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Abstract

Mismatch negativity (MMN) is widely used to probe automatic auditory

change detection, but conventional event-related potential (ERP) amplitudes

may miss differences in the organization of auditory responses that give

rise to MMN difference waveforms. We re-analysed Fz-channel EEG from

an intensity oddball paradigm comparing experienced mantra meditators

and novice practitioners (27 per group). Conventional MMN amplitudes

showed no reliable expertise effects, consistent with the original analysis. We

then embedded raw single-trial Fz waveforms from five oddball bins using

Takens delay coordinates and quantified Vietoris-Rips persistent homology

in dimensions H0 and H1. The topology analysis was therefore applied to

condition-specific auditory responses rather than to deviant-minus-standard

MMN difference waveforms. After exploratory screening, we locked a restricted
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H0 entropy family and reran 20 tests with 10,000 permutations. Experts

showed higher mean H0 entropy and lower across-trial entropy variability in

key deviant and standard bins after false-discovery-rate correction across this

locked family (minimum q = 0.000444). Exploratory classification remained

secondary. These findings suggest that meditation expertise may be associated

with more stable frontocentral auditory response geometry, even when average

MMN amplitudes are comparable. The results support persistent homology as

a complementary tool for interrogating neural response regularity in auditory

cognitive neuroscience.

Keywords: persistent homology, topological data analysis, EEG, mismatch

negativity, auditory oddball, mantra meditation, neural variability

1. Introduction

Focused-attention meditation is proposed to alter attentional control and

sensory processing, but EEG evidence from mismatch negativity (MMN)

paradigms has been mixed [1–3]. Broader meditation-neuroscience syntheses

similarly note heterogeneous electrophysiological effects across paradigms and

practice styles [4–6]. The original analysis of the present intensity-oddball

dataset found no statistically significant differences between experienced

mantra meditators and novice practitioners in conventional Fz MMN ampli-

tude. This null amplitude result is scientifically informative, but it leaves

open whether meditation expertise is reflected in other properties of auditory

response dynamics.

Topological data analysis (TDA) offers one way to test this possibility. By

reconstructing a waveform as a delay-coordinate point cloud and summarizing
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its persistent homology, TDA can capture geometric organization that is not

reducible to mean voltage within a fixed component window [7–10]. In EEG,

this is especially attractive when the hypothesis concerns trial-level stability,

stereotypy, or dynamical regularity rather than a simple increase or decrease

in ERP amplitude.

Here we ask whether persistent-homology summaries of Fz auditory oddball

responses distinguish experienced mantra meditators from novices in the same

dataset where conventional ERP amplitudes did not. We treat Fz as an a

priori frontocentral channel for MMN-style auditory responses [11, 12]. This

framing follows core MMN literature emphasizing predictive-auditory context

effects and careful interpretation in oddball designs [13–15]. We focus the

interpretation on response geometry and neural regularity.

2. Materials and Methods

2.1. Participants and auditory oddball task

The present analysis reused the curated dataset reported in the original

study [16] and did not recruit new participants. The source study was approved

by the Ethical Review Board of the Indian Institute of Technology Bombay,

and informed consent was obtained from all participants. The cohort included

54 participants (27 experienced mantra meditators; 27 novice practitioners).

Experts had at least 10 years of practice (about 120 minutes/day), whereas

novices had 1 year or less of practice (about 10–20 minutes/day). Group ages

were comparable (experts: mean 29.9 years, SD 3.8; novices: mean 28.1 years,

SD 6.4). The sample was predominantly male (25 males and 2 females in

each group, as reported in the source dataset), with normal hearing and no
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reported psychiatric or neurological disorder history.

Participants completed an auditory intensity oddball paradigm with 80 dB

standard tones, 90 dB louder deviants, and 70 dB quieter deviants. Five bins

were used for the topology analysis: D90 deviants, S80 standards following

standards, D70 deviants, S90 standards following 90 dB deviants, and S70

standards following 70 dB deviants.

2.2. EEG preprocessing and conventional ERP context

Preprocessed EEG set files from the original manuscript were used without

altering the preprocessing pipeline. The source preprocessing steps (including

filtering, artifact handling, referencing, baseline correction, and epoch con-

struction) were adopted as reported in the original dataset paper [16]. The

present re-analysis therefore applies TDA and ERP summaries to those pre-

processed waveforms without additional preprocessing changes. The analysis

focused on the Fz channel. Fz indexing was consistent across the available

montage files and the extracted feature table, and no participant-level Fz/Cz

channel-swap history was documented in the available source records; no per-

subject channel remapping was therefore applied. Consistent with the source

manuscript, conventional MMN amplitude refers to the mean amplitude of

the deviant-minus-standard difference waveform (D90-S80 and D70-S80) in

the 125-225 ms measurement window [17].

