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Abstract 

Spatial context modulates perception at low- and high levels of visual processing, with a shared 

dependence on the strength of the local input. In the case of human face perception, contextual 

modulations are presumed to rely on high-level, specialized mechanisms, with little 

contribution of low-level contextual mechanisms. Low- and high-level contextual modulations 

are typically studied independently, further obscuring their possible functional link. The 

present study will investigate whether consistent individual differences exist in contextual 

modulations at these two distinct levels of visual processing using contrast detection and facial 

feature discrimination tasks while manipulating the contrast (i.e., strength) of a local input 

target (local grating and facial feature, respectively). The context in the contrast detection task 

refers to a larger surrounding grating while in the facial feature discrimination task it refers to 

the facial features surrounding the target. The detection/discrimination contrast thresholds will 

provide a metric to evaluate contextual modulation magnitudes. By investigating the shared 

variance between the contextual modulation magnitudes across tasks, this study will provide 

insight into the functional relationship between low- and high-level contextual modulations 

and re-address the specificity of the contextual mechanisms at stake when processing faces in 

the light of low-level contextual modulations. 

  



Introduction 

Contextual modulations are found at various stages of the visual processing hierarchy, from retinal 

ganglion cells to IT cortex (e.g., Brincat & Connor, 2004; Cadieu et al., 2007; Desimone, 1991; Dobbins 

et al., 1987; Hansen & Neumann, 2008; Hubel & Wiesel, 1965; Levick et al., 1972; McIlwain, 1964; 

Nauhaus et al., 2009; Nolt et al., 2004; Sceniak et al., 1999; Solomon, 2006; Versavel et al., 1990). 

They modulate the processing of diverse stimulus aspects, ranging from simple properties such as 

contrast (Angelucci et al., 2002; Levitt & Lund, 1997; Nolt et al., 2004) or orientation (O’Toole & 

Wenderoth, 1977; Schwartz et al., 2007) to more complex characteristics such as perceived shape 

(Young et al., 1987; Thompson & Wilson, 2012; Schloss et al., 2014; Fang et al., 2008; Schwarzkopf 

et al., 2011), facial expression (Calder et al., 2000; Palermo et al., 2011; Tanaka et al., 2012) and face 

identity (Sergent, 1984; Young et al., 1987; Tanaka & Farah, 1993).  

The processing of the human face, among other visual objects, is particularly susceptible to contextual 

modulations. Facial features are more accurately discriminated or recognized when they are part of a 

complete face (context) compared to when they are presented in isolation or in an atypical context, such 

as a scrambled face (Bruce, 1988; Davidoff & Donnelly, 1990; Sergent, 1984; Tanaka & Farah, 1993), 

resulting in the so-called whole-part advantage. Another manifestation of face contextual modulations 

is observed with the composite face and congruency paradigms. In these paradigms, the observer's 

sensitivity to a local feature decreases if it is incongruent with the surrounding context, in terms of either 

similarity status (when performing a discrimination task) or identity (when performing a recognition 

task) (Hole, 1994; Farah et al., 1998; Anaki et al., 2011; Goffaux, 2009, 2012; Richler & Gauthier, 

2014). Face contextual modulations are hypothesized to enable the fast and efficient processing of the 

whole stimulus for an accurate identification despite faces’ high visual similarity (e.g., DeGutis et al., 

2013; Diamond & Carey, 1986; Leder & Bruce, 2000; McKone et al., 2007; Richler et al., 2011).  

Contextual modulations with human faces are disrupted by simple and reversible image manipulations 

such as inversion (Sergent, 1984; Young et al., 1987; Farah et al., 1995; Yovel & Kanwisher, 2005). 

Inversion causes weaker activation in face-specialized regions while still recruiting a significant portion 

of non face-specialized high-level visual cortex (Haxby et al., 1999; Yovel & Kanwisher, 2005; Taubert 

et al., 2015). This has been taken to suggest that the face contextual, so-called holistic, mechanisms are 

implemented at high-level stages of visual processing specifically tuned to the natural statistics of the 

human face (i.e., the regularities in the way faces appear to us in everyday life; e.g., Schiltz & Rossion, 

2006; Mazard et al., 2006; Andrews et al., 2010; Schiltz et al., 2010; Goffaux et al., 2013; Liu-Shuang 

et al., 2015). 

However, empirical evidence challenges a purely high-level account for face contextual modulations. 

The strength of contextual modulations for faces depends on image properties processed at primary 



stages of visual processing, such as spatial frequency (Boutet et al., 2003; Goffaux & Rossion, 2006; 

Goffaux, 2009) and orientation (Dakin & Watt, 2009; Goffaux & Dakin, 2010). Moreover, face 

contextual modulations share similarities with low level mechanisms in their dependence on local input 

strength. Specifically, recent evidence indicates that the impact of the (face) context in a local feature 

discrimination task is inversely related to the physical difference of the features at stake (Goffaux, 2012; 

Goffaux et al., 2013; Canoluk et al., 2023).  

