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This paper presents a two-stage probabilistic stacking ensemble for admission outcome prediction based
on calibrated heterogeneous classifiers and linear decision fusion in probability space. The proposed
approach combines HistGradientBoosting, ExtraTrees, and RandomForest models to generate posterior
class probabilities, while probability calibration is applied to improve the consistency and comparability
of probabilistic estimates. To prevent information leakage, the meta-level training space is formed
exclusively from calibrated out-of-fold probability representations. At the second stage, linear meta-
models are used to aggregate probabilistic outputs and produce the final decision. The method was
evaluated on a real-world dataset collected from the admission campaign of Lviv Polytechnic National
University. Experimental studies using holdout validation and stratified cross-validation demonstrate that
the proposed ensemble achieves high and stable predictive performance while preserving the quality of
probabilistic estimates. In particular, the method reached F1-scores up to 0.990 and MCC values up to
0.979 on the holdout test set, together with low LogLoss values. Comparative analysis with baseline
classifiers and standard stacking approaches confirms that calibrated probabilistic fusion improves both
classification quality and the reliability of posterior probability estimates in practical decision-support
tasks.

Povzetek: Clanek predstavija zanesljiv ansambelski pristop za napovedovanje izidov sprejema, Ki z
umerjenim zdruzevanjem vec¢ klasifikacijskih modelov izboljsa natancnost in kakovost verjetnostnih ocen.

1 Introduction

In the modern competitive academic environment,
prospective students often face difficulties in realistically
assessing their chances of admission due to heterogeneous
selection criteria, program-specific requirements, and
fluctuating admission thresholds across universities. At
the same time, traditional approaches, such as paid
educational consultancy services or simple rule-based
online calculators, are often expensive, subjective, and
insufficient for capturing complex relationships among
applicant characteristics. Consequently, with the growing
competition for university places, predicting admission
outcomes has become an important decision-support task
for prospective students. This creates an increasing
demand for intelligent systems capable of supporting
applicants in making informed decisions about their
higher education opportunities [1], [2].

With the rapid development of machine learning (ML) and
data analytics, recent studies have proposed various ML-
based admission prediction models and decision-support

systems that estimate the probability of acceptance using
historical applicant data and academic performance
indicators [3], [4]. Such models enable applicants to better
evaluate their chances of enrollment and support more
informed application strategies. In this context,
probabilistic prediction models are particularly important,
as they provide not only categorical decisions but also
quantitative estimates of admission likelihood, allowing
applicants to assess risk and compare alternative
application strategies.

However, the complexity and heterogeneity of admission
data often limit the predictive performance of individual
models [5]. Admission datasets typically include multiple
correlated attributes, non-linear relationships, and
significant variability between institutions and programs.
As a result, single classifiers may fail to capture all
relevant patterns in the data. It is due to the use of
ensemble learning approaches that combine multiple
models to improve prediction accuracy and robustness [6],

(71, [8].
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Ensemble learning techniques integrate the outputs of
several base classifiers in order to reduce prediction
variance and enhance generalization performance [9],
[10]. At the same time, reliable probabilistic prediction
requires well-calibrated classifier outputs, since poorly
calibrated probabilities may lead to misleading estimates
of admission chances even when classification accuracy is
high [11], [12]. In probabilistic ensemble frameworks,
decision fusion in the probability space allows combining
calibrated posterior probabilities from multiple classifiers,
enabling more consistent and interpretable final
predictions [13].

Improving the accuracy and reliability of data-driven
predictive models remains a fundamental challenge in
many applied domains [13].

Traditional ML methods do not always provide sufficient
classification accuracy for practical decision-support
applications. Therefore, hybrid ensemble methods have
attracted increasing attention in recent years.

Despite the broad use of stacking architectures, several
issues remain insufficiently addressed in applied
probabilistic classification tasks [10]. In particular,
standard stacking does not always ensure comparability of
posterior estimates produced by heterogeneous base
classifiers, while the use of complex meta-models may
increase the risk of overfitting [14], [15]. In addition,
relatively few studies explicitly analyze stacking schemes
in which the secondary learning stage is constructed only
from calibrated out-of-fold probabilities and the final
decision is obtained by dedicated linear fusion in the
probability space.

This study examines the role of calibrated probabilistic
stacking in improving both predictive performance and
probabilistic reliability in admission prediction tasks.
Particular attention is paid to the role of probability
calibration, out-of-fold probability generation, and
constrained meta-learning within a unified ensemble
framework.

The following research questions are considered in this
study:

e Can calibrated posterior probability
representations improve the consistency of
probabilistic outputs generated by heterogeneous
classifiers?

e Does the use of strict out-of-fold probability
generation help reduce the risk of information
leakage during meta-learning?

e Can linear aggregation in probability space
provide stable generalization performance while
controlling the effective complexity of the meta-

model?
e Does the proposed probabilistic stacking
framework improve predictive performance

compared to conventional single models and
standard stacking approaches?
To address these questions, a structurally constrained
probabilistic stacking ensemble for admission outcome
prediction is proposed. Its main idea is to construct the
secondary feature space only from calibrated out-of-fold
posterior probabilities produced by heterogeneous base
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classifiers and to perform the final decision fusion by
means of a linear meta-model. Such an organization is
aimed at improving the consistency of probabilistic
outputs, reducing the effective complexity of the meta-
level model, and providing a more reliable decision rule
for admission prediction.

