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Abstract
Observers can search for a target stimulus at a particular speed and accuracy. Adding an identical context to each stimulus can
improve performance when the resulting stimuli form clearly discriminable configurations. This search advantage is known as
the configural superiority effect (CSE). A recent study showed that embedding these stimuli in noise revealed lower contrast
thresholds for part-stimuli compared to configural stimuli (Bratch et al., Journal of Experimental Psychology. Human Perception
and Performance, 42(9), 1388–1398, 2016). This contrasts with the accuracy advantages traditionally associated with CSEs. In
this study, we aimed to replicate the results of Bratch et al. and asked whether the benefit for part-stimuli held across the full
psychometric function. Additionally, we tested whether embedding the stimuli in noise was crucial for obtaining their result and
whether different contrast definitions affected the results. Furthermore, we used control stimuli that were more directly compa-
rable. Our results showed a detection benefit for the Gestalt context stimuli in all conditions. Together, these results are in line
with the literature on CSEs and do not seem to support the recent claim that Gestalts are processed less efficiently than part
stimuli. Inspired by this, we sketch how contrast manipulations could be an additional tool to study how Gestalts are processed.
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Introduction

Configural Gestalts are characterized by part-whole relation-
ships (i.e., stimuli that are qualitatively different from the sum
of their parts) and are central to human visual perception. The
study of these phenomena (or, perceptual organization more
broadly) has frequently relied on phenomenology alone
through showcasing the effects (reviewed by Wagemans
et al., 2012 and Wagemans, 2018). In the 1970s the informa-
tion processing literature offered a few examples of quantifi-
cation of these phenomena (Kolers & Pomerantz, 1971;
Pomerantz & Garner, 1973). However, more sophisticated
psychophysical approaches remained absent for a long time.
In the 1990s, this started to change with the quantitative study
of grouping by proximity (Kubovy & Wagemans, 1995) and
contour integration (Field, Hayes, & Hess, 1993; Kovacs &
Julesz, 1993). As a result, psychophysical methods are now

part of the standard approach to study mid-level vision (e.g.
(Claessens & Wagemans, 2008; Machilsen, Pauwels, &
Wagemans, 2009; Machilsen & Wagemans, 2011; Panis, De
Winter, Vandekerckhove, &Wagemans, 2008; Poljac, de-Wit,
&Wagemans, 2012). The main conclusion from this literature
seems to be that Gestalt-like grouping phenomena generally
have a beneficial effect on performance in a psychophysical
task. In these studies, the stimulus intensity variable of interest
is usually unrelated to physical stimulus intensity as such, and
often defined as the degree of contour alignment, for example.
In comparison, in low-level vision studies stimulus intensity is
nearly always defined in terms of stimulus contrast. An inter-
esting set of exceptions can be found in the recent work from
Jason Gold and colleagues (Gold, 2014a, 2014b; Gold et al.,
2014). In these studies, the goal was to assess the processing
efficiency in phenomena related to perceptual organization
such as (a)modal completion, size contrast, configural superi-
ority, or face processing. The general observation from all
these studies was that there seems to be a cost (i.e., an ineffi-
ciency) of information processing related to Gestalt effects.

The present study was motivated by the results reported by
(Bratch et al., 2016). Here, the authors used the configural
superiority effect (CSE) with the classic triangle and arrow
displays (Pomerantz, Sager, & Stoever, 1977). In the CSE,
detection of a target element among a set of distractors is
facilitated by adding an identical context stimulus to the
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elements (see Fig. 1). This effect is somewhat counterintuitive
from a straight bottom-up feature integration account of vi-
sion, as the identical context should mostly increase process-
ing load (e.g., due to lateral masking), and make the stimuli
more similar. However, when the interaction between the tar-
get and uninformative context leads to emergent features with
Gestalt-like qualities, visual search is faster and more accurate
(for a review, see Pomerantz & Cragin, 2015) Interestingly,
stimuli that induce a CSE have been shown to engage V1 and
the lateral occipital cortex in different ways when compared to
control stimuli (or their constituent parts; Kubilius,
Wagemans, & Op de Beeck, 2011; Fox, Harel, & Bennett,
2017; Kubilius et al., 2011). That is, LOC seems to be in-
volved in processing the configural stimuli, while V1 is more
concerned with the processing of the local elements. This is
supported by a case study in a patient with bilateral LOC
lesions who showed an advantage for processing parts rather
than wholes (de-Wit, Kubilius, Op de Beeck, & Wagemans,
2013). Thus, the CSE seems to be associated with the repre-
sentations of configurations in upstream areas of the occipito-
temporal cortex rather than the representations of isolated
stimulus features in downstream areas of extrastriate cortex.