This inverse relationship between contextual influence and local input strength is shared with low-level 

contextual mechanisms. For example, neurons in the primate visual cortex are more likely to integrate 

information across the visual field when the contrast of the local input is weak (Levitt & Lund, 1997; 

Angelucci et al., 2002, 2017). Similarly, the extent of spatial summation is larger with weaker local 

contrast in retina, lateral geniculate nucleus (LGN; Nolt et al., 2004) and primary visual cortex (V1; 

Sceniak et al., 1999), and local field potential (LFP) waves, which reflect post-synaptic lateral 

connectivity, are stronger in magnitude and travel a longer distance with weak contrast in cat and 

monkey primary visual cortex (Nauhaus et al., 2009). Face contextual modulations’ reliance on low-

level properties, as well as this shared dependence on local input strength raises the rarely asked 

question of whether the inter-individual variability in face contextual mechanisms can be explained by 

low-level contextual mechanisms to some extent. 

In a recent study, we aimed to answer this question by measuring the amount of shared variance in the 

magnitude of contextual modulations for low-level contrast detection and morphed facial feature 

discrimination (in upright and inverted faces) by exploiting their shared dependence on local input 

strength (Canoluk et al., 2023). We obtained contrast detection thresholds for the low-level task and 

point of subjective equality (PSE) for discrimination of two subsequently displayed, morphed facial 

features (eyes) in matched contextual conditions using a single Bayesian Hierarchical Model. We found 

no evidence for the covariance of the contextual modulation magnitude in upright facial feature 

discrimination and contrast detection, which indicates they are governed by separate mechanisms. On 

the other hand, there was substantial evidence that contextual modulation magnitude weakly covaried 

between contrast detection and inverted facial feature discrimination, suggesting a relationship between 

low-level and high-level, non face-specialized contextual modulations. Lastly, there was decisive 

evidence for a strong correlation between upright and inverted face contextual modulations which can 

be explained by the overlapping mechanisms that these two kinds of stimuli recruit, especially when 

the depicted identities are unfamiliar to the participant (Megreya & Burton, 2006; Burton, 2013). 

It is important to consider the fact that in Canoluk et al. (2023) local input strength was defined using a 

different property of the stimulus across the two tasks (contrast versus feature shape difference defined 

through morphing). This difference in the local input properties of the two tasks may have reduced the 

dependence of the contextual mechanisms recruited by facial feature discrimination and contrast 



detection. Past findings indeed showed that contextual illusions employing a similar local input property 

(e.g., two different size illusions) are more likely to correlate (Grzeczkowski et al., 2017; see also 

Haberman et al., 2015 for a similar comparison in ensemble perception). Furthermore, in the facial 

feature discrimination task, the target (eye region) was displayed foveally, at ~1.3° eccentricity whereas 

the targets appeared at 5° of eccentricity in the contrast detection task. Past evidence indicates that 

contextual influences across fovea and periphery rely on non-overlapping mechanisms (Xing & Heeger, 

2000). Therefore, we reasoned that the differences in the employed local input property and foveal 

position of the targets could be the reason that we could not observe a dependence between contrast 

detection and facial feature discrimination tasks. 

In this study, we aim to re-address the existence of a functional link between low- and high-level 

contextual mechanisms by circumventing possible interferences caused by these differences across 

tasks in the previous study. First, we will manipulate contrast at the eye region for the facial feature 

discrimination task. By doing so, the two tasks will have the same local input property. By measuring 

the magnitude of face contextual modulations at varying degrees of contrast, we will investigate 

whether contextual modulations exhibit a dependence on local contrast during face processing like they 

do in basic visual tasks. In the contrast detection task, the targets will be displayed closer to fovea, 

aiming to tap into the foveal contextual mechanisms as in the facial feature discrimination task. The 

comparison of the discrimination/detection contrast thresholds across different context conditions will 

provide a metric of contextual modulation magnitude. A correlation of contextual modulation 

magnitudes between upright facial feature discrimination and contrast detection would demonstrate 

how much of the inter-subject variability in face contextual modulations can be explained by low-level 

contextual mechanisms (H1). An absence of correlation would bring further support to the 

specialization and independence of face contextual mechanisms. Second, we will investigate the 

correlation between inverted facial feature discrimination and contrast detection to see how the partial 

disruption of the face-specialized mechanisms caused by inversion influences the amount of shared 

variance with low-level mechanisms (H2). Finally, we will investigate the correlation between upright 

facial feature discrimination and inverted facial feature discrimination contextual modulations, in order 

to quantify the functional overlap of the contextual mechanisms involved for these two stimulus types 

(H3).  

