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ABSTRACT: Error-related potential (ErrP) classifica-
tion methods for brain-computer interface deployment
have separately addressed causal filtering, calibration-
free generalization, and interpretability, but no existing
approach combines all three. We propose ERP-XTTN,
a cross-attention architecture using fixed difference-wave
prototypes with temporal windows derived from training
data. A peak-detection algorithm identifies ErrP compo-
nents from the grand-average difference wave and sets
window boundaries at smoothed zero-crossings. The pro-
totypes serve as keys in a cross-attention mechanism with
no value projection, so classification depends entirely on
interpretable attention routing. We evaluate via leave-
one-subject-out (LOSO) cross-validation on two datasets
(BNCI Horizon 2020, 6 subjects; HRI Cursor, 11 sub-
jects) with causal filtering and no hyperparameter tuning.
ERP-XTTN achieves 0.782/0.836 AUROC (BNCI/HRI)
using three midline channels and remains competitive
with two. Attention maps reveal class-discriminative
routing aligned with event-related potential (ERP) com-
ponent timing on both datasets. These results show that
data-driven prototypes can approach black-box perfor-
mance while preserving interpretability grounded in ERP
component timing, without sacrificing causal filtering or
calibration-free generalization.

INTRODUCTION

Error-related potentials (ErrPs) are neural signals measur-
able via electroencephalography (EEG) that arise when
a person observes or commits an erroneous action [1].
These potentials can provide brain-computer interfaces
(BCIs) with implicit error-detection capability, enabling
system correction without explicit user input.
Deployment-ready ErrP classification requires meeting
several constraints at once. For online compatibility, fil-
tering must be causal (forward-only), which can reduce
signal quality relative to acausal filtering. We empha-
size causal filtering because it is a necessary prerequi-
site that most offline evaluations omit: acausal filter-
ing incorporates future samples, producing inflated accu-
racy estimates that cannot be reproduced in any forward-
processing pipeline. Practical deployment also limits
channel count (many commercial devices lack research-
grade coverage [2]) and cannot depend on subject-
specific calibration, which delays setup and limits scal-

ability. Finally, clinical and safety-critical applications
demand that classification decisions be interpretable, not
merely accurate.
Prior works have addressed each of these issues sepa-
rately. Cross-subject causal ErrP classification has been
demonstrated online using PCA-based dimensionality re-
duction and shrinkage linear discriminant analysis (LDA)
with personalized decision thresholds under a full 61-
channel montage [3]. This pipeline requires dedicated
electrooculographic (EOG) channels with a calibration
recording for artifact removal, and the PCA feature space
is defined over the full electrode set, preventing direct
application to reduced montages. Calibration-free cross-
subject ErrP decoders have also been demonstrated us-
ing ensemble classifiers in a simulated online setting
[4] and using generalized LDA models on one of the
datasets used in this work [5], though without inherent
interpretability or minimal-channel constraints. At re-
duced channel counts, Ancau et al. [6] demonstrated
online single-channel ErrP decoding from a consumer-
grade headset using deep learning, though without cross-
subject evaluation or interpretability. Wimmer et al.
[7] showed that combining minimal EEG montages with
pupillometric signals can partially recover accuracy lost
from channel reduction, though under acausal prepro-
cessing and without interpretability. LOSO evalua-
tion on BNCI has been demonstrated using convolu-
tional neural network (CNN)-transformer architectures
[8, 9], reaching 0.755 area under the receiver operat-
ing characteristic curve (AUROC) with two channels
(FCz, Cz), but without inherent interpretability. Gradient-
weighted Class Activation Mapping (Grad-CAM) has
been applied to a neuroscience-informed CNN archi-
tecture for interpretable cross-subject error-related neg-
ativity (ERN) classification [10], demonstrating align-
ment between learned features and known ERP compo-
nent timing, though under offline preprocessing and with
post-hoc rather than inherent interpretability. Chan et al.
[11] used post-hoc explainability methods to systemati-
cally reduce the EEG setup for asynchronous ErrP de-
coding under LOSO evaluation, retaining performance
with as few as 10 channels, though the interpretability
informs setup design rather than individual classifica-
tion decisions. Prototype-based ERP classification has
been explored for P300 in rapid serial visual presentation
(RSVP) tasks [12], using learned prototypes matched via
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Euclidean distance in a CNN feature space, but without
attention-based routing or application to ErrPs. To the
best of our knowledge, no prior work has met all these
deployment constraints at once: causal filtering, cross-
subject generalization without calibration, minimal chan-
nels, and inherent interpretability.
We propose a cross-attention architecture designed to
satisfy all these constraints simultaneously. Fixed
difference-wave prototypes are extracted automatically
from training data via a constrained peak-detection pro-
cedure applied to the grand-average difference wave of
the training subjects. Classification is based directly
on attention weights, ensuring that all discriminative in-
formation flows through interpretable prototype-to-signal
routing. We evaluate the model under LOSO cross-
validation with causal infinite impulse response (IIR) fil-
tering on two public benchmarks and show competitive
performance on 2- and 3-channel montages.
To our knowledge, this is the first inherently interpretable
ErrP classifier evaluated under LOSO with causal filter-
ing on standard benchmarks. We show that this inter-
pretability comes at an average cost of only 0.026 AU-
ROC relative to EEGNet [13] in the 3-channel configura-
tion, and that attention routing patterns suggest subject-
specific differences in component-level routing across
two datasets.

