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Abstract
A decoder’s validation performance may not preserve its ranking on a later recording day. We developed an auditable offline workflow to examine this problem using four-class motor-imagery EEG from BNCI2014_001. Participant 1 served as an initial demonstration, followed by exploratory development analyses on participants 2–4. Each participant received separate shrinkage linear discriminant analysis and logistic regression models trained on 44 log-bandpower features from the first recording day. We compared validation balanced accuracy with a confusion-matrix information diagnostic adapted from Kim et al. and evaluated the frozen models on day two. Development-participant test balanced accuracy ranged from 33.22% to 60.62%. All paired model-difference intervals from run-level bootstrap resampling included zero. Validation balanced accuracy and the information diagnostic matched the observed test ordering in one and two of three development participants, respectively, a comparison too small to establish superior selection. Identical validation confusion rows produced an infinite diagnostic for one model. The contribution is a reproducible baseline and explicit account of its uncertainty. Participants 5–9 remain reserved for a future frozen evaluation.
1  Motivation and scope
A useful neural decoder must be evaluated under the conditions in which it will be used. This project begins with a specific question about within-person transfer across recording days. Can measurements made on the first day help choose between two candidate classifiers for the second day? Public BCI benchmark data provide an accessible setting for studying this question [1,2].
The work includes a literature-informed experimental design, a runnable Python notebook, verification of trial timing and exclusions, two baseline classifiers, validation-only information diagnostics, and repeated evaluation on three additional participants. This report documents completed analyses and their limits. It makes no claim of a new decoding algorithm, clinical performance, or a validated commercial product.
The initial participant was inspected before the development extension was planned. Participants 2–4 were then analyzed with the same feature definitions and classifier settings. This sequence is exploratory and was not preregistered. Participants 5–9 were not loaded or analyzed. Each person’s model was fitted separately, so the experiment studies within-person day transfer rather than applying one person’s fitted model to another person.


2  Data and baseline methods
2.1  Recordings and trial accounting
BNCI2014_001 corresponds to BCI Competition IV dataset 2a. The task contains left-hand, right-hand, feet, and tongue imagery recorded on two days. Each day has six runs of 48 trials. Recordings contain 22 EEG and three EOG channels at 250 Hz. The dataset documentation reports acquisition filtering at 0.5–100 Hz and a 50 Hz notch [1]. We used the EEG channels and omitted EOG from the features.
For each participant, original day-one trials 1–230 formed training data and trials 231–288 formed validation data. All day-two trials formed the test set. This boundary was assigned before excluding trials with supplied artifact flags. Training and validation therefore split part of the fifth run and are not separated by a complete run. No trial contributed to both partitions. Labels identify the instructed imagery class.
	Participant and role
	Training
	Validation
	Day-two test

	1  Initial demonstration
	218 / 12
	55 / 3
	281 / 7

	2  Development
	221 / 9
	49 / 9
	283 / 5

	3  Development
	213 / 17
	57 / 1
	273 / 15

	4  Development
	209 / 21
	53 / 5
	228 / 60


Table 1. Retained trials / flagged exclusions. Original partition sizes are 230 training, 58 validation, and 288 test trials for every participant. Participant 4 excludes 20.8% of test trials.
2.2  Signal representation
MATLAB trial markers were converted from one-based sample indices. We extracted the interval from 2 seconds to just before 6 seconds after each trial start, corresponding to the imagery period [1]. Each epoch contains 1,000 samples and 22 channels. No additional raw-signal filtering, spatial filtering, or artifact correction was applied.
For each channel, Welch power spectral density used a 250-sample Hann window, 125-sample overlap, constant detrending, density scaling, and mean averaging [5]. Trapezoidal integration over 8–12 Hz and 13–30 Hz produced two band powers per channel. Their base-10 logarithms yielded 44 features per trial. Feature extraction was performed independently within each epoch.
2.3  Fixed candidate classifiers
Both pipelines standardized features using means and standard deviations fitted only on training trials. Shrinkage linear discriminant analysis (LDA) used the lsqr solver and automatic shrinkage. Logistic regression (LR) used C = 1, the lbfgs solver, a maximum of 2,000 iterations, and random_state = 0. LDA models class-conditional feature distributions with a shared covariance, while LR fits class probabilities through a linear decision model [6].
The two models received identical trials and features. Hyperparameters were not tuned during this extension. Models were not refitted on validation trials or adapted to day two. Accuracy is the fraction of correct predictions. Balanced accuracy is the unweighted mean of the four class recalls and is the selection endpoint used below.


