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Sensory and perceptual processing are inherently shaped by both internal and external noise sources. While noise is typically seen
as disruptive, it can, under certain conditions, enhance the detection of weak sensory signals—a phenomenon known as stochastic
resonance (SR). Research on SR has primarily focused on dissimilar noise sources such as static visual noise or high-frequency
transcranial random noise stimulation (hf-tRNS), leaving it unclear whether different noise types produce similar enhancements
or operate through shared mechanisms. Here, we investigated how three external noise sources—hf-tRNS, low-frequency tRNS
(lf-tRNS), and dynamic visual noise (DVN)—affect visual contrast detection, adopting an individualized analytical approach to
account for variability in internal noise across participants. DVN was specifically designed to mirror the spatiotemporal character-
istics of tRNS, enabling systematic evaluation of cortical- and sensory-level noise within a unified framework. Across three
experiments (n= 149 of either sex), all noise types improved detection performance at participant-specific optimal intensities,
with the most pronounced effects observed for subthreshold stimuli and in participants with lower baseline sensitivity, consistent
with a compensatory role of external noise when perceptual encoding is weak. Notably, these results provide the first evidence of
SR-like benefits from lf-tRNS, challenging frequency-dependent assumptions about the efficacy of electrical noise stimulation.
Comparable enhancements with DVN further establish it as a promising noninvasive tool for perceptual modulation. Together, these
findings expand the SR framework by demonstrating that both electrical and sensory noise can facilitate vision and highlight the
importance of individualized approaches in neuromodulation and sensory enhancement.
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Significance Statement

Contrary to the common view, certain forms of noise can enhance sensory processing, as described by stochastic resonance (SR).
We demonstrate that both low-frequency transcranial random noise stimulation (lf-tRNS) and a novel form of dynamic visual
noise (DVN), designed to match the spatiotemporal characteristics of tRNS, improve visual contrast detection similarly to high-
frequency tRNS (hf-tRNS). Crucially, we account for variability in internal noise across participants, offering insights into the
mechanisms underlying noise-induced modulation. Our findings provide the first evidence of SR-like effects from lf-tRNS
and validate DVN as a noninvasive tool for modulating sensory performance. These results advance the SR framework and high-
light the potential of strategically applied external noise to optimize neural output in both basic and translational neuroscience.

Introduction
Sensory and perceptual processing are influenced by random
disturbances, or “noise,” from intrinsic neural fluctuations or
external sources (Faisal et al., 2008). Although often regarded

as detrimental, noise may enhance signal processing through
stochastic resonance (SR). In nonlinear systems, SR describes
how noise improves the detection of weak signals (Moss et al.,
2004). This phenomenon has been extensively studied
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(Moss and Wiesenfeld, 1995), particularly across sensory modal-
ities in neuroscience (Collins et al., 1997; Zeng et al., 2000; Tham,
2006). In the visual domain, psychophysical studies consistently
demonstrated SR effects, showing that noise helps subthreshold
stimuli surpass detection thresholds. Benefits have been observed
across visual targets, including low-contrast gratings (Simonotto
et al., 1999), images (Simonotto et al., 1997), ambiguous figures
(Riani and Simonotto, 1994), letters (Contemori et al., 2019),
and moving dots (Battaglini et al., 2023).

Two primary noise sources have been examined within the SR
framework for visual perception: electrical noise introduced
through transcranial random noise stimulation (tRNS) and visual
noise applied via stimulus manipulation. In tRNS, random electri-
cal currents are delivered noninvasively to the cortex, allowing
direct interaction between noise and cortical processing (Terney
et al., 2008). High-frequency tRNS (hf-tRNS) has been shown to
enhance various visual performance measures (Camilleri et al.,
2014; Ghin et al., 2018; Battaglini et al., 2020) when applied at opti-
mal levels, consistent with SR principles (van der Groen and
Wenderoth, 2016; Pavan et al., 2019; Potok et al., 2023). In contrast,
visual noise is introduced peripherally, typically through controlled
manipulations of stimulus properties that increase randomness
during early stages of processing (Simonotto et al., 1999; Moss
et al., 2004; Sasaki et al., 2006). Such noise may also exert broader
cortical effects owing to the hierarchical organization and wide-
spread projections of the visual system (Ward et al., 2010).
Evidence further shows that suchmanipulations can enhance visual
performance (Simonotto et al., 1997; Battaglini et al., 2023). Thus,
although distinct in application, both noise sources are alignedwith
the SR framework and serve as effective means to enhance percep-
tual performance.

Despite evidence for noise benefits, systematic comparisons
across noise types remain limited. Research has predominantly
focused on hf-tRNS, while low-frequency tRNS (lf-tRNS) has
received less attention despite potential as an effective noise
source. This focus on hf-tRNS may stem from findings suggest-
ing its greater efficacy (Terney et al., 2008; Fertonani et al., 2011)
or reported differences between high- and low-frequency stimu-
lation (Saiote et al., 2013; Joos et al., 2015; Campana et al., 2016).
In parallel, studies on visual noise have primarily manipulated
stimulus properties to introduce randomness (Simonotto et al.,
1997; Aihara et al., 2008; Treviño et al., 2016) but often lacked
the spatial and temporal characteristics of tRNS. tRNS engages
broad cortical areas through continuous, task-irrelevant stimula-
tion (Polanía et al., 2018), whereas visual noise is spatially
confined, stimulus-locked, and task-relevant.

In this study, we asked whether distinct external noise sources
can enhance visual perception via SR, particularly for subthreshold
stimuli. We tested the effects of both lf-tRNS and hf-tRNS across
varying intensities and a novel implementation of dynamic visual
noise (DVN)designed to replicate key attributes of tRNS, including
continuous presentation throughout task blocks and irrelevance to
the visual task. Unlike conventional visual noise paradigms (van
der Groen and Wenderoth, 2016), our DVN stimulus was contin-
uously present in the background, never overlappedwith the target
stimuli, and playedno role in task demands. This approach allowed
a direct comparison of three noise sources under compatible con-
ditions.Wehypothesized that distinct external noise sourceswould
elicit SR effects, particularly for subthreshold stimuli, regardless of
modality or frequency, and that individual differences in noise sen-
sitivity would lead to variability in optimal noise levels across par-
ticipants. By evaluating the impacts of these noise sources on weak
and strong visual signals, our findings provide insights into the role

of external noise in sensory processing and establish lf-tRNS and
DVN as promising tools for perceptual enhancement.

Materials and Methods
The study consisted of three experiments designed to establish a compre-
hensive and comparative framework for evaluating the perceptual effects
of noise, specifically by contrasting different noise types and stimulation
frequencies across visual performance measures.

Experiment 1: hf-tRNS
InExperiment 1,we investigated thebehavioral effects of hf-tRNSoncontrast
detection performance using a mixed design. Participants were randomly
assigned to either a subthreshold or suprathreshold group (between-subject
factor), and each completed contrast detection blocks under five different
stimulation intensities (0–3 mA, peak to peak; within-subject factor), allow-
ing assessment of SR-like effects across stimulation levels.

