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Abstract: Interindividual differences in mental arithmetic performance may be partly constrained by pre-task (resting-state) functional
organization measurable from EEG (electroencephalogram). We operationalize organization as a windowed Pearson correlation con-
nectivity graph and construct compact descriptors by combining a discrete Fourier transform–conjugated adjacency representation
with eigen-spectral summaries, thereby capturing both local coupling patterns and global network structure in a unified feature space.
Using a strictly subject-level, balanced leave-pair-out evaluation on a curated subset of the PhysioNet EEGMAT cohort (n = 20, 10
low- vs 10 high-performance; labels from the dataset’s behavioral count-quality annotation), the resting-state pipeline produced perfect
separation of performance groups (20/20 correct), indicating that baseline connectivity alone may encode sufficiently discriminative
information for between-subject stratification. A complementary task-state setting reached 95% accuracy (19/20 correct), consistent
with the repository’s short arithmetic segments and their associated temporal constraints. The analysis explicitly avoids within-subject
leakage by enforcing subject-wise partitioning, and performance estimates are accompanied by exact confidence intervals appropri-
ate for small-sample evaluation. Given the limited cohort size and electrode density, these results should be interpreted cautiously
and require replication on larger samples and higher-density montages; nevertheless, they provide evidence that performance-relevant
information is detectable in baseline connectivity structure under rigorous subject-level evaluation.
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1. Introduction

Mental arithmetic is a standard experimental probe of
numerical cognition because it induces measurable load on
attention, working memory, and executive control while remain-
ing behaviorally quantifiable [1, 2]. A persistent open issue
is whether interindividual variability in arithmetic efficiency is
explained primarily by task-evoked dynamics or whether it is
partly constrained by pre-task (baseline) large-scale organization
that is already present before engagement. If baseline organi-
zation contains performance-relevant information, then pre-task
electrophysiology would provide a principled substrate for pre-
dicting performance strata without requiring access to extended
task recordings.

Positioning relative to prior electroencephalogram (EEG)
mental arithmetic literature, most EEG work on mental arith-
metic focuses on state discrimination (rest vs arithmetic) or
within-subject recognition using spectral and connectivity fea-
tures, including effective-connectivity and graph-based frame-
works [3, 4]. In contrast, the present aim is between-subject
stratification of arithmetic performance using only pre-task
resting-state recordings, aligning with broader evidence that
resting-state EEG connectivity and coherence track individual
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differences in cognitive functions and mathematical performance
[5]. This distinction is made explicit below to avoid conflating
performance prediction with task-state decoding.

Functional-connectivity modeling offers an operational route
from multichannel EEG time series to network-level descrip-
tors by treating electrodes as nodes and statistical coupling as
weighted edges, thereby enabling the use of complex-network
constructs to summarize organization beyond local amplitude
dynamics [6–9]. Within this perspective, the methodological ques-
tion becomes whether compact graph-derived features can capture
stable, subject-specific organization that correlates with behavioral
performance and generalizes under strict subject-level evaluation.

The present study adapts the complex-network EEG classi-
fication framework introduced in references [10, 11] (originally
developed for discriminating neuropsychiatric and neurodegen-
erative conditions) to a non-pathological stratification problem
using mental arithmetic recordings [1]. The adaptation was moti-
vated by an exploratory observation in pre-task connectivity
graphs: community-structure-related organization (modularity-
linked structure) exhibited a systematic pattern among lower-
performing participants, whereas higher-performing participants
showed substantially greater heterogeneity, rendering modularity
alone insufficient as a single-marker descriptor. This asymmetry
suggested that a multi-feature network representation (rather than
reliance on a single scalar index) would be necessary, while still
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allowing modularity-linked structure to serve as an empirical cue
guiding feature design. This pattern-driven workflow parallels the
development logic in the reference [10], but here, it is tested in
the context of performance stratification rather than pathology
discrimination.