To assess the information processing behind the CSE,
Bratch et al. used a response classification method together
with threshold estimation. The goal was to assess processing

efficiency of the configural stimuli bymeasuring the threshold
ratio between human and ideal observers for these stimuli.
The authors embedded the stimuli in noise to be able to derive
classification images, which could provide insight into which
parts of the stimuli were used to generate a response.
Interestingly, Bratch et al. observed a classical CSE in re-
sponse times, but contrast thresholds were lower for the part-
stimuli compared to the Gestalt context stimuli. The authors
claimed that the stimuli that induced a CSE were associated
with lower processing efficiency. In a second experiment,
Bratch et al. used a control stimulus consisting of the same
local parts combined in a way that does not lead to a CSE or
even to a configural inferiority effect (as first reported in
Pomerantz et al., 1977, see Fig. 1). As expected, the authors
now found no response time difference between conditions.
However, they again observed lower contrast thresholds for
part-stimuli compared to the control context stimulus. The
authors interpreted this latter difference as a consequence of
an increase in internal noise due to the context stimulus.

The results reported in Bratch et al. are a potentially inter-
esting anomaly in a literature where detection benefits for
Gestalts are consistently documented. The goal of the current
study was to further probe the effects observed in Bratch et al.
(2016) and to better understand the effect of contrast manipu-
lations on the processing of Gestalt stimuli. Our main point of
departure is the fact that Bratch et al. measured contrast thresh-
olds adaptively with a staircase method. Adaptive methods
allow to efficiently characterize an observer’s threshold, usu-
ally without consideration of the slope of the psychometric
function. However, in this particular case, measuring the en-
tire psychometric function could reveal more precisely how
these stimuli are processed along the stimulus contrast dimen-
sion. That is, it might be the case that part-stimuli show lower
contrast thresholds compared to Gestalt context stimuli, but
that the opposite is true for the slopes of psychometric func-
tion. Such a situation might require a more complex interpre-
tation where part-stimuli initially show a detection benefit, yet
as soon as the Gestalt cues are sufficiently processed, Gestalt
stimuli show a detection benefit. Thus, our first goal was to
use the classic CSE stimuli (as in Bratch et al.) together with
the method of constant stimuli to estimate psychometric func-
tions for configural Gestalt stimuli and their non-Gestalt con-
trols. Second, Bratch et al. embedded the stimuli in white
noise. This embedding was crucial for their response classifi-
cation method, yet we reasoned it could also critically change
the way in which these Gestalt stimuli were processed.
Therefore, we presented these stimuli either at very low stim-
ulus intensities against a homogeneous background or we em-
bedded them in noise. Third, Bratch et al. performed two
separate experiments with different types of context being
added to the baseline parts, leading to comparison of stimuli
with different numbers of pixels and also different overall
display sizes (i.e., a Gestalt context in Experiment 1 and a

Fig. 1 Examples of displays used to induce the configural superiority
effect (CSE). The same base display (top) coupled with identical contexts
(middle) will induce a CSE (bottom left) when this combination leads to
emergent features (such as closure and intersections). When no such
emergent features are present (right), no CSE will be found and discrim-
ination performance will possibly be worse compared to the base displays
(i.e., configural inferiority effect). In the rest of the paper, we refer to the
base stimuli as “part” or “no context,” to the CSE displays as “Gestalt
context” and to the CSI displays as “bad context” or “control context”
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control context in Experiment 2; see Fig. 1). As a result, the
critical comparison between these conditions was suboptimal
and involved a comparison between stimuli containing differ-
ent numbers of pixels (i.e., part vs. Gestalt or part vs. control)
and different display sizes. In principle, it could be the case
that this difference is driving the observed difference in con-
trast thresholds. Therefore, we decided to include the Gestalt
and control context together with the part stimuli in a single
experiment, with the same display size and same amount of
pixels (for the context stimuli), allowing us to compare all
stimuli. Furthermore, Bratch et al. used a variant of the root
mean squared (RMS) contrast to quantify stimulus contrast.
The number of pixels in the stimulus display affects the range
of contrast values one can obtain for the same stimulus inten-
sity in terms of percentage deviation from the background
luminance (Weber contrast). Throughout this paper, we most-
ly rely on Weber contrast, but we included an explicit com-
parison with RMS contrast as well.

In sum, the three specific goals formulated above can be
translated into three specific questions:

1. How does the processing of these stimuli (Gestalt) vary
along the stimulus contrast dimension?

2. How does the addition of external noise influence the
processing of these stimuli? Are the results fundamentally
different depending on the presence of external noise?

3. Are these Gestalt-like phenomena still associated with
lower contrast thresholds when the control stimuli share
exactly the same local parts and are matched for size?
Might part of the effects be explained by contrast defini-
tions that are sensitive to the number of pixels?

