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FORMALIZATION AND OPTIMIZATION OF SOFTWARE COMPONENT
PIPELINES FOR ELECTROENCEPHALOGRAPHIC SIGNAL CLASSIFICATION

The article proposes a formalized approach to the construction and optimization of software component pipelines for
electroencephalographic (EEG) signal classification. This is caused by the limitations of existing methods, which are usually empirical
when defining software component pipeline configurations, as well as by the lack of a formalized procedure for selecting optimal
software components that considers not only one specific metric but a set of metrics. The aim of the study is to formalize and optimize
software component pipelines as a basis for their automated usage in a software system for EEG signal classification. The article
proposes using a tree-like directed graph structure to represent the software component pipeline. The nodes of the structure
correspond to software components, while the edges define valid directions of data transfer between processing stages. To ensure
acycdlicity, a valid sequence of stages, compatibility of software components, and structural completeness of configurations, rules for
constructing the structure are defined. The optimization procedure involves formalized multi-metric evaluation. The evaluation metrics
Include accuracy, F1 score, area under the ROC curve, and normalized processing time per signal sample. All metrics are normalized,
brought to a common minimization direction, and combined into an objective function with weight coefficients. The search for the
optimal software component pipeline configuration is implemented using mixed-integer linear programming. The experimental
verification of the proposed solutions was performed using real EEG data related to the motor activity of human upper limb fingers.
Within the constructed tree-like directed graph structure, 8 valid software component pipeline configurations were formed. According
to the optimization results, the optimal software component pipeline configuration for the baseline scenario with equal metric weights
was "PCA — CNN”. The obtained results confirmed the correctness of the proposed formalizations, their consistency with each other,
and their practical suitability for automated construction and optimization of software component pipelines for EEG signal classification.

Keywords. electroencephalographic signals, classification, motor activity, brain-computer interface, computation, software
system, optimization, graph, algorithm.

