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Abstract. Modern Deep Learning neural networks demonstrate high accuracy in classification
and forecasting tasks, but significant limitations remain in the interpretability of the results.
This creates an obstacle to application in critical areas where maximum transparency of
decisions is required. In this paper, we propose the use of a hybrid approach that combines both
feature extraction methods based on neural networks and classical interpreted machine learning
algorithms. In the course of the work, an architecture was developed in which a neural network
forms a compact representation of data, and the final decision is made by an interpreted
model in the form of a decision tree or logical regression. Experiments have been conducted
on open datasets, confirming that the proposed approach allows for increased interpretability
while maintaining accuracy comparable to Deep Learning models. The results demonstrate the
promise of hybrid architectures for areas requiring transparency and explainability of the results.
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AnHoranusg. CoBpeMeHHbIe HEHpOHHBIE ceTU ¢ TIyookuM obyueHueMm (Deep Learning) ae-
MOHCTPUPYIOT BBICOKYIO TOYHOCTh B 3ajayax KjacCU(UKalMU W IPOTHO3UPOBAHUS, OIHAKO
OCTalOTCS CYIIECTBEHHEIC OTpaHMUYEHUS B MHTEPITPETUPYEMOCTH PE3YIbTaTOB. DTO CO3MAET Ipe-
MSITCTBUE K IPUMEHEHUIO B KPUTUIECKU BaXKHEBIX 00JIaCTSIX, IIie TpeOyeTcss MaKCMMalIbHasI TIpO-
3pauyHOCTh MPUHUMAaEeMbIX pellieHnii. B maHHo# paboTe mpemiaraeTcs MpUMeHEHNE THOPUIHOTO
MOIX0Ma, COYETAIOIIero B cebe KakK METOAbl M3BJICUCHUS IMPU3HAKOB HA OCHOBE HEWPOHHBIX
ceTeil, TaK U KJIACCHYECKUE MHTEPIPETUPYEMbIE aJrOpPUTMbI MAaIIMHHOTO oOydeHMs. B xome
paboThl ObLIA pa3paboTaHa apXUTEKTypa, B KOTOPOM HeipoceTh (DOPMUPYET KOMITAKTHOE IIpEeI-
CTaBJICHVWE NaHHBIX, a (PUHAJIBLHOE pellcHWEe NMPUHUMAEeT WHTePIIpeTUpyeMasi MOACIbh B BHIE
JlepeBa peIleHNI WIN JIOTMIecKoil perpeccun. [TpoBeneHBl 3KCITIEPUMEHTEI HAa OTKPHITHIX Ha00-
pax TaHHBIX, MOATBEPKAAIOIINE, YTO IIPEIIOXKCHHBIN ITOIXOM ITO3BOJISIECT JOOUTHCS YBEITMUCHMS
MHTEPIIPETUPYEMOCTU IIPU COXPAHEHUM TOYHOCTH, conocTaBuMoro ¢ Deep Learning momessiMu.
PesynbTaThl JeMOHCTPUPYIOT MEPCIEKTUBHOCTh TMOPUAHBIX apXUTEKTYp ISl obacTeit, Tpedylo-
LIKX IIPO3PAaYHOCTU M OOBSICHUMOCTH PE3YyJIbTaTOB.
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Introduction

The growth of computing capabilities and the emergence of large datasets have led to the
widespread and almost mandatory use of deep learning networks, which are well suited for
solving problems of analysis, forecasting, etc. However, the main problem with using such
technologies in their basic form is that the high accuracy of the data obtained is ensured by the
low interpretability of the results. This behavior of technologies creates difficulties in their use
in critically important government areas such as medicine, economics, law and public admin-
istration, where the results obtained must be extremely clear and understandable to a person so
that subsequent decisions have a clear justification. The popularization of Al, in addition to the
complexity of its use, creates the need to develop a new solution that will meet the needs of not
only key stakeholders, but also others where technology is already actively used (Ignatiev and
Levina, 2024; Klimentov, 2025; Kutuzova, 2024). One of the promising solutions to the above
problem is the creation of hybrid methods that combine the advantages and speed of neural
network analysis with classical, explicable algorithms. In such a system, the neural network
performs the functions of extracting specified features, and the interpreted model makes a de-
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cision based on a more transparent representation (Bouwmans et al., 2019; Vilone et al., 2021).
In the course of the work, a hybrid architecture based on the above approach was investigated
and proposed.

The goals and objectives of this study are:

1. Analysis of existing approaches to ensuring interpretability in Al and identification of ad-
vantages of hybrid architectures.