A reanalysis of the data of Bratch et al. would allow us to
already partially answer our first question. Although the data
were collected using an adaptive staircase method, it is possi-
ble to estimate the average psychometric function across all
observers relying on the aggregated data. This estimate is far
from optimal, but it might already provide some intuition on
how the stimuli are processed along the contrast range. Below,
we report the results of this reanalysis (which, importantly,
mimic the observations from our experiment). Subsequently,
we report the data we collected in a set of 20 new observers.

Reanalysis of the data reported by Bratch
et al.

We obtained the data fromBratch et al. with the goal to get a first
impression of how stimulus processing evolved along the stim-
ulus contrast dimension. Here, we briefly summarize the main
conclusions, as depicted in Fig. 2. The contrast units used here
were the same as in the original work (i.e., RMS contrast). The
top panels show the mean response time data from both

experiments. It is clear that a CSE was observed in Experiment
1, but no longer in Experiment 2 (in line with Pomerantz et al.,
1977). Themiddle panels show the predicted psychometric func-
tions that were estimated from the aggregated data. Interestingly,
in Experiment 1 the detection benefit for the part stimuli is ap-
parent in the low contrast range, whereas the psychometric func-
tion for the Gestalt stimuli crosses the one for the part stimuli at a
particular level of stimulus contrast. In line with our earlier rea-
soning, not only the thresholds, but also the slopes of both psy-
chometric functions differ. This contrasts with the psychometric
functions obtained in Experiment 2, where noCSEwas observed
in response times. Here, the psychometric functions clearly dis-
sociate, and a detection benefit for part stimuli is observed across
the full contrast range, without an apparent difference between
slopes. The qualitative difference between the psychometric
functions in Experiments 1 and 2 already indicates a different
type of processing for the Gestalt and control stimuli, despite the
similarity in difference in contrast thresholds reported in the pa-
per. The results of the ideal observers are depicted in the bottom
panels. As expected, the ideal observers are not influenced at all
by the (non-)configural nature of the Gestalt or control stimulus.
Indeed, the psychometric functions for both experiments are
nearly identical. This makes sense because the ideal observer is
not sensitive to the particular configuration embedded in the
noise pattern (it only “searches for” the odd line stimulus).
Nevertheless, it reveals a critical difference between human and
ideal observers.

In sum, this reanalysis indicates a data pattern that would
be expected based on the reasoning that configural processing
is disrupted at lower contrast levels, but shows a clear benefit
compared to part stimuli when it starts developing at a partic-
ular stimulus contrast. Encouraged by this reanalysis, we set
out to replicate these results more formally relying on a design
that (1) allowed us to estimate the full psychometric function
rather than a single threshold, (2) allowed the comparison
between the presence and absence of external noise and (3)
allowed for a direct comparison between the three types of
stimuli used.

Methods

Participants

Twenty participants took part in the experiment. All had nor-
mal or corrected-to-normal vision. They were all naive with
respect to the goal of the study, and provided signed informed
consent prior to starting. This study was approved by the local
ethics committee of the university (SMEC). The experiment
was divided in two sessions, each of which lasted approxi-
mately 1 h, and participants completed both sessions on sep-
arate days (most of the time separated by 24 h).
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Apparatus

All stimuli were displayed on a linearized CRTmonitor (Sony
GDM F520) with a refresh rate of 60 Hz, a diagonal length of

50 cm, and a resolution of 1,024 x 768 pixels. Participants
were positioned in a dark room at a viewing distance of
57 cm from the monitor by means of a chin rest. Stimulus
presentation and response registration was controlled by

Fig. 2 Reanalysis of Bratch et al. (2016). Stimulus contrast is expressed
in root mean squared (RMS) contrast. (A) Average response time data for
Experiment 1. Gestalt context stimuli elicit faster responses. (C)
Accuracy data averaged across observers, and predicted psychometric
functions (without taking individual differences into account). The psy-
chometric functions intersect at about 75% correct, suggesting a part
benefit at low stimulus intensities and a Gestalt benefit at higher ones.
(E) Predicted psychometric functions for the ideal observer. For the lower
intensity range, the same effect is observed, yet the part benefit remains

across the full range of the psychometric function. (B) Average response
time data for Experiment 2. Control context stimuli elicit no difference in
response times. (D) Accuracy data across observers, and predicted psy-
chometric functions (without taking individual differences into account).
In contrast to (C), the psychometric functions no longer intersect, sug-
gesting a part benefit across the full stimulus intensity range. (F)
Predicted psychometric functions for the ideal observer. A part benefit
is observed across the full intensity range. The code for this figure can be
found at https://osf.io/zcsd8/
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custom software programmed in Python 2.7, mainly relying
on the PsychoPy library (Peirce et al., 2019). The Bits# system
(mono++ mode) was used to manipulate stimulus contrast at a
14-bit resolution. The background of the monitor was set to
mid-gray (38 cd/m2).

