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Abstract 

Pattern similarity analysis is widely used to assess response reliability in repeated-stimu-
lus fMRI designs, but pairwise similarity estimates may be confounded by temporal struc-
ture, including slow drift, autocorrelation, hemodynamic smoothing, and fixed repetition 
order. This study presents a simulation-supported workflow for detecting and reducing 
such confounding. A fixed design with 40 events, corresponding to ten stimuli repeated 
four times, was simulated with and without stable stimulus-specific structure. Naive 
within-versus-between similarity was compared with a time-neighborhood-matched con-
trast and a distance-adjusted regression estimator. In 500 null simulations, temporal struc-
ture alone produced a biased naive contrast (mean ± SD = −0.1309 ± 0.0021), whereas the 
time-neighborhood-matched contrast was near zero (−0.0013 ± 0.0018). The time-neigh-
borhood-matched contrast increased monotonically with stimulus-effect strength and re-
mained robust after introducing hemodynamic convolution, spatial dependence, struc-
tured nuisance components, and variation in autocorrelation, voxel count, and drift spec-
ification. In an OpenNeuro music-fMRI case study, the naive contrast was strongly nega-
tive, whereas temporal matching yielded a small positive residual contrast. Cross-vali-
dated selection of functionally responsive voxels increased this residual effect, indicating 
partial dilution in the whole-EPI analysis, while the naive contrast remained negative un-
der all mask specifications. The workflow provides a practical diagnostic framework for 
repeated-stimulus fMRI pattern similarity analyses. 
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1. Introduction 
Pattern similarity analysis is widely used in functional magnetic resonance imaging 

(fMRI) to examine whether repeated experimental conditions evoke reproducible multi-
voxel response patterns. In repeated-stimulus designs, a common assumption is that 
presentations of the same stimulus should produce more similar neural response patterns 
than presentations of different stimuli. This logic is intuitive and underlies many applica-
tions of representational similarity analysis, pattern-information analysis, test–retest reli-
ability assessment, and stimulus-specific response characterization in cognitive and sen-
sory neuroscience [1–5]. 
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However, fMRI pattern similarity estimates are not determined solely by stimulus 
identity. The blood oxygenation level-dependent (BOLD) signal is temporally structured, 
reflecting hemodynamic smoothing, physiological and scanner-related fluctuations, slow 
signal drift, and autocorrelation across adjacent time points [6–9]. In repeated-stimulus 
paradigms, these temporal properties can interact with the experimental design. If stimuli 
are repeated in a fixed or partially structured order, within-stimulus and between-stimu-
lus comparisons may differ systematically in their temporal distance within the run. Un-
der such conditions, a naive within-versus-between similarity contrast may reflect tem-
poral proximity, repetition order, or run-level dynamics rather than genuine stimulus-
specific reliability [9,10]. 

This problem is particularly relevant for naturalistic fMRI experiments. Naturalistic 
auditory, visual, and audiovisual paradigms are increasingly used because they approxi-
mate real-world perceptual conditions more closely than highly simplified block or event-
related designs [11–13]. Music listening is a representative example: music contains rich 
spectral, temporal, rhythmic, timbral, and categorical structure, making it useful for stud-
ying auditory and higher-level representational processes [14–17]. At the same time, nat-
uralistic music-fMRI designs may rely on repeated stimulus presentation, averaging 
across test repetitions, or structured stimulus sequences to improve signal-to-noise ratio. 
These features can make direct pattern similarity analyses vulnerable to temporal con-
founding. 

The issue is not that temporal autocorrelation exists in BOLD data, which is already 
well recognized [9,18]. The methodological problem is more specific: temporal structure 
can induce apparent stimulus-identity effects in pairwise pattern similarity analyses even 
when no true stimulus-specific response pattern is present. Related concerns have been 
raised in representational similarity analysis, where task structure, repetition structure, 
and sampling properties can bias estimates of representational organization if not explic-
itly controlled [1,4]. Conversely, temporal correction procedures should reduce design-
induced bias without eliminating genuine stimulus-related structure. A practical work-
flow for repeated-stimulus fMRI should therefore address both questions: whether a naive 
similarity contrast is confounded by temporal structure, and whether a corrected contrast 
remains sensitive to true stimulus-specific information. 

The presented workflow specifically concerns fixed-order repeated-stimulus designs 
in which the same stimulus sequence is presented repeatedly at predetermined event po-
sitions. In the simulated design used here, for example, stimulus 1 occurred at positions 
1, 11, 21, and 31, so that same-stimulus comparisons were restricted to temporal distances 
of 10, 20, and 30 events. This dependence between stimulus identity and temporal distance 
is the central design feature examined in the study. 

The present study develops and demonstrates this workflow using simulations and 
an open-data case study. First, a fixed repeated-stimulus design was simulated, with 40 
events corresponding to ten stimuli repeated four times. Event-level voxel patterns were 
generated with slow drift, autocorrelated temporal components, and noise. In the null 
simulation, no stimulus-specific pattern was included, allowing the effect of temporal 
structure alone to be evaluated. Second, a sensitivity simulation introduced increasing 
levels of true stimulus-specific structure to test whether time-neighborhood matching pre-
serves genuine stimulus effects. Third, the workflow was applied to an open music-
evoked fMRI dataset from OpenNeuro, originally designed to study cortical representa-
tions of music genre [19–21]. 

The aim of this study is therefore not to draw population-level conclusions about 
music perception from a small fMRI sample, but to provide a reproducible methodologi-
cal demonstration. Specifically, the study evaluates whether temporal structure can bias 
naive repeated-stimulus pattern similarity estimates, whether time-neighborhood match-
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ing reduces this bias, and whether the same workflow can be applied to real repeated-
stimulus fMRI data. By combining simulation and open-data analysis, this work provides 
a practical diagnostic procedure for assessing temporal confounding in repeated-stimulus 
fMRI pattern similarity workflows. 

2. Materials and Methods 
2.1. General Workflow 

The study was designed as a simulation-supported methodological demonstration 
followed by an open-data case study. The workflow consisted of four main steps. First, a 
repeated-stimulus fMRI-like design was simulated using a fixed sequence of ten stimuli 
repeated four times. Second, event-level multivoxel response patterns were generated 
with temporal drift, autocorrelated components, and noise, either with or without a true 
stimulus-specific pattern component. Third, naive within-versus-between pattern similar-
ity was compared with a time-neighborhood-matched contrast designed to reduce tem-
poral-distance confounding. Fourth, the same analytical workflow was applied to an open 
music-evoked fMRI dataset to illustrate its behavior in real repeated-stimulus data. 

The simulations were intended to isolate the effect of temporal structure under con-
trolled conditions. The open-data analysis was not used to support population-level in-
ference, but to demonstrate how the proposed workflow can be applied to real fMRI data 
with repeated naturalistic stimuli. 

2.2. Simulated Repeated-Stimulus Design 

A fixed repeated-stimulus design was simulated to match the structure of a typical 
test–retest fMRI design. Each simulated run consisted of 40 events. Ten stimulus identities 
were presented four times in the same order. Thus, event positions 1–10 represented the 
first repetition, event positions 11–20 the second repetition, event positions 21–30 the third 
repetition, and event positions 31–40 the fourth repetition. 

