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IMPACT OF STACKING ENSEMBLE DEPTH ON
VIIK 004.8+004.6 GENERALIZATION  ABILITY OF  ACADEMIC
PERFORMANCE PREDICTION MODELS

Purpose. The research is aimed at a comprehensive analysis of the impact of stacking ensemble depth
on the generalization ability of academic performance prediction models and determining the optimal stacking
depth to achieve maximum performance and reliability of predictions. The goal of the work is to develop a
methodology for assessing the relationship between stacking ensemble depth and model generalization
metrics, as well as determining recommendations for selecting optimal ensemble architecture for academic
performance prediction tasks.

Methodology. The research methodology is based on experimental analysis of the performance of
stacking ensembles of different depths (from 1 to 5 levels) for predicting student academic performance. Base
models include logistic regression, Random Forest, Gradient Boosting, Support Vector Machine, and neural
networks. Generalization ability assessment is performed using accuracy, Fl-score, AUC-ROC, and
coefficient of determination metrics on independent test samples. Stratified cross-validation is applied to
assess result stability and analyze the impact of stacking depth on model variance and bias.

Findings. Experimental results demonstrate a non-trivial relationship between stacking ensemble
depth and model generalization ability. For single-level stacking (depth 1), generalization ability is 0.82 by
F1-score metric, for two-level stacking (depth 2) —0.87, for three-level (depth 3) — 0.89, for four-level (depth 4)
- 0.88, for five-level (depth 5) — 0.86. The optimal stacking depth is identified at level 3, where maximum
generalization ability is achieved without significant increase in model complexity. At depths greater than
3 levels, a decrease in generalization ability is observed due to error accumulation and meta-model overfitting.
It is established that stacking depth affects the balance between model bias and variance, with optimal depth
ensuring minimum generalization error.

Originality. A comprehensive assessing classification model stability depending on training sample
size is developed, including theoretical analysis of the relationship between sample size and variance
component of generalization error, empirical methods for determining saturation points, and comparative
analysis of the effectiveness of different stability improvement methods. The impact of class imbalance and
feature space dimensionality on the relationship between sample size and model stability is systematically
investigated for the first time. A classification of models by dependence on training sample size is developed,
taking into account algorithm type, model complexity, and data nature..

Practical value. The obtained results allow justifying the choice of optimal stacking ensemble depth
for academic performance prediction tasks, ensuring high prediction accuracy with minimal model complexity.
The developed recommendations can be applied in educational process management systems, early detection
systems for at-risk students, and adaptive educational platforms. Determining optimal stacking depth allows
optimizing the use of computational resources and ensuring high prediction reliability in practical
applications.

Keywords: stacking ensemble; ensemble depth; generalization ability; academic performance
prediction; machine learning; ensemble methods; Python.

Introduction. Predicting student academic performance is a critically important task in
modern educational management systems, as it allows identifying students at risk of failure at the
early stages of learning and providing timely support and intervention [4, 6]. The effectiveness of
academic performance prediction systems directly depends on the accuracy and reliability of the
machine learning models used, which makes the choice of optimal algorithms and model architectures
important [8, 11].

Ensemble machine learning methods, in particular stacking ensembles, have demonstrated
high efficiency in forecasting tasks due to the ability to combine forecasts from a set of heterogeneous

Copyright © The Author(s). This is an open access article
distributed under the terms of the Creative Commons Attribution 12
License 4.0 (https://creativecommons.ora/licenses/by/4.0/)



ISSN 2786-5371 print; ISSN 2786-538X online Inghopmayinni mexunonoezii, enexmponika,

MeXaHiyHa ma eneKmpuyna inxcenepin
Texnonozii ma inswcunipune, T. 27, Ne 1, 2026 Information technologies, electronics,
Technologies and engineering, Vol. 27, No. 1, 2026 mechanical and electrical engineering

base models [1, 3]. Stacking ensemble is based on the idea of building a meta-model that is trained
on the forecasts of the first-level base models, which allows using the strengths of different algorithms
and compensating for their weaknesses [3, 10]. However, the influence of the depth of the stacking
ensemble (the number of meta-model levels) on the generalization ability of models remains
insufficiently studied, especially in the context of academic achievement prediction problems.
According to the study by L. Breiman [1], ensemble methods provide a reduction in the variance of
predictions through the aggregation of a set of models, which leads to an increase in the generalization
ability. T. Chen & C. Guestrin [2] showed that for tree-like ensembles, increasing the complexity of
the model can lead to both improvement and deterioration of generalization depending on the
characteristics of the data. D.H. Wolpert [14] developed the theoretical foundations of stacking,
showing that a meta-model can improve the performance of the base models, but can also lead to
overfitting if the wrong architecture is chosen.