Stimuli

We used very similar stimuli to the ones used in Bratch et al.
(2016), who modeled their stimuli after Pomerantz et al. (1977)
(see Fig. 3). The part stimulus consisted of a line rotated 45°
counterclockwise relative to vertical in the odd quadrant, whilst
the other quadrants were filled with lines oriented 45° clockwise
relative to vertical (28 x 3 pixels, except for the first and last part
of the line which consisted of 2 pixels). For the Gestalt context
condition, two abutting lines (30 x 2 pixels) were added which
formed a right angle. This context produced a triangle in the odd
quadrants, and an arrow shape in the other quadrants. In the bad
context condition, the same abutting lineswere added, but now in
such a way it did not generate the percept of closure as in the
Gestalt context stimuli. The total size of each stimulus (all quad-
rants) was 160 x 160 pixels. The no context line stimuli always
appeared on the same location (barring which quadrant was de-
fined as odd) and depending on the context condition, particular
context stimuli were added to these lines. Contrast of the pixels
(ci) at pixel location i was defined as:

ci ¼ li−L
L

where li is the luminance of the ith pixel and L is the aver-
age background luminance. In practice, contrast was varied
before external noise was added to the stimulus. This is similar
to how Bratch et al. defined stimulus contrast for each pixel
(i.e., Weber contrast), but they converted these values to RMS
contrast to be used in the staircase procedure. In the noise
experiment, external noise was added by randomly selecting
pixel intensities from a Gaussian distribution centered on 0
with a variance of 0.0625. After adding noise, contrast values
were clipped at ± 2 standard deviations to avoid exceeding the
minimal and maximal luminance values that could be present-
ed on the monitor.

Procedure and design

The noise and no-noise conditions were run in separate ses-
sions, and the order of completion of these conditions was
counterbalanced across participants (odd participant numbers
starting with noise, and even with no-noise). All trial types
(part, Gestalt context, and control context) of all contrast
levels were randomly intermixed. Each trial started with the
presentation of a fixation dot (500 ms), after which the display
was presented for 300 ms. After stimulus offset, participants
had to indicate the location of the odd quadrant as fast and
accurately as possible, using the numerical keyboard (1 =
bottom-left; 2 = bottom-right; 4 = top-left; 5 = top-right).
After each response, there was a 500-ms intertrial interval
(blank screen) before proceeding to the next trial.
Participants could take a break after every 100 trials. In the
noise and no-noise conditions, seven different (fixed) stimulus

Fig. 3 Displays used in the experiments. Columns indicate stimuli with the same contrast. Rows indicate the same stimulus class (part, Gestalt context,
control context). Contrast levels have been adjusted for visibility and are not depicted as in the experiment

Atten Percept Psychophys (2020) 82:1355–1367 1359



contrast levels were used. These were logarithmically spaced
between the minimal and maximal contrast value used. The
range of values was determined based on pilot experiments in
order to ensure that the lowest value resulted in chance per-
formance, and the highest value in near-perfect performance.
For the noise condition, the minimum and maximum were 0.1
and 0.3. For the no-noise experiment, we used 0.01 to 0.08.
For each combination of stimulus type and stimulus contrast,
we ran 60 trials. This resulted in a total of 1,260 trials for each
session, or 2,520 trials in total for each participant.

Data analysis

We used R 3.5.1 and RStudio (Team & Others, 2015) for all our
analyses (for a complete overview of the environment used, see
the RMarkdown document documenting all code used to analyze
the data). All code and data can be found on https://osf.io/w3ueb/.

Psychometric functions Psychometric functions were ana-
lyzed using a Bayesian generalized linear mixed modelling
framework (Bürkner & Others, 2017; Moscatelli, Mezzetti,
& Lacquaniti, 2012; Yssaad-Fesselier & Knoblauch, 2006),
relying on the R package brms (Bürkner & Others, 2017).
Although fitting single psychometric functions for each
observer-condition combination would have been definitely
feasible, the current approach has a lot of advantages. That
is, modelling all data simultaneously using a hierarchical ap-
proach can provide more statistical power compared to the