Accordingly, we evaluate the hypothesis that multilevel net-
work descriptors extracted from pre-task EEG can discriminate
arithmetic performance groups with high fidelity and that task-
state EEG can be classified reliably even when the available
arithmetic segments are temporally constrained [1]. The imple-
mentation emphasizes (i) windowed correlation graphs [9, 12], (ii)
a node-space discrete Fourier transform (DFT)-based change of
basis to re-express adjacency structure in a spectral coordinate sys-
tem [13], (iii) eigen-spectrum summaries as global descriptors [7],
and (iv) a regularized learning pipeline combining robust scaling,
low-dimensional linear compression, and a nonlinear ensemble
classifier [14–17]. Generalization is assessed at the subject level via
a balanced leave-pair-out protocol, so reported performance cor-
responds to out-of-sample predictions for every participant under
class-balanced outer evaluation.

2. Methods

2.1. Study design, reporting guideline, and ethics

This work is a secondary analysis of a publicly available,
de-identified dataset (PhysioNet EEGMAT) [1, 2]. The study is
a prediction-model development and internal validation exercise
at the subject level, and reporting is structured in accordance
with applicable TRIPOD recommendations [18]. No new human-
subject data were collected; therefore, no additional institutional
ethics approval was required for this re-analysis beyond the
approvals and consent procedures described by the original data
providers [2].

2.2. Participants, labels, recordings, and channel
selection

A balanced cohort of n = 20 participants (Table 1) from the
PhysioNet mental arithmetic EEG resource [1] was analyzed at
the subject level. Subjects were partitioned into low-performance
(y = 0, n0 = 10) and high-performance (y = 1, n1 = 10) classes
by fixed identifier lists (defined a priori in code and held con-
stant across all experiments). The analysis is implemented via two
scripts that share the same processing and modeling operators
but differ in condition-specific file suffix, channel subset, window
duration, and (in one script) the Random Forest (RF) seed.

We index the condition by 𝜅 ∈{rest, task}, with EDF
(European Data Format) naming convention

𝜅 = rest ⇒ Subject < ID > _1.edf,𝜅 = task ⇒ Subject < ID > _2.edf. (1)

For each subject s ∈ {1, . . . , n} and condition 𝜅, a single EDF
recording is loaded with MNE-Python (MNE) (Python pack-
age using read_raw_edf(..., preload=True)) and then
reduced by channel picking to a two-node montage

C𝜅 = {{EEGC3,EEGPz}, 𝜅 = rest,{EEGF8,EEGPz}, 𝜅 = task, N = |C𝜅 | = 2. (2)

No additional preprocessing operators (filtering, re-referencing,
artifact rejection/Independent Component Analysis (ICA),
resampling) are applied in the provided scripts beyond the explicit
standardization step described below; downstream computations

therefore operate on the channel time series returned by
raw.get_data() for the picked channels. Let xs,c[n] denote
the discrete-time EEG sample for subject s and retained chan-
nel c ∈ {1, . . . , N} at time index n ∈ {1, . . . , Ts,𝜅}, sampled
at subject- and recording-specific sampling frequency ƒs,𝜅 (Hz)
obtained from raw.info [‘sfreq’].

Operationally, the pipeline is executed inside an outer subject-
level evaluation loop; in each fold, each required subject-condition
EDF is processed independently. If an EDF file is missing and
unreadable or yields no valid windows/features after the retention
criteria, the corresponding subject instance returns None and is
dropped from that fold’s aggregation by the executor-collection
logic (this behavior is implementation-defined by the code path
and not corrected by subject-level imputation).