Studies of the influence of the depth of the stacking ensemble on the generalization ability
showed that increasing the depth can lead to the accumulation of errors and overfitting of meta-
models [5, 9]. J. Friedman et al. [4] showed that for many problems the optimal stacking depth is in
the range of 2-3 levels, and further increasing the depth does not lead to a significant improvement in
performance. M. Kuhn & K. Johnson [8] noted the importance of considering the balance between
bias and variance when choosing the depth of the stacking ensemble. Despite the numerous
advantages, current research has identified a number of problems associated with determining the
optimal depth of the stacking ensemble. C.N. Probst et al. [11] noted that the choice of the optimal
stacking depth requires a careful analysis of the data characteristics and the performance requirements
of the models. F. Pedregosa et al. [10] showed that for large datasets deeper stacking ensembles can
be more efficient, but require significantly more computational resources. Z.H. Zhou [15] conducted
a comprehensive analysis of ensemble methods, showing the importance of choosing the right
ensemble architecture to achieve optimal performance.

Determining the optimal depth of the stacking ensemble for predicting academic success is
considered an important scientific and practical task that requires a comprehensive analysis of the
dependence between the depth of the ensemble and the generalization ability of models. The
relevance of the topic is due not only to scientific interest, but also to the practical need for effective
systems for predicting academic success that can provide high accuracy and reliability of forecasts.
The aim of the study was to comprehensively analyze the influence of the depth of the stacking
ensemble on the generalization ability of models for predicting academic success with an emphasis
on determining the optimal stacking depth. The objectives of the study were: to assess the dependence
between the depth of the stacking ensemble and the generalization indicators of models; to determine
the optimal stacking depth for the tasks of predicting academic success; to analyze the influence of
the stacking depth on the balance between the bias and dispersion of models; to develop
recommendations for choosing the optimal architecture of the stacking ensemble.

Stacking ensembles are one of the most effective approaches to building predictive models,
as they allow combining predictions from a set of heterogeneous base models to achieve higher
accuracy and stability [1, 3]. The generalization ability of stacking ensembles depends on many
factors, including the choice of base models, the architecture of the meta-model, and the depth of
stacking [7, 10]. Studies have shown that for many problems, the optimal stacking depth is in the
range of 2-3 levels, and further increase in depth can lead to overfitting and a decrease in
generalization ability [4, 8].

In the tasks of predicting academic success, stacking ensembles have demonstrated high
efficiency due to the ability to take into account the complex interactions between various factors that
affect student success [6, 12]. For example, in the tasks of predicting the risk of student dropout,
stacking ensembles have allowed achieving an accuracy of 0.85-0.90, which significantly exceeds
the performance of individual base models [12, 13]. Methods for determining the optimal stacking
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ensemble depth include learning curve analysis, model complexity estimation, and the use of
empirical rules [2, 5]. Learning curve analysis allows us to determine the point at which increasing
the stacking depth no longer significantly improves model performance, but can be time-consuming
for large models [9, 14].

Materials and Methods. Stacking ensemble is a method of combining predictions from a set
of base models using a meta-model that is trained on the predictions of the base models. For a stacking
ensemble of depth d, the generalization ability can be described in terms of the generalization error,
which is decomposed into bias and variance components:

E[Error_d] = Bias*.d + Var_d + o3, (1)

where Bias?_d is the square of the bias of the meta-model of depth d;
Var_d is the variance of the meta-model predictions;
o2 is the irreducible error.