Stimulus identity was assigned periodically across the run, so that stimulus 1 ap-
peared at event positions 1, 11, 21, and 31; stimulus 2 appeared at event positions 2, 12, 
22, and 32; and so forth. This structure produced within-stimulus comparisons only at 
temporal distances of 10, 20, and 30 events. Between-stimulus comparisons occurred 
across a wider range of temporal distances. 

This design was selected because it creates a controlled situation in which stimulus 
repetition and temporal distance are not independent. 

2.3. Simulation of Event-Level Voxel Patterns 

Each event was represented by a high-dimensional voxel pattern. The number of sim-
ulated voxel features was set to 3000. Event-level patterns were generated as the sum of 
temporal components, independent noise, and, in selected simulations, a true stimulus-
specific component. 

The temporal component consisted of slow drift and autocorrelated variation. Slow 
drift was modeled using a small set of smooth basis functions across event order, includ-
ing a linear term, a quadratic term, and a sinusoidal component. Voxel-specific weights 
were assigned to each basis function, allowing the drift profile to vary across simulated 
voxels. Autocorrelated temporal variation was simulated using a first-order autoregres-
sive process with autocorrelation coefficient ρ = 0.90 [9]. Independent Gaussian noise was 
then added to each event-level pattern. 

After pattern generation, each voxel feature was standardized across events to zero 
mean and unit variance to reduce the influence of scale differences and disproportionately 
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variable features. Similarity between event patterns was then quantified using Pearson 
correlation across voxels. 

2.4. Null Simulation Without Stimulus-Specific Structure 

The null simulation was designed to test whether temporal structure alone can pro-
duce an apparent stimulus-identity effect in pattern similarity analysis. In this condition, 
no true stimulus-specific voxel pattern was included. Therefore, repeated presentations of 
the same stimulus did not share any stable stimulus-related component. Any difference 
between within-stimulus and between-stimulus similarity could only arise from temporal 
drift, autocorrelation, noise, and the fixed repetition structure of the design. 

A total of 500 null simulations were performed. For each simulation, new temporal 
components and noise realizations were generated. Pairwise similarity, naive contrast, 
and time-neighborhood-matched contrast were then calculated. 

2.5. Sensitivity Simulation with Increasing Stimulus-Specific Structure 

A second simulation series was performed to verify whether time-neighborhood 
matching reduces temporal confounding without eliminating true stimulus-specific struc-
ture. In these simulations, each of the ten stimulus identities was assigned a stable high-
dimensional voxel pattern. This stimulus-specific pattern was added to the temporal com-
ponents and noise before voxel standardization. 

The strength of the true stimulus-specific component varied across six levels: 0.00, 
0.10, 0.25, 0.50, 0.75, and 1.00. The value of 0.00 corresponded to the null condition, 
whereas larger values represent progressively stronger stimulus-specific structure. For 
each strength level, 500 simulations were performed. The main outcome of this sensitivity 
analysis was the relationship between stimulus-effect strength and the time-neighbor-
hood-matched similarity contrast. 

This analysis was used as a sanity check for the workflow. If time-neighborhood 
matching merely removed all structured differences between repeated and non-repeated 
stimuli, the time-neighborhood-matched contrast would remain near zero even when a 
true stimulus-specific component was present. Conversely, a monotonic increase in time-
neighborhood-matched contrast with stimulus-effect strength would indicate that the cor-
rection reduces temporal confounding while preserving genuine stimulus-related similar-
ity. 

2.6. Extended BOLD-like Sensitivity Simulation 

To assess whether the main findings remained valid under a more realistic fMRI sig-
nal model, an additional sensitivity simulation was performed using continuous BOLD-
like time series. The experimental design matched the OpenNeuro case study and con-
sisted of 40 events, representing ten stimuli repeated four times in a fixed order. Each 
stimulus lasted 15 s, the repetition time was set to 1.5 s, and each simulated run contained 
410 volumes. 

For each stimulus, a stable spatial response pattern was generated on a regular 15 × 
20 × 10 voxel grid, corresponding to 3000 voxel features. The spatial maps were generated 
from Gaussian random fields and smoothed with a Gaussian kernel to introduce local 
spatial dependence. In addition to the stable stimulus-specific component, each event con-
tained a random event-specific spatial component and a common event-related compo-
nent. 

Continuous neural response time series were constructed using 15 s boxcar functions 
and convolved with a canonical double-gamma hemodynamic response function. This 
procedure introduced temporal smoothing and hemodynamic carryover between consec-
utive events. The simulated BOLD-like signal additionally included slow temporal drift, 
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an AR(1) component with 𝜌 = 0.90 , spatially correlated Gaussian noise, and low-fre-
quency physiological-like oscillatory nuisance components. 

Event-level multivoxel patterns were extracted using the same procedure as in the 
OpenNeuro case study. For each event, the signal was averaged across an eight-volume 
window beginning two TRs after stimulus onset. Voxel features were subsequently stand-
ardized across events, and pairwise Pearson correlations were calculated between all 
event-level patterns. 

The strength of the stable stimulus-specific component varied across the same six 
levels as in the original sensitivity analysis: 0.00, 0.10, 0.25, 0.50, 0.75, and 1.00. A total of 
500 simulations were performed for each level. The naive within-minus-between contrast 
and the time-neighborhood-matched contrast were calculated for each simulation. 

2.7. Pairwise Pattern Similarity 

For each simulated run, Pearson correlation coefficients were computed between all 
pairs of event-level voxel patterns. Each pair was labeled as a within-stimulus comparison 
if both events corresponded to the same stimulus identity, and as a between-stimulus 
comparison if the two events corresponded to different stimuli. 

For every event pair, temporal distance was calculated as the absolute difference be-
tween event positions within the run. Because the simulated design used ten stimuli re-
peated four times in the same order, within-stimulus comparisons occurred only at tem-
poral distances of 10, 20, and 30 events. Between-stimulus comparisons occurred at most 
other temporal distances. This difference in temporal-distance distributions motivated the 
use of a time-neighborhood-matched contrast in addition to the naive contrast. 

2.8. Naive Similarity Contrast and Time-Neighborhood-Matched Contrast 

The naive similarity contrast was calculated as the difference between the mean 
within-stimulus similarity and the mean between-stimulus similarity: 𝐶naive = 𝑟̅within − 𝑟̅between. (1)

This contrast represents the simplest repeated-stimulus pattern similarity estimate. 
However, it can be confounded when within-stimulus and between-stimulus pairs differ 
in their temporal-distance distributions. 

To reduce this confounding, a time-neighborhood-matched contrast was calculated. 
For within-stimulus comparisons at temporal distance d, the comparison baseline con-
sisted of between-stimulus comparisons at adjacent temporal distances d − 1 and d + 1. In 
the fixed-order design used here, this procedure was applied to within-stimulus distances 
of 10, 20, and 30 events. For each distance, the time-neighborhood-matched contrast was 
defined as: 𝐶matched,d,w = 𝑟̅within,ୢ − 𝑟̅between,଴ழหୢ೔ೕିୢหஸ௪ . (2)

For the primary specification 𝑤 = 1, the second term is the pooled mean across all 
between-stimulus pairs at distances d − 1 and d + 1. 

