselmann, Wagemans, & van Ee, 2017; Mudrik, Faivre, & Koch, 2014; Sklar, Deouell, & Hassin, 2018),
and about robust experimental methodology (e.g. Dubois & Faivre, 2014; Yang, Brascamp, Kang, & Blake, 2014).
But the theoretical and empirical developments achieved with CFS come with a serious qualification, that has heretofore been
largely ignored. The vast majority of results concerning prioritization were derived from only one method of masking stimuli for long
durations, that is, CFS. Consequentially, the theoretical construct of prioritization for consciousness has mostly been operationalized
only as overcoming the suppression elicited by continuous monocular flashes of high contrast stimuli. It has been speculated that such
results should generalize beyond the specific suppression mechanisms (e.g. Keysers & Perrett, 2002), but an empirical investigation
telling apart results that are idiosyncratic features of bCFS from those that are central characteristics of prioritization is lacking.
In this paper, we begin to address this serious caveat. We developed a new long-duration masking paradigm - breaking repeated
masking suppression (bRMS) - and used it to examine the generality of findings from the bCFS literature (Abir et al., 2018; Jiang
et al., 2007). In five experiments with 282 participants we collected psychometrically rich bRMS data in conjunction with bCFS data,
establishing convergent validity for bRMS and quantifying shared variance between the two paradigms. This shared variance is
theoretically crucial, being evidence for common processes that operate across different suppression methods. Thus, for the first time
we are able to quantify the workings of a central prioritization mechanism.
On top of the theoretical advances our paradigm facilitates, our new technique has another advantage: It can be easily im
plemented online, thus expanding our ability to examine prioritization to populations that were historically very difficult to reach
(for example, participants of varied age; 20–69 years in this dataset).
The core idea behind bCFS that has made it so successful is to utilize the properties of binocular vision in order to render
participants initially unaware of otherwise perfectly visible stimuli (Tsuchiya & Koch, 2005). This is done by presenting target stimuli
only to one eye of an observer, while a dynamically changing masking stimulus is presented to the other eye. When the target
eventually breaks into awareness, participants are asked to report its location on screen with a speeded response. Differences in
participants’ response times - or breaking times (BT) - are assumed to be equivalent to differences in prioritization for consciousness
(Dubois & Faivre, 2014; Yang et al., 2014).1
Assuming isomorphism between bCFS BTs and time to visual awareness has been crucial in facilitating the prolific and internally
consistent literature mentioned above. This assumption, however, has not yet been systematically validated using other suppression
techniques.
In bRMS, we chose to utilize backward and forward masking (Enns & Di Lollo, 2000) in order to render visual suppression. Thus,
rather than separate stimulus and mask onto two different ocular streams as in bCFS, in bRMS they are separated in time. We
presented participants with masks interleaved with a target stimulus appearing at a lower contrast level. The masking stimulus is
presented for a duration of 67 ms each time, while the target is presented for a duration of only 34 ms (see Fig. 1).2 A similar
repetitive masking technique has been long known to generate stable invisibility of simple line targets using metacontrast masking
(The standing wave of invisibility effect; Macknik & Livingstone, 1998; Werner, 1935). A variant of this method has been previously
used in order to present more complex stimuli below the threshold of awareness (Kawakami & Yoshida, 2015).
Here, we take a similar approach to bCFS, and present stimuli with RMS long enough for the observer to form a conscious percept
of them. As in bCFS, participants indicate the target’s location and the main variable of interest is BT. Due to the similar mode of
response, bRMS BTs enjoy the same psychometric properties that made bCFS into such a successful paradigm.

1
Since the contrast of the target stimulus is increased during the first second of presentation, BTs in paradigms of this sort confound the necessary
time period and sufficient contrast for conscious awareness. Disentangling these two sources of stimulus energy is beyond the scope of this paper.
2
The resulting long-term suppression is distinct from RSVP streams, where the target image is presented only once and only briefly (Lawrence,
1971; Raymond, Shapiro, & Arnell, 1992)

2

Consciousness and Cognition 85 (2020) 103005

Y. Abir and R.R. Hassin

Fig. 1. Stimuli and presentation procedures. In breaking repeated masking suppression (bRMS) high-contrast suppressors are presented before and
after each short flash of the target face stimulus. An example trial is schematically depicted in panel (a). Panel (b) describes the presentation sizes for
each frame in all lab experiments, and the relative presentation proportions for online experiments. Panel (c) depicts the breaking continuous flash
suppression paradigm (bCFS), where suppressor stimuli and target faces are presented to different eyes.