2. Development of the architecture of a hybrid AI model using a neural network to extract
compact features (embeddings), and an interpreted classifier to make a decision.

3. Assessment of the impact of embeddings on key metrics: classification accuracy, complexi-
ty and stability of the interpreted model (decision tree), as well as on qualitative interpretability.

4. A description of the limitations identified during the study.

Materials and Methods

To solve the tasks set, the study is structured in several steps. To begin with, a theoretical
analysis and synthesis of existing methods of interpreted Al is carried out. And then a hybrid
architecture is implemented, consisting of a two-component system: a neural network feature
extractor (MLP) and an interpreter classifier (decision tree).

The key methodological idea is to train a neural network to form embeddings that not only
preserve the information necessary for classification, but also provide a more stable and simple
logical representation for subsequent training of the decision tree (Adadi and Berrada, 2018;
Skatova, 2024). A comparative analysis will be conducted between a reference interpreted mod-
el trained on the initial features and a hybrid model trained on embeddings obtained from a
neural network.

The interpretability of Al can be divided into intrinsic (intrinsic) and resultant (post-hoc).
Intrinsic models are logical regression, decision trees, or linear models that have unconditional
transparent logic. Post-hoc models, such as LIME or SHAP, do not change the model, but
explain its behavior from the outside, but the explanations themselves can only be approximate
and do not provide a correct interpretation (Adler et al., 2018; He et al., 2016; Molnar, 2022).

The proposed hybrid approach is based on current trends in the field of explicable artificial
intelligence. Unlike post-hoc methods such as LIME and SHAP, which provide only local and
approximate explanations for complex models, this study focuses on creating an intrinsically
interpretable model. The work is based on the concept formulated by Rudin, who argues that
interpretable models should be used for high-risk solutions instead of trying to explain "black
boxes" (Rudin, 2019). The proposed architecture echoes the direction described by Al-Shedivat,
where neural networks are used for contextual representation of data, but in this work the em-
phasis is on separation of functions: the neural network is responsible for representation, and the
decision tree is responsible for interpreted classification (Al-Shedivat et al., 2020). In addition,
the work expands Caruana's ideas about the use of interpreted models in medicine, showing that
even simple neural network preprocessing can improve the stability and transparency of final
decisions without significant loss of accuracy (Caruana et al., 2015). The approach to feature
extraction through a hidden layer of a neural network for subsequent training of simple models
is also reflected in Zhang's work on learning compact representations, which emphasizes that
reducing dimensionality and eliminating noise increases interpretability (Zhang et al., 2021).

Deep Learning networks are high—performance, but they have a number of limitations -
their internal representations are extremely difficult to interpret, they are subject to shifting and
unstable decisions, and the process of making these decisions is difficult for the user to explain.
These limitations create promising research in the application of hybrid architectures (Lapus-
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chkin et al., 2019; Nguyen et al., 2015; Plumerault et al., 2020).

Approaches combining neural networks and symbolic methods have received attention in
recent years, among them are (Alonso, 2020; Lakkaraju et al., 2019; Pochetniy, 2025):

1. Rule extraction, which try to extract rules from trained networks;

2. Surrogate models, which train an interpreted model based on neural network predictions.

However, the above-mentioned methods are resultant, not embedded, which also remain
insufficiently studied. In these methods, the classical model makes a decision based on the
features that the trained neural network selects. Based on this, an experiment was conducted to
improve the interpretability of the result using a hybrid architecture.

Experimental data

During the evaluation of the model, a data set such as breast cancer statistics for St. Peters-
burg and the Leningrad region (biomedical diagnostics) was used. The criterion for choosing a
set is the requirement for clarity of the results obtained, the need to ensure high accuracy, as
well as the openness of the data.

To conduct the experiment, a model was built with the following settings: a neural network
was built based on MLP with hidden layers, one of which is 16 neurons in size, as well as an
interpreted model in the form of a decision tree up to 4 levels deep. The criteria for analyzing
the results obtained were the following characteristics: interpretability of the final model, esti-
mation accuracy, sample stability, complexity of the decision tree, stability of the tree structure
during retraining of the model.

In addition, another goal of the experiment was to test the hypothesis that compact embed-
dings formed by a trained neural network improve the quality of interpretation while reducing
complexity.

For the tests, a set containing 569 samples and 30 valid signs obtained from the analysis of
medical images from real practice was used. The target sample variable is 0 for the condition
that the tumor is benign and 1 for a malignant tumor. Before the experiment, data was preproc-
essed, which included normalization of features (StandardScaler), splitting into training and
test samples in a 70/30 ratio, as well as elimination of outliers by threshold methods (IQR).
As a result of these operations, a balanced data set (class ratio ~ 37/63) was obtained, which
increases stability and reduces the risk of model bias.