The overall time-neighborhood-matched contrast was obtained by averaging across 
the three within-stimulus distances. In the OpenNeuro case study, the same calculation 
was performed separately for each participant and run before summarization. 

Between-stimulus pairs at the two adjacent temporal distances were pooled to pro-
vide a local temporal baseline for each within-stimulus distance. This procedure does not 
assume a globally linear similarity–distance relationship; it assumes only that the tem-
poral component varies sufficiently smoothly over the narrow interval from d − 1 to d + 1. 
The use of the nearest available distances was intended to minimize temporal mismatch 
while retaining between-stimulus comparisons on both sides of the target distance. 
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To assess whether the results depended on the width of the local temporal neighbor-
hood, an ablation analysis was performed using neighborhood widths 𝑤 ∈ {1, 2, 3}. For a 
target within-stimulus distance (d), the local between-stimulus baseline included all be-
tween-stimulus pairs satisfying 0 < หd௜௝ − dห ≤ 𝑤. Thus, the ±1 specification included dis-
tances d − 1 and d + 1, the ±2 specification included d − 2, d − 1, d + 1, and d + 2, and the ±3 
specification additionally included d − 3 and d + 3. The baseline was calculated as the 
pooled mean across all eligible between-stimulus pairs. 

To visualize the temporal structure of the similarity estimates, mean pattern similar-
ity was calculated as a function of temporal distance between events. This analysis was 
performed separately for within-stimulus and between-stimulus pairs. The aim was to 
determine whether similarity depended systematically on temporal distance, inde-
pendently of stimulus identity. 

2.9. Parameter-Sensitivity Analysis 

To determine whether the null bias depended on a single simulation configuration, 
an additional parameter-sensitivity analysis was performed. The AR(1) autocorrelation 
coefficient was varied across 𝜌 = 0.3, 0.6, and 0.9, and the number of simulated voxel fea-
tures was varied across 500, 3000, and 10,000. Each combination was evaluated using two 
drift specifications: a linear-plus-quadratic basis and the same basis supplemented with a 
sinusoidal component. 

This produced 18 parameter combinations. For each combination, 500 null simula-
tions were performed without a stable stimulus-specific component. The naive within-
minus-between contrast and the time-neighborhood-matched contrast using the ±1 neigh-
borhood were calculated for each simulation. Mean values, standard deviations, 95% con-
fidence intervals, and the percentage reduction in absolute null bias were then summa-
rized across simulations. 

2.10. Comparison with Distance-Adjusted Regression 

To place the time-neighborhood-matched contrast within the broader set of ap-
proaches for temporal-bias control, it was compared with a distance-adjusted regression 
estimator. For each simulation, pairwise similarity was modeled as: 𝑟௜௝ = 𝛽଴ + 𝛽ଵ𝐼൫same stimulus௜௝൯ + 𝛾ଵ  𝑧௜௝ + 𝛾ଶ  𝑧௜௝ଶ   + 𝛾ଷ  𝑧௜௝ଷ   + 𝜀௜௝, (3)

where 𝑟௜௝ denotes pairwise pattern similarity, 𝐼൫same stimulus௜௝൯ indicates whether the 
two events represented the same stimulus, and 𝑧௜௝ denotes standardized temporal dis-
tance. The coefficient 𝛽ଵ was interpreted as the stimulus-similarity contrast after adjust-
ment for the global nonlinear relationship between temporal distance and similarity. 

A saturated categorical representation of temporal distance was not identifiable in 
the fixed-order design because same-stimulus pairs occurred exclusively at distances 10, 
20, and 30. The cubic polynomial therefore provided a flexible but identifiable adjustment 
for temporal distance. The naive contrast, the ±1 time-neighborhood-matched contrast, 
and the distance-adjusted regression coefficient were compared across 500 null simula-
tions. 

A cubic specification was chosen as a parsimonious nonlinear model that could cap-
ture curvature while limiting overfitting across the relatively small number of distinct 
temporal distances. More flexible alternatives, such as spline models or higher-order pol-
ynomials, would require additional model-selection choices and were beyond the scope 
of this comparison. 
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2.11. OpenNeuro Music-fMRI Case Study 

The workflow was applied to the open music-evoked fMRI dataset described by 
Nakai et al. [19–21]. The present case study used only the six test runs from each of five 
participants, because these runs contained repeated presentations of the same stimuli. 
Each test run contained ten 15 s music clips repeated four times in a fixed order. Functional 
images were acquired with TR = 1.5 s, TE = 30 ms, 68 axial slices, 2 mm isotropic voxels, 
and 410 volumes per run. 

Raw BOLD images and event files were downloaded from OpenNeuro [21]. Each 
test-run event file contained 41 entries, with the final entry repeating the first stimulus. 
The accompanying dataset documentation did not provide a separate rationale for this 
terminal repetition. It was therefore treated as an unbalanced additional event, and only 
the first 40 entries were retained to obtain a balanced 10-stimulus × 4-repetition structure. 
Because the available derivatives did not include preprocessed 4D BOLD time series or 
confound time-series files, a lightweight native-space preprocessing procedure was ap-
plied. For each run, an EPI-derived brain mask was generated using Nilearn’s com-
pute_epi_mask function. Voxel time series within the resulting mask were linearly 
detrended and standardized to zero mean and unit variance across time. No spatial nor-
malization, smoothing, or anatomical ROI restriction was applied. 

For each event, a voxel-wise response pattern was extracted by averaging the prepro-
cessed BOLD signal across an eight-volume window beginning two TRs after stimulus 
onset. This yielded 240 response patterns per participant and 1200 event-level response 
patterns across the five participants. Pairwise similarity, naive contrast, time-neighbor-
hood-matched contrast, and temporal-distance summaries were then computed using the 
same workflow as in the simulations. 

Cross-Validated Functionally Selected Voxel Analysis 

To assess whether the whole-EPI analysis diluted music-related pattern similarity by 
including large numbers of weakly responsive voxel features, an additional cross-vali-
dated top-k analysis was performed. Because the test runs differed slightly in their image 
geometry, all runs for a given participant were resampled to the spatial grid of the first 
test run. Run-specific EPI masks were then calculated, and their intersection was used to 
define a common within-participant voxel space. 

Voxel selection was conducted separately for each participant using a leave-one-run-
out procedure. For each held-out test run, the remaining five runs were used to calculate 
the mean event-related response of every voxel. Voxel time series were linearly detrended 
and standardized across volumes, and the activation score was defined as the mean signal 
across the same eight-volume response windows used for pattern extraction. Voxels were 
ranked according to this training-run activation score, and the top 500, 1000, and 3000 
voxels were retained. 

The selected voxel indices were then applied only to the held-out run, in which the 
naive within-minus-between contrast and the ±1 time-neighborhood-matched contrast 
were calculated. This procedure was repeated across all six test runs and five participants. 
A common whole-EPI-mask analysis performed on the same resampled data served as 
the internal reference for the top-k comparison. 