Compared with standard stacking, the proposed approach
differs in three aspects:

e only calibrated posterior
transferred to the meta-level;

e only out-of-fold estimates are used to prevent
information leakage;

e the second stage uses a constrained linear
aggregation model to control the -effective
complexity of the meta-learning procedure.

Accordingly, the objectives of the study are:

e to develop a two-stage probabilistic stacking

ensemble based on calibrated heterogeneous

probabilities are

classifiers;

e to construct a leakage-free meta-learning
procedure  using out-of-fold  probability
estimates;

e to investigate the effect of calibrated probability
fusion and linear aggregation on predictive
performance and probabilistic reliability;

e to compare the proposed method with baseline
classifiers and standard stacking approaches
using a real-world admission prediction dataset.

The main contribution of this paper is as follows:

1. The study proposes a structured calibrated
probabilistic stacking ensemble for predictive
modeling in decision-support tasks.

2. The proposed ensemble performs second-stage
learning in the space of calibrated out-of-fold
posterior probabilities, which ensures that the
meta-level model operates on mutually consistent
probabilistic inputs.

3. A constrained linear aggregation model is used at
the meta-level to reduce the effective complexity
of second-stage learning and to improve
generalization.

4. The effectiveness of the proposed ensemble is
demonstrated on a real-world admission
campaign dataset, where it achieves competitive
predictive performance while providing more
reliable probabilistic outputs for practical
decision-making.

Unlike conventional stacking schemes, where outputs of
base learners are combined without explicit control of
their probabilistic consistency, the proposed ensemble
uses calibrated out-of-fold posterior probabilities as inputs
to the second-stage model. This design ensures that the
meta-level learner aggregates comparable probabilistic
estimates rather than heterogeneous raw outputs. In
addition, the second-stage model is intentionally restricted
to linear aggregation, which reduces its effective
complexity and limits the risk of overfitting. Therefore,
the proposed approach should not be interpreted merely as
another application of stacking to a real dataset. Instead, it
represents a methodologically grounded probabilistic
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ensemble framework designed for more reliable predictive
decision support.

2 Related work

Ensemble learning and probabilistic prediction have been
widely studied in ML as effective approaches for
improving predictive performance and robustness [10]. In
particular, stacking-based ensemble architectures and
probability calibration techniques have attracted
significant attention because they enable the integration of
heterogeneous classifiers while preserving the reliability
of probabilistic outputs [11], [16]. This section reviews the
most relevant research related to stacked ensembles,
probabilistic prediction, and probability calibration
methods that form the methodological basis for the
proposed approach.

The concept of stacked generalization, commonly referred
to as stacking, was originally introduced by Wolpert as a
ensemble for combining multiple predictive models
through a meta-learning layer. In this approach, the
outputs of base classifiers serve as input features for a
secondary model that learns how to optimally combine
their predictions [17]. A crucial aspect of stacking is the
use of predictions generated on validation folds of the
training data, often referred to as OOF outputs. This
strategy reduces bias associated with in-sample
predictions and enables the meta-model to capture
systematic errors of individual classifiers. As a result,
stacking provides a flexible mechanism for constructing
hierarchical predictive systems in which the final decision
is obtained through a learned combination of multiple
predictors [17].

The stacking paradigm was further formalized within a
statistical ensemble through the Super Learner method
proposed by van der Laan, Polley, and Hubbard. In this
approach, ensemble construction is formulated as an
optimization problem where the optimal combination of
candidate algorithms is selected based on cross-validation
risk minimization. The Super Learner ensemble provides
theoretical and empirical justification for constructing
meta-predictions using cross-validated outputs of base
models. Importantly, this methodology emphasizes that
the meta-level model should rely exclusively on OOF
predictions to ensure unbiased estimation of
generalization performance and prevent information
leakage from the training data [18].

Since stacking methods can operate in the space of
posterior probabilities, the reliability of probability
estimates produced by base classifiers becomes a critical
factor. One of the classical approaches to probability
calibration is Platt scaling [19], which transforms
classifier scores into posterior probability estimates by
fitting a sigmoid function. This method was originally
introduced for Support Vector Machines by Platt. This
technique learns a logistic transformation that maps
classifier scores to calibrated probability estimates. Later
work by Lin et al. improved the numerical stability and
practical implementation of this calibration procedure,
making it applicable to probabilistic outputs of various
classifiers [20].
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Empirical research by Niculescu-Mizil and Caruana [21]
demonstrated that many commonly used ML algorithms
produce systematically distorted probability estimates.
Some models tend to generate overconfident predictions,
while others produce overly conservative probability
distributions. Their results highlight the importance of
evaluating probabilistic predictions using proper loss
functions and calibration diagnostics, such as log-loss and
reliability diagrams, particularly when probability
estimates are used as inputs for subsequent decision-
making models [21].