Methods 

a. Participants 

In this study, we will recruit participants from the young adult population, specifically targeting 

individuals between the ages of 18 and 35. Prior to the experiment, participants’ handedness will be 

measured using Edinburgh Handedness Inventory (EHI; Oldfield, 1971), and their visual acuity will be 



tested with the Freiburg Visual Acuity Test (FrACT; Bach, 1996) to ensure they have normal or 

corrected-to-normal vision (LogMAR ≤ 0.0). Participants with a LogMAR value larger than 0 will be 

excluded and will be replaced with new participants. Additionally, facial recognition abilities will be 

tested using a computerized version of the Benton Facial Recognition Test (BFRT; Benton & Van 

Allen, 1968; Rossion & Michel, 2018), to ensure their face recognition performance is in the normal 

range (i.e., above the borderline score of 39/54; (Duchaine & Weidenfeld, 2003). The experimental 

protocol was approved by the ethical committee of the UCLouvain (approval number: 

2016/13SEP/393). The participants who fail to reach the required performance level in the practice 

(80% accuracy) will be removed from the experiment and new participants will be added until the 

desirable sample size is reached. Additional exclusion criteria are described in the Analyses section. 

To determine the necessary sample size, we performed an a priori Bayes Factor (BF) design analysis 

(Schönbrodt & Wagenmakers, 2018). For data collection, we decided to opt for a sequential design with 

a maximal sample size, which entails that data be gathered until enough evidence has been accumulated 

or the predefined maximum number of participants has been tested. Thus, we will continuously 

calculate the BF of the correlations between the contextual effects in the two tasks: facial feature 

discrimination (upright/inverted), and the contrast detection (for more details, see the Data Analysis 

section). Such a sequential design requires one to specify the BF10 boundaries, the maximal sample size 

(Nmax), the sample size at which the BF10 is computed for the first time (Nmin), and the number of 

participants to be added each time until Nmax or one of the BF10 boundaries is reached (Nincrement). We 

opted for the BF10 boundaries of 6 and 1/6, and Nmin was set to 40 as in Schönbrodt & Wagenmakers 

(2018). Nincrement was set to 5 for practical purposes (i.e., scheduling participants). Nmax was determined 

through simulations with the BFDA package (Schönbrodt & Wagenmakers, 2018) in R (R Core Team, 

2020). We chose an informative kappa prior of 0.7 for BFDA simulations. A kappa prior of 0.7 creates 

a prior distribution for the correlation simulations in which the distribution resembles the one of our 

previous study, with a mean of roughly r = 0.3, 95% confidence intervals ranging from .05 to .49. This 

reflects the weak significant correlation we found in our previous study between low-and high-level 

non face-specialized contextual modulations (Canoluk et al., 2023). We conducted simulations using 

10,000 hypothetical datasets to examine sequential testing with the specified kappa prior. Two scenarios 

were simulated: one assuming a correlation of 0.3 and the other assuming no effect (i.e. the null 

hypothesis, with an effect size of r = 0). Our goal was to estimate the maximum sample size necessary 

to reach one of the Bayes Factor (BF) boundaries in 80% of the cases. This analysis was performed for 

both scenarios to compare the required sample sizes. We selected the maximum value between these 

two values as Nmax, resulting in 130. Next, we evaluated the rates of false-negative and false-positive 

evidence using this Nmin/Nmax combination. Both rates were < 0.05, therefore we opted for an  Nmin of 

40 and an Nmax of 130. 



In summary, with this design, we will start calculating our BF10 values at every 5 subjects starting from 

40 subjects (Nmin). We will terminate the data collection as soon as a certain BF10 boundary (1/6 or 6) 

for all three correlations (Upright Face vs. Grating, Inverted Face vs. Grating, Upright Face vs. Inverted 

Face), or Nmax (130 participants) is reached. 

b. Stimuli 

In the facial feature discrimination task, we will present pairs of whole faces or isolated eye regions. 

The original stimulus set consists of 32 full-frontal grayscale pictures (on a scale from 0 to 1; 600 x 700 

pixels) of unfamiliar white neutral faces from each gender without glasses, facial hair, or makeup. Face 

models are young adult students and alumni (aged 18–25 years) of the UCLouvain (Belgium), who gave 

written consent for the use of their image (Laguesse et al., 2012). 