2.12. Statistical Summaries and Software 

For the simulation analyses, results were summarized across 500 independent simu-
lations per condition. The main reported outcomes were the mean within-stimulus simi-
larity, mean between-stimulus similarity, naive contrast, time-neighborhood-matched 
contrast, and time-neighborhood-matched contrasts at temporal distances of 10, 20, and 
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30 events. For the sensitivity analysis, these outcomes were summarized as a function of 
stimulus-effect strength. 

For the OpenNeuro case study, results were summarized descriptively across partic-
ipants, runs, and temporal-distance cells. Because the dataset included only five partici-
pants, no population-level inference was drawn from these data. The emphasis was 
placed on the behavior of the workflow and on the comparison between naive and tem-
porally controlled similarity estimates. 

All analyses were conducted in Python 3.11.14 using NumPy 2.4.2, pandas 3.0.0, 
SciPy 1.17.0, Nilearn 0.13.1, NiBabel 5.4.2, and Matplotlib 3.10.8. 

3. Results 
3.1. Null Simulation 

The null simulation was used to test whether temporal structure alone can generate 
an apparent stimulus-identity effect in repeated-stimulus pattern similarity analysis. In 
this condition, no true stimulus-specific voxel pattern was included. Therefore, any differ-
ence between within-stimulus and between-stimulus similarity had to arise from tem-
poral drift, autocorrelated variation, independent noise, and the fixed repetition structure 
of the simulated design. 

Across 500 null simulations, the naive within-minus-between contrast was strongly 
displaced from zero. The mean within-stimulus similarity was −0.1460, whereas the mean 
between-stimulus similarity was −0.0151, yielding a mean naive contrast of −0.1309. Thus, 
even though repeated presentations of the same simulated stimulus shared no stable stim-
ulus-specific component, the naive analysis suggested substantially lower similarity for 
repeated stimuli than for different stimuli. 

Time-neighborhood matching largely removed this apparent effect. After comparing 
within-stimulus pairs at distances of 10, 20, and 30 events with nearby between-stimulus 
pairs at adjacent temporal distances, the mean time-neighborhood-matched contrast was 
reduced to −0.0013. These results are visualized in Figure 1. 

This indicates that the negative naive contrast was primarily driven by the temporal-
distance structure of the repeated-stimulus design rather than by stimulus identity. 

3.2. Sensitivity Simulation 

The sensitivity simulation was used to verify whether time-neighborhood matching 
removes only temporal-distance bias or whether it also suppresses genuine stimulus-spe-
cific structure. To test this, a stable stimulus-specific voxel pattern was added to the sim-
ulated event-level patterns with increasing effect strength. The stimulus-effect strength 
was varied across six levels: 0.00, 0.10, 0.25, 0.50, 0.75, and 1.00. 

The time-neighborhood-matched contrast increased monotonically with stimulus-ef-
fect strength (Figure 2). At zero effect strength, the time-neighborhood-matched contrast 
was near zero (−0.0013), consistent with the null simulation. When a weak stimulus-spe-
cific component was introduced, the time-neighborhood-matched contrast increased 
slightly to 0.0032 at strength 0.10 and to 0.0263 at strength 0.25. For stronger stimulus-
specific components, the time-neighborhood-matched contrast increased more clearly, 
reaching 0.0999 at strength 0.50, 0.1983 at strength 0.75, and 0.3024 at strength 1.00. 

In contrast, the naive within-minus-between contrast remained strongly influenced 
by temporal structure. At zero effect strength, the naive contrast was −0.1309. It remained 
negative at strengths 0.10 (−0.1258), 0.25 (−0.0999), and 0.50 (−0.0179), despite the presence 
of a true stimulus-specific component. Only at stronger effect levels did the naive contrast 
become positive, reaching 0.0920 at strength 0.75 and 0.2082 at strength 1.00. 
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Figure 1. Null simulation: naive and time-neighborhood-matched similarity contrasts. Boxplots 
with individual simulation values are shown across 500 simulations with no true stimulus-specific 
voxel pattern. The naive within-minus-between contrast was consistently displaced from zero, 
demonstrating that temporal structure alone can generate a misleading apparent stimulus-identity 
effect. After time-neighborhood matching, the contrast was reduced to near zero. 

 

Figure 2. Sensitivity analysis of naive and time-neighborhood-matched similarity contrasts. Naive 
within-minus-between contrast and time-neighborhood-matched contrast are shown as a function 
of true stimulus-effect strength in simulated repeated-stimulus data. Error bars indicate standard 
deviations across 500 simulations. At zero stimulus-effect strength, the naive contrast was strongly 
negative, whereas the time-neighborhood-matched contrast was close to zero. As true stimulus-
specific structure increased, the time-neighborhood-matched contrast increased monotonically. 
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These results show that time-neighborhood matching did not simply eliminate all 
structured differences between repeated and non-repeated stimuli. Instead, it reduced the 
temporal-distance bias observed in the null simulation while preserving sensitivity to true 
stimulus-specific structure. The monotonic relationship between stimulus-effect strength 
and time-neighborhood-matched contrast supports the use of the time-neighborhood-
matched contrast as a diagnostic measure in repeated-stimulus fMRI pattern similarity 
workflows. 

At the strongest effect levels, the matched contrast exceeded the naive contrast be-
cause the temporal component opposed part of the true stimulus-specific signal in the 
uncorrected estimate. Removing this opposing temporal contribution therefore increased 
the recovered contrast. 

3.3. Extended BOLD-like Sensitivity Simulation 

The extended simulation was used to determine whether the behavior of the time-
neighborhood-matched contrast was preserved after introducing hemodynamic convolu-
tion, spatial dependence, and additional structured nuisance variation. 

Under the extended null condition, the naive within-minus-between contrast re-
mained strongly biased. Across 500 simulations, its mean value was −0.1231 ± 0.0071, 
whereas the mean time-neighborhood-matched contrast was reduced to −0.0053 ± 0.0048. 
Thus, temporal matching reduced the absolute null bias by approximately 95.7%, alt-
hough a small residual negative bias remained. 

The time-neighborhood-matched contrast increased strictly monotonically with 
stimulus-effect strength (Figure 3). Its mean value was −0.0053 at strength 0.00, −0.0025 at 
strength 0.10, 0.0132 at strength 0.25, 0.0633 at strength 0.50, 0.1330 at strength 0.75, and 
0.2091 at strength 1.00. In contrast, the naive contrast remained negative up to strength 
0.50 and became positive only at stronger stimulus-effect levels. 

The same pattern was observed in the extended BOLD-like simulation, where tem-
poral adjustment recovered a larger stimulus-specific contrast than the naive estimator at 
high effect strength. 

These results show that the principal behavior of the workflow was preserved under 
a more realistic BOLD-like signal model. Hemodynamic convolution and spatially corre-
lated noise introduced a small residual bias, but they did not eliminate the monotonic 
sensitivity of the time-neighborhood-matched contrast to true stimulus-specific structure. 