After developing bRMS we validated that it measures prioritization for consciousness by replicating two robust effects described
in the bCFS literature – the face inversion effect, and the face priority-dimension. We chose these two phenomena as test cases as they
have been demonstrated to be replicable and reliably different from post-conscious biases (Abir et al., 2018; Jiang et al., 2007). By
replicating these effects we demonstrated that they are indeed general properties of the prioritization process, rather than specific
characteristics of the bCFS technique. Furthermore, we emphasized comparing not only population-level effects, but also the spread
of individual differences in BTs, as robust differences are a hallmark of the prioritization for consciousness process (Sklar et al., 2020).
Experiments 1a, 1b and 2 constitute successful replications of the face inversion effect with bRMS. It is well established that bCFS
BTs for faces in their cardinal orientation are shorter than for inverted faces (Jiang et al., 2007). This effect is commonly ascribed to
the privileged processing afforded to facial stimuli in the visual system. Replicating this effect in bRMS is thus a first step in es
tablishing the convergent validity of bRMS, and a crucial demonstration of the generalizability of a basic pattern in prioritization of
faces for visual awareness
Experiment 3a examines the face priority-dimension finding previously reported in bCFS. Following the literature in social trait
judgment (Oosterhof & Todorov, 2008), reverse correlation was used to estimate the combination of facial characteristics that best
predict an increase in bCFS BTs (Abir et al., 2018). The resultant priority-dimension was found to be correlated with judgments of
dominance, such that more dominant faces break earlier into consciousness. The priority-dimension, being a high-dimensional de
scription of BTs, can be used as a strong test of convergence between bCFS and bRMS. Furthermore, it has previously been shown to
be a sensitive measure for distinguishing between different cognitive tasks that share psychometric attributes (Abir et al., 2018)3.
Thus, in Experiment 3b we measured this dimension for bCFS and bRMS within the same participant group, testing for the correlation
and convergence between the two paradigms.
2. Experiments 1a and 1b
In experiment 1a we test the effect of face inversion in bRMS. In experiment 1b we replicate the results of experiment 1a and
characterize the inversion effect in bRMS relative to bCFS within the same group of participants.
2.1. Methods
The protocol for all experiments was approved by the Institutional Review Board of The Hebrew University. Informed consent was
obtained from all participants.
2.1.1. Participants
32 Hebrew University students (12 male, age: M = 24.59, SD = 2.63, range 20–32) participated in experiment 1a in return for
course credit (n = 4) or payment of 30 NIS (n = 28). We based our participant exclusion criteria and desired sample size on previous
studies (Abir et al., 2018). Furthermore, the original bCFS study reported an inversion effect size of Cohen’s d = 0.92 (Jiang et al.,
2007), which requires 26 observations to achieve 0.90 power to detect an effect with a t-test. We thus aimed for an n = 30 sample
after exclusions.
3
In addition, it has been shown that the face priority-dimension cannot be fully explained by low-level visual differences between face images
(Abir et al., 2018; cf. Stein, 2019). The question of low-level vs. high-level vision is orthogonal to the cardinal discussion in this paper.
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Another 65 Hebrew University students (20 male, age: M = 23.29, SD = 2.44, range 18–33) participated in experiment1b for
course credit (n = 35) or payment of 40 NIS (n = 30). We aimed to have 50 participants after applying exclusion criteria, since we
wanted additional power to conduct correlational analyses between bRMS and bCFS data from this experiment. A sample of this size
would allow us to detect a positive correlation as strong as r = 0.4 with 0.90 power.
2.1.2. Stimuli and apparatus
Stimuli consisted of multicolour suppressors (“Mondrians” – random amalgams of rectangles of varying sizes and colors) and
target stimuli. The target pictures depicted 55 faces taken from a set of 300 faces randomly generated using FaceGen 3.1 (Oosterhof &
Todorov, 2008). Faces were presented either in their cardinal orientation or rotated by 180°. In experiment 1a a scrambled face
condition was also included for exploratory purposes. We report results pertaining to this condition in the Appendix A. Stimuli were
presented within a black frame with a cross in the middle, centered on a grey background. Fig. 1 depicts stimuli and their presented
size.
Stimuli were presented on a Samsung SyncMaster SA950 LCD monitor (refresh rate 60 Hz), using PsychToolbox (Brainard, 1997)
for MATLAB. Participants sat approximately 60 cm from the screen and used a chin rest. In experiment 1b, participants wore
compatible 3d glasses, allowing for separate presentation to each eye.
2.1.3. Procedure
On each trial of the bRMS task Mondrians and target faces were presented in rapid alternation. Mondrians were presented for