The problem of improving probability estimates has also
been investigated for specific classes of ML algorithms.
Zadrozny and Elkan [11] analyzed calibration techniques
for Decision Trees and naive Bayes classifiers and
demonstrated that relatively simple post-processing
procedures can significantly improve the quality of
predicted probabilities. Their findings indicate that even
models with strong classification performance may
produce poorly calibrated probability estimates, and that
calibration methods can effectively correct these
distortions [11].

In subsequent work, the same authors explored methods
for producing consistent probability estimates in
multiclass classification problems. Their approach
converts score-based outputs into calibrated multiclass
probabilities through the combination of calibrated binary
models. The study [22] established the general principle
that probability calibration can be applied independently
of the underlying classifier and becomes particularly
important when probabilistic outputs are further combined
by other models or decision rules.

More recent studies have also emphasized the importance
of calibration for modern ML models and classifier
ensembles. For instance, Mortier et al. in [16] investigated
the calibration properties of probabilistic classifier sets
and proposed statistical methods for evaluating whether
ensembles provide reliable probability estimates. Their
findings show that even complex ensembles of modern
models may produce poorly calibrated outputs,
highlighting the need for explicit calibration procedures in
probabilistic prediction systems.

Recent research has also explored probabilistic ensemble
architectures designed to improve uncertainty estimation
and robustness of ML models [13]. Some studies propose
ensemble frameworks based on probabilistic model
averaging or neural architecture ensembles that combine
predictions generated by different model configurations.
These approaches demonstrate that probabilistic
ensembles can improve predictive performance while
simultaneously providing more reliable uncertainty
estimates.

Another line of work investigates ensemble approaches
that produce probabilistic prediction intervals or
predictive distributions using conformal prediction
techniques [23]. Such methods combine ensemble
learning with distribution-free statistical guarantees,
enabling uncertainty-aware predictions that adapt to local
variability in the data while maintaining theoretical
reliability.
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In addition, existing studies have explored ensemble
models that combine predictions directly in probability
space rather than at the level of class labels [24]. These
approaches integrate posterior probability estimates from
multiple classifiers to construct more informative and
interpretable ensemble decisions. Operating in probability
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space allows ensemble models to preserve uncertainty
information and exploit complementary probabilistic
patterns across base classifiers.

The table summarizes the methodological
characteristics of the most relevant studies discussed in
this section.

Table 1: Comparative analysis of existing stacking-based approaches and the methodological positioning of the proposed

framework
Main methodological Ensemble or Pro_babl_llty Meta-l_evel Relation to the
Reference Y calibration learning proposed
focus probabilistic strategy - e
discussed characteristics approach
Provides the
[17] Introduction of Two-level stacking Not a central | General-purpose conceptual
stacked generalization architecture focus meta-learning foundation for
stacking ensembles
Not . _ | Supports the use of
[18] Cross-validated Super Risk-minimization emphasized as Fle|>; ':rlﬁi%eta strict out-of-
Learner ensemble ensemble learning a primary framework sample meta-
component learning
Calibration of Sigmoid-based . Not a stacking- P_rowgles the.
e - . Explicitly . calibration basis
[20] classifier probability probability dd d oriented din th
estimates transformation addresse framework used In the
proposed method
Supports
Improvement of - - - probabilistic
[11] probabilistic outputs C|aSS(I:];Iﬁ Lgt?gﬁb'“ty ;;( dpr:(s:;gg ’\rl:ett;(-)liz L;Sri?non consistency across
for classifiers g heterogeneous
classifiers
Motivates the
A_n_aly5|s qf - Comparative Strongly Not a stacking- importance of
[21] probabilistic reliability g . ; calibrated
- probabilistic evaluation emphasized | based framework .
in ML models probability
estimates
S . ! Supports reliability
Calibration e}n.aIYSIS Probabilistic ensemble Explicitly Ensembl_e_ Ie_vel analysis of
[16] for probabilistic . probabilistic o
o evaluation addressed - probabilistic
classifier sets analysis
ensembles
Conceptually
[13] Two-stage PNN-SVM Hybrid ensemble Partially Nonlinear related two-stage
ensemble architecture discussed secondary model ensemble
organization
. - Integrates
C_a_llb_rated . - E.Xpllc.'t Linear calibration, OOF
Proposed | probabilistic stacking | Two-stage probability- calibration - :
- - aggregation in learning, and
method with constrained space ensemble before o .
- - probability space | constrained meta-
fusion aggregation learning