two-step approach of estimating parameters of the psychomet-
ric function and statistically analyzing afterwards.
Furthermore, it is straightforward to flexibly adjust the guess-
ing parameter as well as the lapse parameter in the Bayesian
framework (or even put predictors on them if one wishes to do
so). Lastly, it is still possible to include inter-individual vari-
ability in the statistical model, yet the estimates for the indi-
viduals are influenced by other individuals (due to the hierar-
chical nature of the model), yielding better estimates com-
pared to the two-step approach. We used a logit link function
to model the sigmoidal pattern of the psychometric function.
Because wewanted to be able to compare differences between
the noise and no-noise conditions, we standardized both in-
tensity values to the same mean and standard deviation (z-
transform). The lapse rate of the psychometric function was
fixed at .05.We initially tried tomodel individual variability in
the lapse rates of the psychometric function, yet this resulted
in poor convergence of the MCMC chains. The guess rate was
fixed to .25, as the task was 4-AFC. brms is a software pack-
age providing a convenient front-end to STANwhere complex
Bayesian models can be fit using Hamiltonian MCMC
methods (Carpenter et al., 2017). We put a Student-t prior on
all regression weights, and a Cauchy prior on the parameters
capturing the random effects (as in (Wallis et al., 2017). All
random effects were included, yet uncorrelated to ensure mod-
el convergence. The fitted model was the following:

response ¼ :25þ 1−:25−:05ð Þ*logit stimulus intensity*stimulus type*conditionþ stimulus intensity*stimulus type*condition ‖ participant
� �� �

All categorical variables were dummy-coded. As stimulus
intensity differed substantially between the noise and no-noise
conditions, we standardized (z-score) both intensity variables
separately, such that their coefficients were comparable. As
outlined in (Knoblauch & Maloney, 2012), the location and
scale of the link function can be derived as follows:

location ¼ − intercept=slopeð Þ
scale ¼ 1=slope

Given our guess and lapse rate, the location equals the 60%
threshold, and the scale quantifies the variability around this
threshold. In the Results section, we report unstandardized
estimates for comparisons within noise and no noise condi-
tions. When comparing across these conditions, we kept the
values on the standardized scale. Inference on these quantities
was performed by summarizing the posterior distributions of
various pairwise comparisons. Rather than applying an arbi-
trary threshold to claim the presence or absence of an “effect”,
we quantify our (un)certainty of differences between

conditions by calculating the posterior probability that thresh-
olds are smaller in one condition versus the other (seeResults).

We ran four chains with 4,000 iterations each (2,000 of
each were considered warm-up). The adapt_delta parameter
was set to .8 and themax_treedepth to 10. Running this model
yielded MCMC chains that were converging, according to
diagnostics such as effective sample size, the R-hat statistic,
and the absence of divergent transitions.

Response times We used a linear mixed-effects model with a
lognormal distribution to model response times. The lognor-
mal is a skewed distribution that allows one to model and
capture positive skew that is common in response time (RT)
data. We again relied on brms to estimate the parameters of
this model. The structure of the model was exactly the same as
for the psychometric function, except for the response distri-
bution now being lognormal rather than binomial. Although it
is possible to include predictors for the standard deviation of
the distribution, we limited ourselves to modelling the mean
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response times only. We trimmed the RT data at response
times of 3 s, which we considered to be unreasonably long
for the current task. On average, this resulted in 1.45% of the
data per participant being removed with a maximum of 8%.

We ran four chains with 2,000 iterations each (1,000 of
each were considered warm-up). The adapt_delta argument
was set to .8 and themax_treedepth to 10. Running this model
yielded MCMC chains that were converging, according to
diagnostics such as effective sample size, the R-hat statistic,
and the absence of divergent transitions.

Results

Psychometric functions

Figure 4 depicts the behavioral data, overlaid with the psycho-
metric functions estimated by the model. It is clear that, for
both stimulus types, the same ordering of psychometric func-
tions was observed. As soon as performance is above chance,
the Gestalt context stimulus yielded better performance com-
pared to the part stimulus, and the control context.
Furthermore, the Gestalt context stimulus always yielded low-
est 60% contrast thresholds compared to the part stimulus, and
the control context. For both stimulus types, the control con-
text yielded the highest contrast threshold, and the part stim-
ulus was always in-between.

Each scatterplot in Fig. 5 depicts two-dimensional posterior
distributions for pairwise comparisons between thresholds
and slopes for all conditions. As can be derived from the
legend in each panel, all posterior probabilities suggest that
thresholds for the Gestalt context are lower than for the part
stimulus, and the control context (in both noise and no noise
conditions). In addition, part stimuli have lower thresholds
compared to the control context. A similar result is obtained
for the slopes across the noise and no noise condition, Gestalt
contexts elicit steeper slopes compared to the other conditions,

and the same holds for the part stimulus compared to the
control context.

An interesting pattern of results emerges when comparing
the thresholds and slopes between the noise and no noise
conditions within each stimulus condition (Fig. 6). For neither
of the comparisons, the thresholds seem to be strongly differ-
ent. However, for the slopes, it seems to be the case that
adding noise to the stimuli yields shallower psychometric
functions compared to the no noise stimuli. In a sense, the
absence of a difference in threshold is difficult to interpret,
as the stimuli can only be compared on a standardized scale.
Presumably, this indicates that the stimulus range was well-
calibrated, and the midpoint of the intensities yielded similar
performance.