CTE®AHUIINH IBan, ALIUIINH Bacuns

TepHoIiNbCHKUI HalliOHAIBHUH MOJIITEXHIYHUN YHIBepcuTeT iMeHi [Bana [Tymos

POPMAJIIBALLA TA ONTUMIBANIA KOHBEEPIB IPOI'PAMHHUX
KOMITIOHEHTIB KITACU®IKALII EJIEKTPOEHUHE®AJIOI'PA®TYHUX
CUI'HAJIIB

Y cTarTTi 3arnpornoHoBaHo opmani3o0BaHui rigxia Ao rpoLecy rnobyAoBu 1a OrnTUMI3aLii KOHBEEDIB MPOrpaMHuX KOMIIOHEHTIB
Knacngixallii EEI” curHasnis. Lje o6yMOBIEHO HEAOCKOHAIICTIO ICHYIOYMX METOLIB, 333BNYak, EMITIPUYHMX, ITPY BUIHAYEHHI KOHQIrypaLii
KOHBEEPIB, @ TaKOXX BIACYTHICTIO (hOpMasli30BaHOI NPoLES Yy BUOOPY ONTUMAE/IbHUX IPOMPaMHNX KOMITOHEHTIB, SIKa BPAXOBYE HE JLIe
OfHY KOHKPETHY METDUKY, @ MHOXUHY METPUK. METOKO po60TH € (hopMasii3aLlis ¥ ornTuMi3aLlii KOHBEEDIB MPOrpamMHuX KOMIOHEHTIB K
OCHOBY IX aBTOMATHU30BAHOIO BUKOPUCTaHHS B [TPOrpamMHivi cuctemi knacugixawlii EEI-curtasnis. Y crarti 415 NpEACTABIEHH KOHBEEPA
3arporioHOBAaHO BUKOPUCTATU [EPEBOBUAHY OPIEHTOBAHY rpagoBy CTPYKTYpy. Bys/m CTpDyKTypu BigrioBiAaoTs  porpPamMHUM
KOMITOHEHTAaM, a pebpa 3a4ar0Tb AOMYCTUMI HAIPSIMU MEPEAABAHHS AaHUX MK eTaramm 06pobku. L1715 3a6e3reYeHHs aLUnK/IYHOCTI,
JOIMyCTUMOI IOC/I0BHOCTI €TarliB, CyMICHOCTI KOMITOHEHTIB [ CTPYKTYPHOI 38BEPLLIEHOCTI KOHQIrypaLivi BUSHAYEHO 1pasunsia rnoby[osmu
crpykTypu. [lpouyegypa ontumizayii nepegbayac rnpoBegeHHs 6aratoMETPHUKOBOro (DopMasii30BaHOM0 OLHIOBaHHS. [Jo METpukK
OLJIHIOBAHHSA BXOAATb TOYHICTB, F1-Mipa, riowa nig ROC-KpUBOK Ta HOPMA/I30BaHUI Yac 06po6Ku OAHOIo 3paska. Yci MeTpuku
HOPMYIOTBCS, TPUBOASTLCS 40 EANHOIO Harpamy MIHIMI3aLli' 1a 06 €4HYOTLCS Y Li/IbOBY yHKUIO 3 BaroBumu KoegilieHTamm. Towyk
HaubINbLL  ONTUMATIBHOI  KOHQIrypaLii KOHBEEPa pPeasli3yeTbCa METOAOM  3MIlIGHO-LIISIOYNCIOBOrO  JIIHIMHOIO  rporpamyBaHHs.
EKCrIEPUMEHTAE/IbHA BEPUDIKALIS 33TPOIMOHOBAHNX PILLEHb BUKOHAHA Ha peasibHux EEIM-[aHnx MOTOPHOI aKTUBHOCTI 11a/1bLiB BEPXHIX
KIHLIBOK. Y Mexax ro6yJoBaHoI CTPYKTypU CQOPMOBAHO 8 AOMYCTUMUX KOHQIrypauiyi KOHBEEPA MpOrpamMHUX KOMITOHEHTIB. 38
PE3YIbTATaAMM ONTUMI3ALIT KOHBEEPIB /151 6A30BOIroO CLEHAPINO 3 O4HAKOBUMU Baramu METPUK € kKoH@irypayia PCA — CNN. OgepkaHi
Pe3yribTaTv MiATBEPANIIN KOPEKTHICTL 3aMPOIIOHOBAHNX OPMAri3aLiv, iX y3rofKeHicTe MK COBO Ta MPaKTUyYHy rMpuaaTHICTb 4715
aBTOMaTU30BaHOI 1o6YA0BY ¥ ONTUMI3aLlii KOHBEEPIB rPOrpamMHuX KOMIIOHEHTIB Kaacugikaii EEI-curHasia.

Kmo4oBi  ¢10Ba:  €/1eKTPOEHLePaIorpagiyHi  CurHamm, Kaacuikallis, MOTOPHa aKTUBHICTb, MO30K-KOMITIOTEPHMI
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STATEMENT OF THE PROBLEM

The quality of a software system for EEG signal classification in brain-computer interfaces (BCI) is
determined not by a separate algorithm, but by the consistency of the entire pipeline, which includes the stages of
preprocessing, data enhancement, feature extraction, dimensionality reduction, and classification [1]. For motor
activity recognition tasks, this is especially important due to the high variability of signals, the presence of artifacts,
intersubject differences, and processing time constraints [2-3].

To ensure the quality of a software system for EEG signal classification in BCI, two main problems must be
solved: the construction and formalized representation of the software component pipeline for EEG signal
classification, and the development of a procedure for its optimization. Solving the first problem makes it possible to
formally define the structure of the software component pipeline, determine the set of its valid configurations, define
rules for combining software components, and verify the correctness of their construction.

Solving the second problem ensures a justified selection of the optimal configuration of the software
component pipeline based on a set of metrics in accordance with the requirements of a specific applied task.

ANALYSIS OF RECENT STUDIES AND PUBLICATIONS

Modern studies on EEG signal classification for upper limb motor activity recognition mainly use a typical
processing pipeline that includes preprocessing, data enhancement, feature extraction, dimensionality reduction,
classification, and result evaluation. The authors’ previous systematic review of this research area showed that this
structure is dominant in most studies [1].