We first aimed to validate previously documented effects of
hf-tRNS on contrast detection performance. Accordingly, we expected
that participants would exhibit enhanced performance at an optimal,
nonzero intensity of hf-tRNS. Consistent with SR principles (Gingl
et al., 1995; Moss et al., 2004) and previous literature on hf-tRNS (van
der Groen and Wenderoth, 2016; see Potok et al., 2022, for a review),
we further predicted that this enhancement would manifest more prom-
inently when detecting subthreshold stimuli compared with suprathres-
hold stimuli.

Participants
An a priori power analysis for a 2 (group) × 5 (noise levels) mixed-design
ANOVA (repeatedmeasures, within–between interaction) indicated that
a sample size of 32 would be sufficient to detect a low-to-medium effect
size ( f= 0.25), with an α= 0.05 and power of 0.95 (G*Power 3.1.9.7; Faul
et al., 2007, 2009). To strengthen the robustness of the ANOVA results
and to ensure adequate sensitivity for exploratory analyses of interindi-
vidual differences, we recruited a larger sample size. A total of 60 naive
participants took part in Experiment 1. All participants were adult volun-
teers who had normal or corrected-to-normal vision and no self-reported
history of neurological or psychiatric disorders. Eligibility was confirmed
through screening procedures conducted in accordance with established
safety guidelines for transcranial electrical stimulation (Rossi et al., 2009;
Antal et al., 2017). Screening included assessments of seizure history,
presence of metal implants, and other relevant medical conditions.
Following the exclusion of six participants who did not meet perfor-
mance criteria during the practice phase, the final sample comprised
54 participants [32 females; mean age = 21.15 years; standard deviation
(SD) = 2.33]. All experimental procedures adhered to the Declaration
of Helsinki (World Medical Association, 2013) and were approved by
the local ethics committee at Bilkent University (Approval ID,
2023.07.13.01). This ethics approval covered all experiments reported
in the present study. Participants were informed about the brain stimu-
lation procedures but were naive to the study objectives. All provided
written informed consent and received course credits as compensation.
Participants in this experiment did not take part in any of the other
experiments in this study.

Apparatus and stimuli
The stimulus presentation, experimental paradigm, and data acquisition
were controlled by MATLAB (The MathWorks) with the Psychtoolbox
extension (Brainard, 1997; Pelli, 1997; Kleiner et al., 2007). The visual sti-
muli were presented on a 24 in LCD (Dell Alienware AW2720HF) with a
resolution of 1,920 × 1,080 pixels, a 120 Hz refresh rate, and a gamma-
corrected linear output. The minimum luminance of the screen was
adjusted to 0.26 cd/m², while the maximum luminance reached
30.48 cd/m². A chin rest positioned 57 cm from the display was used
to constrain head movements and maintain a stable viewing distance.
The experiment was held in a quiet and dark testing room.

The visual stimulus was a Gabor patch, characterized by a pattern of
sinusoidal luminance grating displayed within a Gaussian envelope on a
midgray background with a luminance of ∼15.24 cd/m². It was tilted 45°
to the left of the vertical axis, and this orientation was chosen based on
prior research demonstrating the effectiveness of hf-tRNS in detecting
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low-contrast Gabor patches, particularly for nonvertical, high-spatial-
frequency stimuli (Battaglini et al., 2020). The target Gabor patch had
a spatial frequency of 8 c/°, extended 2.30° of the visual angle, and had
a full-width at half-maximum of 1.53° corresponding to σ= 0.65
(Potok et al., 2023). The target stimulus was presented in one of four
visual field quadrants, centered on noncardinal axes at a 4.55° eccentric-
ity from the central fixation cross (0.6° diameter).

Brain stimulation
Electrical stimulation was administered using a battery-powered stimu-
lator (DC-Stimulator-PLUS, NeuroConn). A pair of 3 × 3 cm saline-
soaked rubber electrodes was positioned at the Oz and CPz locations
according to the 10–20 EEG system, targeting the primary visual cortex.
Participants received hf-tRNS (101–640 Hz, zero DC offset) at five differ-
ent current intensities (0, 1, 1.5, 2, and 3 mA, peak to peak). Each exper-
imental block was conducted under a single stimulation intensity, and
the order of intensities was randomized across blocks for each participant
to control for order effects. The electrical fields induced by tRNS stimu-
lation were simulated using the open-source software (SimNIBS 4.1.0;
Saturnino et al., 2019), with specified input parameters to estimate differ-
ences resulting from distinct current magnitudes (Fig. 1A). Impedance
levels were maintained below ∼10 kΩ throughout the experiment.
Each experimental block lasted ∼4 min, resulting in an average electrical
stimulation duration of 20 min. The current density was carefully con-
trolled to remain within safety limits (Fertonani et al., 2015), with a max-
imum of 0.167 mA/cm2. Throughout the experiment, no participants
reported any discomfort or cutaneous sensations related to tRNS appli-
cation, consistent with prior findings indicating that tRNS is generally
imperceptible and well tolerated (Fertonani et al., 2015).

Experimental procedure
Psychophysical task. We opted for a four-alternative forced choice

(4AFC) contrast detection paradigm (Potok et al., 2023), as Vancleef et
al. (2018) highlighted the superiority of 4AFC over 2AFC, in terms of
threshold estimation, reduced uncertainty, improved precision, and
lower bias, along with greater efficiency in task duration. Each trial began
with a black fixation cross presented for a variable duration, following an
exponential distribution with a mean of 700 ms. Next, four black dots
were briefly presented for 41.7 ms at the potential Gabor patch locations
to facilitate a neutral distribution of spatial attention (Saxena and Treue,
2023). After a variable fixation period (exponentially distributed with a
mean of 400 ms), the target stimulus was presented for 58.3 ms (seven
frames at 120 Hz) at one of the predetermined locations (Fig. 1B). This
duration was selected during piloting to ensure reliable detection across
participants while remaining consistent with prior paradigms (Potok
et al., 2023), which used a comparable presentation time. Stimulus posi-
tions were pseudorandomly distributed across the four quadrants within
each block, maintaining an equivalent presentation frequency. The
response window was initiated when the fixation cross changed to green
upon stimulus offset. Participants were instructed to indicate the quad-
rant in which the stimulus appeared by pressing the corresponding
key. A new trial began immediately after response collection, with no
feedback provided throughout the experiment.