Response times

In Fig. 7, the mean response times are depicted together with
the model predictions (see Table 1 for a summary of the
parameter estimates).

The RTs clearly mimic the accuracy data. Response times
increase with stimulus contrast for the parts stimulus and the
control context, whereas they decrease for the Gestalt context
(i.e., there is a CSE). Stimulus type only shows specific inter-
actions. That is, the control context stimulus differs less from
the parts stimulus for noise stimuli, and the slopes associated
with stimulus contrast also become more shallow in the noise
experiment, for both the Gestalt context as well as the control
context. This is clearly visible in the right panel of Fig. 7
where the same average trends are observed, yet the change
in response times across stimulus contrast is less strong com-
pared to the no noise stimuli.

Combined analysis

In the final analysis, we were interested to see how the
modeled accuracy and RT data were linked with each other.

Fig. 4 Aggregate behavioral data and estimated psychometric functions.
Points are mean accuracies, error bars (not always visible) are mean
accuracies ± 2 SEM. Lines are the estimated psychometric functions,

and shaded regions denote 95% credible intervals around the
psychometric functions
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To address this, we extracted the estimated accuracies and
response times for each iteration in the MCMC procedure,
for all unique conditions. We then calculated the differences
between accuracies and response times between conditions
(e.g., part vs. Gestalt context), respectively, and plot these
differences in the scatterplots below. The primary question
of interest here is to see whether the RT differences emerge
earlier or later in function of increasing stimulus contrast com-
pared to the accuracy data. Figure 8 depicts this separately for
the noise and no-noise stimuli, where each pairwise

comparison between all conditions was computed. For both
stimulus types, the pattern is qualitatively similar and the ef-
fects on both measures are coherently related. As soon as the
effects on the accuracy scale emerge, the same happens for
response times. This is less clear in Fig. 9. Here, for each
condition, the difference between noise and no noise stimulus
is depicted. For part and Gestalt context stimuli, the response
time effect is largely constant, whereas it seems to evolve for
the control context stimuli. The accuracy pattern is very sim-
ilar across conditions. Interestingly, noise in the stimuli seems

Fig. 5 Posterior distributions for pairwise comparisons between
conditions within stimulus type. Each scatter plot depicts three different
posterior distributions of thresholds (left) and slopes (right) for pairwise
comparisons between all conditions within each stimulus type (no noise

(upper) or noise (lower)). The legend indicates the posterior probability
that thresholds or slopes in one condition are smaller than in the condition
it is being compared with

Fig. 6 Posterior distributions for pairwise comparisons between stimulus
types within each condition. Each scatter plot depicts three different
posterior distributions of thresholds (left) and slopes (right) for pairwise
comparisons between stimulus type (no noise vs. noise) within each

condition (part, Gestalt, control). The legend indicates the posterior prob-
ability that thresholds or slopes for one stimulus type (e.g., no noise) are
smaller compared to the other stimulus type (e.g., noise), for each condi-
tion separately
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to facilitate stimulus detection for very low stimulus intensi-
ties whereas the opposite occurs at higher intensities. As
highlighted earlier, it is difficult to interpret the differences
between noise conditions because they are coded on different
parts of the stimulus contrast scale.

Discussion

In this study, we asked whether configural superiority effects
are still observed when stimuli are presented under very low
levels of stimulus intensity or embedded in noise. We ob-
served that Gestalt context stimuli require less contrast to be
discriminated as accurately as part stimuli. In addition, control
context stimuli elicited an inferiority effect in that they had to
be presented at higher contrasts to be discriminated as accu-
rately as the Gestalt context or part stimuli. This pattern of

results was reflected in the response time data, where superi-
ority and inferiority effects were observed as well. The loca-
tion of contrast detection thresholds was very similar for the
noise and no-noise conditions, but the steepness of the psy-
chometric functions did vary considerably between both con-
ditions. That is, detection of no-noise stimuli was associated
with steeper slopes compared to detection of stimuli embed-
ded in white noise.