66.67 ms and target faces for 33.34 ms each time, creating a 10 Hz rhythm. On each trial of the bCFS task in experiment 1b parti
cipants were presented with Mondrians changing at 10 Hz to one eye, and one face stimulus to the other eye.
Common to both paradigms, the contrast of the target faces was ramped up during the first second of presentation to one of six
levels of maximum contrast, ranging between 30% and 90% (defined as the rgba alpha channel value). Contrast for the Mondrians
decreased to zero starting at 7 s and up to 10 s into the trial.
On each trial participants had to indicate by pressing one of two keys if the face (or shape, in experiment 1a) appeared on the left
or right side of the screen. They were instructed to respond as soon as they became aware of the location of the face. This reactiontime, relative to trial onset, serves as our dependent measure of BT. If no response was given, the trial ended after 10 s. Stimuli order
and presentation location were randomized.
Participants first read the instructions for the experiment, and then completed 25 practice trials with the experimenter present in
the room. The experimenter then left for the remainder of the experimental block. Each face of the 30 faces was presented to
participants at each level of maximum contrast, in each of the presentation conditions (Normal/Inverted/Scrambled for experiment
1a, Normal/Inverted for experiment 1b). Breaks were given every 100 trials.
Experiment 1a consisted only of a bRMS block. Experiment 1b consisted of both a bRMS and a bCFS block in counterbalanced
order.
2.2. Analysis and results
Analysis was carried out using the R statistical environment 3.6.0 in conjunction with the Stan probabilistic programming lan
guage 2.19.2.
2.2.1. Data preparation
The data preparation procedure was based on previous bCFS studies (Abir et al., 2018). Participants who reported shutting one
eye during the bCFS block were excluded from analysis (Exp. 1b: n = 12). Mean accuracy of responses for the top three contrast levels
was calculated per participant. Participants’ whose accuracy scores were more than 3SD from the group mean were excluded (Exp.
1a: n = 1; Exp. 1b: n = 3). Error trials were excluded (Exp. 1a: n = 740, 4.42%; Exp. 1b bRMS: n = 1453, 8.08%; Exp. 1b bCFS:
n = 1035, 5.76%), and so were trials with BTs of less than 200 ms (Exp. 1a: n = 2, 0.01%; Exp. 1b bRMS: n = 8, 0.04%; Exp. 1b bCFS:
n = 3, 0.02%). Trials with BTs more than 3SD from the mean of each participant in each contrast level and each paradigm were
further removed from analysis (Exp. 1a: n = 261, 1.56%; Exp. 1b bRMS: n = 295, 1.64%; Exp. 1b bCFS: n = 333, 1.85%). In ex
periment 1b, a software error occurred during 25 bRMS trials, which were excluded from analysis (1.85%).
2.2.2. Face inversion effect
Average BTs are consistently longer for inverted faces relative to faces in their cardinal orientation (Fig. 2). This pattern is evident
in experiment 1a and in both paradigms of experiment 1b. We corroborated this observation by fitting the data with a lognormal
regression model, chosen to capture to the strong skewness of reaction-time data (Ratcliff, 1993). We used the log contrast level, face
orientation, presentation paradigm and their interactions to predict BTs. All terms were allowed to vary by participant and stimulus.
Recommended priors for reaction-time data were used for facilitating and regularizing the fitting process (Schad, Betancourt, &
Vasishth, 2019; Table A.1).
Crucially, we found a robust face inversion effect in experiment 1a b = 0.06 95% PI [0.03, 0.09]. This finding was replicated in
experiment 1b for bRMS b = 0.05 95% PI [0.02, 0.08], and for bCFS b = 0.08 95% PI [0.04, 0.11]. As can be seen in Fig. 2, these
effects correspond to a 5.13–8.26% rise in mean BTs when a face is inverted, and the 95% posterior interval for both paradigms and
experiments did not include zero. The inversion effect did not differ considerably between the two paradigms b = 0.03 95% PI
[−0.01, 0.07]. These analyses demonstrate a similar face inversion effect both in bCFS and bRMS.
4
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Fig. 2. Results of face inversion experiments. Results from Experiment 1a are presented on the top row. Mean BTs (a) and the difference between
BTs for inverted and upright faces (b) are plotted as a function of presentation contrast. Mean BTs and contrast are plotted on a log scale. Error bars
denote 1 SE. Posterior distributions of the coefficients from a multilevel lognormal regression are plotted in (c). On the top is the coefficient for the
inversion effect, on the bottom the interaction term for face inversion and contrast level. Thick black lines denote the 95% posterior interval.
Equivalent results from Experiment 1b, split by paradigm, are plotted in the middle row. The posterior for the overall inversion effect across
paradigms is plotted in the top of (f), with the interaction term of face orientation with paradigm plotted on the bottom. Results from the online
sample of Experiment 2 are plotted on the bottom row, mirroring the plots from Experiment 1a on the top row.