Recent publications mainly focus on improving individual stages of the pipeline. In studies [2-3],
classification quality is improved by refining separate signal processing methods and classification models. At the
same time, these approaches do not present the software component pipeline for EEG signal classification as a
formalized construction object for which the structure, rules for combining software components, constraints on their
use, and the set of valid configurations can be defined. As a result, pipeline construction remains mostly empirical,
while its configuration is formed without a formal definition of valid alternatives.

The issue of optimizing the formed configurations also remains insufficiently studied. The authors’ previous
systematic review found that most studies select between alternative pipeline variants by directly comparing the best
or average values of individual metrics, primarily classification accuracy [1]. This does not sufficiently support
pipeline optimization, since it does not make it possible to integrate several metrics at the same time, including
accuracy, robustness, and computational costs, and does not ensure that the selected configuration is aligned with the
requirements of a specific applied task.

The usage of AutoML systems in BCI tasks also requires separate analysis. The authors’ previous systematic
review found that existing AutoML solutions simplify the automation of model and hyperparameter selection;
however, they do not provide an explicit representation of EEG pipeline stages as controllable components and are
mainly focused on single-objective optimization [1]. As aresult, they do not allow the formal description of the set of
valid configurations, the definition of rules for their construction, or the controlled selection of the pipeline structure
according to the requirements of a specific applied task.

PRESENTING THE MAIN MATERIAL

1. Formalization of software component pipeline construction

To reduce dependence on empirical construction of software component pipelines for EEG signal
classification, their formalized representation as a tree-like directed graph structure is proposed (see Fig. 1). Within
this representation, the nodes correspond to individual software components and signal processing stages, while
directed edges define the valid directions of data transfer between them.

This representation makes it possible to describe the pipeline not as a manually formed sequence of
algorithms, but as a formally defined object with predefined structural relationships and construction rules. As a result,
pipeline construction is shifted from the level of manual combination of individual methods to the level of formal
definition of a valid configuration suitable for verification, comparison, and further optimization.

Preprocessing Classification Dimensionality Reduction Data Enhancement
/ \ 4 v
Classification Feature Extraction Classification

7S

Classification

Fig. 1. An example of a tree-like directed graph structure of a software component pipeline
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As shown in Fig. 1, the tree-like directed graph structure defines the composition of the software component
pipeline, the order of interaction between software components, and the valid transitions between EEG signal
processing stages. This makes it possible to consider the software component pipeline not as a manually sequence of
algorithms, but as a formally defined object suitable for verification, modification, and further optimization.

1.1 Advantages of using a tree-like directed graph structure in software component pipeline
construction

An important advantage is the possibility of verifying the correctness of a software component pipeline
configuration before computations are launched. Since the connections between nodes are formed according to
predefined rules, the constructed tree-like directed graph structure can be checked for compliance with the logic of
processing stages, absence of cycles, structural completeness, and compatibility of software components. This
verification makes it possible to exclude invalid configurations before the evaluation stage, which increases the
validity of further analysis.

Another advantage is the possibility of formally representing a set of alternative configurations within a
single tree-like directed graph structure. In this case, different configurations of the software component pipeline are
considered not as separate manually constructed variants, but as elements of a single space of valid solutions. This
creates a basis for their systematic study, reproducible comparison, and targeted selection according to the
requirements of a specific task.

It is fundamentally important that this structure creates a basis for further optimization. When nodes,
connections, and constraints are formally defined, the task of selecting the optimal configuration of the software
component pipeline is reduced to a search within the set of valid configurations, rather than an informal comparison
of manually formed combinations of algorithms. Due to this, pipeline construction and selection can be included in a
single formalized procedure of evaluation and optimization according to the requirements of a specific EEG signal
classification task.

1.2 Mathematical representation of the tree-like directed graph structure of a software component
pipeline

To formally represent the construction process of an EEG signal classification pipeline, we introduce a tree-
like directed graph structure (1):

G=W,E),V={v,.. vLESVXV, (1)

where I/ — the set of nodes, E — the set of directed edges between nodes, n — the number of nodes.