2.3. Topological feature extraction

Unless explicitly stated otherwise, TDA was applied to raw condition-

specific Fz waveforms, not to deviant-minus-standard MMN difference wave-

forms. For each subject/bin, waveforms were restricted to -100 to 496 ms.
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For each Fz waveform, we constructed a Takens delay embedding with embed-

ding dimension 5 and delay 3 samples. Point clouds were deterministically

landmarked to a maximum of 40 delay-coordinate vectors selected across the

embedded trajectory; this cap does not refer to taking the first 40 voltage

samples. Pairwise Euclidean distance matrices were normalized by the 95th

percentile of positive distances. These settings were chosen as computationally

practical defaults for short EEG waveforms and were subsequently evaluated

in sensitivity analyses. Vietoris-Rips persistence was computed for H0 and H1.

Features included Betti-curve summaries, total and maximum persistence,

persistence entropy, normalized entropy, and persistence-image summaries

[18].

Two raw-waveform signal levels were analysed. First, ERP-level TDA

was applied to each subject/bin average waveform, using all retained epochs

in that bin. Second, trial-level TDA was applied to a deterministic cap of

80 single trials per subject/bin and then summarized within subject/bin

by mean, standard deviation, and median. This cap kept trial-level point

clouds comparable across bins and computationally tractable. When more

than 80 trials were available, trial indices were selected at evenly spaced

positions across the available epochs; otherwise all available trials were used.

No random trial sampling was used. The primary expertise-related effects

emerged from trial-level H0 entropy summaries of raw auditory response

waveforms.

2.4. Statistical analysis

Expert-vs-novice group comparisons were tested within each bin using

Welch tests and label-permutation tests. Within-subject condition contrasts
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used paired tests and sign-flip permutation tests. P-values were adjusted

using the Benjamini-Hochberg false-discovery-rate procedure [19]. Bootstrap

confidence intervals were computed for selected effects [20], and leave-one-

subject-out summaries assessed effect-size sign stability. Logistic-regression

classifiers were used only as exploratory secondary probes.

The analysis workflow included an exploratory first pass over ERP and

TDA feature summaries. The first-pass screening table used for feature-family

selection contained 169 numeric ERP/TDA feature summaries, yielding 843

condition-specific expert-vs-novice group comparisons across the five auditory

bins. After that screening identified trial-level H0 entropy features as the

most consistently group-separating signal across auditory bins, we froze a

restricted primary family consisting of four H0 entropy summaries (trial

mean entropy, trial standard deviation of entropy, and their normalized forms)

across five auditory bins. We then reran these 20 locked tests with 10,000 label

permutations per test and FDR correction across the locked family. Because

this family was locked after exploratory screening rather than prospectively

registered, all other feature families, condition-contrast modulation tests, and

classifier analyses are treated as exploratory, and the locked-family effect

magnitudes require independent replication.

3. Results

3.1. Conventional MMN amplitudes provided the null-effect context

Consistent with the original manuscript, conventional Fz MMN amplitudes

did not show reliable expert-vs-novice differences (Fig. 1). In the source

analysis, D90MMN amplitudes did not differ significantly between novices
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Figure 1: Fz difference-wave ERPs for primary condition contrasts. Shading indicates the

MMN measurement window. Conventional MMN amplitudes provide physiological context

but did not reliably distinguish expertise groups. The topology statistics reported below

were computed from raw condition-specific waveforms rather than from these difference

waves.

(M = -2.16, SD = 1.26) and experts (M = -1.77, SD = 1.07), t(52) = −1.22,

p = 0.229, d = −0.33. D70MMN amplitudes were similarly non-significant

for novices (M = -0.67, SD = 0.86) versus experts (M = -0.39, SD = 0.99),

t(52) = −1.12, p = 0.267, d = −0.31. Likewise, individual-condition ERP

mean amplitudes in the topology output table showed no reliable expertise

effects for D90 (d = 0.32, permutation p = 0.225, q = 0.506) or D70 (d =

0.42, permutation p = 0.127, q = 0.360). These conventional MMN and

individual-condition ERP amplitude tests are separate from the topology

tests below, which were applied to raw condition-specific waveforms.
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3.2. Trial-level H0 topology showed the clearest expertise-related pattern

The clearest group effects involved trial-level H0 persistence entropy

extracted from raw condition-specific waveforms. In the locked rerun (10,000

permutations; 20 tests), experts showed higher mean H0 entropy than novices

for D70 deviants (expert minus novice = 0.01061, d = 0.863, q = 0.00122)

and D90 deviants (expert minus novice = 0.01092, d = 0.939, q = 0.000444).

Experts also showed lower across-trial standard deviation of H0 entropy for

D90 deviants (expert minus novice = -0.00999, d = -0.966, q = 0.000444).

Similar effects appeared in S80 standards and S90 standards following D90

deviants. These deviant-bin results indicate expertise-related organization

of responses to oddball tones, but they are not direct TDA measures of

the MMN difference waveform. Effect-size confidence intervals are shown

in Fig. 2, and subject-level distributions are shown in Fig. 3. For clarity,

we treat these as two distinct feature categories throughout the manuscript:

(i) Mean-entropy features (trial mean H0 entropy, including normalized

form) and (ii) Entropy-variability features (trial SD H0 entropy, including

normalized form).