The conducted comparative analysis demonstrates
that existing stacking and probabilistic ensemble
approaches mainly address individual components of
ensemble learning separately. Some studies focus on
stacking architectures and meta-learning strategies, while
others investigate probability calibration or probabilistic
reliability of classifiers. Although previous studies have
demonstrated the usefulness of stacking, probability
calibration, and probabilistic classifier fusion, limited
attention has been paid to their joint integration within a
unified two-stage framework. In particular, the literature
still lacks sufficient empirical evidence on whether
calibrated out-of-fold probability representations and
linear fusion in probability space can simultaneously
improve discriminative performance and probabilistic

reliability in practical admission prediction tasks. In many
conventional stacking approaches, posterior probabilities
produced by heterogeneous classifiers are aggregated
without explicit calibration, which may reduce the
consistency and comparability of probabilistic estimates.
In addition, the use of complex nonlinear meta-models
may increase the effective hypothesis space and lead to a
higher risk of overfitting. Furthermore, the absence of
strict out-of-fold probability generation mechanisms in
some ensemble schemes creates a potential risk of
information leakage during second-stage learning. The
proposed approach addresses these limitations by
combining calibrated posterior probability estimation,
leakage-free out-of-fold meta-feature construction, and
structurally constrained linear aggregation in probability



Calibrated Probabilistic Stacking with Linear Meta-Learning for...

space. Such an organization allows the ensemble to
preserve probabilistic consistency, control the effective
complexity of the meta-level model, and improve the
reliability and generalization ability of the final decision-
making process.

3 Methodology

This section describes the proposed two-stage
probabilistic ensemble method.

The proposed approach belongs to the class of
ensemble ML algorithms and implements a two-stage
decision ensemble in which the secondary model is trained
exclusively in the space of the calibrated posterior
probabilities generated by several heterogeneous base
classifiers.

The key characteristics of the method include:

+ the use of calibrated ensemble models as
probability generators;

»  construction of a secondary training space based
on OOF probability estimates;

» application of a linear meta-model that performs
alignment and aggregation of posterior probability
estimates.

Such a design reduces the effective complexity of the
decision function and improves the generalization
capability of the model without directly using the original
feature space at the second stage.

3.1 Formal problem statement

Let a training dataset be given as
D= {(xilyi)}li\]:l:

where:

x; € R4,
is a vector of input features describing the i-th observation,
and:

yi €{1,...,C},

denotes the corresponding class label, where C is the
number of classes.
The goal is to construct a classifier:

y=Fx),
that maps an input feature vector x to a predicted class
label and maximizes the generalization performance
according to evaluation metrics such as F1-score,
Matthews Correlation Coefficient (MCC), or Cohen’s
Kappa.

3.2 Stage 1: Generation of calibrated
posterior probabilities

This section describes the base classifiers, the probability
calibration procedure, and the OOF strategy used to
generate unbiased posterior probability estimates.
At the first stage, a set of M heterogeneous classifiers is
trained:
H = {h',h?, ...,hM}

In this study, the following heterogeneous classifiers are
used at the first stage of the ensemble:

e HistGradientBoosting with default learning rate

and tree depth parameters;
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e ExtraTrees with probability calibration, using
200 trees and the Gini criterion;
e RandomForest with probability calibration, using
200 trees and the Gini criterion.
Probability calibration for ExtraTrees and RandomForest
models is performed using Platt scaling implemented
through a sigmoid-based calibration procedure. All models
are implemented using the Scikit-learn library with fixed
random seeds to ensure reproducibility of the experimental
results.
Each classifier produces a vector of posterior class
probabilities:
pP™ () = ™ @), ., P m=1,..., M,
where
p™ (@) ~ P(Y = c|X = x)
Thus, each model estimates the probability that the input
observation x belongs to class c.
For tree-based ensemble models (ExtraTrees and
RandomForest), Platt scaling is applied to improve the
reliability of predicted probabilities. In this study, Platt
scaling was selected as the calibration method for tree-
based ensemble models. Isotonic regression was
considered as an alternative non-parametric calibration
approach. However, it was not used in the final
experimental pipeline because the main objective of this
work was not to compare calibration methods, but to
evaluate the effect of calibrated probability representations
in a two-stage probabilistic stacking framework. In
addition, isotonic regression is more flexible and may
require larger calibration subsets to avoid overfitting,
whereas Platt scaling provides a simpler parametric
calibration procedure based on a sigmoid transformation.
This makes it more suitable for the proposed framework,
where calibrated probabilities are further used as inputs for
a linear meta-model. Therefore, Platt scaling was chosen
as a computationally simple and methodologically
consistent calibration strategy.
The calibrated probability estimate is defined as
P @) = o(a™pd™ () + b™),
where:
1
a(t) = g
is the logistic function, and
agm)' bc(m)7
are calibration parameters estimated on held-out validation
data.
This calibration step improves the comparability and
reliability of probability estimates across different models,
which is essential for subsequent probability-based
aggregation.
To prevent information leakage, stratified K-fold cross-
validation with K =5 is used during out-of-fold probability
generation. For each fold, the base classifiers are trained
on K—1 folds and generate probability estimates for the
held-out subset. This procedure ensures that all probability
representations used for meta-learning remain strictly out-
of-sample. For each observation x;, an OOF probability
representation is constructed as:
z; = [FP )PP (x), ., B™(x,)] € RMC.
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Thus, the vector z; contains calibrated class probabilities
produced by all base models. All vectors z; form a new
training matrix
z{
7=|2
zy
This matrix represents the secondary feature space
composed exclusively of posterior probability estimates.