At a first glance, our results suggest a pattern opposite to
what is reported by Bratch et al. In fact, our results are fully
consistent with theirs, and perfectly replicate their results. The
main reason is that, throughout this study, we quantified stim-
ulus contrast as a percentage (i.e., how much it differed from
the uniform background). Bratch et al. employed the same
approach to construct the stimulus (with some small differ-
ences we have discussed in the Methods section), yet they
quantified stimulus contrast as root mean squared (RMS)

Table 1 Summary of the model parameter estimates for the response time data

Predictors Estimates HDI (95%)

Intercept (parts baseline) -0.68 -0.81 ; -0.54

Stimulus contrast 0.13 0.04 ; 0.21

Gestalt context -0.20 -0.24 ; -0.15

Control context 0.16 0.11 ; 0.22

Noise experiment 0.10 -0.06 ; 0.26

Stimulus contrast * Gestalt context -0.25 -0.30 ; -0.20

Stimulus contrast * Control context 0.08 0.04 ; 0.12

Stimulus contrast * Noise experiment -0.04 -0.11 ; 0.02

Gestalt context * Noise experiment 0.03 -0.01 ; 0.07

Control context * Noise experiment -0.07 -0.12 ; -0.03

Stimulus contrast * Gestalt context * Noise experiment 0.06 0.02 ; 0.09

Stimulus contrast * Control context * Noise experiment -0.04 -0.08 ; -0.01

Note. The parts stimulus served as baseline in the regression model. Each estimate should be interpreted relative to the intercept or to the estimated slope
of stimulus contrast

Fig. 7 Aggregate response time data and model predictions. Points are mean response times, error bars (not always visible) are mean response times ± 2
SEM. Lines are the estimated regression lines, and shaded regions denote 95% credible intervals around the regression lines
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contrast. RMS contrast is a measure that is often used for
quantifying global image contrast, as it essentially is a mea-
sure of variation in pixel intensities. This is where the crucial
difference between both measures emerges. A percentage
measure is straightforward to calculate when an image con-
sists of two intensity values (as in our case), and hence it is
insensitive to the number of pixels a stimulus is comprised of.
In comparison, RMS contrast is sensitive to the number of
pixels a stimulus contains, as it induces more variation in the
global image. Therefore, the contrast range for the part stimuli
was different from the context stimuli in Bratch et al., despite
the fact that, expressed in percentages, the contrast range was
the same. Below we visualize our data in an alternative way to
explicitly compare percentage contrast with RMS contrast. It
is clear that the qualitative pattern of results for Gestalt and
control context stimuli remains the same. Although the

contrast values relate nonlinearly to each other, the mapping
is exactly the same for both stimuli. In contrast, for the part
stimulus, the RMS contrast measure yields lower values. This
implies that, for similar performance, lower thresholds will be
obtained for the part stimulus compared to the other two stim-
ulus types, even if the psychometric function of the part stim-
ulus would be exactly the same as for one of the context
stimuli. This could lead to the impression that part stimuli lead
to lower thresholds than Gestalt context and this could be
interpreted as better detection of parts at threshold.

Interestingly, this contrast coding measure also explains
why they did not observe a configural inferiority effect.
Indeed, when expressed in RMS contrast, RTs are distributed
in such a way that an adaptive staircase procedure would yield
no difference between the part stimuli and the control context
(see Fig. 11).

Fig. 9 Comparison of the response time and accuracy differences
between the noise and no noise stimuli, for each condition separately.
The response time and accuracy effects both refer to estimated effects.
These were computed by calculating the depicted pairwise differences at

each iteration during the MCMC procedure. One can thus interpret these
as posterior distributions of the pairwise differences. Stimulus contrast is
visualized by the intensity of the dots and lines (low to high being low to
high stimulus contrast). The error bars are 95% credible intervals

Fig. 8 Comparison of the response time and accuracy differences for the
different conditions, visualized separately for noise and no noise stimuli.
The response time and accuracy effects both refer to estimated effects.
These were computed by calculating the depicted pairwise differences at

each iteration during the MCMC procedure. One can thus interpret these
as posterior distributions of the pairwise differences. Stimulus contrast is
visualized by the intensity of the dots and lines (low to high being low to
high stimulus contrast). The error bars are 95% credible intervals

Atten Percept Psychophys (2020) 82:1355–13671364



Despite the consequences of using RMS contrast, one
could argue that it is a meaningful measure to use because it
makes sense to correct for the number of pixels a stimulus is
comprised of. However, we believe the way we quantified
stimulus contrast in this study best reflects how the visual
system deals with processing these stimuli. That is, in the
no-noise condition it would be natural to opt for a percentage
measure of stimulus contrast, and the results are qualitatively
the same as in the noise condition. Even so, when equating the
number of pixels (i.e., comparing the Gestalt and control con-
text stimuli), it is clear that the Gestalt context stimulus always
yielded better performance compared to the control context
stimulus. In sum, we believe both our results, as well as those
reported in Bratch et al., reflect that Gestalt context stimuli

yield lower detection thresholds compared to part stimuli
and control context stimuli.