2.3. Global channel standardization (subject-wise;
implementation-equivalent)

For each subject-condition recording (s, 𝜅), channel-wise
standardization is applied to the full retained-channel time
series prior to windowing using the transformation implemented
by StandardScaler (in code: StandardScaler().fit_
transform(data.T).T). Writing Ts,𝜅 for the number of
samples in the recording and using the population-variance
convention (ddof=0), the transformation is

𝜇s,𝜅,c = 1

Ts,𝜅
Ts,𝜅∑
n=1

xs,𝜅,c [n] ,
𝜎s,𝜅,c =√√√√ 1

Ts,𝜅
Ts,𝜅∑
n=1

(xs,𝜅,c [n] − 𝜇s,𝜅,c)2,
x̃s,𝜅,c [n] = xs,𝜅,c[n] − 𝜇s,𝜅,c𝜍s,𝜅,c .

(3)

Let x̃s,𝜅 [n] = (x̃s,𝜅,1 [n] , . . . , x̃s,𝜅,N [n])⊤ ∈ R
N and X̃s,𝜅

= [x̃s,𝜅 [1] , . . . , x̃s,𝜅 [Ts,𝜅]] ∈ R
N×Ts,𝜅 . This step enforces global

(record-level) centering and unit-variance scaling per channel and
is applied before any segmentation.

Because Pearson correlation is invariant under indepen-
dent affine transformations per channel, this standardization
does not change idealized correlation values (up to floating-
point effects) but does fix numerical scale for (i) the window
variance degeneracy check and (ii) the stability of subsequent
linear-algebraic transforms. The standardization is unsupervised
(label-independent) and is computed independently for each
subject-condition recording.

2.4. Windowing operator and retention criteria

Each standardized multichannel signal X̃s,𝜅 is segmented
into fixed-length, non-overlapping windows (overlap=0). The
window duration is condition-specific in the provided scripts:

W𝜅 = {170s, 𝜅 = rest,
60s, 𝜅 = task. (4)

The window length in samples is

Ls, 𝜅 = ⌊W𝜅 fs,𝜅⌋ , (5)

and the step size equals Ls,𝜅 . Index windows by k ∈{1, ..., Kcand
s,𝜅 }

with start index ak = 1 + (k - 1) Ls,𝜅 , and define the window matrix

𝑿(k)
s,𝜅 = [𝒙s,𝜅 [ak], 𝒙s,𝜅 [ak + 1], . . . , 𝒙s,𝜅 [ak + Ls,𝜅 − 1]]∈ R

N×Ls,𝜅 , (6)
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Table 1. Participant metadata and binary performance labels (y) for the balanced cohort (10 high-performance, 10 low-performance)
derived from the PhysioNet EEGMAT subject-info.csv file. Count quality is the dataset-provided good/bad indicator (0 = bad, 1 = good).

Subject Age Sex Year #Subtractions Count quality y

Subject27 19 F 2010 34.59 1 1

Subject13 24 M 2012 34 1 1

Subject03 17 F 2010 31 1 1

Subject34 18 F 2010 31 1 1

Subject25 17 M 2012 30.53 1 1

Subject01 18 F 2011 29.35 1 1

Subject17 17 F 2010 28.7 1 1

Subject23 16 F 2010 27.47 1 1

Subject28 19 F 2010 27 1 1

Subject12 17 F 2010 26.36 1 1

Subject30 17 M 2011 10 0 0

Subject00 21 F 2011 9.7 0 0

Subject14 17 F 2010 9 0 0

Subject04 17 F 2010 8.6 0 0

Subject19 22 M 2010 7.06 0 0

Subject09 16 F 2010 7 0 0

Subject22 19 F 2011 4.47 0 0

Subject06 18 M 2011 4.35 0 0

Subject10 17 F 2010 1 0 0

Subject21 20 F 2010 1 0 0

whenever ak + Ls,𝜅 -1 ≤ Ts,𝜅 , where

Kcand
s,𝜅 = ⎢⎢⎣Ts,𝜅Ls,𝜅 ⎥⎥⎦ . (7)

Equivalently, the implementation iterations start over

start ∈ {0,Ls,𝜅 , 2Ls,𝜅 , ...} with start + Ls,𝜅 ≤ Ts,𝜅 , (8)

so no padding is performed, and any trailing remainder shorter
than one full window is discarded.