METHODS

Datasets: Two publicly available datasets (BNCI Hori-
zon 2020 and HRI Cursor) were used to evaluate the pro-
posed model.
BNCI Horizon 2020 is a 64-channel EEG dataset col-
lected from 6 subjects in an observation-error paradigm
[14]. Subjects were asked to monitor the performance of
an agent moving a cursor toward a target; errors occurred
on roughly 20% of trials. The dataset is publicly available
at https://bnci-horizon-2020.eu/database/data-sets.
HRI Cursor is a 27-channel EEG dataset collected from
11 subjects during a cursor-control choice-reaction-time
task [15]. Participants responded to one of three target
stimuli via keypress, and feedback was presented as a
cursor moving toward (congruent) or away from (incon-
gruent) the target; errors occurred on roughly 35% of
trials. Only the cursor scenario was used in this work;
a companion robot-head-turn scenario from the same
study was excluded. The dataset is publicly available at
https://github.com/stefan-ehrlich/dataset-ErrP-HRI/.

Preprocessing: A causal IIR 4th-order Butterworth 1-
10Hz bandpass filter was applied to both datasets before
epoching to 0-800ms after event onset. BNCI was down-
sampled from 512Hz to 256Hz after filtering. HRI was
sampled at 256Hz and required no downsampling. Base-
line correction, re-referencing, and spatial filtering were
omitted to evaluate performance under constraints com-
patible with online, zero-calibration deployment.
Three channel sets were used: a 2-channel midline set
(Fz, Cz), a 3-channel midline set (Fz, Cz, Pz), and the

full montage (64 for BNCI and 27 for HRI). The 2- and 3-
channel configurations were selected based on the known
frontocentral topography of ErrP components [1]. While
FCz is often reported as the highest-amplitude ErrP chan-
nel [16], it is absent from many commercial and research-
grade montages, including HRI. Selecting a channel set
available across both datasets tests robustness to realis-
tic montage variability and supports deployment across
heterogeneous recording setups.

Architecture (ERP-XTTN): The proposed model, ERP-
XTTN, classifies trial epochs by routing input EEG
patches to a set of fixed ERP prototypes via query-key
(QK)-only cross-attention, then classifying directly from
the resulting attention-weight distribution (Figure 1).

Figure 1: ERP-XTTN architecture. Input patches serve as
queries (Q) into a QK-only cross-attention module against K=4
frozen ERP prototypes derived from the training set’s grand-
average difference wave via P-N-P-N peak detection. The
attention-weight distribution over prototypes (the interpretable
representation) is directly classified. Patch and positional em-
beddings (dotted line) are shared between the input and proto-
type paths. Prototypes are recomputed per LOSO fold.