3.4. Matching-Window Ablation 

The matching-window ablation showed that the main conclusions were robust to the 
width of the local temporal neighborhood. Under the null condition, the time-neighbor-
hood-matched contrast was −0.0013 ± 0.0018 for the ±1 window, −0.0035 ± 0.0017 for ±2, 
and −0.0065 ± 0.0017 for ±3. These values corresponded to reductions of 99.0%, 97.4%, 
and 95.1%, respectively, relative to the naive null contrast of −0.1310. 
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Figure 3. Extended BOLD-like sensitivity analysis including hemodynamic convolution and spa-
tially correlated noise. Naive within-minus-between contrast and time-neighborhood-matched con-
trast are shown as a function of true stimulus-effect strength. Continuous event-related responses 
were convolved with a canonical double-gamma hemodynamic response function and combined 
with spatially correlated noise, AR(1) temporal variation, slow drift, and physiological-like nuisance 
components. Error bars indicate standard deviations across 500 simulations. 

For all three neighborhood widths, the time-neighborhood-matched contrast in-
creased strictly monotonically across the six stimulus-effect strengths (Figure 4). At 
strength 1.00, the mean time-neighborhood-matched contrasts were 0.3021 for ±1, 0.3001 
for ±2, and 0.2973 for ±3. Thus, wider neighborhoods did not improve sensitivity to the 
stimulus-specific component but produced progressively larger residual null bias. The ±1 
neighborhood was therefore retained as the primary specification because it minimized 
temporal mismatch and provided the smallest residual bias. 

3.5. Parameter-Sensitivity Analysis 

The parameter-sensitivity analysis showed that the temporal-confounding effect was 
not specific to the original simulation setting. Across all 18 combinations of AR(1) coeffi-
cient, voxel count, and drift specification, the naive within-minus-between contrast re-
mained displaced from zero. Its mean value ranged from −0.0487 to −0.1311. 

The magnitude of the naive bias increased with stronger temporal autocorrelation 
and with the inclusion of the sinusoidal drift component. Averaged across voxel counts 
and drift specifications, the mean naive contrast was −0.0655 for 𝜌 = 0.3, −0.0852 for 𝜌 = 
0.6, and −0.1167 for 𝜌 = 0.9. 

In contrast, the time-neighborhood-matched contrast remained close to zero across 
the full parameter grid, ranging from −0.0017 to −0.0004. This corresponded to a reduction 
of 98.0% to 99.6% in absolute null bias relative to the naive contrast. 
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Figure 4. Matching-window ablation analysis. Mean time-neighborhood-matched similarity con-
trast is shown as a function of true stimulus-effect strength for neighborhood widths of ±1, ±2, and 
±3 events. For a target within-stimulus distance d, each baseline was calculated from pooled be-
tween-stimulus pairs within the corresponding local temporal neighborhood, excluding the target 
distance d itself. Error bars indicate standard deviations across 500 simulations. 

The number of voxel features had little influence on the mean contrasts but affected 
their variability. Increasing the voxel count from 500 to 10,000 reduced the mean standard 
deviation of the naive contrast from approximately 0.0053 to 0.0012 and the mean stand-
ard deviation of the time-neighborhood-matched contrast from approximately 0.0047 to 
0.0011. These results, visualized in Figure 5, indicate that the magnitude of the naive bias 
depends on temporal autocorrelation and drift structure, whereas the effectiveness of the 
time-neighborhood-matched contrast is robust across a broad range of parameter settings. 

3.6. Comparison with Distance-Adjusted Regression 

The naive contrast showed a substantial negative bias under the null condition, with 
a mean value of −0.1308 ± 0.0021. Both temporal-bias-control approaches substantially 
reduced this displacement. The mean time-neighborhood-matched contrast was −0.0014 ± 0.0018, whereas the mean coefficient from the distance-adjusted regression model was 
0.0042 ± 0.0017. 

Relative to the naive contrast, the matched estimator reduced the absolute null bias 
by 98.95%, while the regression-based estimator reduced it by 96.79%. The corresponding 
95% confidence intervals were [−0.0015, −0.0012] for the time-neighborhood-matched con-
trast and [0.0040, 0.0044] for the regression coefficient. The two estimators showed small 
residual biases in opposite directions. The local matching procedure retained a slight neg-
ative residual, whereas the global cubic regression retained a slight positive residual, sug-
gesting that the two approaches approximate the nonlinear similarity–distance relation-
ship differently. 
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Figure 5. Parameter-sensitivity analysis of null contrast estimates across AR(1) coefficients, voxel 
counts, and drift specifications. Panels (A,B) show the naive and time-neighborhood-matched con-
trasts, respectively, for simulations including linear and quadratic drift terms. Panels (C,D) show 
the corresponding contrasts after addition of a sinusoidal drift component. Each cell represents the 
mean across 500 null simulations. 

Table 1 summarizes the comparison between naive contrast, time-neighborhood-
matched contrast, and distance-adjusted regression across 500 null simulations. 

Table 1. Comparison of the naive contrast, time-neighborhood-matched contrast, and distance-ad-
justed regression. 

Method Mean Null Estimate SD Absolute Bias Bias Reduction 
Naive contrast −0.1308 0.0021 0.1308 — 

Time-neighborhood-matched con-
trast, 𝑤 = 1 

−0.0014 0.0018 0.0014 98.95% 

Distance-adjusted regression 0.0042 0.0017 0.0042 96.79% 

The regression model explained a large proportion of the pairwise-similarity varia-
tion (𝑅ଶ = 0.876 on average), but it retained a small positive residual bias. In this simula-
tion, the time-neighborhood-matched contrast produced the smallest absolute residual 
bias. These results show that time-neighborhood matching is not the only available strat-
egy for temporal-bias control, but rather a simple local alternative that performs compa-
rably to global distance-adjusted regression. 
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Local matching may be preferable when only narrow temporal neighborhoods are 
considered credible, whereas regression adjustment may be useful when a global similar-
ity–distance function can be specified adequately. 

3.7. OpenNeuro Case Study 

The aim of this case study was to examine whether the temporal-confounding pattern 
observed in simulation also appeared in real repeated-stimulus fMRI data. The analysis was 
therefore treated as a descriptive real-data demonstration of the workflow, not as a popula-
tion-level test of music-evoked representational reliability in the five-participant dataset. 

3.7.1. Naive Pattern Similarity 

Across all five participants and six test runs, the mean within-stimulus similarity was 
−0.0963, whereas the mean between-stimulus similarity was −0.0141, yielding a naive 
within-minus-between contrast of −0.0822. Thus, without temporal control, repeated 
presentations of the same stimulus appeared less similar to each other than different stimuli. 

This result indicates that a simple test–retest pattern similarity approach is not suffi-
cient for this repeated naturalistic fMRI design. Because within-stimulus comparisons oc-
curred only at specific temporal distances, the naive contrast was potentially confounded 
by the temporal structure of the run. 

3.7.2. Pattern Similarity 

Mean pattern similarity varied systematically as a function of temporal distance be-
tween events (Figure 6). Between-stimulus similarity was high for temporally adjacent 
events, decreased at intermediate distances, and increased again at longer distances. For 
example, mean between-stimulus similarity was 0.3985 at distance 1, decreased to −0.2342 
at distance 15, and increased to 0.2521 at distance 34. 