Study design. The experiment consisted of two phases: thresholding
and the main testing session. Each thresholding session began with a prac-
tice block in which stimuli were presented at maximum contrast to famil-
iarize participants with the task and instructions. To be eligible for themain
testing session, participants were required to achieve 10 consecutive correct

Figure 1. Experimental design and methodology. A, Electric field simulations showing the distribution of induced fields at different current amplitudes (0–3 mA, peak to peak) used in both
hf-tRNS and lf-tRNS experiments. B, Schematic of the experimental procedure. Participants completed identical psychophysical tasks across both tRNS and DVN experiments. Each trial consisted of
a fixation period (∼700 ms), a neutral cue (41.7 ms), a second fixation (∼400 ms), stimulus presentation (58.3 ms), and response collection. C, Examples of the DVN stimuli used in the DVN
experiment, with different noise intensities (scaling factors k). Visual noise was presented within a circular region and refreshed on each frame (120 Hz).
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responses within 80 trials. Those unable to meet this criterion were
excluded from the rest of the experiment. Following a successful practice
block, participants performed a brief thresholding block consisting of 40 tri-
als, during which the contrast of the Gabor patches was adjusted using the
Levitt staircase procedure (1-up/2-down; Levitt, 1971). The resulting
approximate threshold estimate was subsequently used as an input for
the adaptive Bayesian QUEST staircase procedure (Watson and Pelli,
1983). In the subsequent block, two interleaved QUEST staircases, each
consisting of 80 trials, were implemented to determine individualized con-
trast levels targeting ∼65% (subthreshold) and ∼85% (suprathreshold)
accuracy. The thresholding for each participant lasted ∼15 min.

For the main testing session, which immediately followed the thresh-
olding phase, participants were randomly assigned to either the subthres-
hold or suprathreshold group, allowing us to test SR-related performance
enhancements across different signal strengths. The contrast level of the
target Gabor stimulus was determined during thresholding and set at
individualized levels according to the experimental group. The 4AFC
contrast detection task was performed across five blocks, each consisting
of 100 trials, while participants received hf-tRNS. In each block, a differ-
ent current intensity was applied, with the order randomized across par-
ticipants to counterbalance potential sequence effects. To minimize
fatigue, participants rested their eyes for 2 min between blocks. The
duration of the main testing session was ∼40 min.

Experiment 2: lf-tRNS
Using the same approach as in Experiment 1, we aimed to characterize the
impact of varying lf-tRNS intensities on visual processing. Based on the
premise that individualsmay benefit fromdifferent levels of electrical noise,
we hypothesized that SR effects would emerge in our findings, extending
the observed effects of hf-tRNS to the lower frequency range.

Participants
Following the same procedures and criteria as in Experiment 1, 62 vol-
unteers participated in Experiment 2. Eight participants were excluded
due to a failure to complete the practice session, resulting in a final sam-
ple of 54 participants (33 females), with a mean age of 19.69 years (SD=
1.80). As in Experiment 1, all experimental procedures in Experiment 2
conformed to the Declaration of Helsinki and were approved by the local
ethics committee at Bilkent University. Participants were screened for
eligibility for transcranial electrical stimulation in accordance with estab-
lished safety guidelines (Rossi et al., 2009; Antal et al., 2017), were fully
informed about the study procedures, provided written informed con-
sent, and received course credits as compensation. Participants in this
experiment did not take part in any of the other experiments.

Brain stimulation and experimental procedure
The apparatus, stimuli, and procedure were identical to those used in
Experiment 1. Participants initially completed a practice task, followed
by a thresholding session to determine individual sub- and suprathres-
hold contrast levels. Participants were randomly assigned to one of the
two experimental groups, subthreshold or suprathreshold, with target
Gabor stimuli presented at their respective individualized contrast levels
during the main experimental blocks. Each experimental block was
distinguished by the administration of lf-tRNS (0.1–100 Hz) at varying
current amplitudes (0, 1, 1.5, 2, and 3 mA, peak to peak), differentiating
it from the hf-tRNS protocol used in Experiment 1.

Experiment 3: DVN
Wedesigned a novel implementation of visual noise by continuously stim-
ulating a broad retinotopic region of the visual cortex while remaining
task-irrelevant. We hypothesized that this form of external visual noise
would improve visual processing, akin to the performance-enhancing
effects of tRNS.

Participants
The effects of this DVN on task performance were assessed at six differ-
ent levels in both subthreshold and suprathreshold groups, within the SR
framework. An a priori power analysis for a 2 (group) × 6 (noise levels)
mixed-design ANOVA (repeated measures, within–between interaction)
indicated that a sample size of 28 would be sufficient to detect a
low-to-medium effect ( f= 0.25) with α= 0.05 and power of 0.95

(G*Power 3.1.9.7; Faul et al., 2007, 2009). To maximize statistical power
and to capture interindividual variability in response patterns—espe-
cially given the absence of prior effect size estimates for DVN—we
recruited a larger sample, consistent with earlier tRNS studies that also
relied on larger samples for exploratory purposes (van der Groen and
Wenderoth, 2016). A total of 72 naive participants were included, follow-
ing the same procedure and criteria as in the previous experiments.
However, 13 participants were excluded due to failure to complete the
practice task, leaving a final sample of 59 participants (38 females)
with a mean age of 19.83 years (SD = 1.29). As in Experiments 1 and 2,
all experimental procedures in Experiment 3 conformed to the
Declaration of Helsinki and were approved by the local ethics committee
at Bilkent University. Participants were fully informed about the study
procedures, provided written informed consent, and were compensated
with course credits. Consistent with previous experiments, participants
were screened for contraindications to transcranial electrical stimulation
in accordance with established safety protocols (Rossi et al., 2009; Antal
et al., 2017) and took part only in this experiment.

Stimuli and experimental procedure
The apparatus, primary visual stimuli, and procedure described in the
previous sections were also employed in this experiment. Instead of brain
stimulation, external noise was introduced via a novel implementation of
the DVN paradigm. After completing the practice and thresholding
blocks, participants were randomly assigned to either the subthreshold
or suprathreshold group and were presented with their respective indi-
vidualized Gabor contrast levels for the remainder of the experiment.

To approximate the characteristics of tRNS, we generated DVN as
large-field circular textures subtending 24° of the visual angle
(Movie 1). Each pixel’s luminance was independently sampled from a
Gaussian distribution centered on midgray, and the noise was dynami-
cally regenerated at the refresh rate of the display (120 Hz; Fig. 1C).
Crucially, the DVN was presented continuously throughout the entire
experimental block—from the first fixation screen to the final response
screen—without any temporal interruption between trials or events.
This ensured temporally extended and persistent visual noise across
the full block duration, in contrast to conventional implementations
where noise is presented only during stimulus onset.

The DVN was continuously presented as a full-field Gaussian pixel
background.When the Gabor stimulus appeared (58.3 ms), its pixel values
overwrote the corresponding DVN pixels at that location. Thus, while this
could be viewed as a transient Gabor-shaped replacement in the DVN, the
region was never left blank but was immediately filled by the Gabor, which
was always displayed as a clean, noise-free signal. At the Gaussian edges,
midgray pixels were replaced by dynamic noise to avoid visible borders.
As soon as the Gabor disappeared, new DVN pixels were presented at
that location on the very next video frame. In this way, the Gabor was
always embedded within the continuously regenerating DVN—sur-
rounded by, but never altered by, the noise field. Participants were not
instructed to attend to or interact with the noise, and it was functionally
irrelevant to their task. These properties differentiate our implementation
from previous visual noise paradigms that spatially and temporally embed
noise into the target stimulus, such as the design used in Experiment 1 of
van der Groen and Wenderoth (2016).