The luminance and root-mean-square (RMS) contrast of all face images are set to a mean of .52 and 

.12, respectively (using MatLab, Natick, MA). Next, we ensure that the eye regions of faces are 

comparable in terms of inter-pupillary distance and physical similarity. We measured inter-pupillary 

distance in each face image, and paired the faces with comparable values (average pixel difference of 

1.32 ± 1.31 pixels). After this initial pairing, pixelwise similarity within the eye region was calculated 

within each pair using corr2 function in MatLab. The pixelwise similarity of the target eye region was 

.8 on average (SD = .014). For each gender, the eight pairs lying within two standard deviations around 

the mean pixelwise similarity distribution are paired; the remaining eight pairs are only used as “face 

contexts”. An additional set of 12 female faces (six pairs of female faces) which had undergone the 

same procedure are selected for practice trials. We extract the target region (eyes and brows) of each 

selected pair using a single aperture within the same pair (so the subjects could not rely on the shape of 

the aperture between two images within a pair) and blend it onto two “face contexts” whose eye areas 

were a priori replaced with a smooth skin texture (using Adobe Photoshop CS., Berkeley, CA), 

therefore all presented stimuli are edited, to ensure similarity across experimental trials. 

Each face subtends a visual angle of ~7° in height, and ~5.2° in width. This size corresponds to the size 

of a human face seen at an average social distance (a human face is approximately of 18cm in height 

and social distance is of 1.5m approximately, e.g. McKone, 2009). The target eye region subtends a 

visual angle of ~1.4° in height, and ~4.1° in width. In this arrangement, the pupils are roughly at ~1.3° 

lateral eccentricity from the image center. Stimuli will be shown in their canonical Upright (0° rotation) 

and Inverted (180° rotation) position, and the face image will be offset 1.18° vertically to ensure that 

the target eye region is always at the center of the screen regardless of the orientation.  

We additionally created noise masks by iteratively phase-scrambling each face image in Fourier space 

(in 500 iterations; e.g. Jacobs et al., 2020; Petras et al., 2019, 2021; Canoluk et al., 2023; Roux-Sibilon 

et al., 2023). Iterative scrambling is used to prevent noise masks from being contaminated by uniform 

background pixels, and thus ensures that the spectral properties of the face and mask are similar. 



The preparation steps and all the settings of the face stimulus set described up until this point are 

identical to what we used in Canoluk et al. (2023), hence were already tested and validated. The main 

novelty in the current design is that the manipulation of local input strength is better matched across 

tasks. To that end, the contrast levels of the target regions (i.e., eyes and brows) will be manipulated 

with the use of a rectangular, grey occluder, covering 1.8° in height and 4.15° in width (see Figure 2) 

and an adaptive staircase, as detailed in the following section. We opted for an occluder instead of 

directly manipulating the eye region contrast because it provides a more naturalistic view of the face 

(similar to seeing faces through sunglasses) as opposed to faces with low-contrasted eyes. Occluder’s 

edges will have a thickness of .1° and a pre-defined luminance of .35. 

The stimuli and procedure of the contrast detection task were adapted from Mannion et al. (2017) to 

make the stimulus appearance more similar to the stimuli of facial discrimination task. Stimuli will 

consist of a circular target grating (diameter of 0.75° instead of the original 3°) that will appear in one 

of two target regions (positioned at 1.5° lateral eccentricity, similar to eye targets instead of the original 

four target regions at 5° eccentricity) and a circular context grating (diameter of 20°). The target will 

always be a horizontal grating whose contrast will be defined by a Psi Marginal staircase (as detailed 

further in the following section), while the context will be made up of a horizontally (parallel-) or 

vertically (orthogonal+ to the target orientation) oriented grating with a contrast of 25%. The contrast 

of both the context and target regions will be ramped smoothly to zero at the edges with the use of a 

raised cosine filter. Additionally, a small fixation dot (diameter of 0.25°) will be present at the center 

of the screen before and after the stimulus presentation. 

c. Procedure 

The experiment consists of two different sessions that last ~45 minutes for each task. The order of the 

sessions will be counterbalanced across participants. Participants will perform both tasks seated in a 

dark room (whose walls are painted black to ensure the lux/cd ^ m2 are lowest when the doors are 

closed) with their head position restrained by a forehead/chin rest, at a distance of 57 cm from the 

computer monitor. Prior to starting, all participants will be dark adapted for at least 30 seconds. Stimuli 

will be displayed on a ViewPixx monitor with a spatial resolution of 1920 x 1200 pixels, a temporal 

resolution of 120 Hz, a bit depth of up to 12 bits (achieved through M16 mode of ViewPixx), and a 

maximum luminance of 27 cd/m2. Monitor luminance levels are linearized using a ColorCAL MKII 

colorimeter (Cambridge Research Systems, Kent, UK). Luminance levels, gamma correction and the 

temporal resolution of the monitor will be periodically controlled to ensure the same values are kept 

constant throughout the experiment. Both tasks will be run on PsychoPy (2020.2.4post1; Peirce, 2007) 

and Python 3.8.  