Prototypes are derived from the grand-average training-
set difference wave (mean error - mean correct) and,
within each LOSO fold, are recomputed twice: first on
the phase-1 training split used for validation-based epoch
selection, and then on the full non-test training pool for
phase-2 retraining at the selected epoch count. On the
Cz channel of the smoothed difference wave (Gaussian
kernel, σ = 2 samples), peaks are detected subject to a
P-N-P-N polarity constraint reflecting the canonical ErrP
morphology: an initial positivity (P1), the error negativ-
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Figure 2: Difference-wave prototypes (Cz shown; HRI dataset; 3-channel configuration) derived from the grand-average error-minus-
correct waveform. Each column shows one prototype: P1 (77–200ms), Ne (200–275ms), Pe (275–375ms), and LateN (375–515ms).
Shaded regions indicate prototype windows. Thin lines show individual LOSO fold prototypes (n = 11); thick lines show their mean.

ity (Ne), the error positivity (Pe), and a late negativity
(LateN) [16]. All local extrema exceeding a prominence
threshold of 0.1 are identified; P1 is anchored as the ear-
liest positive peak at least 50ms post-stimulus, and the
remaining three components are selected as the N-P-N
chain maximizing total prominence. Each peak is ex-
panded to a window bounded by zero-crossings of the
smoothed signal and clamped to 40–200ms width. The
multichannel difference wave within each window forms
one prototype; values outside the window are zeroed,
yielding a prototype tensor of shape (K=4, C, T). Pro-
totypes are frozen during training. An example set of re-
sulting prototypes for the HRI 3-channel configuration is
shown in Figure 2.
Input epochs (shape C channels × T = 206 samples) are
divided into non-overlapping patches of width 8 samples,
linearly projected to d_model = 64, and summed with a
learned positional encoding (N = 25 patches). Dropout
of 0.3 is applied after embedding. Prototypes pass
through the same shared patch embedding, are mean-
pooled across patch positions, and receive a positional
encoding indexed at each prototype’s temporal center.
Input patches are first passed through a single
transformer-style self-attention layer. This layer applies
pre-norm LayerNorm, multi-head self-attention (H = 4
heads, d_head = 16), output projection, and a residual
connection, with dropout of 0.3 on the attention weights.
Cross-attention is then computed between input patch
queries and prototype keys using separate LayerNorms,
linear projections to d_model, and multi-head scaled dot-
product attention (H = 4), with logits clamped to [-10,
10]. Crucially, no value projection is used; instead, the
softmax attention weights over the K = 4 prototypes are
themselves the learned representation. This design con-
strains the model’s discriminative representation to proto-
type routing patterns, providing inherent interpretability
without post-hoc analysis.
Finally, attention weights are averaged across heads,
yielding a (B, N, K) tensor, flattened to (B, 100), and
passed through a single linear layer to produce a scalar
logit. The full model has approximately 28,645 trainable
parameters in the 3-channel configuration. Single-trial
inference time is 0.94 ms (median) on CPU (AMD Ryzen
9 8945HS).
The model was trained with AdamW (lr = 1× 10−3,
weight decay = 1× 10−4) using linear warmup for 5
epochs followed by cosine annealing over 100 epochs;

beyond 100 epochs, the learning rate was held at 10−5.
Gradient norms were clipped at 1.0. The loss was bi-
nary cross-entropy with a positive class weight equal to
the inverse class frequency ratio (ncorrect/nerror). Batch
size was 32. Data augmentation consisted of temporal
jitter (uniform±10 samples) and additive Gaussian noise
(x← x+0.1 ·N(0,1) in normalized units), applied during
training only.

Baseline (EEGNet): As a deep learning baseline for
comparison, we used EEGNet with F1=8, D=2, and a
kernel length of 128 samples, yielding 2,017 trainable
parameters for the 3-channel configuration. We used
the same preprocessing, training pipeline, hyperparam-
eters, and evaluation protocol as for ERP-XTTN, includ-
ing matched augmentation (temporal jitter and amplitude
noise).

Evaluation: We evaluated both models using leave-
one-subject-out (LOSO) cross-validation. Within each
dataset, each subject served as the test set exactly once,
with all remaining subjects forming the training set. To
simulate zero-calibration deployment, no subject data
from the held-out test subject was used during training.
Within each LOSO fold, early stopping on a stratified
validation split determined the optimal epoch count (pa-
tience 15, max 250 epochs, AUROC criterion). The final
model was then retrained from scratch on all training and
validation data for that epoch count.
The primary evaluation metric was AUROC, which is
threshold-independent and robust to class imbalance.
Balanced accuracy was computed at a fixed decision
threshold of 0.5 on the sigmoid output, applied uniformly
across all subjects and configurations. All reported re-
sults were obtained without hyperparameter optimiza-
tion. Identical architectures, hyperparameters, and train-
ing procedures were used across both datasets and all
channel configurations.