To generate noise intensities, we computed participant-specific SD
values using a logarithmic transformation of each participant’s average
contrast threshold (i.e., the mean of subthreshold and suprathreshold
values). These values were then scaled by a constant factor (k = [0,
0.08, 0.16, 0.20, 0.24, 0.32]) to produce standardized yet individually
scaled visual noise intensities. All participants experienced all six noise
levels, one per block, in a randomized order.

The decision to include six DVN levels, rather than the five used in
the tRNS experiments, was based on pilot testing. Pilot data indicated
that an intermediate noise level (k = 0.20) consistently elicited SR-like
effects not captured by surrounding values, making it important to
improve resolution around the expected SR peak. At the same time, we
limited the design to six levels to avoid excessively long sessions and par-
ticipant fatigue, as pilot testing at lower (<0.08) and higher (>0.32) values
did not reveal additional benefits.
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Data analysis
We applied the same analysis pipeline and statistical procedures to all the
experimental datasets (Fig. 2). Trial-level reaction time (RT) data were
first inspected for each participant to identify and exclude anomalous
responses. Trials were removed from further analysis if they had
extremely short RTs (<150 ms) or deviated significantly from the indi-
vidual’s RT distribution and exceeded a threshold of 1 s (6.41% of total
trials in hf-tRNS, 6.06% of lf-tRNS, and 6.89% of DVN experiment).
Behavioral performance was quantified as the percentage of correct trials
within each experimental block. Some participants’ data were excluded
from analysis due to ceiling effects (n= 4 in hf-tRNS; n= 5 in lf-tRNS).
In Experiment 3 (DVN), we additionally excluded nine participants
whose baseline performance did not align with their assigned group.
During the thresholding phase, each participant’s subthreshold (∼65%

accuracy) and suprathreshold (∼85% accuracy) contrast levels were
estimated using QUEST staircases. The average of these two values
was then used as a participant-specific reference point for scaling the
six DVN intensity levels, ensuring that noise was applied consistently
across individuals. For the main task, participants were randomly
assigned to either the subthreshold or suprathreshold group and per-
formed the detection task at the corresponding contrast level. To validate
this assignment, we checked baseline performance in the zero-noise
block. Participants in the subthreshold group were expected to perform
below 75% accuracy, while those in the suprathreshold group were
expected to perform above 75% accuracy. When this assumption was
violated—for example, if a “subthreshold” participant performed at
82% accuracy—the stimulus was no longer truly subthreshold, and
the DVN scaling based on the midpoint of their thresholds no longer
represented a valid sub–supra contrast range. To preserve the inter-
pretability of the DVN manipulation, we excluded these misaligned
participants (n= 9) from further analysis. This group-alignment check
was applied in addition to the standard exclusion criteria used
across all experiments. Therefore, the final analysis included a total of
149 participants: hf-tRNS, n= 50 (subthreshold, n= 25; 13 females; 12
males; age 20.96 ± 1.93; suprathreshold, n= 25; 15 females; 10 males;
age 21.6 ± 2.72); lf-tRNS, n= 49 (subthreshold, n= 25; 15 females; 10
males; age 20.0 ± 2.12; suprathreshold, n= 24; 15 females; 9 males; age
19.38 ± 1.53); and DVN, n= 50 (subthreshold, n= 25; 18 females;
7 males; age 19.56 ± 0.92; suprathreshold, n= 25; 17 females; 8 males;
age 20.36 ± 1.58).

To assess noise-induced changes in perceptual performance, we ana-
lyzed the raw accuracy scores (i.e., the percentage of correct trials) across
noise levels without applying normalization. This approach preserves the
absolute performance values, enabling a direct interpretation of how
external noise modulates visual detection in both subthreshold and
suprathreshold conditions. To investigate the observed performance
improvements, we employed the Aligned Rank Transform (ART) proce-
dure, a nonparametric approach suitable for mixed-effect analysis of fac-
torial designs. This analysis was conducted in R (version 4.4.2; R Core
Team, 2024), using RStudio (version 2024.12.1; Posit team, 2024) and
the “ARTool” package (v0.11.1; Elkin et al., 2021; Kay, 2021; Kay et al.,
2021a,b; Wobbrock et al., 2011). The subthreshold and suprathreshold
groups were treated as between-subject factors and noise levels as within-

Figure 2. Overview of data analysis pipeline with corresponding figure references. Behavioral data were first preprocessed by removing RT-based outlier trials. Raw accuracy scores were
calculated and analyzed (Fig. 3), including tests for the presence of a U-shaped function via quadratic function fitting and BIC comparison. To avoid statistical circularity, the dataset was
subsequently split into discovery and test samples, allowing independent determination of optimal noise levels and corresponding maximum performance improvements (Fig. 4). Final analyses
assessed group-level effects and correlations with baseline performance (Fig. 5). Each step of the pipeline is illustrated accordingly.

Movie 1. DVN. This video provides a representative demonstration of the DVN used in
Experiment 3. The DVN subtended 24° of the visual angle and presented throughout each
experimental block as a dynamic, task-irrelevant background. A central fixation cross was pre-
sented, while large-field Gaussian pixel noise continuously regenerates at the refresh rate of
the display (120 Hz). The movie shows ∼10 s of DVN presentation; in the experiment, the
noise was displayed continuously for the full block duration. As detailed in Materials and
Methods, Stimuli and experimental procedure, DVN contrast was individually calibrated
according to participant-specific thresholds to ensure standardized yet individualized noise
intensities. [View online]
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subject factors, and a random intercept for participants was included in
the model to account for individual variability.

Following an examination of overall effects, we adopted a subject-
specific analytical approach focusing on the individualized optimal noise
intensities that maximized performance. This methodological framework
has been validated in studies investigating the SR effect (van der Groen
and Wenderoth, 2016; Rufener et al., 2020), as substantial interindividual
variability in optimal noise levels is well documented in the literature
(Collins et al., 1997; Martínez et al., 2007; Potok et al., 2023). This hetero-
geneity in response profiles is likely attributable to underlying physiological
differences across individuals (Traynelis and Jaramillo, 1998).

To avoid statistical circularity, we implemented a rigorous two-phase
approach, dividing the dataset into two independent subsets: one for
determining the optimal noise level and the other for quantifying perfor-
mance (Fig. 2). Accordingly, the data were partitioned into two subsam-
ples, each containing half of the randomized trials from each
experimental block. The first subsample, referred to as the “discovery
sample,” allowed the identification of individual optimal noise levels,
defined as the intensity that produced the peak performance across all
noise conditions. Notably, this approach allowed us to classify baseline
(zero-noise) conditions as optimal when noise application resulted in
performance deterioration, thereby accounting for cases without SR
effects. Second, we calculated performance improvements at the iden-
tified optimal noise level relative to the baseline using the independent
“test sample.” This partitioning ensured statistical independence
between optimal noise level identification and performance improve-
ment quantification. The maximum improvement, representing
enhancement at the optimal noise level, was calculated using the follow-
ing formula:

Maximum Improvement%

= Performance(optimal−noise) − Performance(zero−noise)

Performance(zero−noise)
%.