The facial feature discrimination task consists of six conditions: 2 Orientation (Upright, Inverted) and 

3 Context (Congruent+, Incongruent-, Isolated). The term "context" in this task includes all the elements 



of the face apart from the targeted eyes and brows, such as the nose, mouth, cheeks and face outline. 

The target regions will be presented either out of face context (i.e., Isolated), in a Congruent+ context, 

where the context and the target in a pair call for a similar response (e.g., “same” targets displayed with 

“same” face contexts, or “different” targets displayed with “different” face contexts), or in an 

Incongruent- context, where the context and target call for opposing responses (e.g., “same” targets 

displayed with “different” face contexts, or vice versa; see Figure 1).  

For both tasks, the contextual conditions were assigned designations of + (facilitatory) and – 

(suppressive) indicators as they align with the anticipated effects (if any) of the context in relation to 

the Isolated condition in accordance with existing literature. 

 

 

Figure 1. Facial feature discrimination task contextual conditions. The interaction of the context (face) 

and target (eyes) defines the conditions. In the congruent+ condition, the targets and the contexts of a pair are in 

accordance in terms of similarity (Same/Same or Different/Different) whereas there is a disagreement between 

them in the incongruent- condition (Same/Different or Different/Same). Target will be presented out of face 

context in the isolated condition. It can be seen here in Same Eyes/Different Context condition that context 

differences modulate the perception of the eyes, making them appear different when they are strictly identical 

(Young et al., 1987; Canoluk et al., 2023). 

In each trial, the luminance of the occluder will be equalized to the average luminance of the region of 

the stimulus to be occluded. The occluder will be alpha-blended into the image. The amount of blending 



(i.e., transparency; e.g., 20% image, 80% occluder) will define the contrast (ranging from 2-40% 

contrast, or 98 - 60% occluder respectively) of the target region. Target contrast will be determined in 

each trial by two interleaved Psi Marginal adaptive staircases (Kontsevich & Tyler, 1999) for each 

condition. This interleaving procedure ensures that the algorithm does not settle into a narrow range of 

contrast levels within a condition. 

The experimental session of the facial feature discrimination task will be divided into 16 blocks of 48 

trials (768 trials in total), where the context conditions will be pseudo-randomized. Each block will 

comprise equal number of trials from each condition, therefore also equal number of trials that call for 

“Same” and “Different” responses in random order. Each trial will start with a fixation cross of 500 ms, 

followed by a blank screen of 500 ms. The first stimulus is then displayed for 500 ms, immediately 

followed by the phase-scrambled mask for 200 ms and the second stimulus will stay on the screen until 

the participant responds through keypress whether the eye regions of the first and second stimulus were 

same or different. The occluder will be overlaid on both the stimuli and the noise mask for the duration 

of a trial.  

Prior to the experiment, participants will be required to do a practice run of 4 blocks (of 48 trials each) 

with 20% contrast in the eyes for the first two blocks and 10% contrast in the eyes for the second two 

blocks to familiarize with the task. They will be asked to re-do it until they reach 80% accuracy.  

 

 

 

Figure 2. Facial feature discrimination task trial sequence. An example of an Incongruent- condition 

trial (different context, same eyes). Each trial starts with a fixation cross for 500 ms, followed by a blank screen. 

The first stimulus then appears for 500 ms, followed by the noise mask for 200 ms, and finally, by the second 

stimulus. The second stimulus stays on the screen until the participant indicates whether the target eye regions 

were “Same” or “Different” between the two stimuli by button press. This will be followed by a blank screen 

(randomly ranging between 700-1200 ms) before the next trial starts. 



Similar to Mannion et al. (2017) and Canoluk et al. (2023), in the contrast detection task, the local target 

is a horizontal grating with the same spatial frequency (2 cycles per degree, and same phase as the 

context in the Parallel- condition) as the context, and with a variable, non-zero contrast will be presented 

in one of the two lateralized regions, within one of three context conditions: Isolated, Parallel- context, 

Orthogonal+ context (see Figure 3). The term "context" in this task refers to a surrounding, larger 

grating. Each context condition will be presented in separate blocks. Each block consists of 80 trials, 

with two staircases (as in the facial feature discrimination task) interleaved for 40 trials each. The 

contrast of the target grating will be determined by these staircases, which use a pool of 350 

logarithmically spaced contrast values ranging from 0.001 to 1. There will be three block repetitions 

per condition, i.e. a total of 9 blocks (720 trials in total). Block order will be pseudo-randomized across 

participants, ensuring successive blocks belong to distinct context conditions. Each trial starts with a 

preparatory, black fixation dot of 500ms. Next, the local target (embedded in a context or presented in 

isolation, depending on the condition) is presented in one of the two possible locations for 100ms. After 

the stimulus presentation, the fixation dot turns to dark grey to signal the participant that they can give 

their response. We will ask the participant to report the side on which the target appeared (left or right). 