3.3 Stage 2: Linear aggregation in

probability space
This section presents the meta-model operating in the
probability space and the corresponding final decision rule
used for prediction.
At the second stage, a linear classifier is trained in the
probability space:

g:RM¢ - RC,

The use of a linear meta-model is motivated by its ability
to ensure stable aggregation of calibrated probabilities,
reduce the risk of overfitting, and preserve interpretability
of the contribution of individual base classifiers. Logistic
Regression and Linear SVC with probability calibration
are used as meta-learners at the second stage of the
ensemble. The choice of linear meta-models is intentional.
In the proposed framework, the second-stage model
operates only on calibrated posterior probability
representations produced by the base classifiers.
Therefore, its main role is to align and aggregate
probabilistic estimates rather than to learn a new complex
nonlinear feature representation. More flexible non-linear
meta-models, such as multilayer perceptrons or tree-based
meta-learners, could increase the effective hypothesis
space of the ensemble and may lead to a higher risk of
overfitting at the meta-learning stage. For this reason,
Logistic Regression and calibrated Linear SVC were
selected as controlled and interpretable aggregation
models. This choice is consistent with the main
methodological aim of the study, which is to evaluate the
effect of calibrated probability fusion under a constrained
probabilistic stacking design.
The Logistic Regression model uses L2 regularization
with default optimization parameters, while Linear SVC is
calibrated using sigmoid-based probability estimation. For
Logistic Regression, the class probability is defined by the
softmax function:
exp (w?z+bc)

Ye (Z) = Zgﬂexp (w£z+bk)’
where:
w, € RMC,
is the weight vector associated with class c, and
b, ER,

is the corresponding bias term.
The final class prediction is determined as:

§ = argmax g (2)
Thus, the secondary model does not operate on the original
feature space. Instead, it performs linear aggregation and
alignment of posterior probability estimates produced by
the base classifiers.
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3.4 Structural constraints and algorithmic
overview

The proposed approach incorporates several structural
constraints that define the functional capacity of the model
architecture:

« the meta-model operates exclusively in the

probability space generated by base classifiers;

« all probability estimates are calibrated prior to

aggregation;

« a linear hypothesis class is used at the second

stage;

+ a strict OOF mechanism is employed for

constructing the meta-level training data;

« the architecture is restricted to a two-level

ensemble structure.

These constraints significantly reduce the effective
hypothesis space of the model and consequently decrease
the risk of overfitting while preserving the expressive
power of the ensemble.

The two-stage calibrated probabilistic ensemble can be
summarized as follows:

1. Split the training dataset into K stratified folds.

2. For each fold: train the base models on K—1 folds,
and generate calibrated probability estimates for
the held-out fold.

3. Construct the probability feature matrix from the
OOF predictions.

4. Train the linear meta-model using matrix Z.

5. For a new observation x: obtain calibrated
probability estimates from the base models and
aggregate them using the trained meta-model to
obtain the final prediction.

The proposed design is motivated by three methodological
considerations. First, the use of out-of-fold probability
estimates prevents information leakage when constructing
the secondary training space. Second, probability
calibration makes the outputs of heterogeneous base
classifiers more comparable before aggregation. Third,
restricting the meta-model to a linear hypothesis class
reduces the effective complexity of the second-stage
decision rule and makes the contribution of each base
classifier easier to interpret. Thus, the proposed
architecture aims to improve not only predictive accuracy,
but also the consistency and transparency of the final
probabilistic decision.

4 Experimental design and
evaluation procedure

The experimental study was conducted to objectively
evaluate the generalization ability of the proposed two-step
ensemble method and to compare it with basic ML
algorithms. The modeling procedure was designed to
ensure the validity of statistical estimates, the absence of
information leakage, and the reproducibility of results.
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4.1 Dataset and preprocessing

Experimental studies were performed on the collected and
cleaned dataset of archived results of admission campaign
of Lviv Polytechnic National University (Lviv, Ukraine).
The input data were represented as a feature matrix:
Xe RN*d,

and a corresponding vector of class labels:

y €{1,..,C}N.
Categorical variables were encoded using one-hot
encoding, ensuring that all features were transformed into
a numerical representation. Missing values in numerical
attributes were imputed using median values, which
reduces the influence of outliers and prevents distortion of
feature distributions. The target variable was encoded into
a compact numerical label space.
No explicit feature selection was performed in this study
in order to preserve the original information structure of
the admission dataset. Stratified sampling was applied
during both holdout and cross-validation procedures to
preserve the empirical class distribution across training
and validation subsets.
The admission dataset was not characterized by extreme
class imbalance. Nevertheless, stratified sampling was
consistently used during both holdout validation and cross-
validation in order to preserve the empirical class
distribution across all training and evaluation subsets. No
additional resampling procedures or explicit class-
weighting strategies were applied because the observed
class proportions allowed the models to achieve stable
predictive performance without a pronounced bias toward
the majority class.
For the primary evaluation of model performance, a
holdout validation strategy was employed. The dataset was
divided into training and testing subsets in an 80/20 ratio.
Thus, each of the studied methods received about 12736
observations for training and 3185 observations for model
application at each run.
The split was performed using stratified sampling,
ensuring that the empirical class distribution was
preserved in both subsets. A fixed random seed was used
to guarantee reproducibility of the experiments. The
dataset contained approximately 15,900 admission records
represented by 12 original attributes and the corresponding
admission outcome. The features included both numerical
and categorical variables related to applicant scores,
priorities, quotas, and specialization information.