To exclude numerically degenerate segments, a candidate
window is retained only if its empirical variance over all entries
exceeds a threshold 𝜀 = 10−6:

Var (X(k)
s,𝜅) > 𝜀. (9)

Let Ks,𝜅 denote the retained window index set and Ks,𝜅
= ||Ks,𝜅 || ≥ 1. In addition to this variance gate, windows yielding
Not a Numbers (NaNs) at later stages (correlation or transformed
representation) are discarded by explicit checks in the code.

2.5. Functional connectivity as a windowed
correlation adjacency

For each retained window X(k)
s , functional connectivity is

operationalized by the Pearson correlation matrix [12]. Writing
X(k)
s,i,∶ ∈ R

Ls for row i of X(k)
s , define the within-window mean

X
(k)
s,i = 1

Ls

Ls∑
t=1

X(k)
s,i,t. (10)

Then the adjacency matrix A(k)
s ∈ ℝN×N has entries

A(k)
s,i j = ∑Ls

t=1 (X (k)
s,i,t − X

(k)
s,i ) (X (k)

s, j,t − X
(k)
s, j )

√∑Ls
t=1 (X (k)

s,i,t − X
(k)
s,i )2√∑Ls

t=1 (X (k)
s, j,t − X

(k)
s, j )2

. (11)

This is exactly the object computed by np.corrcoef when the
input matrix is shaped as (N × Ls) (variables as rows, observations
as columns). By construction, A(k)

s is symmetric, includes self-
correlations A(k)

s,ii = 1 under non-degenerate variance, and yields a
weighted undirected functional graph per window in the standard
brain network formalism [8, 9]. Windows producing NaNs in A(k)

s
(typically due to near-zero within-window variance) are discarded.

2.6. Node-space DFT conjugation and real-part
projection

Each window adjacency A(k)
s,𝜅 is transformed by conjugation

with the unitary DFT matrix FN∈ℂN×N:

(𝑭N)pq = 1√N𝜔pq
N , 𝜔N = exp (2𝜋i

N
), p, q ∈ {0, . . . , N − 1} .

(12)

Define

B(k)
s,𝜅 = FN A(k)

s,𝜅 F∗N, T(k)
s,𝜅 = ℜ(B(k)

s,𝜅) ∈ R
N×N, (13)

where (·)* denotes conjugate transpose and ℜ(·) the elementwise
real part. In the scripts, this corresponds to transformed_
matrix = np.real(dft@matrix@dft.conj().T).
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Matrices containing NaNs after transformation are discarded.
For N = 2, the constructed F2 is real, and the real-part projec-
tion is algebraically redundant (up to floating-point roundoff);
for general N, it enforces a real-valued feature representation.

Closed form for the present montage (N = 2). For N = 2,

F2 = 1√2
[1 1
1 −1

] , A [1 r
r 1

] , r ∈ [−1, 1] , (14)

and direct multiplication yields

T = ℜ(F2AF
∗
2) = [1 + r 0

0 1 − r
] . (15)

Under NumPy’s default row-major flattening (.flatten()),
vecC (T) = [1 + r, 0, 0, 1 – r]

T
. Since T is diagonal, eigvalsh

returns the diagonal entries sorted in ascending order:

λ = eigvalsh (T)= [min (1 + r, 1 – r) , max (1 + r, 1 – r)⊺= [1 – |r| , 1 + |r|]]T. (16)

This sorting convention is material when aggregating eigenval-
ues across windows because sign changes of r across windows
affect the mapping between “first” / “second” eigenvalue and the
diagonal elements of T.