 

Figure 6. Pattern similarity as a function of temporal distance between events. Mean Pearson corre-
lation coefficients are shown separately for within-stimulus comparisons and between-stimulus 
comparisons. Within-stimulus similarities were available only at temporal distances of 10, 20, and 
30 events because the same ten test stimuli were repeated in a fixed order within each run. 
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The non-monotonic between-stimulus profile is consistent with an interaction between 
the fixed event order and slow run-level temporal structure, including drift and autocorre-
lation. Because individual temporal-distance cells sample different combinations of early, 
middle, and late run positions, low-frequency run-level variation can produce an oscillating 
similarity-versus-distance profile rather than a simple monotonic decay. 

Within-stimulus similarities were available only at distances 10, 20, and 30 events 
because the same ten stimuli were repeated in the same order. Mean within-stimulus sim-
ilarity was −0.1367 at distance 10, −0.1701 at distance 20, and 0.1727 at distance 30. These 
results show that pattern similarity was shaped by temporal position and run structure, 
not only by stimulus identity. 

3.7.3. Time-Neighborhood Matching 

To reduce temporal-distance confounding, within-stimulus comparisons were con-
trasted with nearby between-stimulus comparisons at adjacent temporal distances (Figure 
7). After this correction, the mean time-neighborhood-matched contrast became small and 
positive: 0.0099 across all participant-run-distance cells. 

 

Figure 7. Subject-level time-neighborhood-matched similarity contrast. Bars show the mean time-
neighborhood-matched contrast for each participant, calculated as within-stimulus similarity minus 
nearby between-stimulus similarity after matching temporal distance. Positive values indicate 
higher similarity for repeated presentations than for temporally adjacent non-repeated stimuli. 

The mean time-neighborhood-matched contrast was positive for all five participants: 
sub-001 = 0.0063, sub-002 = 0.0020, sub-003 = 0.0155, sub-004 = 0.0043, and sub-005 = 0.0213. 
By temporal distance, the mean time-neighborhood-matched contrast was 0.0083 for dis-
tance 10, 0.0050 for distance 20, and 0.0163 for distance 30. 

The inter-participant spread was treated descriptively because it may reflect both 
genuine heterogeneity and residual noise associated with the small sample and light-
weight preprocessing. With only five participants, these contributions could not be sepa-
rated reliably. 

At the subject level, the mean time-neighborhood-matched contrast was 0.0099 
(range: 0.0020–0.0213). The subject-level values are displayed after rounding to four deci-
mal places, whereas the reported group mean was calculated from the unrounded subject-
level estimates. The mean time-neighborhood-matched contrast was positive for all five 
participants, but the case study was treated descriptively and not used for population-
level inference. 
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3.7.4. Cross-Validated Functionally Selected Voxel Analysis 

The cross-validated top-k analysis (Figure 8) indicated that inclusion of large num-
bers of weakly responsive voxel features attenuated the residual time-neighborhood-
matched contrast. In the common whole-EPI mask, which contained a mean of 126,867 
voxels across participants, the mean naive contrast was −0.0735, whereas the mean time-
neighborhood-matched contrast was 0.0111. This value differs slightly from the original 
whole-EPI estimate of 0.0099 because the top-k sensitivity analysis used resampled runs 
and a common intersection mask as an internal reference, whereas the primary analysis 
used run-specific EPI masks. 

 

Figure 8. Cross-validated functional voxel-selection analysis in the OpenNeuro case study. Partici-
pant-level and group-mean naive within-minus-between contrasts (A) and time-neighborhood-
matched contrasts (B) are shown for the common whole-EPI mask and for cross-validated masks 
containing the top 3000, 1000, and 500 most responsive voxels. Voxel ranking was performed using 
five training runs and evaluated in the held-out run. Thin colored lines represent participant-level 
estimates averaged across six held-out runs, whereas the black line and error bars represent the 
mean ± standard deviation across five participants. Restricting the analysis to functionally respon-
sive voxels increased the time-neighborhood-matched contrast, while the naive contrast remained 
negative under every mask specification. 

The time-neighborhood-matched contrast increased as the analysis was restricted to 
the most responsive voxels selected from independent training runs. Mean time-neigh-
borhood-matched contrasts were 0.0187 for the top 3000 voxels, 0.0225 for the top 1000 
voxels, and 0.0261 for the top 500 voxels. The corresponding naive contrasts remained 
negative at −0.0634, −0.0584, and −0.0541, respectively. The time-neighborhood-matched 
contrast was positive for all five participants under every mask specification. 

Thus, cross-validated functional voxel selection increased the magnitude of the re-
sidual stimulus-specific contrast, with the top-500 estimate approximately 2.4 times larger 
than the common whole-EPI estimate. Nevertheless, the absolute magnitude remained 
small. This value should be interpreted as a residual diagnostic signal under a simplified 
direct similarity analysis, not as an estimate of representational reliability or as directly 
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comparable with model-based RSA effect sizes reported by Nakai et al. [19]. However, the 
persistent negative naive contrast across all masks showed that restricting the analysis to 
responsive voxels did not eliminate temporal-distance confounding. 

3.7.5. Summary 

Overall, the case-study analyses showed that temporal structure strongly influenced 
pattern-similarity estimates in this repeated music-fMRI design. Naive within-versus-be-
tween similarity produced a strongly negative contrast, whereas time-neighborhood 
matching yielded a small positive residual contrast. Because the case study included only 
five participants and the fixed-order design does not support a straightforward exchange-
able permutation scheme, the residual effect was interpreted descriptively rather than in-
ferentially. Descriptive case-study statistics are provided in Table 2. 

Table 2. Descriptive summary of the OpenNeuro case-study analysis. 

Analysis Metric Value

Naive similarity 
Within-stimulus mean −0.0963

Between-stimulus mean −0.0141
Within-minus-between contrast −0.0822

Time-neighborhood-matched similarity 

Mean contrast 0.0099
Distance 10 contrast 0.0083
Distance 20 contrast 0.0050
Distance 30 contrast 0.0163

Subject-level contrast 
Mean 0.0099
Range 0.0020–0.0213

Positive participants 5/5

3.8. Summary of Workflow Behavior 

Across simulations and the open-data case study, the workflow consistently showed 
that naive repeated-stimulus pattern similarity can be strongly affected by temporal struc-
ture. In the null simulation, where no true stimulus-specific pattern was present, the naive 
contrast was markedly negative (−0.1309), whereas the time-neighborhood-matched con-
trast was close to zero (−0.0013). This confirmed that fixed repetition order, drift, and au-
tocorrelated temporal components can generate misleading within-versus-between simi-
larity effects in the absence of stimulus-specific structure. 

The sensitivity simulation showed that time-neighborhood matching did not remove 
genuine stimulus-specific information. As stimulus-effect strength increased from 0.00 to 
1.00, the time-neighborhood-matched contrast increased monotonically from −0.0013 to 
0.3024. This indicates that the time-neighborhood-matched contrast reduced temporal 
confounding while remaining sensitive to true repeated-stimulus structure. 