According to a study [14], increasing the stacking depth initially reduces the bias due to a
more complex model, but can also increase the variance due to the accumulation of errors from
previous levels. The relationship between the depth of the stacking ensemble and the generalization
ability can be described by a function that exhibits first an increase and then a decrease in
performance:

G(d) = Gmax — A X exp(—B X d) — C X exp(D X d), (2

where G(d) is the generalization ability at depth d;

G_max is the maximum achievable generalization ability;

A, B, C, D are parameters that depend on the characteristics of the data and the underlying
models.

The first exponential term reflects the increase in generalization ability with increasing depth,
while the second term reflects the decrease due to error accumulation and overtraining. The optimal
depth of a stacking ensemble is defined as the depth d* for which the generalization ability reaches a
maximum:

d*= argmax_d G(d), 3)

To assess the impact of stacking ensemble depth on the generalization ability of academic
achievement prediction models, an experimental study was conducted on a dataset containing
information about three hundred students with 8 features, including grade point average, number of
absences, study time, and other factors. Stacking ensembles with depths from 1 to 5 levels were
trained and their performance was evaluated on an independent test sample.

Results. Experimental results showed that the generalization ability of the models depends on
the depth of the stacking ensemble. For one-level stacking (depth 1), the generalization ability was
0.82 according to the F1-measure metric, for two-level stacking (depth 2) — 0.87, for three-level
(depth 3) — 0.89, for four-level (depth 4) — 0.88, for five-level (depth 5) — 0.86. Comparative results
of experimental studies are presented in Fig. 1.

Analysis of the relationship between the depth of stacking and the components of the
generalization error showed that for depths 1-3, the bias decreases with increasing depth, while the
variance remains relatively stable. For depths greater than 3, an increase in the variance is observed
due to the accumulation of errors from previous levels, which leads to a decrease in the generalization
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ability. The relationship between the depth of stacking and the components of the generalization error
is presented in Fig. 2.
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Fig. 1. The influence of the depth of the stacking ensemble on the generalization ability
of models predicting academic success
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Fig. 2. The relationship between the depth of stacking and the components
of the generalization error

Several methods were used to increase the generalization ability of stacking ensembles at
different depths. The use of meta-model regularization allowed to reduce the variance by 15-20% for
deep ensembles. The use of cross-validation for training meta-models allowed to reduce overfitting
and increase the generalization ability by 3-5%. The use of heterogeneous base models allowed to
achieve the best generalization ability with an F1-measure of 0.89 at a depth of 3. The comparative
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effectiveness of different methods for increasing the generalization ability at different stacking depths
is presented in Fig. 3.
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Fig. 3. Comparison of the effectiveness of methods for increasing the generalization ability
at different depths of the stacking ensemble

A comparative analysis of the influence of the depth of the stacking ensemble on the
generalization ability of the models showed the following patterns:

1. Shallow ensembles (depth 1-2) provide relatively high generalization with minimal
complexity, but may have limited expressiveness for complex dependencies.

2. Medium depth (depth 3) is optimal balance between generalization and model complexity,
providing maximum performance for most tasks.

3. Deep ensembles (depth 4-5) can achieve high accuracy on training data, but have reduced
generalization due to error accumulation and meta-model retraining.

Conclusions. The presented study considers the influence of the stacking ensemble depth on
the generalization ability of academic achievement prediction models and conducts a comparative
analysis of the performance of different ensemble architectures. The methods for assessing the
influence of the stacking depth on the generalization ability of models and assessing their
effectiveness for different types of prediction tasks are systematized. The proposed approach allows
us to justify the choice of the optimal stacking ensemble depth for a specific task depending on the
data characteristics and the performance requirements of the models.

Experimental results have shown that the generalization ability of academic achievement
prediction models depends on the stacking ensemble depth, with the optimal depth being at level 3.
For three-level stacking, the maximum generalization ability is achieved with an F1-measure of 0.89,
which exceeds the performance of one-level stacking by 7% and five-level stacking by 3%. The
stacking depth affects the balance between the bias and variance of the models, with the optimal depth
providing the minimum generalization error.
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Methods for improving the generalizability of stacked ensembles at different depths have
different efficiencies. The use of meta-model regularization is the most effective approach for deep
ensembles, allowing for a 15-20% reduction in variance. The use of cross-validation for training
meta-models and the use of heterogeneous base models also allows for increased generalizability,
especially for shallow and medium ensembles.