2.7. Window-level feature construction

For each retained window k ∈Ks, two feature families are
computed from 𝑻(k)s (this matches the provided implementation):

1. Flattened transformed adjacency:

t(k)s = vecC (T(k)
s ) ∈ R

N2 . (17)

2. Eigen-spectrum of the transformed matrix:

𝝀(k)s = eig (T(k)
s ) ∈ R

N, 𝜆(k)s,1 ≤ ⋯ ≤ 𝜆(k)s,N, (18)

computed via a symmetric/Hermitian solver (eigvalsh). Eigen-
spectral summaries are standard global descriptors in complex-
network analysis [7, 9].

In the present N = 2 montage, both t(k)s and 𝝀(k)s reduce to
deterministic functions of the single correlation parameter r(k)s , so
the resulting feature vector is a redundant embedding; this redun-
dancy is preserved to maintain compatibility with the general-N
template, where vectorized transformed operators and spectra are
not generally equivalent.

2.8. Temporal aggregation to a subject-level feature
vector

Let Ks,𝜅 be the retained window set for subject s in condition𝜅, with Ks,𝜅 = ||Ks,𝜅 || ≥ 1. Window-level features are aggregated
by arithmetic means, consistent with the code (mean(axis=0)):

𝒕s,𝜅 = 1
Ks,𝜅 ∑

k∈Ks,𝜅 𝒕(k)s,𝜅 ∈ R
N2 , 𝝀s,𝜅 = 1

Ks,𝜅 ∑
k∈Ks,𝜅 𝝀(k)s,𝜅 ∈ R

N .
(19)

The subject-level descriptor concatenates both:

𝒇s,𝜅 = [𝒕s,𝜅𝝀s,𝜅] ∈ R
N2+N. (20)

For N = 2, dim(fs,𝜅) = 6. In closed form, writing r(k)s,𝜅 for the
off-diagonal correlation in window k and defining

rs,𝜅 = 1
Ks,𝜅 ∑

k∈Ks,𝜅 r
(k)
s,𝜅 , |r|s,𝜅 = 1

Ks,𝜅 ∑
k∈Ks,𝜅

||r(k)s,𝜅 || , (21)

one obtains

𝒕s,𝜅 = [1 + rs,𝜅 , 0, 0, 1 − rs,𝜅]⊤, 𝝀s,𝜅 = [1 − |r|s,𝜅 , 1 + |r|s,𝜅]⊤,
(22)

because eigvalsh sorts eigenvalues within each window prior
to averaging. If r(k)s,𝜅 does not change sign across retained win-

dows, then |r|s,𝜅 = ||rs,𝜅 || and the two feature families become
algebraically coupled; if sign changes occur, the eigenvalue aggre-
gation is governed by the mean absolute correlation magnitude
rather than the signed mean.

2.9. Unsupervised cluster-label augmentation (as
implemented)

To augment f s with a coarse discretization of feature space,
a K-means model with K = 2 clusters is fit and used to generate
assignments [19, 20]. Given a design matrix F ∈ ℝm×d collecting
m subjects with row vectors f⊤s (d = N2 +N), K-means computes

( ̂z1, . . . , ̂zm) = arg min
z1, . . . , zm min𝝁0,𝝁1

m∑
s=1

||𝒇s − 𝝁zs ||22, ̂zs ∈ {0, 1} .
(23)

The assignment is appended as an additional feature:

𝒇′
s = [𝒇ŝzs ] ∈ R

d+1. (24)

Train/test fitting behavior (declaration). In the released
implementation, cluster features are computed by indepen-
dent fit_predict calls on the training subjects and on
the two-subject test pair in each outer iteration (with
random_state=1). Denoting the outer-iteration training and
test sets by S

(i)
train and S

(i)
test ,

( ̂zs)s∈S
(i)
train

← KMeansFitPredict ({𝒇s}s∈S
(i)
train

) ,
( ̂zu)u∈S

(i)
test

← KMeansFitPredict ({𝒇u}u∈S
(i)
test
) . (25)

Since ||S (i)
test

|| = 2 and K = 2, the test-set objective is minimized
by assigning one centroid to each test point (zero within-cluster
sum of squares), so the appended cluster labels on the test pair
constitute an effectively arbitrary binary coding of the two held-
out subjects (up to label permutation and initialization). This is
reported explicitly because it is the exact procedure executed for
the presented results.