(1)

To evaluate differences in maximum performance improvements across
experimental groups, we applied permutation analyses (100,000 itera-
tions) using the “coin” package in R (Hothorn et al., 2008), as this method
is robust to violations of normality and homogeneity of variance. To test
whether baseline performance predicted the magnitude of noise-induced
enhancement, we first computed Spearman’s rho between participants’
baseline accuracy (i.e., performance in the zero-noise condition) and
their maximum improvement across noise levels. However, as noted
by Tu (2016), correlating a fractional change (e.g., improvement ratio)
with its baseline can artificially inflate or bias the correlation. To address
this, we applied the statistical correction procedure proposed by
Tu (2016; Eqs. 4–6), which estimates the expected null correlation (rnull)
between the baseline and the normalized outcome and compares it with
the observed correlation using a z test. This method accounts for
mathematical coupling and regression-to-the-mean effects. Fisher
z-transformed correlation coefficients were then used to compute
the test statistic and determine whether the observed correlation signifi-
cantly deviates from the expected null. This correction confirmed
the robustness of a relationship between baseline performance and
stimulation benefit.

Additionally, to assess the generalizability of performance enhance-
ment across varying noise conditions and stimulation parameters, we
performed a cross-experimental analysis using the ART procedure.
This analysis included both group classification (subthreshold and
suprathreshold) and external noise source (i.e., experiment type:
hf-tRNS, lf-tRNS, and DVN) as between-subject factors, allowing us to
examine potential differences in response patterns across these classifica-
tions. A random intercept for participants was again included to account
for individual variability. To strengthen the interpretation of nonsignifi-
cant results in the cross-experimental analysis, we also performed a
Bayesian ANOVA and reported Bayes factors (BF01), where values >1
indicate evidence in favor of the null hypothesis over the alternative.

The SR effect is typically associated with an inverted-U-shaped rela-
tionship between increasing noise levels and system output (Moss et al.,
2004). Using the current dataset, we tested this general prediction by

applying a model comparison approach to examine the relationship
between noise levels and performance. Individual participant data were
simultaneously fitted with both a quadratic (y= ax2 + bx + c) and a linear
(y= bx+ c) functions (Rufener et al., 2020). A quadratic model with a
negative “a” coefficient indicates an inverted-U shape, while the linear
model serves as a comparative control. In bothmodels, x denotes increas-
ing noise levels and y represents performance, with the intercept “c” cor-
responding to baseline performance under zero-noise conditions. Model
selection was evaluated using the Bayesian information criterion (BIC),
enabling statistical comparison of the quadratic and linear fits according
to the following formula:

BIC = n ln
SSE
n

( )
+ k ln (n). (2)

Here, n represents the total number of data points (i.e., the number of
noise levels), SSE is the sum of squared errors, and k is the number of
free parameters in the model. A higher BIC value indicates a poorer
model fit. To identify participants showing a pronounced inverted-U
relationship, we calculated the BIC difference between the linear and
quadratic models for each participant. Those with a negative “a” coeffi-
cient and a BIC difference greater than two were classified as showing
robust evidence for the inverted-U shape (Kass and Raftery, 1995;
Rufener et al., 2020). Model parameters were estimated using
MATLAB’s lsqcurvefit function from the Optimization Toolbox.

Results
lf-tRNS enhances visual perception
While our primary hypothesis concerned whether individualized
optimal noise intensities maximize performance, we first exam-
ined raw accuracy scores to establish baseline effects of each stim-
ulation type (Fig. 3). Shapiro–Wilk tests indicated that residuals
for accuracy scores at most noise levels for both lf-tRNS and
hf-tRNS deviated from normality (p < 0.05). Therefore, we
applied 2 (group, subthreshold and suprathreshold) × 5 (noise
levels, 0, 1, 1.5, 2, and 3 mA, peak to peak) ART procedure to
the raw performance data for each experiment (Fig. 3A,B;
Table 1).

There was no main effect of the noise level in either the
hf-tRNS or lf-tRNS experiment (see left and middle column of
Table 1), indicating that the performance was not systematically
modulated by current intensity at the group level. However, a
significant main effect of the group was observed, indicating sub-
stantial performance differences between subthreshold and
suprathreshold conditions. False discovery rate (FDR)-corrected
post hoc comparisons (Benjamini and Hochberg, 1995) showed
that participants in the suprathreshold condition (hf-tRNS,
M= 85.45; SD= 11.07; lf-tRNS, M= 87.68; SD= 9.57) signifi-
cantly outperformed those in the subthreshold condition
(hf-tRNS, M= 60.37; SD= 13.03; lf-tRNS, M= 62.83; SD=
11.62) in both experiments (hf-tRNS, t(48) =−9.18; p < 0.001;
lf-tRNS, t(47) =−10.43; p < 0.001). As expected from the experi-
mental design, this reflects a clear performance disparity driven
by signal intensity: stimuli presented in the suprathreshold con-
dition were more easily detectable, yielding higher accuracy,
whereas near-threshold stimuli in the subthreshold condition
were inherently more difficult to perceive.

Critically, no significant noise level × group interactions were
observed in either experiment (Table 1, bottom row; both
p’s > 0.05), indicating that the effects of noise intensity did not
differ between sub- and suprathreshold groups. This outcome
is consistent with the theoretical expectation that optimal noise
levels vary across individuals—a variability likely influenced by
dynamic neurophysiological states (Traynelis and Jaramillo,
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1998; Rufener et al., 2020). As shown in Figure 3, A and B, raw
accuracy distributions across noise levels revealed substantial
interindividual variability in both hf- and lf-tRNS experiments.
Although no group-level performance peaks emerged at specific
intensities, individual data indicate that some participants
achieved higher accuracy at particular tRNS levels, especially
within the subthreshold group, where variability was more pro-
nounced. These results suggest that group-level analyses may
mask genuine SR-like effects that are uniquely tuned to each indi-
vidual’s optimal noise range, underscoring the importance of
subject-specific analyses to reveal noise-induced perceptual ben-
efits that remain hidden in conventional group comparisons.

To further examine the variability in noise-induced perfor-
mance benefits, we applied an individualized analytical approach
focusing on optimal noise levels (van der Groen andWenderoth,
2016; Rufener et al., 2020), which accounts for interindividual
variability related to differences in neurophysiological states.
Figure 4, A and B, shows the distribution of optimal noise levels
and associated maximum performance improvement for both
hf-tRNS and lf-tRNS. For hf-tRNS, most participants in the sub-
threshold group achieved peak performance at a noise intensity
of 3 mA. However, the mean maximum improvement across
nonzero noise levels was comparable, with the highest mean
improvement of 21.36% (SD= 20.12) occurring at 1.5 mA. On
the other hand, participants in the suprathreshold group
achieved optimal performance predominantly at 1.5 mA, with
a mean maximum improvement of only 3.64% (SD= 7.21). For
lf-tRNS, the subthreshold group showed the highest mean max-
imum improvement at 1.5 mA (34.10%; SD= 37.14), whereas the
suprathreshold group’s greatest improvement occurred at 2 mA
(8.47%; SD= 7.59). These results highlight the efficiency of
lf-tRNS in enhancing the processing of subthreshold visual sti-
muli, similar to hf-tRNS, and underscore the importance of

applying optimal noise intensities. Notably, some participants
in both experiments showed optimal performance at zero-noise
conditions, indicating the absence of SR effects and suggesting
that they may not derive perceptual benefits from noise stimula-
tion under the conditions tested.