We also found a significant interaction between face orientation and log contrast in experiment 1a b = −0.11 95% PI [−0.17,
−0.03] and a similar, but non-significant, trend in experiment 1b b = −0.07 95% PI [−0.15, 0.00]. This effect was not hypothe
sized, and therefore needs to be cautiously addressed. We suspect it might stem from the deviation from linearity in the relation
between log contrast and log-BTs.
2.2.3. Individual differences
Using the same model, we find robust individual differences in both bRMS and bCFS BTs (see Fig. 3). The population of
5
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Fig. 3. Correlations and magnitude of individual differences in bRMS and bCFS. Scatter plots of mean BTs for each participant in the two paradigms
are plotted in (a) for Experiment 1b, and in (b) for Experiment 3b. The scatter plot of age and bRMS BTs is depicted in (c). Solid lines are best linear
fits. The bottom row depicts the posterior distribution of the scale of individual differences in mean BT (d) and the inversion effect (e). These can be
read as the expected percentage difference, relative to mean BT, between the average participant and a participant removed from the population
mean by 1 SD. Posterior estimates were derived by multilevel lognormal regression.

participants is estimated to have an SD of 30.89–33.17% around the mean BT. Experiment 1b allowed us to directly compare
individual differences across paradigms. While the scale of individual differences in bCFS tended to be larger than bRMS (median
posterior difference 9.25%, 95% PI [0.80%, 20.60%]), individual average BTs in the two paradigms were strongly correlated
r = 0.66, 95% PI [0.63, 0.68] Fig. 3. Furthermore, the individual differences in the inversion effect in the two paradigms are also
reliably correlated r = 0.33 95% PI [0.02, 0.64]. This correspondence in individual differences is strong evidence for shared pro
cessing in bRMS and bCFS.
3. Experiment 2
bRMS uniquely affords the opportunity to perform experiments online, gathering data from diverse samples that have never been
part of the consciousness literature (non-WEIRD participants; Henrich, Heine, & Norenzayan, 2010). Experiment 2 demonstrates this
approach by documenting the face inversion effect and individual differences in BTs in a varied sample collected through Amazon
6
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Mechanical Turk (MTurk).
3.1. Methods
3.1.1. Participants
242 participants recruited through MTurk completed the task (104 male, age: M = 38.10, SD = 11.59, range 20–69) in return for
payment of $4. Data was collected on weekdays between 7AM and 2PM ET. Only participants with an approval rating of at least 95%
qualified for the experiment.
Sample size was chosen to be larger than in experiments 1a and 1b since we expected greater variability in an online sample but
did not have an estimate of effect size to use for power analysis. We aimed for 120 participants in our analysed sample, and so
doubled that number to allow for potentially high exclusion rates.
3.1.2. Stimuli and procedure
Stimuli were the same as for Experiment 1a. The experiment code was ported to JavaScript and the jsPsych package (De Leeuw,
2015), and run online using the psiTurk software (Gureckis et al., 2016). High performance animation for bRMS trials was generated
using the GSAP animation package.
The experimental procedure was identical to Experiment 1a with necessary adaptations for online administration that are de
scribed in the supplemental material.
3.2. Analysis and results
3.2.1. Data preparation
The data preparation procedure was similar to that used in Experiment 1a, with adaptations for online data. Three participants
were excluded based on their questionnaire responses: one reported presentation problems, two participants responded with multiple
expletives. Next, trials on which participants were engaged with another application on their computer were excluded from analysis
(n = 380, 0.47%). Eighty-two participants experienced multiple problems with timely visual presentation as recorded by the ani
mation code and were excluded from analysis. Specific trials during which presentation problems were detected for the remaining
participants were further excluded (n = 405, 0.78%). These high exclusion rates are due to insufficient available computational
power on participants computers, either due to dated hardware or concurrently running applications. This disadvantage was partially
mitigated in the most current version of the online bRMS code, which tests participants’ hardware before initiating the experiment.