Each node v € V corresponds to a separate software component that implements a specific stage of EEG
signal processing, while each edge (u,v) € E defines a valid direction of data transfer from component u to
component v.

To represent the assignment of nodes to processing stages, we introduce a node type function (2):

TV > S, 2
where S — the set of pipeline stages: preprocessing, data enhancement, feature extraction, dimensionality

reduction, and classification.
A separate software component pipeline is defined as a directed path in the graph (3):

T = (Vg,Vq,--+» Vi), (3)

where k — the number of transitions between nodes. For each pair of neighboring nodes in the path, the
following condition must hold (4):

(wi_u,v)€EEi=1,....k 4)
To formalize the validity of construction, we introduce a stage order function (5):
p:S—>N (5)
Equation (5) represents the logical order of data flow within the pipeline. Therefore, for each edge(u, v) € E

the following condition must hold (6); it prevents transitions to previous processing stages and ensures the direction
of the pipeline from the initial components to classification:

p(rW) < p(r(v)) (6)
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The tree-like nature of the structure is defined by the existence of a single initial node € V, which has no
incoming edges, while each other node has no more than one direct predecessor. This makes it possible to define
alternative branches of pipeline construction without violating the integrity of the structure and without forming
cycles.

In this representation, the tree-like directed graph structure G defines the space of possible pipeline
configurations, while a separate path 7 corresponds to one specific software component pipeline.

1.3 Rules for constructing the tree-like directed graph structure of a software component pipeline

The construction of the tree-like directed graph structure of a software component pipeline must follow a set
of rules that define the validity of a configuration and ensure its suitability for further optimization. These rules are
defined as follows.

Acyclicity of the tree-like directed graph structure. The structure must not contain cycles, loops, recursive
transitions, or returns to previous stages.

Fixed direction of data flow. All edges must be directed from input to output, that is, from the signal source
to the classification result.

Valid sequence of stages. Software components must be arranged according to the logic of signal processing:
preprocessing, data enhancement, feature extraction, dimensionality reduction, and classification [1]. The
classification stage is mandatory, while the other stages may be optional depending on the experimental conditions
and the type of data.

Uniqueness of the input data source for a node. Each node must have one input, which ensures a clear origin
of data.

Possibility of alternative outputs. One node may transfer its results to several subsequent software
components, which makes it possible to form parallel or alternative branches for comparing different processing
methods.

Compatibility of input and output data. A connection between two nodes is valid only if the output of the
previous software component meets the input requirements of the next one.

Structural completeness of the configuration. The constructed structure must form a complete route from the
initial node to the final result. Isolated nodes, unconnected fragments, or incomplete branches cannot be considered a
correct software component pipeline.

Configuration validation before execution. Configurations that violate the rules above must be rejected at the
construction stage.

Compliance with these rules ensures the formalized construction of the tree-like directed graph structure of
a software component pipeline, limits the set of valid configurations, and creates a basis for automated optimization
and further selection of the optimal configuration according to the requirements of a specific EEG signal classification
task.

2 Optimization of software component pipelines

The construction of the tree-like directed graph structure of a software component pipeline defines the set of
valid configurations; however, by itself, it does not determine which of them is optimal for a specific EEG signal
classification task. When alternative configurations, different combinations of methods, and several valid processing
variants are available, the task of optimizing the software component pipeline arises. This task consists in selecting
the optimal configuration for solving the given problem.

In this study, the optimization of a software component pipeline is presented as a combination of an
evaluation method and a search method. The first method provides a quantitative assessment of the effectiveness of
each valid pipeline according to the defined metrics, while the second method selects the configuration with the
minimum integral value, which represents the optimal software component pipeline.

2.1 Optimization metrics for software component pipelines

For the optimization of a software component pipeline, a set of metrics is proposed that covers both
classification quality and computational efficiency: accuracy, F1 score, area under the ROC curve, and normalized
time per data sample.

The accuracy metric [4] represents the share of correctly classified samples relative to the total number of
samples (7).