3  Information diagnostics and uncertainty
3.1  Relationship to the supplied papers
Kim et al. propose evaluating a decoder as an observation channel for a latent intent, with pairwise Chernoff information and an identification envelope U_id [3]. We independently implemented these quantities from validation confusion matrices. Their controller-related interpretation assumes a fixed intent, stationary conditionally independent observations, an action-independent channel, and an appropriate cost model. These assumptions are not established by the present offline classification task. The RF decoder study by Zayegh and Refai motivates testing under changed signal conditions [4]. It does not provide evidence about neural decoding, and its wireless architecture was not implemented here.
3.2  Estimating the validation channel
Let N_ij count validation trials with true class i and predicted class j, and let n_i be the number with true class i. With K = 4 classes, the smoothed estimate is

The primary pseudocount λ is 1 per matrix cell. Sensitivity analyses use 0.5 and 2. For each unordered pair of true classes, the implementation minimizes the log of the Chernoff coefficient over s between 0 and 1. Natural logarithms are used in this diagnostic.


Observation probability is fixed at 1. A smaller U_id is preferred under the channel model. The minimum Γ across pairs identifies the least distinguishable pair. The code returns an infinite envelope when any Γ is at most 10⁻¹². These estimates are neither a probability of correct classification nor a measured control cost. Smoothing stabilizes zero counts but cannot remove sampling uncertainty.
3.3  Model comparison and resampling
Two selection rules choose the model with highest validation balanced accuracy or lowest validation U_id. Their choices are compared descriptively with the observed day-two balanced-accuracy ordering. This comparison does not test the proposed link between U_id and sequential-controller regret, which is a different endpoint.
For each participant, 2,000 bootstrap replicates sample six complete test runs with replacement. The same sampled runs are used for both models, and fitted parameters stay fixed. Seeds are 1108 plus the participant number. The 2.5th and 97.5th percentiles form intervals for individual accuracy and paired balanced-accuracy differences. This retains within-run dependence but assumes exchangeable runs. Six runs provide limited resampling information. The intervals describe variation among observed runs in one session, conditional on the fitted models. They do not quantify uncertainty over new days, new people, or retraining. No hypothesis tests were performed.


4  Classification results
	Participant
	Model
	Val. acc.
	Val. BA
	Test acc.
	Test BA

	1
	LDA
	61.82
	63.68
	57.30
	57.31

	1
	LR
	60.00
	61.43
	59.79
	59.78

	2
	LDA
	36.73
	36.86
	32.86
	33.22

	2
	LR
	34.69
	34.78
	33.92
	34.33

	3
	LDA
	61.40
	61.12
	60.81
	60.62

	3
	LR
	56.14
	56.24
	60.07
	59.84

	4
	LDA
	43.40
	43.82
	47.37
	47.61

	4
	LR
	41.51
	41.60
	48.25
	48.59


Table 2. Accuracy and balanced accuracy (BA), expressed as percentages. Validation is the final chronological portion of day one. Test is day two. Participant 1 is illustrative and participants 2–4 form the development extension.
The original demonstration reversed the validation accuracy ordering. LDA correctly classified 34 of 55 validation trials and LR classified 33. On day two, their counts were 161 and 168 of 281. Among development participants, test BA varied from 33.22% to 60.62%, while absolute within-participant differences between classifiers were under 1.11 percentage points. The equally weighted mean test BA across participants 2–4 was 47.15% for LDA and 47.59% for LR. These are descriptive averages over three participants.
[image: ]
Figure 1. Day-two balanced accuracy and paired model differences. The left dashed line marks the four-class uniform-guessing reference of 25%. Right-hand intervals are 95% percentile intervals from resampling observed runs. Every interval crosses zero. Connecting points on the left identify each model across participants and do not represent a time trajectory.
The paired BA differences (LR minus LDA) and 95% run-bootstrap intervals are +2.47 [−2.76, +7.74] for participant 1, +1.11 [−1.06, +3.58] for participant 2, −0.78 [−2.70, +1.07] for participant 3, and +0.98 [−2.45, +4.41] for participant 4, all in percentage points. The data do not establish a reliable winner between these models.


5  Diagnostics and error structure
5.1  Validation selections
	Participant
	LDA U_id
	LR U_id
	Val. BA choice
	U_id choice
	Test BA ordering