Five participants with accuracy scores for the three top contrast levels more than 3SD from the group mean were excluded from
analysis. Error trials were excluded (n = 2736, 5.29%), and so were trials with BTs of less than 200 ms (n = 60, 0.12%), trials in
which the response was given after the 15 s response deadline (n = 1052, 2.04%), and trials with BTs more than 3SD from the mean
of each participant in each contrast level (n = 866, 1.68%). Finally, participants for whom the remaining data set included less than
two-thirds of the original trial count were excluded from analysis (n = 3), leaving the data of 142 in the analyzed dataset (71 male,
age: M = 36.74, SD = 11.18, range 20–69).
3.2.2. Face inversion effect
Group average BTs were consistently longer for inverted faces relative to faces in their cardinal orientation (Fig. 2g, h). This is
corroborated by a lognormal regression model like the one used for Experiment 1a, in which a robust inversion effect is evident
b = 0.03, 95% PI [0.02, 0.04]. Using this model, we find no substantial difference in the inversion effect across contrast levels
b = 0.00, 95% PI [−0.03, 0.02].
3.2.3. Individual differences
Robust individual differences are evident in this online sample and were estimated as part of fitting the above-mentioned model.
The population of participants is estimated to have an SD of 27.21% (95% PI [23.91, 31.10]) around the mean BT.
Having access to a large online sample affords the opportunity to explore the correlates of these robust differences. Our sample
presents a wide range of ages, and indeed we find that this variability is correlated with BTs such that older participants present
longer BTs r = 0.45, p < .001 (see Fig. 3c). While this result is not adjusted for general reaction-time variability (cf. Sklar et al.,
2020), it demonstrates the research potential of measuring prioritization for consciousness in online samples.
4. Experiments 3a and 3b
In these experiments we tested whether the characteristics of a target face predict bRMS BTs similarly to the way they predict
bCFS BTs. We have previously established that bCFS BTs are well predicted by a combination of facial features termed the prioritydimension, that is negatively correlated with perceived facial dominance (Abir et al., 2018). In Experiment 3a, we first identified such
a priority-dimension in bRMS alone, and then in Experiment 3b used both paradigms on the same group of participants, allowing us
to directly estimate the similarity of the dimensions.
7
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4.1. Methods
4.1.1. Participants
36 Hebrew University students (13 male, age: M = 28.08, SD = 2.24, range 19–29) participated in Experiment 3a for course
credit (n = 9), or payment of 30 NIS. Another 42 Hebrew University students (7 male, age: M = 24.07, SD = 3.02, range 20–33)
participated in experiment 3b for payment of 40 NIS.
As in our previous work with the priority-dimension (Abir et al., 2018), we aimed to have data from 30 participants after
exclusions. We previously found that with n = 14 participants one would have power of 0.95 to detect a priority-dimension with the
previously reported magnitude (Abir et al., 2018). Since we aimed for a more elaborate analysis, taking into account uncertainty due
to differences between participants, we chose a larger sample size.
4.1.2. Stimuli and procedure
The procedure for Experiment 3a was similar to Experiment 1a, and the procedure for Experiment 3b was similar to Experiment
1b. The important difference in Experiments 3a and 3b is our use of the full stimulus set of 300 randomly generated faces, presented
twice for each paradigm. This set of faces were generated by drawing values from a standard normal distribution on each of the 50
parameters defining the shape of each face (Oosterhof & Todorov, 2008). Presenting a large randomly generated stimulus set allows
us to compute an unbiased estimate of the combined contribution of the shape parameters to variations in BTs. All faces were
presented in their cardinal orientation at the same contrast level of 70%.
4.2. Analysis and results
4.2.1. Data preparation
The data preparation procedure was identical to that used previously for the priority-dimension (Abir et al., 2018). Participants
who reported looking only at one side of the screen or shutting one eye were excluded from analysis (Exp. 3a: n = 5, Exp. 3b: n = 7).
Participants whose accuracy rate was less than 90% were also excluded from analysis (Exp. 3a: n = 1, Exp. 3b: n = 0). Next, error
trials were excluded (Exp. 3a: n = 401, 2.23%; Exp. 3b bRMS: n = 399, 1.11%, bCFS: n = 446, 1.24%), as were trials with BTs