TP+TN

Accuracy = ——
Y TP+TN+FP+FN’

(7)
where TP — the number of true positive decisions, TN — the number of true negative decisions, FP — the

number of false positive decisions, FN — the number of false negative decisions.
The F1 score [4] is used to evaluate the balance of the pipeline between precision and recall (8):
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TP
TP+FN’

Precision-Recall .. TP
F1=2.———  Precision = ——, Recall =
Precision+Recall TP+FP

®)
The area under the ROC curve [5] characterizes the ability of the software component pipeline to distinguish
between classes when the decision threshold changes (9).

" _ FPR=—= 9)

TP+FN’ ~ FP+TN’

ROC_AUC = [, TPR(FPR)d(FPR), TPR =

where TPR — the true positive rate, a FPR — the false positive rate.
The normalized time per data sample evaluates the computational efficiency of the pipeline and is defined as
the average normalized processing time of one sample (10):

NTPS = —, (10)

N-k

where k — the number of cross-validation folds, T — the total execution time of all k cross-validation folds,
N — the number of EEG signal samples in the dataset.

The proposed set of metrics makes it possible to consider not only the overall classification quality, but also
the balance of recognition, the ability to separate classes, and computational efficiency. This creates a basis for further
formalization of the optimization of valid software component pipeline configurations.

2.2 Formalized representation of the optimization problem
After the tree-like directed graph structure is constructed, the set of valid configurations of the software
component pipeline is formed (11):

Pipeline = {Pipeliney, ..., Pipeline,, }, (11)

where m — the number of valid configurations of the software component pipeline.

Each valid configuration is computed and then analyzed. For this purpose, cross-validation is used. As a
result, a set of metric values is obtained for each configuration at separate cross-validation folds. However, the
existence of a set of valid configurations alone does not determine which of them is optimal for a specific EEG signal
classification task. Therefore, the optimization problem should be considered as a minimization problem, where the
smallest integral value corresponds to the optimal configuration of the software component pipeline.

After cross-validation is performed, a set of metric values is obtained for each pipeline at separate folds (12):

metric = (metricy,..., metric), (12)
where k — the number of cross-validation folds.

In this study, an integral value is introduced for each metric. For this purpose, the metric results are
represented as a vector, after which its length is determined (13):

Metric=\/25‘-’=1 (metric;)?, (13)

After the integral values are calculated, all metrics are brought to a common scale by normalization in the
range from O to 1. This is necessary because the used metrics have different numerical ranges and different meanings;
therefore, without normalization, they cannot be correctly combined into a single objective function (14):

. Metric — Metricy,in
Norm_Metric = - - (14)
Metricy,,, — Metric,,,

Since the optimization of the software component pipeline is considered as a minimization problem, all
metrics must be brought to the same direction. Therefore, maximization metrics are transformed into the minimization
form (15):

Min_Norm_Metric = 1 — Norm_Metric (15)
After this, the objective function is introduced. It combines the final integral values of all metrics. For each

metric, a weight coefficient is defined by the researcher according to the priorities of a specific EEG signal
classification task (16):
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F(Accuracy, F1,ROC_AUC,NTPS) = ayccuracyMin_Norm_Accuracy +
+ap Min_Norm_F1+ agoc aycMin_Norm_ROC_AUC + ayrpsNorm_NTPS (16)
under the condition: @yccyracy + Ar1 + Aroc_avc + nrps = 1

In this representation, the objective function combines classification quality and computational efficiency
into a single integral value of a valid software component pipeline configuration.

To find the optimal configuration, this study uses mixed-integer linear programming. Its use makes it possible
to formalize the procedure for selecting one pipeline from the space of valid configurations for which the value of the
objective function is minimal (17):

min ), F(Accuracy, F1,ROC_AUC,NTPS);x;; (17)
under the condition: 2.7%; x; = 1, x; € {0,1}

In this formulation, the optimization of the software component pipeline combines the procedure for
determining the integral value for each valid configuration and the procedure for finding the optimal one. This makes
it possible to move from empirical comparison of separate variants to a formalized selection of the software component
pipeline configuration based on the proposed optimization procedure.