4.2 Experimental design

The proposed method was compared with several baseline
classifiers, including both single models and ensemble
algorithms: Hist Gradient Boosting, Random Forest, Extra
Trees, Logistic Regression, Linear SVC with probability
calibration.

All baseline models were trained exclusively on the
training subset and evaluated on the held-out test data
without additional hyperparameter tuning. Default
hyperparameter settings from the Scikit-learn framework
were used unless explicitly specified otherwise. This setup
allows the study to focus primarily on the structural
properties of the proposed probabilistic stacking
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framework rather than on extensive model-specific
hyperparameter optimization.
The proposed approach implements a two-stage decision
procedure. At the first stage, a set of heterogeneous base
classifiers (Hist Gradient Boosting, Extra Trees, and
Random Forest) is trained to generate posterior probability
estimates of class membership.
For tree-based ensemble models (Extra Trees and Random
Forest), probability calibration is applied using Platt
scaling to ensure consistency of probability estimates
across different classifiers.
To construct the training dataset for the meta-level model,
an OOF strategy is employed. The training data are divided
into K stratified folds. For each fold, base models are
trained on K—1 folds and produce probability estimates for
the held-out fold. This process produces the secondary
feature matrix

7€ RN*(M*C)’
which contains only out-of-sample posterior probability
estimates and therefore eliminates information leakage.
At the second stage, a meta-model (Logistic Regression or
calibrated Linear SVC) is trained exclusively in the
probability space represented by matrix Z. The original
feature space X is not used at this stage, which
substantially reduces the hypothesis space and mitigates
the risk of overfitting.
For inference on test data, base models are retrained on the
entire training dataset. Their calibrated probability outputs
are then aggregated by the meta-model to produce the final
prediction.
To evaluate the generalization performance of the models,
stratified K-fold cross-validation was applied.
The outer evaluation stage uses stratified 5-fold cross-
validation, while the inner stage is responsible for
generating out-of-fold probability estimates for meta-
learning. At the outer level, model performance was
evaluated on validation folds, while the inner level was
used to generate OOF probability estimates for training the
meta-model.
This approach provides unbiased performance estimates
and enables a reliable comparison between the proposed
ensemble and baseline models.
Holdout metrics correspond to the results obtained from a
fixed stratified split of the dataset into training (80%) and
testing (20%) subsets. The metrics reported for the
Holdout Test set reflect model behavior on independent
data that were not used during any stage of training or
model construction.
Cross-validation estimates were obtained using stratified
K-fold cross-validation and are reported as mean +
standard deviation across validation folds.
For the proposed two-stage ensemble method, the cross-
validation procedure incorporates the OOF probability
generation mechanism, ensuring that probability estimates
used to train the meta-model remain strictly out-of-sample.
The cross-validation mean serves as the primary criterion
for comparing model performance, while the standard
deviation reflects the stability of the models with respect
to variations in the training data.
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Comparing results obtained under the Holdout and cross-
validation schemes allows assessing the consistency and
generalization capability of the models. Similar metric
values across both evaluation protocols, together with
small cross-validation standard deviations, indicate stable
model behavior and absence of significant overfitting.

All experiments were implemented using fixed random
seeds and a unified computational pipeline. The full
sequence of preprocessing, out-of-fold probability
generation, calibration, meta-level training, and evaluation
is described in sufficient detail to support reproducibility
of the proposed ensemble on comparable data.

The experimental framework was implemented in Python
3 using the Scikit-learn machine learning library. Standard
scientific computing libraries, including NumPy and
Pandas, were additionally used for data processing and
experimental evaluation.

All experiments were performed within a consistent
software environment to ensure reproducibility of the
obtained results.

4.3 Evaluation metrics and computational
cost

Model performance was evaluated
complementary metrics: Accuracy,
Cohen’s Kappa

These metrics provide a comprehensive assessment of both
predictive accuracy and classification balance.
Additionally, the probabilistic quality of predictions was
evaluated using the LogLoss function.

For each model, the mean and standard deviation of the
metrics were reported based on cross-validation results.
The reported standard deviations were additionally used to

several
MCC,

using
F1-score,
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assess the stability of model behavior across different
cross-validation folds. Computational time corresponding
to the full experimental pipeline was additionally recorded
to assess the overall complexity of the proposed
framework.

All experiments were conducted using fixed random seeds,
and the entire modeling procedure was implemented as a
unified reproducible computational pipeline. This design
ensures that the results can be independently replicated and
verified.