The hybrid model used in the study consists of a neural network (MLP) As a feature extrac-
tion tool, it has the following characteristics: input of 30 features, a hidden layer of 16 neurons,
ReLU activation, output by 16—dimensional embedding, Adam optimization, and an epoch
limit of 800. The neural network was trained as a regular classifier, then only a hidden layer was
used, which extracts structured data. This made it possible to reduce the dimension and elim-
inate linear and nonlinear dependencies between the initial features. The model also includes
an interpretation that, before hybridization, was a classic A tree with a depth of up to 4 levels
and a decision tree with a depth of up to 3 levels, trained on embeddings after. Thus, the tree
in system B is more depth-limited, but it benefits from better feature factorization.

To assess the quality of the data obtained, metrics such as Accuracy, Precision, Recall, F1-
score, ROC-AUC, number of leaves, depth of the tree, number of rules, and stability of the
tree were used.

Results and Discussion

You can see the results of the interpretation below and ROC-curves.

Tree A is shown in Figure 1. This is a classic Decision Tree, trained directly on the initial
30 features of the dataset. The depth of the tree was limited to 4 levels. In the experiment, this
model serves as a benchmark for "default interpretability” and a reference point for comparing
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complexity and accuracy.

Tree B is a decision tree with a depth of up to 3 levels, which is trained not on the initial
features, but on 16-dimensional embeddings extracted by a trained neural network (MLP).
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Fig. 2. Tree B.

Fig. 3. Graph of ROC curves.
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The main results obtained during the experiment are presented below in the form of tables
1, 2, 3, 4 with a brief explanation.

Table 1. Classification quality.

Model Accuracy ROC-AUC
Tree A 0,96 0,97
Tree B 0,95 0,96

Based on this, the accuracy of the hybrid model with tree B is inferior to the original one,
which reduces the quality of the assessment, but remains at a high and comparable level.

Table 2. The complexity of the tree.

Model Depth Number of rules Number of leaves
Tree A 4 12 7
Tree B 3 6 4

The tree structure of the hybrid model becomes almost twice as short, which increases in-
terpretability and is the main task of the study.

Table 3. Stability during repeated training.

Model Stability of the structure
Tree A Low — high variability with the same sample
Tree B High — minimal changes

The same conditions were set for both models — the same data sample and the number of
runs (10 times). Based on this, it can be concluded that embedding reduces the sensitivity of
the model structure to noise.

Table 3. Stability during repeated training.

1. The solution depends on the specific numbers of the initial features

Model A 2. The tree relies on combinations of parameters

1. Solutions are based on more general embeddings
Model B 2. Factors consolidate groups of features, highlighting patterns
3. Increased interpretability due to less overloading of rules

It is worth mentioning that the following restrictions were adopted during the study:

1. The analysis was performed on a single dataset, so the accuracy of the system must be
confirmed by increasing the number of samples and the data extracted from them;

2. A simple MLP was used, which, although it simplifies the research task, but when using
the logic of building on more complex architectures, it is possible to achieve comparatively
better embeddings;

3. The interpretation of the resulting embeddings still needs the use of additional methods
such as PCA, SHAP, CCA, etc.
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Conclusion

In this study, interpreted models and their advantages over post-hoc methods were consid-
ered. This made it possible to justify the need for the implementation and subsequent use of
interpreted models.

A two-component model was successfully implemented and tested, where a neural network
(MLP) performs the role of extracting compact and structured features, and a decision tree acts
as a transparent classifier. This confirmed the fundamental possibility of separating the func-
tions of "presentation” and "decision-making".

The obtained results provide clear answers to research questions. The use of embeddings
made it possible to reduce the complexity of the decision tree (the depth was reduced from 4
to 3, the number of rules — from 12 to 6), as well as to increase the stability of its structure
during repeated training, which indicates a reduction in the influence of noise. The accuracy of
the hybrid model (Accuracy 0.95) remained at a level comparable to the baseline (0.96), which
confirms the hypothesis of maintaining the quality of forecasting.

Despite the results achieved, limitations have been identified that require further study. The
task of interpreting the embeddings themselves remains open and requires the use of addition-
al tools (for example, SHAP or CCA). In addition, it is necessary to validate the proposed
approach on a wider range of datasets and using more complex neural network architectures
(for example, convolutional or recurrent), which is the vector of future research. Thus, all the
research tasks have been solved, and the proposed hybrid model has demonstrated its promise
for creating transparent and reliable Al systems.
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