3 Experimental verification of the formalization of software component pipeline construction and
optimization

3.1 Initial conditions of the scientific study

For the experimental verification of the proposed approach, a private dataset of EEG signals related to the
motor activity of human upper limb fingers was used. This dataset was described in previous studies [6—8]. The usage
of real EEG data is important because it makes it possible to verify whether the proposed formalized approach to the
construction and optimization of a software component pipeline for EEG signal classification is suitable for practical
conditions, where noise, inter-subject variability, and the difficulty of separating classes are present.

3.2 Construction of the tree-like directed graph structure of the software component pipeline

For the experimental verification of the proposed solutions, software components representing the key stages
of EEG signal classification were selected: the ICA method [9] at the feature extraction stage, the PCA method [10]
at the dimensionality reduction stage, and the SVM [11] and CNN [12] methods at the classification stage (see Fig. 2).
The selection of these software components is explained by the fact that they represent different approaches to signal
processing and classification and make it possible to verify how the proposed tree-like directed graph structure forms
valid software component pipeline configurations when alternative components are available at separate stages.

PCA ICA CNN SVM
| / \
SVM PCA CNN

CNN SVM

Fig. 2. An example of constructing the tree-like directed graph structure of the software component pipeline for the EEG signal
classification task

As shown in Figure 2, the constructed tree-like directed graph structure defines valid transitions between the
ICA, PCA, SVM, and CNN software components and thereby forms a set of valid software component pipeline
configurations for further optimization. As a result of the construction, 8 valid software component pipeline
configurations were formed.

International Scientific-technical journal
«Measuring and computing devices in technological processes» 2026, Issue 3
441



Mixcnapoonuii HayKo8o-mexHIiUHUIL HCYPHAT
«BumiproeanbHa ma o64ucnitoeanbHa mexHika 8 mexHos102iYHUX npoyecax»
2026, Ne3 ISSN 2219-9365

3.3 Computational conditions of the scientific study

The computational verification of the proposed formalization of software component pipeline construction
and optimization was performed on a remote personal computer with an AMD Ryzen 7 7800X3D 8-Core Processor,
an NVIDIA GeForce RTX 5070 Ti graphics card, and 30.90 GB of RAM. The usage of a remote computing node
made it possible to perform computations under real workload conditions, which is important for verifying the
practical suitability of the proposed approach when working with a set of valid software component pipeline
configurations.

The computation launch was organized as a script that sequentially performed the formation of valid
configurations, their computation, cross-validation, and further optimization (see Fig. 3). To implement this process,
Scikit-learn [13] was used as the main tool for building machine learning models, Joblib [14] was used to support
parallel execution and saving intermediate results, and Dask [14] was used to organize distributed computing.

— — ;
® e — £ — 17 %

Fig. 3. Scheme for organizing the distributed launch of computations

It is important that this approach to launching computations is not an isolated solution used only within this
study, but is based on the computational scheme previously described in the authors’ earlier studies [8]. These studies
already showed that the combination of Scikit-learn, Joblib, Dask, and distributed execution makes it possible to scale
experiments with EEG data, reduce the load on individual system nodes, and ensure efficient computation. In this
article, this approach is used as a computational tool for the practical implementation of the formalized construction
and optimization of software component pipeline configurations, rather than as an independent object of study.

The computational conditions of the scientific study covered not only the hardware environment, but also the
organization of computation and optimization of valid software component pipeline configurations in distributed
mode. This made it possible to verify that the proposed solutions can be used for automated optimization and selection
of a software component pipeline configuration.

3.4 Optimization results for valid software component pipeline configurations

The optimization was performed within the set of valid software component pipeline configurations formed
after constructing the tree-like directed graph structure for the given EEG signal classification task. Within this set, 8
valid configurations were analyzed, and an integral value was computed for each of them.

For the basic verification scenario, the condition of equal importance of all used metrics was adopted.
Therefore, the metric weight coefficients in the optimization procedure were set equally. Under this setting, no metric
has priority, and the configuration is selected based on their balanced consideration. This makes it possible to verify
the operation of the formalized optimization procedure in a neutral scenario, where the decision does not give priority
in advance to accuracy, robustness, or computational efficiency.