The OpenNeuro music-fMRI case study showed a pattern closer to the null or weak-
effect simulations than to the strong-effect simulations. The naive contrast was strongly 
negative (−0.0822), whereas the time-neighborhood-matched contrast was small and pos-
itive (0.0099). Cross-validated functional voxel selection increased the time-neighbor-
hood-matched contrast to 0.0187–0.0261, indicating partial dilution in the whole-EPI anal-
ysis, while the naive contrast remained negative across all mask specifications. Because 
the analysis involved only five participants and the fixed-order stimulus sequence pre-
vented construction of a straightforward exchangeable permutation test, the residual 
time-neighborhood-matched contrast was interpreted descriptively rather than as popu-
lation-level evidence of stimulus-specific reliability. 

A summary of the main results is provided in Table 3. 
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Table 3. Summary of simulation and open-data case-study results. 

Analysis 
Block 

Condi-
tion/Metric 

Naive 
Contrast 

Time-Neighborhood-
Matched Contrast 

Additional 
Result Interpretation 

Null simu-
lation 

No stimulus-
specific pattern 

−0.1309 −0.0013 
Bias reduc-

tion: 
99.0% 

Temporal structure alone produced a 
misleading naive contrast; matching re-

duced it to near zero. 
Sensitivity 
simulation 

Stimulus 
strength 0.10 

−0.1258 0.0032 — Very weak true structure was mostly ob-
scured in the naive contrast. 

Sensitivity 
simulation 

Stimulus 
strength 0.25 

−0.0999 0.0263 — Time-neighborhood-matched contrast 
began to track true stimulus structure. 

Sensitivity 
simulation 

Stimulus 
strength 0.50 −0.0179 0.0999 — 

Matching preserved a clear stimulus-
specific component. 

Sensitivity 
simulation 

Stimulus 
strength 0.75 0.0920 0.1983 — 

Both contrasts became positive, but time-
neighborhood-matched contrast re-

mained larger. 
Sensitivity 
simulation 

Stimulus 
strength 1.00 

0.2082 0.3024 — Strong stimulus structure was clearly 
preserved after matching. 

Extended 
BOLD-like 
simulation 

Null 
condition 

−0.1231 −0.0053 
Bias reduc-

tion: 
95.7% 

HRF convolution and spatial depend-
ence left only a small residual bias after 

matching. 
Extended 

BOLD-like 
simulation 

Stimulus 
strength 1.00 

0.1729 0.2091 
Strictly mono-

tonic across 
all six levels 

Matching remained sensitive to true 
stimulus-specific structure. 

OpenNeuro 
case study 

Real music-
fMRI data −0.0822 0.0099 

Positive 
matched 

contrast in all 
5 participants 

Strong temporal confounding remained, 
with only weak residual stimulus-spe-

cific similarity after matching. 

OpenNeuro 
top-𝑘 sensi-

tivity 

Top 
500 voxels 

−0.0541 0.0261 
Positive in 
5/5 partici-

pants 

Functional selection increased the resid-
ual time-neighborhood-matched contrast 
but did not remove temporal confound-

ing. 

4. Discussion 
This study developed and tested a simulation-supported workflow for detecting 

temporal confounding in repeated-stimulus fMRI pattern similarity analysis. The main 
finding is that temporal structure alone can generate a misleading naive within-versus-
between similarity contrast. In the null simulation, where no true stimulus-specific voxel 
pattern was present, the naive contrast was strongly negative. After time-neighborhood 
matching, this apparent effect was reduced to near zero. The sensitivity simulation further 
showed that the time-neighborhood-matched contrast increased monotonically when true 
stimulus-specific structure was introduced. Finally, the OpenNeuro music-fMRI case 
study demonstrated that the same issue can arise in real repeated naturalistic fMRI data: 
the naive contrast was strongly negative, whereas the time-neighborhood-matched con-
trast was small and positive. Because the case study was limited to five participants and 
the fixed-order design did not support a straightforward exchangeable permutation test, 
the real-data result was interpreted descriptively. 

4.1. Temporal Structure Can Mimic or Distort Stimulus-Specific Similarity 

The null simulation provides the clearest methodological result. Because the simu-
lated data contained temporal drift, autocorrelated components, and noise but no stable 
stimulus-specific pattern, any non-zero within-versus-between contrast had to arise from 
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the interaction between temporal structure and the fixed repetition order. The strongly 
negative naive contrast therefore demonstrates that direct repeated-stimulus similarity 
estimates can be biased even when stimulus identity has no effect on the generated pat-
terns. 

This result is consistent with the broader understanding that the BOLD signal is tem-
porally structured and that autocorrelation, drift, and hemodynamic smoothing affect 
fMRI time series [6–9,18]. However, the present analysis focuses on a more specific prob-
lem: temporal structure can distort pairwise pattern similarity contrasts when the distri-
bution of temporal distances differs between within-stimulus and between-stimulus com-
parisons. In such designs, a naive similarity contrast may reflect event spacing and run-
level dynamics rather than stimulus-specific reliability. This is conceptually related to 
prior concerns that representational similarity estimates can be biased by task structure, 
repetition structure, and sampling properties [1,4]. 

4.2. Time-Neighborhood Matching Reduced Temporal Bias While Preserving True Structure 

The sensitivity simulation showed that time-neighborhood matching did not simply 
remove all structured differences between repeated and non-repeated stimuli. When the 
true stimulus-effect strength was zero, the time-neighborhood-matched contrast was close 
to zero. As the true stimulus-specific component increased, the time-neighborhood-
matched contrast increased monotonically. This pattern indicates that the matching pro-
cedure reduced temporal-distance bias while preserving sensitivity to genuine stimulus-
specific structure. 

The extended BOLD-like simulation further supported this interpretation. After in-
troducing hemodynamic convolution, spatially correlated voxel structure, spatially corre-
lated noise, AR(1) variation, slow drift, and physiological-like nuisance components, the 
naive contrast remained strongly biased under the null condition. Time-neighborhood 
matching reduced this bias by approximately 95.7%, from −0.1231 to −0.0053, and the time-
neighborhood-matched contrast continued to increase monotonically with stimulus-effect 
strength. The small residual null bias indicates that local temporal matching does not fully 
model the physiological dynamics of the BOLD response. It should therefore be inter-
preted as a bias-reduction and diagnostic procedure rather than as a complete correction 
for hemodynamic carryover. 

This is important because a temporal correction method should not merely suppress 
all repeated-stimulus effects. A useful diagnostic workflow should distinguish between 
two situations: a contrast produced by temporal structure alone and a contrast that re-
mains when a true stable stimulus component is present. The sensitivity analysis supports 
this distinction. In contrast, the naive within-minus-between contrast remained distorted 
at weak and moderate stimulus-effect strengths, demonstrating that uncorrected similar-
ity measures may be difficult to interpret even when some true stimulus-specific structure 
exists. 

Temporal matching may therefore increase, rather than merely reduce, a contrast 
when run-level temporal structure opposes the true stimulus-specific component. 