RESULTS

Table 1 summarizes AUROC for both architectures
across all channel configurations, while Table 2 re-
ports balanced accuracy (BA). At the 3-channel mid-
line configuration, ERP-XTTN achieves 0.782±0.058
AUROC on BNCI and 0.836±0.107 on HRI, compared
to 0.806±0.077 and 0.864±0.091 for EEGNet. At
the 2-channel midline configuration, ERP-XTTN scores
0.775±0.076 and 0.817±0.115, versus 0.777±0.082 and
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Table 1: AUROC (mean ± std, LOSO)
Dataset Channels ERP-XTTN EEGNet
BNCI 2 .775 ± .076 .777 ± .082
BNCI 3 .782 ± .058 .806 ± .077
BNCI 64 .805 ± .060 .842 ± .071
HRI 2 .817 ± .115 .839 ± .105
HRI 3 .836 ± .107 .864 ± .091
HRI 27 .834 ± .100 .884 ± .073

Table 2: Balanced accuracy (mean ± std, LOSO)
Dataset Channels ERP-XTTN EEGNet
BNCI 2 .698 ± .062 .703 ± .065
BNCI 3 .687 ± .058 .722 ± .064
BNCI 64 .719 ± .056 .756 ± .084
HRI 2 .739 ± .102 .762 ± .104
HRI 3 .759 ± .100 .779 ± .091
HRI 27 .747 ± .089 .784 ± .082

0.839±0.105 for EEGNet. At full montage (64-
channel BNCI, 27-channel HRI), ERP-XTTN reaches
0.805±0.060 and 0.834±0.100, compared to 0.842±0.071
and 0.884±0.073. BA patterns are consistent with AU-
ROC: EEGNet leads across all configurations, and the
gap between models follows the same channel-scaling
trend.
The 3-channel midline configuration retained nearly all
of the full-montage AUROC for ERP-XTTN. On HRI,
3-channel AUROC slightly exceeds full-channel perfor-
mance (0.836 vs 0.834).
For the 3-channel midline configuration, ERP-XTTN
outperformed EEGNet on 2 of 6 BNCI subjects, includ-
ing subject 6 (0.702 vs 0.672 AUROC). On HRI, subject 4
showed near-ceiling performance for both models (0.980
and 0.986), while subject 10 had the lowest AUROC for
both (0.546 and 0.636). Cross-subject AUROC standard
deviation on BNCI was lower for ERP-XTTN than EEG-
Net (0.058 vs 0.077). Per-subject AUROC rank-order
agreement between models was high (Spearman ρ = 0.94
on BNCI and ρ = 0.93 on HRI).
At the 3-channel midline configuration, attention routing
differed systematically between error and correct trials.
The most consistent pattern was reduced attention to the
Ne prototype on error trials: mean Ne attention dropped
from 0.466 to 0.340 on BNCI and from 0.503 to 0.337 on
HRI, with compensatory increases distributed across the
remaining prototypes. The strongest temporal contrast on
BNCI occurred at ~359ms, where Ne routing decreased (-
0.190) and Pe routing increased (+0.221). On HRI, posi-
tive routing effects were distributed primarily between P1
(+0.234 at 266ms) and LateN (+0.234 at 422ms), with a
smaller Pe contribution.
Per-subject routing was heterogeneous but structured.
On BNCI, Pe carried the dominant positive routing ef-
fect in 5/6 subjects, with subject 6 dominated by P1
instead. On HRI, subjects split between P1-dominant
(5/11) and LateN-dominant (5/11) routing, with one Pe-
dominant subject. Ne routing remained negative (stronger
for correct than error) in 5/6 BNCI and 10/11 HRI sub-
jects. Routing contrast magnitude tracked with perfor-

Figure 3: Difference-wave prototypes (top) and attention rout-
ing for high-confidence, true positive (error) and true negative
(correct) trials from two HRI subjects in the 3-channel mid-
line configuration. Both subjects show class-dependent rout-
ing, with Ne-dominant attention on correct trials and increased
Pe and LateN engagement on error trials. Per-subject differ-
ences are visible in which prototypes are attended: for example,
subject 3 shows Ne-dominant routing in the 250–300ms range
on error trials, while subject 10 routes more strongly through
LateN and P1 in the same window. These routing profiles are
read directly from the model’s attention weights without post-
hoc analysis.