	1
	20.35
	22.31
	LDA
	LDA
	LR

	2
	∞
	151.37
	LDA
	LR
	LR

	3
	25.47
	30.61
	LDA
	LDA
	LDA

	4
	57.44
	71.15
	LDA
	LDA
	LR


Table 3. Validation diagnostics at pseudocount λ = 1 and corresponding selections. Test ordering records the larger observed point estimate and does not establish a reliable winner.
Across development participants 2–4, validation BA agreed with the observed test ordering once in three cases. U_id agreed twice in three. The latter difference is a single participant, and each paired test difference has an interval containing zero. These counts do not establish a superior model-selection method. In participant 1, both rules selected LDA and the observed test ordering favored LR.
5.2  An infinite estimate and smoothing sensitivity
For participant 2, LDA produced identical validation rows for the two hand classes. Each row was [3, 3, 0, 6] from 12 trials. At λ = 1, both estimated output distributions become [0.25, 0.25, 0.0625, 0.4375]. Their estimated Chernoff information is zero and U_id is infinite. The estimated channel therefore supplies no distinction between these two true classes. This finite-sample equality does not imply equality of the underlying physiological distributions or impossibility of control.
The preferred model under U_id did not change for any participant over λ = 0.5, 1, and 2. However, magnitudes changed substantially. Participant 2’s LR envelope rose from 100.79 to 272.45, while participant 1’s LDA envelope rose from 14.82 to 32.71. Stable ranking across these three smoothing settings is a narrow sensitivity result, not proof of a stable population estimate. Validation class counts are small, including the 12 trials in each hand class for participant 2.
5.3  Recurring directional errors
The notebook displays validation and test confusion matrices for participant 1, test confusion matrices for all four participants, and the two most frequent directional errors per model and participant. Feet-to-tongue errors recur in participants 1, 3, and 4. In participant 3, LDA maps 31 of 68 feet trials to tongue, compared with 26 for LR. Participant 2 instead shows frequent predictions of feet for other true classes. LR maps 41 of 72 tongue trials and 40 of 71 left-hand trials to feet.
These patterns describe model failures on accepted recordings. They do not identify a neurophysiological cause. A class bias, features that omit discriminating structure, recording differences, or finite sampling could contribute. Accuracy alone hides this structure, while the confusion matrices expose it for follow-up analysis.


6  Interpretation and next experimental step
6.1  What has been established
The completed work establishes an executable baseline with data provenance, explicit trial processing, and training-only normalization. It demonstrates how nearly tied classifiers can reverse their ordering between validation and a later day. The information diagnostic also identifies an estimated loss of distinction between two classes.
The observed results do not establish that U_id predicts later-day accuracy better than validation BA. Only three development participants, two linear models sharing one representation, and one test session per person are available. No sequential control, prospective use, clinical outcomes, or commercial demand were evaluated.
6.2  Limits that affect interpretation
Artifact rejection changes the evaluated population of trials. The 60 excluded test trials for participant 4 are especially consequential. Reported scores apply to the remaining accepted trials, and the study does not measure end-to-end performance on all acquired recordings. Supplied artifact annotations also do not demonstrate a deployable real-time rejection procedure.
Chronological validation helps preserve ordering, but its small size leaves both model ranking and confusion probabilities uncertain. The split cuts through a run, so nearby training and validation trials may share recording conditions. The bootstrap keeps complete test runs together but uses only six runs and treats them as exchangeable despite their temporal order. It cannot separate day effects from run effects or identify performance on an unobserved future day.
Labels specify the requested task and do not verify imagery compliance. Probability outputs have not been calibrated or validated as confidence estimates. The single-trial walkthrough is an educational inspection of model output.
6.3  A concrete next protocol
Development should continue using participants 1–4. Before opening participants 5–9, write and freeze the intended decision rule, all feature and model settings, trial exclusions, tie handling, and evaluation code. A practical primary endpoint is the paired difference in day-two balanced accuracy between the model selected by validation U_id and the model selected by validation BA. Report each participant separately and an equally weighted summary, including how often the rules make the same choice.
That next evaluation would still fit each participant’s candidate models using their own day-one training data. Reserving participants protects evaluation of the development procedure, but does not turn the experiment into transfer of a fitted decoder between people. Five reserved participants would remain a small sample. Any subsequent changes prompted by those results would require new independent evaluation data.
If the scientific target instead becomes sequential control cost, define the controller, observation timing, dependence structure, and task cost before testing the information-theoretic claim. The startup hypothesis that organizations would pay for more reliable decoder evaluation remains separate and requires direct customer evidence. The immediate research value is a reviewable methods record and a clear path to a stronger experiment.


7  Reproducibility and research record
The companion Neural_Decoder_Experiment_001.ipynb contains the executable implementation, saved tables and figures, source SHA-256 digests for all eight MATLAB files, and installation instructions. Raw data are fetched from the BNCI source and are not redistributed with this report. The source page identifies the dataset license as CC BY-ND 4.0 [1].
All 14 Python code cells were executed sequentially in a fresh shared namespace on 8 November 2026. A local in-process runner captured outputs because the analysis environment blocked Jupyter kernel sockets. Interactive Jupyter execution was not tested in that environment. The project lead had reported successfully running the earlier notebook locally. Recorded package versions are Python 3.12.14, NumPy 2.3.5, pandas 2.2.3, SciPy 1.17.0, scikit-learn 1.8.0, and Matplotlib 3.10.8.
Assertions check sampling rate, channel count, trial count, class balance before exclusions, epoch dimensions, finite inputs, positive band powers, partition ordering, and paired prediction coverage. The diagnostic is checked against an analytically solvable symmetric channel, an indistinguishable channel, and row/column permutations. Report tables were generated from the executed results. The added walkthrough displays both classifiers’ four class probabilities for one participant-1 test trial.
AI assistance was used for experimental planning, coding, execution in the analysis environment, source review, interpretation, and manuscript drafting. This working manuscript is prepared for project review and does not imply independent peer review. No institutional affiliation or funding statement has been inferred. This study is a secondary analysis of public recordings and involved no new participant recruitment.
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