The optimization results are presented in Table 1. The minimum integral value was obtained for the “PCA
— CNN” configuration, which makes it possible to define it as the optimal software component pipeline configuration
within the adopted usage scenario. The obtained result shows that, within the constructed set of valid configurations,
this configuration provided the best alignment between the evaluation metrics.

Table 1
Optimization results for valid software component pipeline configurations

Ne Software Accuracy F1 score Area under the Processing time per | Integral value
component ROC curve data sample
pipeline (s/sample)

1 PCA — CNN 0.935993 0.936058 0.998630 0.000584 0.000618

2 ICA — CNN 0.936106 0.936111 0.998613 0.000661 0.001355

3 ICA — PCA — | 0.935428 0.935472 0.998592 0.000666 0.004158
CNN
CNN 0.930889 0.931004 0.998418 0.000538 0.022818

5 ICA — PCA — | 0.886896 0.889267 0.996164 0.017326 0.350765
SVM

6 ICA — SVM 0.886690 0.889092 0.996162 0.018099 0.357199

7 PCA — SVM 0.774797 0.798156 0.989296 0.033998 0.994036

8 SVM 0.773468 0.796451 0.989264 0.033745 0.998110
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The analysis of the results in Table 1 shows that configurations using CNN obtained much lower integral
values than configurations using SVM. This means that, within the formed set of valid configurations and under the
condition of equal importance of all metrics, CNN-oriented configurations provided a more balanced relation between
classification quality and computational efficiency. At the same time, the difference between the “PCA — CNN”,
“ICA — CNN”, and “ICA — PCA — CNN” configurations shows that even with a fixed classifier, the previous
stages of the pipeline affect the final efficiency. Therefore, configuration selection cannot be reduced to an isolated
comparison of classification methods only.

The obtained results confirm that the proposed optimization procedure makes it possible to move from
empirical comparison of separate variants to a formalized selection of the optimal software component pipeline
configuration within the set of valid configurations. Thus, the experimental verification shows the practical suitability
of the proposed approach for automated selection of the pipeline configuration according to the defined set of metrics.

For additional analysis of the classification behavior of the selected configuration, Figure 4 presents the
confusion matrix for the “PCA — CNN” configuration.

1 12 12345 13 14 2 23 2345 24 3 34 4 5 RETURN
1 0.04% 0.10% 0.02% 0.04% 0.28% 0.03% 0.05% 0.03% 0.08% 0.07% 0.09% 0.18% 0.02%
12 0.06% 0.10% 3.00% 1.85% 0.02% 1.33% 0.04% 0.41% 0.01% 0.10% 0.03% 0.02% 0.09%
12345 0.06% 0.12% 0.08% 0.08% 0.03% 0.13% 3.58% 0.13% 0.06% 0.55% 0.04% 0.02% 4.54%
13 0.03% 3.55% 0.07% 3.18% 0.01% 1.49% 0.05% 0.63% 0.02% 0.12% 0.01% 0.01% 0.06%
14 0.03% 2.64% 0.11% 3.91% 0.01% 7.53% 0.04% 1.94% 0.02% 0.10% 0.03% 0.01% 0.08%
2 0.17% 0.02% 0.02% 0.02% 0.02% 0.01% 0.01% 0.02% 1.59% 0.01% 0.69% 0.56% 0.01%
23 0.05% 1.43% 0.16% 1.22% 4.91% 0.01% 0.05% 9.45% 0.02% 0.08% 0.05% 0.00% 0.11%
2345 0.03% 0.06% 4.50% 0.04% 0.03% 0.01% 0.05% 0.06% 0.01% 0.63% 0.01% 0.01% 1.09%
24 0.04% 0.55% 0.14% 0.57% 1.07% 0.02% 6.99% 0.04% 0.02% 0.20% 0.04% 0.03% 0.18%
3 0.07% 0.03% 0.03% 0.00% 0.01% 1.26% 0.02% 0.01% 0.02% 0.02% 3.14% 0.62% 0.01%
34 0.04% 0.05% 0.80% 0.07% 0.03% 0.02% 0.08% 0.63% 0.12% 0.04% 0.02% 0.01% 0.51%
4 0.05% 0.02% 0.01% 0.01% 0.01% 0.36% 0.01% 0.03% 0.03% 2.32% 0.02% 1.37% 0.01%
5 0.08% 0.05% 0.03% 0.01% 0.02% 0.24% 0.01% 0.02% 0.02% 0.75% 0.01% 2.31% 0.01%
RETURN 0.02% 0.13% 8.27% 0.06% 0.07% 0.01% 0.15% 1.41% 0.22% 0.04% 0.74% 0.02% 0.01%