We further compared the maximum improvements at the
optimal noise levels between the subthreshold and suprathres-
hold groups in both the hf-tRNS and lf-tRNS experiments.
Shapiro–Wilk tests indicated that residuals of maximum
improvement values were not normally distributed in either
experiment (p < 0.05), prompting the use of nonparametric sta-
tistical analyses. Permutation analyses (100,000 iterations)
revealed that the subthreshold group exhibited significantly
greater improvements than the suprathreshold group in both
experiments (Table 2; Fig. 5A). These findings underscore the
potential of tailored noise stimulation—particularly lf-tRNS—
for optimizing perceptual processing of near-threshold stimuli.

DVN mimics tRNS effects
We next tested whether DVN could elicit SR-like effects compa-
rable to those observed in the lf-tRNS and hf-tRNS experiments.
Using the same analysis pipeline as for the tRNS experiments, we
first examined raw accuracy scores to determine whether any
DVN level significantly enhanced performance relative to each
participant’s baseline (zero-noise) condition (Fig. 3C). This
approach not only provides insights into the specific benefits of
visual noise but also enables a direct comparison with the effects
of electrical noise.

Shapiro–Wilk tests revealed non-normal distributions at sev-
eral noise levels (p < 0.05), prompting the use of 2 (group, sub-
threshold and suprathreshold) × 6 (noise levels, k= 0, 0.08,
0.16, 0.20, 0.24, and 0.32) ART analysis on raw accuracy data.
This analysis revealed significant main effects of the noise level

Figure 3. Raw contrast detection performance across noise levels for hf-tRNS, lf-tRNS, and DVN. Each panel shows jittered dot plots of individual participants, separated by group (sub-
threshold in lighter shades, suprathreshold in darker shades). Black horizontal lines denote group means. The x-axes indicate current intensity in mA for tRNS (A, B) and scaling factor k
for DVN (C). A, hf-tRNS, (B) lf-tRNS, and (C) DVN. Sample sizes, hf-tRNS, n= 25 per group; lf-tRNS, n= 25 subthreshold and n= 24 suprathreshold; DVN, n= 25 per group.

Table 1. ART results for raw contrast detection performance

hf-tRNS lf-tRNS DVN

F df1 df2 p ηp
2 F df1 df2 p ηp

2 F df1 df2 p ηp
2

Noise level 1.56 4 192 0.187 0.031 2.17 4 188 0.074 0.044 2.67 5 240 0.023* 0.053
group 84.29 1 48 <0.001*** 0.637 108.80 1 47 <0.001*** 0.698 168.46 1 48 <0.001*** 0.778
Noise level:group 1.53 4 192 0.196 0.031 1.73 4 188 0.145 0.036 1.38 5 240 0.233 0.028

Note. Results from the ART tests comparing raw performance across noise levels for all experimental conditions. *p< 0.05; **p< 0.01; ***p< 0.001.
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and group (Table 1, right column), latter being consistent with
the tRNS results. The noise-level effect indicates that DVN inten-
sity influenced accuracy overall, while the group effect reflects
substantial performance differences between subthreshold and
suprathreshold participants—likely driven by differences in sti-
mulus contrast. FDR-corrected post hoc comparisons confirmed
a robust group difference, with the suprathreshold group
(M= 89.64; SD= 7.03) outperforming the subthreshold group
(M= 62.07; SD= 11.96; t(48) =−12.98; p < 0.001), as expected.
Post hoc comparisons of individual noise levels versus baseline
revealed no statistically reliable improvements at any DVN level
(all FDR-adjusted p > 0.05), suggesting that, at the group level,
DVN did not consistently enhance performance relative to the
baseline. However, this null result should not be interpreted as
evidence against SR-like effects. As shown in Figure 3C, individ-
ual participants exhibited clear improvements at specific DVN
intensities, highlighting substantial interindividual variability in
responsiveness to visual noise. This pattern mirrors that of the
tRNS experiments, further supporting the idea that optimal noise
levels and their associated perceptual benefits are subject-specific.

No significant noise level × group interaction was found (p=
0.23; Table 1), indicating that the effect of DVN intensity did
not differ between subthreshold and suprathreshold groups
and reinforcing the importance of individualized analyses for
uncovering noise-induced enhancements.

To further examine variability in noise-induced performance
benefits, we performed an individualized analysis of optimal
noise levels, following the same approach as for tRNS experi-
ments. Figure 4C shows the distribution of optimal noise levels
and associated maximum improvements for DVN. In the sub-
threshold group, the largest mean improvement occurred at
Noise Levels 3 and 5 (k= 0.16 and 0.24), with mean gains of
23.56% (SD= 49.01) and 28.57% (SD= 17.04), respectively. In
the suprathreshold group, the highest improvement was
observed at Noise Level 5 (k= 0.24), with a mean gain of 6.16%
(SD= 9.12). Because maximum improvements in DVN violated
normality assumptions (Shapiro–Wilk test, p < 0.05), we used a
nonparametric comparison, which revealed significantly greater
improvements in the subthreshold group (Table 2). These
findings reveal two key features of this novel DVN application
in visual processing: First, DVN can enhance visual perception
to a similar extent as electrical noise when applied at optimal
noise intensities. Second, this enhancement is particularly pro-
nounced for subthreshold stimuli, paralleling the effects observed
with tRNS and aligning with the SR framework.

A direct comparison of all noise types
We directly compared hf-tRNS, lf-tRNS, and DVN to assess the
efficacy of different external noise sources in enhancing visual
performance. This comparison aimed to determine whether
noise-induced improvements depend on the type of noise or

Figure 4. Optimal noise levels and maximum performance improvements across experiments. A, hf-tRNS, (B) lf-tRNS, and (C) DVN. Each panel consists of three rows. Top row, Distribution of
optimal noise levels (noise intensity at which each participant exhibited maximum accuracy improvement) for the subthreshold group. Middle row, Same distribution for the suprathreshold
group. Note that the absence of a bar at k= 0.16 indicates that no participant achieved peak performance at that level. Bottom row, Mean maximum improvement (%) at each noise intensity
level, separately for subthreshold and suprathreshold groups. Error bars in the bottom row indicate the standard error of the mean (SEM).