Pdf_Fol io:404



Medinformatics Vol. 00 Iss. 00 2026

2.10. Supervised learning pipeline and
hyperparameters

Classification is performed with a scikit-learn pipeline applied
to f’s,𝜅 :

f′s,𝜅 → mean impute → Robust Scaler → PCA (r = 2)→ RF → ŷs,k. (26)

The imputer uses feature-wise means. Robust scaling uses the
median and IQR per feature (estimated from the training data
used to fit the scaler). Principal Component Analysis (PCA)
retains r = 2 principal components [21]. The classifier is an RF
[10, 12] with a condition-specific seed:

random_state = {3, 𝜅 = rest,
1, 𝜅 = task, (27)

and a singleton grid

ntrees = 100, max_depth = None, min_samples_split = 10.
(28)

Model selection is therefore degenerate (no competing hyper-
parameters), but the pipeline is embedded in an inner cross-
validation procedure via GridSearchCV for standardized
fitting/refit behavior.

2.11. Outer evaluation: Paired-index balanced
leave-pair-out with inner Cross-Validation (CV)

Generalization is evaluated at the subject level by 10 outer
iterations formed by pairing subjects by index position in the

two identifier lists. Let {s(i)0 }10i=1
be the ordered low-performance

list and {s(i)1 }10i=1
the ordered high-performance list. In outer

iteration i,

S
(i)
test = {s(i)0 , s(i)1 } ,S (i)

train = {1, . . . , 20} ∖S
(i)
test, (29)

so exactly one low- and one high-performance subject are held
out per iteration (18 training subjects). An inner 9-fold cross-
validation is run via GridSearchCV on S

(i)
train using accuracy

as the scoring metric. The call fit(train_features,
train_labels) ensures that, within the supervised pipeline,
imputation, robust scaling, PCA, and RF are fit using only the
training data of each inner fold during cross-validation and then
refit on the full outer training set for the final estimator before
predicting the held-out pair. Test predictions are generated only
once per outer iteration by predict(test_features) of the
refit estimator.

2.12. Prediction metrics and reporting

Aggregating predictions over outer iterations yields{(ys, ŷs)}20s=1
with ys 𝜖 {0, 1}. In the provided scripts, the

reported outputs are (i) classification_report (preci-
sion, recall, F1-score, and support per class, plus macro/weighted
averages), (ii) confusion_matrix, and (iii) scalar accuracies
computed explicitly in code: overall accuracy and per-class con-
ditional accuracies defined as the fraction of correctly predicted
subjects within each true label.

Additional summary indices such as balanced accuracy and
Matthews correlation coefficient (MCC) are not computed explic-
itly in the provided scripts but can be derived deterministically
from the confusion matrix if computed in external post-
processing. For reference, with counts (TP, TN, FP, FN),
MCC is

MCC = TP · TN − FP · FN√(TP + FP) (TP + FN) (TN + FP) (TN + FN) . (30)

2.13. Parallelization and computational
implementation

Subject-level preprocessing and feature extraction (EDF
loading, windowing, correlation computation, DFT transforma-
tion, and window averaging) are parallelized across subjects using
process-based execution (ProcessPoolExecutor). For each
subject identifier in a given fold’s training or test list, a worker
executes the full feature-extraction chain and returns either a
tuple (features, label) or None if file existence checks fail,
EDF loading raises an exception, no windows survive the reten-
tion criteria, or NaNs arise in correlation/transformed matrices.
The fold-level collector appends only non-None results. Random
seeds are fixed for K-means (random_state = 1) and for RF
(condition-specific as stated above), yielding deterministic behav-
ior for those components conditional on library versions and
runtime environment.