mance: the lowest-performing subjects showed the weak-
est error-vs-correct separation (BNCI subject 6: AUROC
0.702, max |∆|=0.208; HRI subject 10: AUROC 0.546,
max |∆|=0.129), while the highest-performing subject
showed the largest (HRI subject 4: AUROC 0.980, max
|∆|=0.722). The same patterns appeared at 2 channels
and full montage, though Ne-dominant contrast was less
stable. Figure 3 shows representative high-confidence
error and correct trials from two HRI subjects at the
3-channel midline configuration, illustrating the class-
dependent and subject-specific routing patterns described
above.

DISCUSSION

The proposed ERP-XTTN classifier provides an inher-
ently interpretable approach to deployment-compatible,
cross-subject ErrP classification. With sub-millisecond
CPU inference, it is compatible with deployment on mod-
est hardware. Classification is based entirely on cross-
attention routing to data-driven prototypes derived from
canonical ErrP morphology, making the decision process
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directly inspectable.
Figure 3 shows trial-level routing for two HRI subjects
spanning a wide AUROC range. The Ne-dominant rout-
ing on correct trials, present at the group level on both
datasets, may reflect the absence of the distinctive ErrP
deflection sequence: without the Pe and LateN com-
ponents that characterize error processing, the signal in
the Ne window becomes the most informative template
for identifying correct trials. This is consistent with the
model exploiting known ERP component timing, though
the alignment is not guaranteed by the architecture; the
model could in principle learn to ignore the prototypes
or route arbitrarily. Regardless of the underlying neuro-
physiological explanation, the routing patterns provide a
concrete, trial-level account of each classification deci-
sion. This degree of transparency is difficult to obtain
with black-box alternatives.
As Table 1 shows, the cost of this interpretability is mod-
est: the mean gap between ERP-XTTN and EEGNet is
0.026 AUROC at the 3-channel midline configuration,
similar across both datasets (0.024 BNCI, 0.028 HRI).
The gap widens with channel count, from 0.002–0.022 at
2 channels to 0.024–0.027 at 3 channels and 0.037–0.050
at full montage. This pattern is expected: EEGNet’s
depthwise-separable convolution learns spatial filters that
benefit from additional channels, while ERP-XTTN’s
fixed prototypes constrain spatial learning by design. The
interpretability cost is therefore smallest precisely where
deployment constraints are tightest. At 3 midline chan-
nels, ERP-XTTN largely matches its own full-channel
AUROC, suggesting that additional channels may intro-
duce noise without improving discrimination for this ar-
chitecture.
BNCI subject 6 is the sole case where ERP-XTTN out-
performs EEGNet (0.702 vs 0.672). This exception is
notable given the otherwise high rank-order agreement
between models on BNCI (Spearman ρ = 0.94). Sub-
ject 6 has the fewest error trials and the highest noise
floor in the dataset, and Ren et al. [9] independently
noted that this subject’s ERP morphology differed sub-
stantially from that of the remaining five participants. For
such atypical subjects, fixed prototypes may provide a
stronger inductive prior: when error trials are scarce, they
regularize against overfitting, and when individual ERP
morphology deviates from the population, they anchor
classification to canonical component timing rather than
to idiosyncratic patterns. ERP-XTTN also shows lower
cross-subject variance on BNCI (0.058 vs 0.077), though
N=6 limits the strength of this observation. If this pattern
holds in larger samples, ERP-XTTN may offer an advan-
tage precisely where it matters most: atypical or low-data
subjects who are hardest to serve in zero-calibration set-
tings.
The correlation between routing contrast magnitude and
per-subject AUROC suggests that attention weights carry
information beyond classification. In an online BCI con-
text, routing profiles could help flag subjects whose ERP
morphology deviates from the training population, in-

forming whether to trust the classifier output or initiate
recalibration. This dual-use potential (classification and
diagnostics from the same forward pass) is unavailable
from black-box classifiers, even when augmented with
post-hoc analysis. Jalilpour and Müller-Putz [10] achieve
interpretability only through post-hoc Grad-CAM ap-
plied to a learned feature space, and Wei et al. [12] learn
prototypes for P300 classification in a learned feature
space using Euclidean distance with no attention trans-
parency over the prototypes. In ERP-XTTN, the attention
weights are themselves the explanation.