Reflecting back on our introduction, these results support
the general trend in the literature that good configurations are
easier and quicker to detect compared to configurations that
do not contain Gestalt properties, or very simple stimuli, such
as an array of line stimuli. Although consistent with the liter-
ature, our results are, in a sense, maybe counterintuitive. That
is, in order to process emergent features, the whole rather than
a part of the stimulus needs to be perceived. When a stimulus
is presented in an impoverished fashion as in the current study,
one would expect that observers fail to perceive some parts of
the stimulus and hence a part benefit would be expected. This
does not seem to be the case, however, making configural
superiority as observed here maybe even more striking com-
pared to traditional studies.

We see great potential in the paradigm introduced by
Bratch et al. in the sense that Gestalt psychology has mostly
focused on phenomenological demonstrations, rather than
psychophysical experiments to provide empirical support for
their theoretical premises. This is not to say that Gestalt psy-
chology has not entered the realm of psychophysics yet
(Denisova, Feldman, Su, & Singh, 2016; Erlikhman &
Kellman, 2016; Spehar & Halim, 2016). Interestingly, most
of these studies present stimuli at suprathreshold intensities
and disrupt stimulus processing through other manipulations.
In this way, we believe that a manipulation of stimulus inten-
sity in terms of stimulus contrast provides a potentially prom-
ising new line of research in which processing characteristics
of mid-level stimuli can be objectively studied. Indeed, such
an approach would allow us to exploit basic paradigms used in
low-level vision that have been used to elucidate processing

Fig. 10 Comparison between stimulus contrast expressed in percentages
or root mean square contrast. The size of the dots indicates the accuracy
associated with the data point. For both stimulus presentation conditions,
the Gestalt and control context show exactly the same relationship

between percentage contrast and RMS contrast. The part stimuli are
associated with consistently lower RMS contrast levels, however,
yielding lower thresholds for RMS contrasts

Fig. 11 Response time data for the noise condition, in function of root
mean squared (RMS) contrast. The part stimuli are squashed towards the
lower end of the contrast values, rendering them indiscriminable from the
control context stimulus. This could explain why Bratch et al. did not
observe a consistent configural inferiority effect in their Experiment 2
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characteristics. For example, Brown, Breitmeyer, Hale, and
Plummer (2018) proposed to use the linearity of contrast re-
sponse functions to assess whether visual illusions are proc-
essed rather in a percept-dependent than in a stimulus-
dependent way. The authors assessed illusion magnitudes
across different contrast levels and found that the
Poggendorf and Ponzo illusions showed a much more nonlin-
ear increase in illusion magnitude compared to the simulta-
neous brightness illusion, which is frequently explained by a
low-level mechanism, based on lateral inhibition. Although
the approach of assessing the nonlinearity of the contrast re-
sponse functions is not directly transferable to our study, it
does show the potential for application in studying mid-level
visual processing.

Apart from studying Gestalt processing through contrast
manipulations, this type of manipulation could also be thought
of as a quantification of the “Gestaltness” of a stimulus.
Indeed, quantitative assessments of mid-level visual process-
ing have always been quite challenging, and only a few at-
tempts have been successful in providing a quantification of
the strength of perceptual grouping. For example, grouping by
proximity has been quantified through the pure distance law
(Kubovy & Wagemans, 1995) or Garner interference
(Pomerantz & Schwaitzberg, 1975). Wei, Zhou, and Chen
(2018) proposed to quantify perceptual grouping in general
by measuring tilt aftereffects. Last, Pomerantz and Portillo
(2011) suggested to use configural superiority itself as an in-
dex of grouping strength. Here we propose that the way in
which a stimulus responds to stimulus contrast manipulations
might be a fruitful approach to quantify the strength of per-
ceptual grouping. Indeed, the stimuli used in this study relied
on a particular topological distinction (closed vs. open) (Chen,
2005) and might have generated a strong difference signal.
Other stimuli that contain other types of emergent features
might be less salient, and the configural superiority elicited
by such stimuli might be less resistant to contrast and saliency
manipulations as what has been presented here. At this point,
this is just an expression of an intuition about a promising
avenue. Obviously, more studies are needed to see whether
this actually turns out to be correct.

Conclusion

In this study we asked whether configural superiority is ob-
served for stimuli presented at low stimulus intensities. We
measured contrast detection thresholds for stimuli varying in
the degree of configurality and observed that stimuli eliciting a
Gestalt were discriminated at lower contrast levels compared
to their parts, or a control context not traditionally eliciting
configural superiority. This configural superiority effect was
also observed in response times, and the qualitative pattern of
results did not change depending on whether stimuli were

embedded in white noise or not. We conclude that Gestalt
phenomena are not restricted to high stimulus intensities only,
and propose that contrast manipulations could provide a use-
ful tool to assess how different Gestalts are processed.
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