In addition to printing the console report and confusion
matrix, each script writes per-subject predicted labels and accu-
racy summaries to a results file. In the resting/baseline script, the
per-subject listing strings reference Subject<ID>_1.edf con-
sistently with the processed files. In the task script, the per-subject
listing strings are constructed with the literal suffix _1.edf
despite processing Subject<ID>_2.edf; this affects only tex-
tual provenance in the output log (not the actual data processing
or predictions).

2.14. Average activity visualizations

For Figures 1, 2, 3, and 4 reported in this work (topographic
arrow maps and averaged graphs per condition), the averag-
ing operator is applied across subjects within the corresponding
condition after mapping each subject to a window-aggregated
connectivity estimate. These visual summaries are included to
illustrate interindividual variability in activity and coupling
despite shared performance labels and to emphasize that ceiling-
level discrimination (when observed) is not driven by trivially
visible, condition-averaged graph patterns. The two provided clas-
sification scripts do not generate these figures and do not consume
them as inputs; they are produced by separate visualization
routines external to the predictive pipeline described above.

For the figures reported in this work: (A) depicts the average
topographic arrow map for resting state, (B) the average resting-
state graph, (C) the average topographic arrow map for mental
arithmetic, and (D) the average mental arithmetic graph.
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(A) (B) (C) (D)

Figure 1. Subject 03. Age: 17. Gender: F. Year: 2010. Operations: 31. Quality: 1. Resting-state modularity: 0.190976350905007. Task
modularity: 0.141583786826797

(A) (B) (C) (D)

Figure 2. Subject 34. Age: 18. Gender: F. Year: 2010. Operations: 31. Quality: 1. Resting-state modularity: 0.255394857667585. Task
modularity: 0.2469482421875

(A) (B) (C) (D)

Figure 3. Subject 10. Age: 17. Gender: F. Year: 2010. Operations: 1. Quality: 0.Resting state modularity: 0.140278406518787. Task
modularity: 0.2384033203125.

(A) (B) (C) (D)

Figure 4. Subject 21. Age: 20. Gender: F. Year: 2010. Operations: 1. Quality: 0. Resting-state modularity: 0.0824738747353323. Task
modularity: 0.2303466796875

2.14.1. High performance

2.14.2. Low performanc
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Table 2. Summary performance metrics under the balanced leave-pair-out evaluation. Confidence intervals are exact binomial
(Clopper–Pearson) intervals for the observed accuracy.

Condition Accuracy 95% CI (Clopper–Pearson) Balanced accuracy MCC

Resting state 1.00 (20/20) [0.832, 1.000] 1.00 1.00

Task state 0.95 (19/20) [0.751, 0.999] 0.95 0.905

2.15. Code availability

The complete codebase and full subject-level performance
outputs are available at the referenced repository link [22], and
the summary of the performance metrics is available in Table 2
above.

3. Results

3.1. Performance-group prediction (high vs low)

Under the subject-level, balanced leave-pair-out evaluation
(10 outer iterations; one low- and one high-performance sub-
ject held out per iteration), the classifier produced perfect
out-of-sample separation between low- and high-performance
participants. Across the full cohort (10 subjects per class), overall
accuracy and balanced accuracy were both 1.00, with no observed
false positives or false negatives. The resulting confusion matrix
was:

[10 0
0 10

] .
Equivalently, the class-conditional recalls were 1.00 for both

low- and high-performance labels, and the MCC was 1.00, indi-
cating complete agreement between predicted and true class
assignments under the adopted protocol.