On the classification pipeline side, several prior works
have addressed subsets of the constraints targeted here.
Lopes-Dias et al. [3] demonstrated online cross-subject
causal ErrP classification with causal filtering, PCA-
based dimensionality reduction, and shrinkage LDA over
a full 61-channel montage, with subspace subtraction re-
quiring dedicated EOG channels and a pre-experiment
calibration recording. Personalized decision thresholds
were additionally updated during the first three experi-
mental blocks. These montage and calibration require-
ments limit direct transfer to reduced or heterogeneous
channel configurations. Ren et al. [8] evaluated a CNN-
transformer architecture under LOSO on BNCI but used
common average reference (CAR) re-referencing and
non-causal finite impulse response (FIR) filtering across
all 64 channels and included no interpretability mech-
anism. A follow-up study [9] reduced the input to 2
channels (FCz, Cz) with Butterworth filtering, achieving
0.755 and 0.737 AUROC on BNCI sessions 1 and 2 re-
spectively under LOSO. ERP-XTTN achieves 0.775 AU-
ROC at 2 channels (Fz, Cz), exceeding both per-session
results despite stricter, deployment-oriented preprocess-
ing constraints and the substitution of Fz for the typically
higher-amplitude FCz. On HRI, Schönleitner et al. [5] re-
ported 72.7% balanced accuracy with a generalized LDA
using all 27 channels; ERP-XTTN achieves 75.9% bal-
anced accuracy with three midline channels and inherent
interpretability. Taken together with the interpretability
distinctions from Jalilpour and Müller-Putz [10] and Wei
et al. [12] discussed above, ERP-XTTN is, to our knowl-
edge, the first ErrP classifier to combine LOSO cross-
validation, causal filtering, no spatial filtering, and inher-
ent interpretability on standard benchmarks, with com-
petitive AUROC scores.

Limitations: Several limitations should be noted. The
evaluation is limited to two datasets totaling 17 subjects,
which limits the strength of the generalization claims. All
results are based on offline replay; no online or real-time
validation was performed. Causal filtering addresses only
one prerequisite of online deployment; asynchronous de-
tection without time-locking markers remains an open
challenge. No hyperparameter tuning was conducted for
either model, so reported performance may not reflect the
full capacity of either architecture. Fixed prototypes are
derived from grand-average difference waves and may
not optimally capture individual variation in ERP mor-
phology. No direct comparison with classical pipelines
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(xDAWN+LDA) was included. Finally, balanced accu-
racy lags AUROC more for ERP-XTTN than for EEG-
Net, suggesting that the fixed 0.5 decision threshold is
suboptimal in the LOSO setting. In deployment, where a
fixed threshold must be chosen without per-subject cali-
bration, this gap warrants further investigation.

CONCLUSION

This work introduced ERP-XTTN, a cross-attention ErrP
classifier that routes input EEG through fixed, data-
derived prototypes grounded in canonical ErrP morphol-
ogy. We evaluated it under strict deployment-relevant
constraints across two public datasets and three channel
configurations, demonstrating competitive performance
with inherent per-trial interpretability.
Several directions remain for future work. Expanded
evaluation across additional datasets (including different
ERPs such as P300, N200, and feedback-related negativ-
ity), FIR filter comparison, and classical pipeline bench-
marking (xDAWN+LDA) are planned for a journal ex-
tension. Online real-time validation is the most impor-
tant next step for assessing deployment viability. Min-
imal subject-specific fine-tuning with a brief calibration
session could further close the performance gap while re-
taining the interpretability benefits of the fixed-prototype
architecture.
ERP-XTTN demonstrates that inherent interpretability in
ErrP classification need not come at a substantial per-
formance cost. With 3 midline channels, it achieves
AUROCs of 0.782 on BNCI and 0.836 on HRI, within
0.026 of EEGNet on average, while providing direct, per-
trial transparency through interpretable routing over data-
driven ERP prototypes. These results hold under causal
filtering, LOSO cross-validation, and no spatial filtering,
satisfying the constraints that online, calibration-free BCI
deployment demands.
Code is publicly available at https://github.com/
cgenevier/ERP-XTTN; the version used to produce
these results is archived on Zenodo [17].
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