4.3. OpenNeuro Case Study Illustrates the Practical Relevance of the Workflow 

The OpenNeuro music-fMRI case study showed a pattern consistent with the meth-
odological concern identified in simulation. The naive within-minus-between contrast 
was strongly negative, implying lower similarity for repeated presentations of the same 
music clip than for different clips. This result is counterintuitive if interpreted as a simple 
reliability measure. However, the temporal-distance analysis showed that similarity var-
ied strongly with event spacing and run position. After time-neighborhood matching, the 
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contrast became small and positive and was therefore interpreted as a weak descriptive 
residual effect. 

The cross-validated functional voxel-selection analysis further showed that the small 
residual time-neighborhood-matched contrast was partly attenuated by inclusion of 
weakly responsive voxels. Restricting the analysis to independently selected responsive 
voxels increased the time-neighborhood-matched contrast from 0.0111 in the common 
whole-EPI reference to 0.0187–0.0261 in the top-k masks. However, the naive contrast re-
mained negative on average under every mask specification. Thus, functional targeting 
increased the apparent stimulus-specific component but did not remove the temporal-
distance confounding identified by the workflow. 

This result should not be interpreted as evidence against the original findings of 
Nakai et al. [19,20]. The original study used model-based analyses to characterize categor-
ical and feature-based representations of music in the brain, whereas the present case 
study applied a deliberately simplified direct pattern-similarity workflow. The current 
analysis therefore addresses a different methodological question: how naive repeated-
stimulus similarity behaves when temporal distance is not explicitly controlled. The 
OpenNeuro dataset served as a real-data demonstration of the workflow, not as a basis 
for population-level inference about music perception. 

4.4. Implications for Repeated-Stimulus fMRI Workflows 

The results suggest that repeated-stimulus fMRI pattern similarity analyses should 
routinely inspect temporal-distance effects before interpreting within-versus-between 
contrasts. In fixed-order or partially structured designs, within-stimulus comparisons 
may occur at restricted temporal distances, whereas between-stimulus comparisons may 
span a broader temporal range. This imbalance can lead to misleading estimates of stim-
ulus-specific reliability. 

A practical workflow should therefore include at least three diagnostic steps: 

1. Similarity should be plotted as a function of temporal distance separately for within-
stimulus and between-stimulus comparisons; 

2. Naive within-versus-between similarity should be compared with a time-neighbor-
hood-matched contrast; 

3. Inferential procedures should be selected only after verifying that their exchangea-
bility or model assumptions are compatible with the experimental design. In strictly 
fixed-order designs, conventional label permutation may be invalid because it alters 
the temporal-distance structure of same-stimulus pairs. 

The proposed workflow is intentionally simple. It is not intended to replace full fMRI 
modeling, hemodynamic response estimation, prewhitening, or more advanced represen-
tational modeling approaches. Rather, it provides a diagnostic layer that can be applied 
before drawing conclusions from direct pattern similarity contrasts. This is particularly 
relevant for reanalyses of open datasets and naturalistic fMRI datasets, where researchers 
may apply secondary analyses that differ from the original modeling strategy. 

4.5. Limitations 

Several limitations should be noted. 
First, although the extended simulation incorporated hemodynamic convolution, 

spatially correlated noise, AR(1) variation, slow drift, and physiological-like oscillatory 
components, it remained a simplified generative model. It did not reproduce the full com-
plexity of fMRI acquisition, subject-specific hemodynamic variability, motion-related ar-
tifacts, tissue-specific autocorrelation, or standard preprocessing procedures. The ex-
tended model was intended to test whether the main workflow behavior remained stable 
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after introducing several important temporal and spatial properties of BOLD data, rather 
than to provide a complete simulator of fMRI acquisition. 

Second, the OpenNeuro case study used lightweight native-space preprocessing be-
cause the available derivatives did not include preprocessed 4D BOLD time series or con-
found time-series files. The analysis therefore should not be interpreted as an optimized 
neural decoding or representational analysis pipeline. Its purpose was to demonstrate 
how temporal confounding appears under a transparent and reproducible direct similar-
ity workflow. The cross-validated top-k analysis additionally required resampling all test 
runs to a common within-participant grid. This harmonized voxel indexing across runs 
but did not constitute full inter-run registration or motion correction. Consequently, spa-
tial correspondence of individual voxel features across runs should be regarded as ap-
proximate. More comprehensive nuisance regression, including motion parameters and 
physiological-noise components such as aCompCor, might reduce part of the observed 
run-level temporal structure and attenuate the magnitude of the naive contrast. However, 
such preprocessing would not by itself remove the imbalance in temporal-distance distri-
butions imposed by the fixed stimulus order. 

Third, the real-data case study included only five participants. For this reason, the 
OpenNeuro analysis was treated descriptively and was not used to support population-
level inference. The inferential strength of the paper comes primarily from the simula-
tions, where the presence or absence of stimulus-specific structure was controlled by de-
sign. The real-data analysis illustrates practical relevance rather than providing a defini-
tive empirical estimate of music-evoked reliability. 

Fourth, time-neighborhood matching is only one possible correction strategy. It re-
duces temporal-distance imbalance by comparing within-stimulus pairs with nearby be-
tween-stimulus pairs, but it does not model the full nonlinear temporal structure of the 
BOLD signal. Alternative approaches could include regression with nonlinear temporal 
basis functions, cross-validated distance measures, or full model-based estimation of 
event responses. The appropriate strategy should be selected according to experimental 
design and the scientific question. 

Fifth, permutation-based inference is not straightforward in the strictly fixed-order 
design considered here. Same-stimulus pairs occur only at temporal distances 10, 20, and 
30. Non-trivial permutations of stimulus labels alter this distance structure, whereas per-
mutations that preserve the original within-stimulus distances leave the same-stimulus 
pairing structure unchanged. Consequently, the exchangeability assumptions required 
for a conventional permutation test are not satisfied. The time-neighborhood-matched 
contrast should therefore be interpreted as a diagnostic and bias-reduction estimator. In-
ferential testing would require a randomized or counterbalanced design, independent 
runs with varying stimulus orders, or a separately justified generative null model. 

5. Conclusions 
This study shows that naive repeated-stimulus fMRI pattern similarity can be 

strongly biased by temporal structure. In the null simulation, a misleading within-minus-
between contrast appeared even though no true stimulus-specific pattern was present. 
Time-neighborhood matching reduced this bias to near zero, while the sensitivity simula-
tion showed that the time-neighborhood-matched contrast remained responsive to in-
creasing true stimulus-specific structure. 

The OpenNeuro music-fMRI case study illustrated the same practical issue in real 
repeated-stimulus data: the naive contrast was strongly affected by temporal structure, 
whereas the time-neighborhood-matched contrast was small and positive. Because the 
fixed-order design did not permit a straightforward exchangeable permutation test, this 
residual effect was interpreted descriptively. Cross-validated selection of functionally re-
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sponsive voxels increased the residual time-neighborhood-matched contrast, indicating 
that broad whole-EPI masking partly diluted stimulus-related information. These find-
ings support the use of simulation-supported temporal diagnostics, including temporal-
distance plots, time-neighborhood-matched contrasts, parameter-sensitivity analysis, and 
comparison with alternative adjustment methods, before interpreting repeated-stimulus 
fMRI pattern similarity as evidence of neural reliability or stimulus-specific representa-
tion. 
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