Fig. 4. Confusion matrix of the optimal software component pipeline configuration

The confusion matrix for the “PCA — CNN” configuration shows that most classes are classified correctly,
since the largest values are concentrated on the main diagonal. The most difficult classes to separate were 23, 14, and
RETURN, while the largest errors were observed for the transitions “23 — 2345”, “14 — 23”, “24 — 23”,and “12345
— RETURN?”. This confirms that even for the optimal configuration, the main difficulties arise between classes with
similar motor patterns.

CONCLUSIONS FROM THIS STUDY
AND PROSPECTS FOR FURTHER RESEARCH IN THIS DIRECTION

Within this study, the processes of constructing and optimizing software component pipelines for EEG signal
classification were formalized. The practical suitability and correctness of the proposed solutions were confirmed
through experimental verification using real EEG signals related to the motor activity of human upper limb fingers.

The formalized process of constructing a software component pipeline for EEG signal classification was
proposed to be represented as a tree-like directed graph structure. This makes it possible to move from the empirical
combination of separate algorithms to the formal definition of valid configurations that can be verified and used in the
further optimization procedure. In addition, the tree-like directed graph structure is used to arrange pipeline stages,
clearly define connections between software components, and remove uncontrolled combinations of these
components. The developed mathematical notation of the tree-like directed graph structure makes it possible to
formally describe the set of nodes, directed links, processing stages, and separate software component pipeline
configurations. As a result, each pipeline configuration can be considered as a formally defined object suitable for
further evaluation and optimization. The rules for constructing the tree-like directed graph structure of the software
component pipeline defined in the study make it possible to set requirements for acyclicity, fixed data transfer
direction, valid sequence of stages, compatibility of input and output data, and structural completeness of
configurations. Due to these construction rules, invalid combinations of software components are rejected before
computations are launched.

The study also proposed a formalized procedure for optimizing software component pipelines. The essence
of this procedure is that the selection of the optimal software component pipeline configuration for EEG signal
classification is performed by solving a minimization problem using multi-metric evaluation, weight coefficients, and
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mixed-integer linear programming. This makes it possible to move from a simple comparison of separate metric values
to a reproducible and controlled selection of a software component pipeline configuration. The defined set of
optimization metrics ensures a comprehensive evaluation of pipeline configurations in terms of classification quality
and computational efficiency. The developed mathematical representation made it possible to combine different
metrics within a single objective function and ensure a clear selection of the optimal configuration. Flexible control
of weight coefficients makes it possible to adapt the optimization result to the requirements of a specific applied task.

The study verified the correctness of the proposed solutions for constructing and optimizing software
component pipelines for EEG signal classification, their consistency with each other, and their practical suitability for
automated construction and optimization.

The prospects for further research are primarily related to the transition from separate formalization of
pipeline construction and optimization to the development of a complete technology and its software implementation
as a software system for automated construction and optimization of software component pipelines for EEG signal
classification. Further development of this direction should be focused on the implementation of the proposed
solutions in real applied and everyday scenarios of BCI. A separate prospect is the improvement of the methods of
formalized pipeline construction and optimization, including the extension of construction rules, refinement of
constraints, development of mechanisms for taking metrics into account, and adaptation of the configuration selection
procedure to different conditions of applied EEG signal classification tasks.
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