Before the experiment, participants will perform a short practice of 20 trials to familiarize with the task. 

No upper/lower limit is defined to pass the practice due to the simplicity of the task and instructions. 

Both tasks will emphasize accuracy over speed.  

 

Figure 3. Orthogonal+, Parallel- and Isolated context conditions of the contrast detection task, 

example of a left-lateralized local target. It can be seen here that despite having the identical contrast value, 



the target in the parallel- condition appears to have lower contrast because of the parallel context it is presented 

in. 

 

d. Analyses 

The present study aims at quantifying the variance of contextual modulation magnitude that is shared 

across tasks (i.e., processing levels). We will do so by comparing the detection/discrimination of each 

task thresholds in various context conditions. This approach largely replicates the one we successfully 

applied in Canoluk et al. (2023). 

We will first log10 transform the contrast values from both tasks. Second, these values will be z-

transformed for each task separately. After these transformations, contrast values will be within the 

range of -3 to 3 for both tasks. This normalization procedure on independent variables is a common 

practice when using complex hierarchical models, as it facilitates model convergence (Stan 

Development Team, 2023). Across tasks, we first investigate the function relating performance to local 

input strength (target eye region contrast or target grating contrast). Therefore, the z-scaled data from 

both tasks will be submitted to a Bayesian generalized linear mixed model (Yssaad-Fesselier & 

Knoblauch, 2006; Moscatelli et al., 2012) by means of brms package available in R (Bürkner, 2017, 

2018). Using a mixed model makes it possible to include inter-individual variability in the statistical 

model where the estimates for the individuals are shrunk towards the general mean (due to the 

hierarchical nature of the model) based on trial-by-trial data, yielding richer (better informed) and more 

sensitive independent estimates and conferring more statistical power to the analysis compared to other 

analyses that rely on aggregated/averaged data (see Rouder & Haaf, 2019; Moors et al., 2020 for more 

details).  

The dependent variable will be accuracy. The guess rate (i.e., lower asymptote of the psychometric 

function) is set at .5 for the contrast detection task (2-AFC, Knoblauch & Maloney, 2012) and the 

contrast value at .75 will be taken as “threshold”. Facial feature discrimination task being close to a yes-

no task, so the guess rate will be set at 0 and the performance at .5 will be taken as “threshold” in this 

task (similar to Canoluk et al., 2023). Facial feature discrimination performance with Upright and 

Inverted faces will be treated separately. With this adjustment, the factor, “stimulus” has three different 

levels: “Upright Face”, “Inverted Face”, “Grating”. We will fit an inverse logit link function to model 

the sigmoidal pattern of the psychometric functions in each stimulus type (Equation 1). We put a 

normal distribution prior (µ = 0, σ = 5) on all regression weights, and a lognormal distribution prior (µ 

= 0, σ = .1) on the parameters capturing the random effects. All random effects will be included, yet 

will be assumed to be uncorrelated to each other (by means of || term in the formula) to increase 

sampling efficiency and ensure model convergence (Bürkner, 2018). Doing so, we allow a participant 



to deviate from the average, but we don’t assume the size of these deviations to correlate across 

conditions (Kurz, 2019). The model will be fit with the following formula:  

 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 ~ .5 ∗ guess + (1 − .5 ∗ guess) ∗ 𝑖𝑛𝑣_𝑙𝑜𝑔𝑖𝑡(η) 

η ~ 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 ∗ 𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠 ∗ 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 +  (𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 ∗ 𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠 ∗ 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 || 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡) 

Equation 1. brms formula to fit the sigmoidal functions. The first formula implements the guess rate 

for both tasks (parameter “guess” is set to 1 for the contrast detection task, and 0 for the facial feature 

discrimination task, resulting in .5 and 0 guess rates respectively), to the inverse logit link function 

with the 𝜂(eta) hyperparameter, which is estimated by using the fixed (contrast, stimulus, context) and 

random (participant) effects described in the second formula. 

Using these parameters and the formulae, we will run four Markov chain Monte Carlo (MCMC) with 

6,000 iterations each (3,000 of each are considered warm-up), resulting in 12,000 iterations after 

warmup. Default values will be used for the adapt_delta and max_treedepth parameters, and they will 

be increased whenever it is deemed necessary for a better model fit. After fitting the data, we will run 

deviance tests as described in Wichmann and Hill (2001), to measure the goodness-of-fit of each 

individual psychometric function, in addition to the generic model diagnostics such as the R-hat value, 

effective sample size, and number of divergent transitions. The participants whose empirical deviance 

values of the psychometric functions are outside of the 95% confidence interval of the simulated 

deviance values will not be included in the analyses. Instead, they will be replaced with new participants 

until the maximum sample size is reached. 