5 Results and discussion

This section presents the experimental results and provides
a comparative analysis of the proposed method against
baseline models for the considered admission prediction
task (table 2).

The proposed two-step method, based on the aggregation
of calibrated posterior probabilities from three
heterogeneous ensemble classifiers, demonstrates high and
stable  generalization  ability. Both  meta-level
implementations (Logistic Regression and calibrated
Linear SVC) achieve F1 scores exceeding 0.986 and MCC
scores exceeding 0.97 in cross-validation results,
confirming the absence of overfitting and the correctness
of the OOF strategy.

The model with the Logistic Regression meta-level
demonstrates the best performance on the holdout set,
while Linear SVC (calibrated) provides slightly better
generalization stability in cross-validation and minimal
LogLoss values. The computational complexity of the
method is higher compared to single-stage ensembles,
which is the expected trade-off for using multi-model OOF
aggregation.

Table 2: Generalization performance and computational complexity of the proposed method.

cv cv cv cv cv
Meta-model Holdout | Holdout | Holdout | Holdout F1 MCC Kappa LogLoss time
F1 MCC Kappa | LogLoss | (mean | (mean+ | (mean+ (mean £ )
+ std) std) std) std)

Logistic 099+ | 097+ 0.97 + 0.05+
Regression | 0990 | 0979 | 0978 1 0033 | 5505 | 0004 | 0.004 0.005 | 6020
LinearSVC 099+ | 097x 0.97 0.05+
(calibrated) | 0-°89 | 0978 | 0978 | 0033 | 1405 | 9003 | 0.003 0.005 | 2731

An analysis of the cross-validation results shows that the
improved two-step method, based on the aggregation of
calibrated posterior probabilities from three heterogeneous
ensemble classifiers, Hist Gradient Boosting, Extra Trees,
and Random Forest, yields the highest or second-highest
values for the F1 score, MCC, and Cohen’s Kappa. This
indicates the model’s high discriminative power and its
ability to perform correctly under conditions of potential
class imbalance.

It is fundamentally important that the improvement in
classification quality is not accompanied by a degradation
of probabilistic estimates. The values of the LogLoss
function for the two-step method remain at the same level
or are better compared to most baseline models. This

behaviour confirms the feasibility of forced calibration of
ensemble tree algorithms prior to their subsequent
aggregation at the meta-level

5.1 Comparison with baseline models and
holdout evaluation

To provide a clear comparison of the performance of
the improved two-step method and the baseline models,
Tables 3 and 4 present summary metrics of classification
quality based on the results of cross-validation and
evaluation on an independent test set.

Table 3 reflects the generalization ability of the models
based on the results of cross-validation in the format mean
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* std. The time shown corresponds to the total execution
time of a full cross-validation cycle, including model
training, probability estimation, and, in the case of the two-
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step method, the formation of OOF representations and
meta-model training.

Table 3: Cross-validation comparison of baseline models and the proposed method

Method F1 (mean | MCC (mean Kappa LogLoss _ cv
+ std) * std) (mean =+ std) (mean £std) | time (s)

HistGradientBoosting obs?ggzi ob?ggst 0.964+0.005 | 0.060+0006 | 18
Random Forest Y O oeTs | 09670006 | 0066+0.009 | 25
Extra Trees oés?ggzi oé?gg 41 0.965+0.004 | 0.053£0.005 | 22
ﬁ:‘gg‘;ﬁ:ﬂ t?;asgk'_”g (Meta: LO?Reg’ raw oé?ggsi 06?8851 0.969+0.005 | 0.055+0006 | 54
f;&”gfgg;gﬁﬁﬁgg (Meta: LinearSVC, 06?3331 0('%0%1 0.960+0.004 | 0.054+0006 | 52
Two-stage (Meta: LogReg) Oé?ggzi 0('%3 f 0.971+0.004 | 0.050 + 0.005 60
Two-stage (Meta: LinearSVC) Oé?ggzi 0('%5; 0.972 +0.003 | 0.050 £ 0.005 57

The summary results show that all the basic ensemble
methods considered achieve high classification accuracy
(F1>0.98), but differ significantly in terms of stability and
the quality of their probability estimates. Random Forest
achieves slightly higher average F1 and MCC values, but
is characterized by the largest standard deviations and the
worst LogLoss metrics, indicating increased variability
and insufficient calibration of probabilities. Hist Gradient
Boosting demonstrates more stable behavior, but its
probability estimates are smoothed, resulting in higher
LogLoss values. Extra Trees, thanks to additional
randomization, provides the best probabilistic accuracy
among the baseline models and smaller standard
deviations, although it is slightly inferior in discriminative
metrics.

The comparison with standard stacking based on raw
posterior probabilities shows that the proposed two-stage
method  provides slightly  better  discriminative
performance and lower LoglLoss for the considered
admission prediction task. This indicates that the
improvement is associated not only with the stacking
architecture itself, but also with the use of calibrated
probability representations at the meta-learning stage.