shorter than 200 ms (Exp. 3a: n = 0; Exp. 3b bRMS: n = 11, 0.03%, bCFS: n = 1, 0.00%), and trials with BTs more than 3SD from the
each participant’s mean (Exp. 3a n = 253, 1.41%; Exp. 3b bRMS: n = 313, 0.87%, bCFS: n = 336, 0.93%).
4.2.2. Priority-dimension
We fit data from each paradigm with a multiple regression model, predicting BTs from all 50 shape parameters defining the
appearance of a face stimulus. Building on a multitude of previous work interested in modelling the facial characteristics that drive a
psychological outcome, we were interested in the overall pattern of regression coefficients, rather than the contribution of each one
separately. As in any regression model, the resultant face shape coefficients can be used to generated predicted BTs for each face
stimulus. Furthermore, changing a face stimulus along this vector of coefficients, which we termed the priority-dimension, is
equivalent to changing it in the direction that causes the largest changes in BTs, and thus prioritization for consciousness.
As in Experiments 1a, 1b and 2, we used a lognormal likelihood for the multiple regression model. The intercept and the 50 faceshape coefficients were allowed to vary by participant (see Fig. A.2). For Experiment 3b we used a multivariate model: regressions
were fit simultaneously for both bRMS and bCFS. The correlation between the 50 face-shape coefficients for bRMS and bCFS was
directly estimated in the model. Additionally, this model included a term for the correlation in individual differences in general BTs
between the two paradigms. The same priors used for Experiments 1a, 1b and 2 were utilized in these models. See the Appendix A for
a technical description of the model, and validation with posterior-predictive checks.
The face-shape regression model explained a consistent proportion of BT variability. As a measure of effect size, we compare the
predicted BT for the average face stimulus, with the predicted BT for a face removed in face-space from the average by 1 SD along the
priority-dimension (Todorov, Dotsch, Wigboldus, & Said, 2011). Based on the data from Experiment 3a, bRMS BTs are expected to
change by 2.39% (95% PI [1.66%, 3.18%]) for such a change in the presented face. In Experiment 3b, bRMS BTs are expected to
change by 3.61% (95% PI [2.70%, 4.58%]). This is in line with the change observed in bCFS data from Experiment 3b (2.17%, 95% PI
[1.16%, 3.13%]) and for the originally published priority dimension (2.95%, 95% PI [2.35%, 3.60%]; see Fig. 5).
Importantly, we compared the face-shape coefficients for bRMS and bCFS in experiment 3b and found a strong correlation
between the bRMS and bCFS priority-dimensions in this participant sample: median posterior r = 0.62, 95% PI [0.17, 0.88].
4.2.2.1. Correlations with previously published data. The correlation with the original priority-dimension (Abir et al., 2018) is strong
for the face-shape coefficients predicting bRMS data in experiment 3a (median posterior r = 0.50, 95% PI [0.29, 0.66]) and
experiment 3b (median posterior r = 0.45, 95% PI [0.25, 0.61]).
Fig. 4 depicts the full correlation structure between the priority-dimensions reported here for bRMS and bCFS, while Fig. 5 depicts
the correlation of these dimensions with the face-shape coefficients that predict judgments of trustworthiness and dominance, as
measured by Oosterhof and Todorov (2008). Oosterhof and Todorov showed in their seminal paper that the space of facial social trait
judgments reduces well to judgments of trustworthiness and dominance.
4.2.3. Individual differences
A strong correlation between average bRMS and bCFS BTs across participants is replicated in Experiment 3b median r = 0.54,
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Fig. 4. Strong positive correlations between face-shape coefficients in Experiments 3a, 3b and data previously published in (Abir et al., 2018).
Bivariate correlations and scatter plots are organized in a matrix, where each row and each column correspond to a different dataset, labeled in bold.
Scatter plots depicting the correspondence between face-shape coefficients in each of the experiments are presented below the diagonal. Lines are
derived by linear regression for plotting purposes. Above the diagonal are posterior distributions for the correlation between face-shape coefficients
in the two datasets. Thick lines denote 95% posterior intervals. Correlations between bRMS and bCFS BTs measured within the same participant
sample are depicted with diamonds and a dashed line, correlations for BTs measured in two different samples in circles and a solid line.