3.3. Condition effects validated sensitivity to auditory structure

Across all subjects, within-subject contrasts of separately extracted con-

dition features produced robust Fz ERP and TDA effects. D90-minus-S80

showed a large conventional mean-amplitude effect (paired d = -1.02, sign-flip

q = 0.00661). D70-minus-S80 and S70-minus-S80 also showed H1 topology-

feature differences, including beta1 area-under-curve and total-persistence

differences. For TDA, these contrasts compare features extracted separately

from each raw condition waveform; they are not persistent-homology features
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Table 1: Selected expert-vs-novice topology effects, organized into two categories: Mean-

entropy features (rows with trial mean H0 entropy) and Entropy-variability features (rows

with trial SD H0 entropy). Positive d indicates higher values in experts. Values are from

the locked-primary 10,000-permutation group tests, with q values reflecting Benjamini-

Hochberg FDR correction across the 20 locked tests.

Condition Feature Direction Cohen’s d FDR q

D70 deviant Mean H0 entropy Expert > novice 0.863 0.00122

D90 deviant Mean H0 entropy Expert > novice 0.939 0.000444

D90 deviant SD H0 entropy Expert < novice -0.966 0.000444

S80 standard Mean H0 entropy Expert > novice 0.808 0.0018

S80 standard SD H0 entropy Expert < novice -0.829 0.000444

S90 standard Mean norm. H0 entropy Expert > novice 0.881 0.000444

computed on deviant-minus-standard difference waveforms. These condition

effects suggest that the TDA pipeline was sensitive to auditory response

structure, even though the primary expertise interpretation should rely on

group comparisons.

3.4. Exploratory classifier benchmark

Classifier outputs are retained in the Supplementary Material only. Nested

cross-validation suggested that TDA-only features sometimes exceeded ERP-

only features for expert-vs-novice classification, but permutation testing

and FDR correction did not support classifier performance as confirmatory

evidence. We therefore treat classification as exploratory and secondary.
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3.5. Robustness and sensitivity analyses

Robustness analyses completed include locked-primary 10,000-permutation

inference, trial-count covariate checks, a checkpoint embedding-parameter grid,

and matched-parameter Fz/Cz channel-sensitivity reruns. The Fz/Cz rerun

showed directionally consistent expert-minus-novice effects for the locked H0

entropy features at Cz, although effect sizes were generally smaller than at

Fz (Supplementary Fig. S3).

4. Discussion

The main finding is that persistent-homology features of raw single-trial Fz

delay embeddings revealed expertise-related response regularity in a dataset

where conventional MMN amplitudes did not reliably separate experienced

mantra meditators from novices. The pattern was not a direct topology

measure of deviant-minus-standard MMN amplitude; instead, it appeared

across standards and deviants, suggesting a trait-like difference in auditory

response geometry.

The most consistent effects involved H0 persistence entropy. In this

context, H0 summarizes how connected components in the delay-embedded

point cloud merge across filtration radii. Higher H0 entropy can be interpreted

as a more evenly distributed component-merging profile, while lower across-

trial H0 entropy variability indicates greater trial-to-trial consistency. This

supports a cautious interpretation in terms of response-geometry regularity,

rather than larger MMN amplitude. The mapping between H0 entropy

and specific neurophysiological mechanisms remains indirect, and stability

or regularity language should be regarded as a heuristic description of the
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observed geometry.

This interpretation aligns with the original null MMN-amplitude conclu-

sion. It does not imply that mantra meditation enhances or suppresses MMN

magnitude, nor does it show that the MMN difference waveform itself has a

different topology. Instead, it suggests that expertise-related differences may

be expressed in the geometry and variability of the raw auditory responses

that contribute to ERP and MMN estimates.

The effect sizes observed in the locked H0 entropy family were large relative

to the sample size and should be interpreted cautiously until replicated in

independent cohorts. Additional limitations include the cross-sectional design,

reliance on curated preprocessed data from the source study, and the fact

that the locked primary family was selected after exploratory screening rather

than prospective registration. The present findings should therefore be viewed

as hypothesis-generating evidence for topology-based markers of meditation

expertise until replicated in an independent dataset.

5. Conclusion

Persistent homology revealed a consistent expertise-related topology signal

in Fz auditory oddball EEG responses. Experts showed higher trial-level H0

entropy and lower H0 entropy variability than novices, despite comparable

conventional MMN amplitudes. These results motivate the use of topology-

based analyses as complementary tools for studying neural response regularity

in auditory cognitive neuroscience.
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Figure 2: Bootstrap confidence intervals for selected expert-vs-novice Fz topology effects,

split into two subpanels: (A) Mean-entropy features and (B) Entropy-variability features.

Effects are shown as Cohen’s d for experts minus novices.
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Figure 3: Subject-level distributions for the primary group-separating Fz topology features,

split into two subpanels: (A) Mean-entropy features and (B) Entropy-variability features.

The strongest effects indicate higher mean H0 entropy and lower across-trial H0 entropy

variability among experts. Displayed primary group effects were significant under permuta-

tion testing with FDR correction; exact effect sizes and corrected p-values are reported in

Table S1.
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