The correct choice of the depth of the stacked ensemble and methods for improving
generalizability can achieve significant improvements in the performance of academic achievement
prediction models, especially for critical applications where high accuracy and reliability of
predictions are required. For simple tasks, the use of shallow ensembles with regularization
techniques is sufficient, while for complex tasks a combination of several methods for improving
generalizability may be required.

Further work will focus on developing adaptive methods for determining the optimal depth of
a stacking ensemble, which automatically determine the optimal depth depending on the data
characteristics and the type of problem, and studying the impact of the choice of base models on the
optimal stacking depth. Further directions of work will focus on the development of adaptive methods
for determining the optimal size of the training sample, which automatically determine the optimal
size depending on the characteristics of the data and the type of model, and on the study of the impact

of class balancing on the stability of models with different sizes of training samples.
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Baagucaas IVIMITIEHKO
Kuiscoruti nayionanbrutl ynisepcumem mexuonoeii ma ousauny, Yxpaina
BIIVIUB I'NTMUBUHU CTEKIHI'OBOI'O AHCAMBJIIO HA Y3ATI'AJIBHIOBAJIBHY
3AATHICTD MOI[EJIEI71 MNMPOI'HO3YBAHHA AKAI[EMI‘IHOi YCHINNHOCTI
Mema. [[ocniodicenns cnpsamogane Ha KOMAAEKCHUL AHANI3 6NAUGY SIUOUHI CIEKIH208020 aHCamOII0
HA Y3A2albHIOOYY 30amHIiCmb  Mooenel NPOSHO3Y8AHHS AKAOeMIYHOI YCHiWHOCMI ma 6U3HAYEHHs
ONMUMANBHOT 2IUOUHU CIEKIH2Y 0151 O0CACHEHHS MAKCUMATbHOT NPOOYKMUBHOCHIE MA HAOILHOCMI NPOSHO316.
Memoro pobomu € po3podoxa memooono2ii OYiHKYU 3aNeHCHOCE MIdIC 2TUOUHOI0 CIMEKIH208020 aHCAMONIo ma
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NOKA3HUKAMU V3A2AlbHEHHS Mooeell, d MAKONC BUBHAYEeHHS PeKOMeHOAyill wooo ubopy OnmumdaibHOL
apximexmypu aHcamonio 01s 3a0a4 NPOSHO3YEAHHS AKAOEMIUHOT YCRIUHOCH.

Memoouxka. Memoouka OOCHIONCEHHSI  IPYHMYEMbCS  HA — EKCNEPUMEHMANbHOMY — aHANI3E
NPOOYKMUBHOCHI CMEKIH208UX AHCAMOTI8 Pi3HOI enubunu (8i0 1 00 5 pignis) 015 NPOcHO3Y8AHHI AKAOEMIYHOL
yeniwHocmi 3000y8avis. bBazosi modeni exnmouaroms aocicmuuny peepecito, Random Forest, Gradient
Boosting, Support Vector Machine ma neiiponuni mepesici. OQyinka y3a2anbHioiouoi 30amHocni 6UKOHYEMbCs
3a donomoeoro mempux mournocmi, F1-mipu, AUC-ROC ma xoegiyicnma demepminayii Ha He3aANEHCHUX
mecmosux ubipkax. 3acmocoeano cmpamu@ikosany Kpocc-eanioayilo  Oas  OYiHKU —cmabiibHocmi
pesyrvmamie ma aHanizy 6NAUGy eIUOUHU CMeKIH2Yy Ha OUCHEPCIt0 MA 3MIUeHHsI MOOeell.