Table 2. Permutation tests of maximum improvements

Experiment

Sub Supra

M SEM M SEM Z p value Cohen’s d

hf-tRNS 16.84 5.62 0.03 2.64 2.55 0.004** 0.76
lf-tRNS 17.06 5.80 0.67 2.09 2.47 0.005** 0.75
DVN 15.09 4.92 1.28 1.93 2.47 0.003** 0.74

Note. Results from permutation tests assessing the maximum performance improvement (%), relative to the
baseline, in subthreshold and suprathreshold groups for each experiment. M, mean; SEM, standard error of the
mean. Statistical significance was determined using FDR correction: *p< 0.05; **p< 0.01; ***p< 0.001.
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whether they generalize across noise modalities. While previous
analyses showed that each noise type produced significant per-
formance enhancements—especially in the subthreshold condi-
tion—a direct comparison provides critical insights into their
relative effectiveness. A 3 (external noise source, hf-tRNS,
lf-tRNS, DVN) × 2 (group, subthreshold and suprathreshold)
ART analysis of maximum improvements (Fig. 5A) revealed
no significant differences between noise sources (F(2,143) =
0.0006; p= 0.999; ηp

2 = 8.01 × 10−6; BF01 = 14.85, i.e., strong evi-
dence for the H0), suggesting comparable efficacy of lf-tRNS,
hf-tRNS, and DVN in terms of performance enhancement mag-
nitude. However, the analysis showed a clear main effect of group
(F(1,143) = 0.11; p < 0.001; ηp

2 = 0.07; BF10 = 2,123.90, i.e., extreme
evidence for H1), with the subthreshold group exhibiting signifi-
cantly greater improvements (M= 16.33; SD= 26.95) than the
suprathreshold group (M= 0.66; SD= 11.02; t(143) = 3.40; p <
0.001). The interaction between noise source and group was
also not significant (F(2,143) = 0.002; p > 0.99; ηp

2 = 2.95 × 10−5),
indicating that the relative effects of different noise types did
not vary as a function of group. As shown in Figure 5A, subthres-
hold participants consistently achieved larger enhancements,
with minimal variation across all experiments. Overall, these
findings confirmed that all external noise sources can enhance
contrast detection, with the strongest effects observed when
weaker signals were presented in the subthreshold condition.

We further examined whether baseline performance predicts
the magnitude of noise-induced enhancement by conducting
Spearman’s rank correlations across all experiments (Fig. 5B).
This analysis considers differences in baseline perceptual sensi-
tivity and provides a basis for discussing potential shared mech-
anisms underlying noise effects. Consistent patterns emerged
across noise types: participants with lower baseline performance
showed greater improvements (hf-tRNS, r(48) =−0.395; rnull =
0.356; z=−5.41; p < 0.001; lf-tRNS, r(47) =−0.412; rnull = 0.377;
z=−5.66; p < 0.001; DVN, r(48) =−0.448; rnull = 0.320; z=
−5.58; p < 0.001). These results suggest that individuals with
lower initial accuracy are more likely to benefit from external
noise, underscoring the importance of baseline signal strength
in determining the effectiveness of noise-based enhancements.

Absence of inverted-U shape and individualized noise levels
The inverted-U relationship between noise intensity and system
output (i.e., performance accuracy) is widely considered an indica-
tor of the SR phenomenon (Moss et al., 2004). In addition to our
primary analyses focusing on individualized optimal noise levels,
we conducted additional analyses to determine whether consistent
inverted-U patterns could be identified across participants. A com-
parison of the BIC values, quantifying the relative fit quality
between linear and quadratic models (BIClinear vs BICquadratic),
revealed no significant evidence favoring quadratic patterns across
experimental groups (p> 0.05, for all groups). However, a subset of
participants exhibited robust evidence for inverted-Upatterns char-
acteristic of SR. These participants—defined as those with
BICdifference > 2 and a negative quadratic coefficient “a” (Rufener
et al., 2020)—accounted for 22% of participants in the hf-tRNS
and lf-tRNS experiments and 14% in the DVN experiment. For
these participants, peak performance occurred at intermediate
noise levels, aligning with the canonical SR framework. Overall,
these findings indicate that none of the investigated external noise
sources consistently produced inverted-U-shaped performance
patterns across the entire participant population. Instead, the data
underscore the necessity of individualized analytical approaches,
as the efficacy of noise-induced performance enhancements
appears to be highly dependent on individual differences. By prior-
itizing individualized optimal noise levels, our primary analyses
offer a detailed and participant-specific perspective on noise-
induced effects on visual perception.

Discussion
Although benefits of external noise in visual processing are well
documented, systematic comparisons of noise types within a
methodological and analytical framework remain scarce. To
address this, we conducted three experiments testing how vary-
ing levels of lf-tRNS, hf-tRNS, and DVN modulate contrast
detection. Both tRNS variants improved performance at optimal
noise levels, while DVN showed comparable effects, demonstrat-
ing that sensory noise can facilitate processing similarly to tRNS.
Effects of all three noise types aligned with SR principles, with
pronounced benefits in the subthreshold group.

Figure 5. Maximum performance improvements and their relationship to baseline accuracy. A, Maximum improvements in contrast detection accuracy (%) at optimal noise levels for hf-tRNS,
lf-tRNS, and DVN, shown separately for subthreshold and suprathreshold groups. Error bars indicate the standard error of the mean (SEM). B, Relationship between baseline accuracy and
maximum noise-induced improvement across all experiments. Trend lines represent Spearman correlations, with shaded regions indicating the standard error. Significant negative correlations
were observed for all three noise types (hf-tRNS, p= 0.005; lf-tRNS, p= 0.003; DVN, p= 0.001), indicating that participants with lower baseline sensitivity showed greater benefits from external
noise. Density plots along the axes depict the distributions of baseline accuracy and maximum improvement scores.
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We assessed external noise effects by measuring contrast
detection performance across different noise conditions. To
account for interindividual variability in noise responsiveness,
we adopted an individualized analytical approach, as prior SR
research highlights substantial variation in optimal noise levels
across participants (van der Groen and Wenderoth, 2016;
Rufener et al., 2020) and responses to electrical stimulation
(López-Alonso et al., 2014; Guerra et al., 2020). Such variability
is linked to dynamic neurophysiological states and cortical pro-
cessing differences (Guerra et al., 2020; Traynelis and Jaramillo,
1998), often interpreted as internal noise variability (Faisal et
al., 2008). Studies further suggest that internal and external noise
jointly shape SR effects (Hänggi, 2002; Aihara et al., 2010), with
their interaction determining cortical noise (Ward, 2004;
Emberson et al., 2007). Although we did not directly quantify
internal noise, acknowledging its variability justified our
participant-specific approach to effectively capture noise-
induced perceptual enhancements.

As hypothesized, hf-tRNS significantly enhanced visual per-
formance, consistent with previous findings across visual tasks
(Fertonani et al., 2011; Battaglini et al., 2020), particularly for
subthreshold stimuli (van der Groen and Wenderoth, 2016;
Pavan et al., 2019). The subthreshold group exhibited a 17% per-
ceptual improvement at optimal noise levels (Fig. 4A), ∼50%
greater than van der Groen and Wenderoth (2016) in a similar
paradigm. Performance gains peaked at 1.5 mA, aligning with
prior findings on optimal stimulation amplitudes in motion dis-
crimination tasks (Pavan et al., 2019). Although improvements
were observed in both groups, their magnitude varied individu-
ally. These results confirm hf-tRNS efficacy in enhancing low-
level visual processing and provide a benchmark for evaluating
other noise types.