95% CI [0.25, 0.73] Fig. 3b.
5. Discussion
We presented bRMS, a new paradigm for measuring prioritization for consciousness, and demonstrated its convergence with
bCFS, the established method of measurement in the field. We examined both the face inversion effect and the face priority-di
mension in bRMS in a series of experiments using robust experimental and statistical methodology. Our results support the attribution
of these effects to differences in prioritization for consciousness, rather than merely differences in binocular suppression.
Allowing for the successful and simple collection of data online, bRMS promises to greatly expand the volume of data collected in
this field of research, and the generalizability of inferences made across varied populations and variable suppression methods.
9
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Fig. 5. Face dimensions in bRMS and bCFS. Effect sizes for the face dimensions in Experiments 3a and 3b, as well as for data previously published in
Abir et al. (2018), are depicted on the left. These can be read as the expected percentage difference, relative to mean BT, between the average face
and a face removed from the average face by 1 SD along the priority-dimension. Posterior distributions for the correlation between the BT face
dimensions and social trait dimensions reported by Oosterhof and Todorov (2008) are shown in the middle column (for dominance) and on the right
(for trustworthiness). Thick lines denote the 95% posterior interval.

Tapping online participant pools supports research into questions as of yet unexplored, such as the covariance of individual dif
ferences in BTs with various cultural and biological attributes. bRMS, then, opens new horizons for the study of consciousness.
Along with the advantages of running prioritization experiments online, our experiments also demonstrate some of the challenges.
We find shorter BTs online relative to those measured in lab, and a smaller inversion effect size. These can be attributed to a
considerable source of additional variance in online experiments relative to lab experiments: variance in presentation hardware and
environmental conditions. It is important to remember, though, that these differences may also reflect the reality of taking our effects
outside of our laboratories and into the homes of subjects, thereby reaching a much more diverse population.
Our intention was to develop and test a tool for investigating long-duration prioritization and allow for inferences that go beyond
one paradigm. Yet, the comparison with previously published findings is also interesting. First, regarding the priority-dimension, the
negative correlation of the priority-dimension with facial dominance reported here and previously, such that more dominant faces are
more highly prioritized for consciousness, does not agree with pervious findings reported with different task designs. Stewart et al.
(2012) used a small set of computer-generated faces that varied only on the dominance and trustworthiness social trait dimensions.
They find longer bCFS BTs for more dominant faces. It remains an open question whether this discrepancy is due to the restricted
sampling of stimuli, which result in distorted inference across the space of possible faces, to the difference in context induced by the
two different tasks, engendering differing cognitive responses, or to the difference in participant populations – American college
students in Stewarts and collogues’ data, and Israeli and Palestinian university students in our data.
Previous work suggests that different methods of suppressing stimuli from consciousness impact different levels of processing in
the cognitive system (e.g. Breitmeyer, 2015), and might interact with attention in differing ways (Breitmeyer & Ogmen, 2000; Tong,
Meng, & Blake, 2006). In spite of these differences in suppression mechanism, our studies revealed similar prioritization processes
operating under both paradigms (Keysers & Perrett, 2002). We did not find systematic differences in the face inversion and prioritydimension effect between bRMS and bCFS. A trend towards weaker effects in bRMS relative to bCFS appears in some experiments and
comparisons, but not in others. Further research, perhaps employing simpler stimuli, is needed in order to find the differences
between the two paradigms that may exist on top of the great similarity described here. The existence of similarities and differences
would enrich our theory of prioritization, as well as our understanding of specific ways in which stimuli become conscious.
As test cases for this new multi-method design, we chose two effects concerning face stimuli. We knew these effects to be robust,
from our own work and from the work of many others, and so were good necessary tests of convergence between the paradigms.
Moving forward, it will be interesting to revisit the many factors reported in the literature as predictors of prioritization. With bRMS
and bCFS, it should be possible to reevaluate the replicability and generalizability of this literature.
Our results are a mere demonstration of the potential promise of running bRMS experiments online. An interesting extension to
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the age effect reported here would be to measure individual differences in both BTs and general reaction-times simultaneously (Sklar
et al., 2020). Independently, being able to characterize the face priority-dimension in different cultures (cf. Jack, Garrod, Yu, Caldara,
& Schyns, 2012) opens an exciting research avenue.
For these reasons, we make our experimental code for running bRMS experiments in the lab and online available to the scientific
community. We hope these will be useful tools for researchers of consciousness.
5.1. Conclusions
Research into prioritization for consciousness has made great advancements in the past decade but has consistently focused on
one operationalization of prioritization: bCFS. Using bCFS and bRMS in tandem, we uncover a central prioritization process, that is
sensitive to facial features in a similar manner regardless of suppression method. bRMS shows further promise as it allows for
prioritization experiments to be conducted in online diverse samples, considerably expanding the possibilities of prioritization for
consciousness research.
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Appendix A
A.1. Model fitting
All models in this paper were implemented in the Stan probabilistic programming language. For Experiments 1a, 1b and 2, the
brms R package was used to interface with Stan. For Experiments 3a and 3b we used the rstan package. In all cases we ran 5–15
chains of 1000–1200 samples each, collecting a total of 7500–12,000 samples post warmup (according to available hardware). These
values were titrated up where necessary to ensure R metrics close to one, and large effective sample size metrics.
For all models, we used priors recommended by Schad et al. (2019) for reaction-time data (Table A.1). These priors enabled and
sped-up the process of model fitting. In frequentist terms applying the priors on the effects of interest is equivalent to fitting a ridgeregression model (Gelman et al., 2013).