After fitting the data from both tasks, we will obtain the threshold value of the inverse logit link function 

for each stimulus and context condition, and for each participant using the formula, threshold = − 

(intercept / slope) as outlined in Knoblauch & Maloney (2012). This formula is used to transform 

intercept and slope values obtained from classical regression models to a threshold value. We will 

compare these threshold values across tasks and contexts using the model’s threshold estimates, and the 

Highest Density Interval (HDI) of the differences in threshold comparisons. One approach in Bayesian 

statistics to interpret the magnitudes of these differences is to test whether the 95% HDI falls within the 

region of practical equivalence (ROPE). An HDI excluding the ROPE indicates that the difference is 

non-negligible, or states that the two sets of compared values are practically unlikely to be equivalent. 

An HDI including ROPE on the other hand suggests the values are likely equivalent and the difference 

between the two sets of values is practically zero (Kruschke, 2018). Specifying the ROPE limits is 

mostly arbitrary, but a general convention is to use ± 0.1 region around zero (Kruschke, 2018; Kelter, 

2021) and we will follow this convention. In the facial feature discrimination task, we expect highest 

thresholds in the incongruent- condition than in the congruent+ condition (Outcome-Neutral Tests 1 



(Upright Face) & 2 (Inverted Face); Richler et al., 2008; Goffaux, 2009; Meinhardt-Injac et al., 2014) 

and a smaller difference in thresholds between these conditions for inverted faces compared to upright 

faces (Outcome-Neutral Test 3), while in the contrast detection task, we expect the thresholds to be 

highest in the parallel- condition (Outcome-Neutral Test 4) as documented by the orientation-dependent 

contextual modulation effects (Mannion et al., 2017; Serrano-Pedraza et al., 2014). These differences 

will be used as confirmatory tools for replication of past findings and tests of soundness and feasibility 

of our methodology. 

In order to quantify the contextual modulation magnitude of each participant, we will submit the 

individual threshold values from the three context conditions of each stimulus type to a two-step 

regression of regressions method (DeGutis et al., 2013; Canoluk et al., 2023). We chose to use this 

approach because the residuals of this two-step regression deliver an estimate of each individual 

contextual modulation that is not contaminated by the variance of the compared conditions, as opposed 

to simple subtraction method where the final outcome contains variance from both of the compared 

conditions. Each task comprises a control “Isolated” condition in which the target region (eyes and 

brows, or local grating) is presented on its own. In a first regression, we will regress participants’ 

thresholds in the “Isolated” context condition from “+” context and “-” context thresholds, therefore 

removing all variance related to the control condition from the conditions where a context was present. 

In the second regression, we will regress the residuals of the “-” context condition from the residuals of 

the “+” context condition residuals. We confirmed in Canoluk et al. (2023) that this method returns 

sufficiently large intersubject variability, as well as good reliability. 

Finally, we will conduct Bayesian correlation analyses on the final products of the two-step regressions 

from each stimulus type (Upright Face vs. Grating (H1), Inverted Face vs. Grating (H2), Upright Face 

vs. Inverted Face (H3)). We choose a Bayesian approach because of its ability to determine the strength 

of evidence presented by the data in supporting a particular hypothesis, hence, its potential to interpret 

a finding, even when it is null. We will compute Bayes Factors (BFs) of the correlation using 

BayesFactor package (Morey & Rouder, 2018) in R. For Bayesian correlation analyses, a uniform 

default prior (i.e., a stretched beta prior distribution with a width of 1, where any parameter value over 

the range of correlations between -1 and 1 are equally likely) can produce Bayes factors that can be 

biased towards null models (Vanpaemel, 2010; Quintana & Williams, 2018), so they are generally not 

recommended. Therefore, we will opt for a stretched beta prior distribution with a width of .33, centered 

at 0. Combining this prior distribution with the observed data forms the posterior distribution, and the 

Bayes factor is the ratio between the marginal likelihoods of the null model and the alternative model, 

given the data. A BF10 value indicates support for H1 (e.g., correlation) over H0 (e.g., no correlation) 

given the data (conversely, BF01 would indicate support for H0 over H1, and can be calculated with 

1/BF10). We follow Jeffreys’ guidelines (Jeffreys, 1998; Jarosz & Wiley, 2014) to interpret the BF 

values: a BF10 value of 1 would mean equal amount of evidence for both H0 and H1, and therefore 



inconclusive. A BF10 value between 1 and 3 is considered anecdotal evidence in favor of H1 over H0, 

whereas a BF10 between 3 and 10 indicates substantial evidence for H1. BF10 > 10, BF10 > 30 and BF10 

> 100 are regarded as strong, very strong and decisive evidence for H1, respectively. We opted for 

evidence thresholds of BF10 = 6 (or 1/6) for concluding our analyses. 