3.2. Task-state classification

In a complementary task-state setting derived from the arith-
metic recordings [1], the model achieved 95% overall accuracy
(19/20 correct), with a single error involving one low-performance
subject misclassified as high-performance. The confusion matrix
was:

[9 1
0 10

] .
This error pattern implies perfect sensitivity for the high-
performance class (recall = 1.00) and a 0.90 recall for the
low-performance class, with high-performance precision of 10/11≈ 0.91 and an MCC of ≈ 0.90. The deviation from perfect classi-
fication is consistent with the limited available arithmetic segment
duration in the dataset relative to the originally intended task
duration [1], which can reduce the stability of windowed connec-
tivity estimates and thereby disproportionately affect borderline
subjects.

4. Discussion

Two primary findings emerge. First, performance-group
prediction reached ceiling accuracy, supporting the claim that
resting-state (pre-task) functional organization can encode sta-
ble individual differences in arithmetic efficiency, in line with
the broader view that graph-theoretic descriptors can capture

behaviorally relevant aspects of brain network organization
[5, 6]. Second, task-state classification remained near-ceiling
with one error, consistent with the expectation that arithmetic
engagement induces network-level signatures detectable through
connectivity-based representations even when data are temporally
constrained [1].

Interpretation and contribution. The main contribution is
empirical, under a subject-level protocol in a public dataset,
baseline (pre-task) connectivity descriptors were sufficient to strat-
ify arithmetic performance groups, complementing prior work
that primarily targets rest–task discrimination rather than per-
formance prediction [3, 4]. The result is also mechanistically
consistent with evidence linking resting-state EEG coherence/con-
nectivity to mathematical improvement and other cognitive traits
[5]. Given the small sample, ceiling accuracy should be interpreted
as a dataset-specific observation rather than a population-level
guarantee; to contextualize, the probability of achieving 20/20
correct by independent random guessing is 2–20 ≈ 9.5 ×
10−7, while the exact 95% lower bound for accuracy is 0.832
(Table 2).

Conceptually, the feature construction strategy is a direct
adaptation of the complex-network EEG classification approach
of reference [10]: direct pairwise coupling (correlation adja-
cency) encodes local channel-to-channel coordination [12], while
transformed-matrix statistics and eigen-spectral summaries pro-
vide global descriptors of graph organization [7, 9]. The initial
modularity-linked pattern observed in resting-state graphs served
as the empirical impetus for implementing this pipeline in a non-
pathological context, and the present results indicate that the same
methodological template can be informative beyond diagnostic
discrimination.

Limitations and validity threats remain material:

1) Segment availability: the arithmetic condition is short in the
available data, which can destabilize connectivity estimates and
downstream features [1].

2) Montage restriction: only two electrodes were used, constrain-
ing the graph to N = 2 nodes and limiting neuroanatomical
interpretability and robustness to channel choice [8, 9].

3) Small sample size: with n = 20, ceiling accuracy warrants
conservative interpretation and should be complemented by
uncertainty quantification, permutation testing, and external
validation.

4) Pipeline audits: in small-n settings, strict separation of train-
ing and test transformations is essential, particularly for any
unsupervised augmentation [19, 20].

5) Exceptional phenotypes: individuals exhibiting extraordinary
or atypical neurocognitive configurations (e.g., extreme com-
pensatory reorganization or rare calculation abilities) would
be difficult to categorize within the present framework
and may violate implicit population assumptions; however,
should such cases be identified, they would warrant dedi-
cated, case-specific experimental designs and higher-density
electrophysiological recordings rather than inclusion in a
normative, pathology-free predictive cohort [23–42].
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5. Conclusion

A complex-network EEG feature-engineering pipeline orig-
inally developed for mental pathology discrimination [10] was
adapted to mental arithmetic recordings [1] and achieved
ceiling-level separation of low- versus high-performance partic-
ipants, with near-ceiling classification in a task-state setting.
The results motivate replication with larger cohorts, longer
task recordings, and higher-density montages, alongside stricter
out-of-sample handling of any unsupervised components and
formal uncertainty quantification to establish robustness and
generalizability.
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