To our knowledge, this is the first systematic investigation of
lf-tRNS effects on visual performance across varying intensities.
While previous research has focused on hf-tRNS (see van der
Groen et al., 2022 for a review), studies on lf-tRNS remain lim-
ited, with some reporting effects comparable to sham
(Fertonani et al., 2011) or opposite to hf-tRNS (Saiote et al.,
2013; Campana et al., 2016). These findings reinforced the notion
that hf-tRNS is the more effective frequency range within tRNS
protocols for modulating visual perception. However, our results
provide direct evidence for a facilitatory role of lf-tRNS, with
the strongest improvements (Table 2) observed in the subthres-
hold group, mirroring the pattern of hf-tRNS. These results
suggest that tRNS efficacy may extend to lower frequencies
(0.1–100 Hz), implying that SR effects could be independent of
stimulation frequency, at least in contrast detection. As noted
by McDonnell and Abbott (2009), SR effects are largely insensi-
tive to variations in the power spectrum. Given that lf-tRNS and
hf-tRNS differ in frequency range but share similar within-band
power distributions, their comparable behavioral effects align
with this interpretation. Nevertheless, the mechanisms through
which tRNS modulates cortical processing remain poorly under-
stood (Fertonani and Miniussi, 2017), leaving open questions
about potential frequency-specific effects, particularly in complex
tasks where opposing outcomes have been reported (Saiote et al.,
2013; Campana et al., 2016).

A key feature of tRNS is its resemblance to internal noise,
due to its spatially and temporally extended nature (Allard
and Cavanagh, 2011). Unlike focal stimulation methods
(Dmochowski et al., 2011), tRNS broadly engages cortical regions
and is applied continuously throughout the task (Terney et al.,
2008), mirroring endogenous neural fluctuations. This similarity

may be critical for eliciting SR effects, although underlying neural
mechanisms remain to be elucidated (Antal and Herrmann,
2016). Motivated by this, we implemented a modified DVN par-
adigm replicating the spatiotemporal characteristics of tRNS.
Presenting DVN continuously across a wide visual field,
we tested whether sensory noise could induce perceptual
enhancements comparable to those produced by tRNS. DVN
led to substantial improvements in the subthreshold group—
exceeding 15%—consistent with SR principles. Moreover,
participant-specific optimal noise levels across DVN and tRNS
support that SR effects arise from the dynamic interplay between
external and internal noise. Together, these findings demonstrate
perceptual benefits across external noise types, regardless
of source.

While we focus on general external noise effects, we acknowl-
edge key differences between DVN and tRNS. DVN acts as an
additional sensory input, from the retina to the cortex, whereas
tRNS directly modulates cortical activity. This distinction sug-
gests external and internal noise may interact at different stages,
with visual noise potentially influencing the early processing
(Herrmann et al., 2013) and propagating through visual and
associative networks via widespread cortical projections (Ward
et al., 2010). Although the locus of interaction is unclear, studies
show noise can enhance signals at the retina via nonlinear pho-
toreceptors (Pahlberg and Sampath, 2011) and SR-like behavior
in bipolar cells (Shiells and Falk, 2002). The compatibility of ret-
inal physiology with SR (Moss et al., 2004) supports early-stage
effects for DVN. However, Treviño et al. (2016), using dichoptic
DVN, pointed to postretinal contributions, and Potok et al.
(2023) found retinal tRNS did not improve performance, sug-
gesting limited early-stage involvement. Still, given the hierarchi-
cal connectivity of the visual system, DVN may elicit widespread
cortical activation and synchronization, as EEG evidence from
other sensory domains indicates (Ward et al., 2010). Despite
these differences, DVN and tRNS produced comparable SR sig-
natures—specifically, performance benefits at nonzero noise
(Moss et al., 2004). Together, these findings provide robust evi-
dence for SR in visual processing, irrespective of noise source,
entry point, or frequency.

Although DVN holds promise as a stimulus-irrelevant noise
source, as a visual input, it could interact with the target signal
and alter detection strategies. To address this, we calibrated
DVN contrast individually based on perceptual sensitivity,
ensuring unbiased intensities. Research suggests spatiotempo-
rally extended noise—such as DVN—does not disrupt detection
strategies, as the visual system is adapted to process
stimulus-unrelated noise (Allard and Cavanagh, 2011).
Supporting this, Allard and Faubert (2014) argue that external
noise dissimilar to internal noise may distort processing andmis-
lead interpretations of mechanisms. This view also invites rein-
terpretation of earlier SR studies using localized visual noise.
For example, van der Groen and Wenderoth (2016) used a
two-interval forced–choice task where noise appeared in both
intervals, but the target appeared in only one. In contrast,
tRNS provides no concurrent visual input, allowing direct target
detection. To enable theoretical comparisons, we designed DVN
to match tRNS’s spatiotemporal delivery characteristics, thereby
also allowing direct detection. Together, these considerations
support DVN as a tool for studying noise in visual processing,
though further research is needed to evaluate its potential as an
alternative to tRNS.

Two additional points merit attention regarding SR effects in
visual processing. First, across all three noise types, we observed
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greater enhancements in participants with lower baseline accu-
racy (Fig. 5B). Although previously reported for hf-tRNS (van
der Groen and Wenderoth, 2016), our findings extend this rela-
tionship to a broader range of noise sources, showing that base-
line performance modulates noise-induced benefits beyond
electrical stimulation. This pattern aligns with reports on individ-
ual differences in brain stimulation efficacy (Tseng et al., 2012;
Sahu and Tseng, 2021 ) and may reflect variability in internal
noise. Supporting this, Rufener et al. (2020) showed internal
noise differences shape susceptibility to SR, consistent with the
negative correlation between internal noise and SR (Aihara
et al., 2008). Our findings therefore support the view that SR
arises from interplay between external and internal noise
(Hänggi, 2002; Emberson et al., 2007), suggesting low performers
benefit more due to lower internal noise and reduced uncertainty
(Rufener et al., 2020).

Second, we did not observe the canonical inverted-U relation-
ship between noise intensity and performance—a pattern often
expected but inconsistently observed in behavioral SR studies
(Sasaki et al., 2006; Manjarrez et al., 2007; Rufener et al., 2020).
One possible explanation is that the efficacy of external noise
depends on its interaction with each participant’s baseline inter-
nal noise level. As suggested by Aihara et al. (2008, 2010), indi-
viduals with high chronic internal noise may derive limited or
no benefit from additional noise, as it may push the system
beyond its optimal state. In contrast, those with lower internal
noise may show improvement across a wider range of external
noise intensities, without a sharply peaked tuning curve. This
framework could account for the flat or asymmetrical SR profiles
observed in many participants and highlights the importance of
modeling internal–external noise interactions at the individual
level. Contrary to common misconceptions, an inverted-U shape
is not a defining feature of SR; rather, SR is defined by improved
performance at nonzero noise relative to the baseline (McDonnell
and Abbott, 2009).We therefore encourage future studies to adopt
a broader perspective on SR, recognizing that benefits can emerge
without inverted-U patterns and may require individualized ana-
lytical frameworks to be fully understood.

Data Availability
The dataset and analysis tools of the current study are available
from the corresponding author on request. Any access to the
dataset will be in accordance with the informed consent signed
by the participants.
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