Table A.1
Choice of priors for regularized lognormal regression models. Where the recommendation by Schad et al. (2019) was for using informative priors,
the comments column describes how these were chosen.
Priors for reaction time data
Type of coefficient

Prior

Comment

Intercept (grand mean)

Normal(7,0.6)

Effects of predictors
Scale of individual differences
Scale of residual error

Normal(0, 0.05)
Normal(0, 0.1)
Normal(0, 0.5)

Reflects our expectations for mean RTs between 600 and 2000 ms, which we based on prior studies (Abir
et al., 2018) and on piloting.
This informed choice for the prior speeds up model-fitting considerably but does not change estimates for
any of the effects of interest.
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Fig. A.1. Supplementary results from Exp. 1a. Mean BTs (a) and the difference between BTs for scrambled and normally presented faces (b) are
plotted as a function of presentation contrast. Mean BTs and contrast are plotted on a logarithmic scale. Error bars denote 1 SE.

A.2. Experiment 1a
Fig. A.1 depicts BTs for diffeomorphically scrambled (Stojanoski & Cusack, 2014) face images relative to normally presented
images. Diffeomorphically scrambled faces have previously been used as a control condition in bCFS studies, as they preserve many of
the low-level visual features of the face image, but inhibit its identifiability as a face (Abir et al., 2018). To our knowledge, the
comparison of BTs for normal and scrambled faces has not been documented in the bCFS literature. We find that the difference in BT
is strongly modulated by presentation contrast, underlining the importance of sampling along the contrast continuum when com
paring BTs for different class of stimuli in prioritization experiments (Holland, 1986; Waskom, Okazawa, & Kiani, 2019).
A.3. Experiment 2
Before starting the experiment, participants were asked to adjust the size of a circle displayed on screen, so that it matches the size
of a US coin of their choice held against the screen. This procedure yielded an estimate of the physical resolution of each participant’s
monitor, used to adjust display size of all stimuli so that their physical size was uniform across participants. In order to ensure
participants’ full engagement with the task, no time limit was set on trials, with stimuli remaining on screen until response. Fifteen
seconds into the trial the presentation contrast for Mondrians was linearly decreased to 0% over the course of 5 s, rendering the
stimulus perfectly visible. The longer possible duration of the trial was chosen to discourage participants from not responding.
Additionally, participants’ performance was continuously monitored. Participants who did not achieve 85% accuracy on the
training block, were asked to repeat it. Failing to achieve criterion accuracy on the second attempt resulted in the termination of the
experiment. During the experimental block, if accuracy during the last 20 trials of the top three contrast levels dipped below 80%, a
message was displayed asking participants to respond more accurately. This message was displayed also if five out of the previous
eight trials had reaction times of less than 250 ms.
A.4. Experiments 3a and 3b
The multiple regression model predicting BTs from face-shape parameters can be described by the following formula in R syntax:

log(BT ) 1 + fs1 + fs2 +

+fs50 + (1 + fs1+

+ fs50 Participant )

where each fsi is one face-shape parameter. For fitting this regression formula we utilized the same regularizing priors described in
Table A.1.
After fitting the multiple regression model to the data, we performed several posterior predictive checks (Gelman et al., 2013) as a
validation of the adequacy of this model as a descriptor of the data. We generated simulated BTs using multiple draws from the
posterior of the model and compared summary statistics of these simulated data with the summary statistics of the observed data. Fig.
A.2 depicts BT histograms for a random sample of participants, along with the distribution of histograms generated from model
draws. Similarly to previous formulations of lognormal models for reaction time data (Schad et al., 2019) the model seems to capture
most of the features of the histograms.
In previous work of similar vein, correlations between face dimensions were evaluated by averaging the data across participants
and using Pearson correlation to evaluate relationships between different datasets, ignoring the hierarchical structure of the data and
the non-normal likelihood of reaction time data (e.g. Abir et al., 2018). To compare these methods’ performance on our data, we
computed the above metrics on the simulated BTs from our model. One thousand simulated BT datasets were generated from the
posterior draw that had a correlation parameter for bRMS and bCFS dimensions closest to the median posterior value. The correlation
between bRMS and bCFS average BTs for each of the 300 faces, and the correlation between bRMS and bCFS coefficients derived by
classical reverse correlation from these average BTs was computed for each of the simulated datasets. These distributions are depicted
12
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Fig. A.2. Posterior predictive checks for the face-shape regression model. BT histograms for five randomly picked participants are shown in (a) for
bRMS data, and (b) for bCFS data. Overlaid in blue are the median histograms for simulated data for these same participants. Ribbons denote 50%,
80% and 95% posterior intervals (from darkest to lightest ribbon). Plot (c) depicts the posterior predictive distribution of correlations between mean
bRMS and bCFS BTs for the 300 face stimuli (in green) and of correlations between reverse correlation kernel coefficients for bRMS and bCFS (in
orange). These simulated datasets were generated from a posterior draw with median correlation between the latent dimensions for the t wo
paradigms. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

in Fig. A.2c. As is evident these distributions are wider and centered at a lower value than our estimate of the correlation reported in
the main text. This demonstrates the increased power to detect a correlation between the face-shape coefficients of the two paradigms
afforded by the hierarchical regression model in comparison to a simple reverse-correlation approach.
Lastly, we report the effect size for the face-shape multiple regression in the main text. To derive it, we calculated the predicted BT
for the average face stimulus (for which all face-shape parameters are zero) and for a face removed from it by 1 SD in face-space along
the priority-dimension. Since the units of the face-shape parameters are face-space SDs, moving 1 SD from the average face in face
space is equivalent to moving along a normalized vector. Hence, if b is the vector of face-shape coefficients found by multiple
13

Consciousness and Cognition 85 (2020) 103005

Y. Abir and R.R. Hassin

regression, we need to predict BT for a face defined by the vector x =

log(BT ) = a + bx + e = a + b·

b
b

+e=a+

b
b

2

b
|b|

:

+e=a+ b +e

where a is a general intercept, and e is an error term. We find that the expected difference in log BT is the norm of the coefficient
vector b. That is the quantity we report for effect size.
Appendix B. Supplementary material
Supplementary data to this article can be found online at https://doi.org/10.1016/j.concog.2020.103005.
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