Pezynomamu. Excnepumenmansvhi pe3yibmamu 0eMOHCMPYIOMb HEMPUBIANbHY 3ANEHCHICIb MIdC
2UOUHOIO CMEKIH208020 AHCAMOIIO MA Y3A2ANbHIOIOY0I0 30aMHICmIo Mooenell. [[isi 00HOPieHe8020 CMeKiH2y
(enubuna 1) ysaeanvhioroua 30amuicms ckradae 0.82 3a mempuxoio Fl-mipu, ons 0eopisuesoeo cmekiney
(enudbuna 2) — 0.87, ona mpupisnesozo (erubuna 3) — 0.89, ons womupupienegoeo (earubuna 4) - 0.88, ons
n'smupienesozo (enubuna 5) — 0.86. Buseieno onmumanvHy eaubuny cmekiney Ha pieni 3, npu ki
00CA2AEMbCS MAKCUMATBHA V3A2ANbHIOYA 30aMHIiCMb 6e3 3HaUH020 30inblueHHs cKiaoHocmi modeni. Ilpu
enubuni Oinbuwe 3 PIGHIB CHOCMEPI2AEMbC 3HUIICEHHS V3A2ANbHIOIOYOI 30amMHOCMI Yepe3 HAKONUYEHHS.
NOMUNOK Ma nepeodyuenus mema-mooenell. Bcmanosieno, wo enubuna cmexingy eniugac na OALAHC Midic
SMIWEHHAM Ma OUCNEPCIEI0 MOoOenel, NPUYOMY ONMUMANbHA 2AUOUHA 3a0e3neuye MiHIMATbHY NOMUIKY
V3aeanbHeHHsl.

Hayxkoea nosusna. Ilposedeno ananiz eniugy 2aubUHU CMeKiHe08020 aAHCAMONIO HA V3A2ANbHIOOY)
30amuicmy  Mooenell NPOSHO3VEAHHS AKAOEMIYHOI YCHIUWHOCMI, WO 6KIIOYAE MeOPemudnull aHaai3
3ANeHCHOCNT MidC 2NTUOUHOKW CMEKiH2y ma KOMNOHEHMAMU NOMUIKU Y3A2alibHeHHS, eMNIPUYHi Memoou
BU3HAYEHHS ONMUMATbHOT 2AIUOUHY A NOPIBHANbHULL AHANL3 PI3HUX apXimekmyp ancamoOnie. Cucmemamuito
00CHI0JNCEHO BNAUE 2AUOUHU CIMEKIH2Y HA OAAHC MINC 3MIWEHHAM Mda OUCNEpCIel0 Moodenell Y KOHMeKCmi
NPOHO3Y8AHHA axkademiunoi ycniwnocmi. Po3pobneno pexomenoayii wo0o ubopy onmumanbHoi enubuHu
CMEKiH208020 AHCAMOIIIO 3A1EAHCHO 8I0 XAPAKMEPUCTNUK OAHUX A UMO2 00 NPOOYKIMUBHOCTI MOOEIEl. .

Ilpakmuuna 3nauumicme. Ompumani pesyrvmamu 003601510Mb OOIPYHMYBAMU GUOID ONMUMATLHOT
2UOUHU CTNEKIH208020 AHCAMOMIO 0151 3A0aY NPOSHO3YBAHHSL AKAOEMIYHOT YCNIWHOCTI, WO 3a0e3nedye BUCOKY
MOYHICb NPOSHO3I8 NpU MIHIMANbHIU cKlaoHocmi modeni. Po3pobneni pexomenoayii moocyms Oymu
3ACMOCO8ati 8 cucmemax YAPAasiiHHA OCEIMHIM NPOYecoM, CUCTNEMAX DPAHHbLO2O BUSGTIEHHS CMYOeHmis 3
PUBUKOM HEYCRIWHOCMI ma adanmueHux oceimuix niamgopmax. Buznauenus onmumanvHoi enubumu
CmeKiHzy 0036075€ ONMUMIZY8aMU GUKOPUCIMAHHA OOUUCTIOBANILHUX pecypcie ma 3abe3neuumu GUCOKY
HAOIUHICMb NPOCHO318 Y NPAKMUYHUX 3ACTHOCY8AHHSX.

Knwuosi cnoea: cmexineoguii ancambnb, 2aubuna amcamoOno; y3a2aibHioONYa 30AMHICIHb,
NPOCHO3YB8AHHS AKAOEMIYHOT YCRIWHOCMI; MAWUHHE HABYAHHS, aHcambaesi memoou, Python.
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