 

  

 



Table 1. Study Design Template 

 

Question Hypothesis Sampling plan Analysis Plan 

Rationale for deciding the 

sensitivity of the test for 

confirming or disconfirming 

the hypothesis 

Interpretation given different 

outcomes 

Theory that 

could be 

shown 

wrong by 

the 

outcomes 

To what extent are the 

low-level and high-level, 

face-specialized 

contextual mechanisms 

functionally independent? 

Contextual modulation 

magnitudes in upright 

facial feature 

discrimination task and 

contrast detection task 

correlate. (H1)  

BFDA - 

Sequential 

design with a 

maximal 

sample size 

Bayesian correlation 

analysis of contextual 

modulation 

magnitudes between 

contrast detection and 

upright facial feature 

discrimination. 

The BFDA simulations 

informed us that 80% of the 

samples stopped at (or before) a 

sample size of 130 (chosen as 

Nmax) because it reached 

either one of two boundaries 

(1/6 or 6) for both null or 

alternative hypotheses. 

Evidence for correlation would 

support the functional dependence 

of the low-level and high-level face-

specialized contextual mechanisms; 

Absence of a correlation would 

support their independence. 

Full 

specificity of 

face 

contextual 

mechanisms. 

Does inversion make the 

face contextual 

mechanisms more 

dependent on low-level 

contextual mechanisms? 

Contextual modulation 

magnitudes in contrast 

detection task correlate 

more strongly with 

inverted than upright 

facial feature 

discrimination task. (H2) 

Same as above 

Bayesian correlation 

analysis of contextual 

modulation 

magnitudes between 

contrast detection and 

inverted facial feature 

discrimination. 

Same as above 

Evidence for a stronger correlation 

for inverted than upright facial 

feature discrimination task would 

support a stronger functional 

dependence to low-level contextual 

mechanisms;  

Similarly strong correlations would 

support the equal dependence of 

upright and inverted face contextual 

mechanisms on low-level contextual 

mechanisms. 

Inversion 

disrupts the 

specificity of 

face 

contextual 

mechanisms. 

To what extent are the 

high-level, face-

specialized and high-level, 

non-face-specialized 

contextual mechanisms 

functionally independent? 

Contextual modulation 

magnitudes in upright and 

inverted facial feature 

discrimination tasks 

correlate. (H3) 

Same as above 

Bayesian correlation 

analysis of contextual 

modulation 

magnitudes between 

upright facial feature 

discrimination and 

inverted facial feature 

discrimination. 

Same as above 

Evidence for correlation would 

support the functional dependence 

of the face-specialized and non-

face-specialized contextual 

mechanisms.  

Absence of a correlation would 

support their independence. 

Specificity 

of upright 

face 

processing. 

Are upright faces 

processed contextually? 

Discrimination thresholds 

in incongruent- trials are 

higher than the thresholds 

in congruent+ trials. 

(Outcome Neutral test 1) 

Same as above 

Assessing the overlap 

of the 95% HDI of 

threshold differences 

(congruent-

incongruent) with 

zero. 

Same as above 

Evidence for a difference would 

demonstrate contextual processing 

in upright faces. Evidence for no 

difference would show part-

based/local processing. 

Upright 

faces are 

processed in 

a part-based 

manner. 



Are inverted faces 

processed contextually? 

Discrimination thresholds 

in incongruent- trials are 

higher than the thresholds 

in congruent+ trials. 

(Outcome Neutral test 2) 

Same as above Same as above Same as above 

Evidence for a difference would 

demonstrate contextual processing 

in inverted faces. Evidence for no 

difference would show part-

based/local processing. 

Inverted 

faces are 

processed in 

a part-based 

manner. 

Are upright faces 

processed more 

contextually than inverted 

faces? 

Smaller difference 

between incongruent- and 

congruent+ trials in 

inverted faces compared 

to upright faces. 

(Outcome Neutral test 3) 

Same as above 

Assessing the overlap 

of the 95% HDI of 

threshold differences 

(congruent-

incongruent) between 

upright and inverted 

faces. 

Same as above 

Evidence for a bigger difference in 

upright faces would demonstrate 

stronger contextual effects for 

upright faces. 

Upright 

faces are 

processed 

more 

contextually 

than inverted 

faces. 

Does context 

orientation influence 

local target detection? 

Detection thresholds in 

the parallel- trials are 

higher than the thresholds 

in orthogonal+ trials 

(Outcome Neutral test 4) 

Same as above 

Assessing the overlap 

of the 95% HDI of 

threshold differences 

((parallel-)- 

(orthogonal+)) with 

zero. 

Same as above 

Evidence for a difference would 

demonstrate orientation-dependent 

contextual processing. Evidence for 

no difference would show that 

orientation of the surround has no 

effect on the local processing of 

gratings. 

Context does 

not affect the 

processing of 

local 

contrast. 
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