The improved two-step method consistently outperforms
the baseline approaches on all key generalization
performance metrics. The increase in the mean F1, MCC,
and Cohen’s Kappa values is accompanied by a decrease
in standard deviations, indicating more stable model
behavior across different data partitions. At the same time,
the LogLoss values are the smallest or among the smallest
among all the methods considered, confirming the
effectiveness of aggregating calibrated posterior
probabilities.

The obtained estimates confirm the conclusions drawn
from cross-validation and indicate the absence of
overfitting. The two-step method consistently outperforms
baseline models on key discriminative metrics while
maintaining high-quality probabilistic estimates.

Results obtained on an independent test set (table 4)
demonstrate a clear hierarchy of methods in terms of
discriminative power and generalization quality. All
ensemble methods noticeably better than Hist Gradient
Boosting and Random Forest, indicating the nonlinear
nature of the relationships in the data and the limitations of
linear models in this task.

Table 4: Comparison of methods based on holdout test results

hen’ Ti
Method F1 | MCC Cohen’s LogLoss me,
Kappa sec
Improved: (HGB + ET(cal) + RF(cal)) - Meta: LogReg 0.990 | 0.979 | 0.979 0.033 68.37
: + + - :
Tmproved: (HGB + ET(cal) + RF(cal)) - Meta 0.989 [ 0.978 [ 0978 | 0.033 | 62.77
LinearSVC(cal)
Standard stacking: (HGB + ET + RF) - Meta: LogReg 0.989 | 0.977 | 0.977 0.038 61.24
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Standard stacking: (HGB + ET + RF) - Meta: LinearSVC 0.988 | 0.976 | 0.976 0.037 58.96
HistGradientBoosting 0.988 | 0.975 | 0.975 0.048 3.60
RandomForest 0.987 | 0.974 | 0.974 0.046 1.73
ExtraTrees 0.987 |1 0.973 | 0.973 0.032 3.39
Logistic Regression 0.961 | 0918 | 0.917 0.124 1.19
LinearSVC (calibrated) 0.96 | 0917 | 0.916 0.121 1.50

Among the basic ensembles, Hist Gradient Boosting,
Random Forest, and Extra Trees demonstrate similar
values for F1, MCC, and Cohen’s Kappa (= 0.987-0.988
for F1), indicating a high level of classification accuracy.
At the same time, there are significant differences in the
quality of probability estimates among them. In particular,
Extra Trees provides the lowest LogLoss value among the
base models, confirming its tendency to generate smoother
and better-calibrated probabilities. In contrast, Random
Forest and Hist Gradient Boosting exhibit worse LogL 0ss
values, which is expected given their decision-making
mechanisms and the absence of explicit calibration
optimization.

The comparison with standard stacking based on raw
posterior probabilities indicates that the observed gain is
associated not only with ensemble combination itself, but
also with the use of calibrated probability representations
at the meta-learning stage. This supports the
methodological role of probability calibration in the
proposed framework.

The obtained improvements in Fl-score, MCC, and
LogLoss appear to be associated with several
complementary factors. First, the use of calibrated
posterior probabilities makes probabilistic outputs
produced by heterogeneous classifiers more comparable
before aggregation at the meta-learning stage. Second,
strict out-of-fold probability generation reduces the risk of
information leakage and allows the meta-model to learn
more reliable decision boundaries. Third, the use of a
constrained linear meta-model limits the effective
complexity of second-stage learning and decreases the
tendency to overfit compared to more flexible nonlinear
aggregation schemes.

The reduction in LogLoss values is particularly important
because it indicates not only improved classification
accuracy, but also better probabilistic consistency of the
final predictions. This behavior suggests that the proposed
framework produces probability estimates that are more
aligned with the true class distribution, which is especially
relevant for admission prediction tasks where predicted
probabilities are directly interpreted as estimates of
admission likelihood.

Although formal statistical hypothesis testing was not the
primary focus of the present study, the observed
improvements remain consistent across both holdout and
cross-validation evaluation protocols. In addition, the
relatively small standard deviations obtained during cross-
validation indicate stable model behavior and suggest that

the performance gains are not associated with random
variations of individual data splits.

The improved method consistently outperforms all
baseline approaches on key discriminative metrics.
Improvements in F1, MCC, and Cohen’s Kappa are
consistent for both meta-level variants (Logistic
Regression and calibrated Linear SVC), indicating
effective compensation for the errors of baseline models in
the posterior probability space. Importantly, this
improvement is achieved without degrading probabilistic
correctness: the LogLoss values for the two-step method
are comparable to the best baseline model (Extra Trees)
and significantly better than Hist Gradient Boosting and
Random Forest.

Runtime analysis shows that the two-step method is
computationally more expensive, due to the generation of
OOF probabilities and the additional meta-model training
step.  However, this computational cost is
methodologically justified, as it allows for higher
accuracy, better generalization ability, and more balanced
behavior between discriminative and probabilistic metrics.
For tasks where the reliability and accuracy of predictions
are critical, such a trade-off is acceptable.

The present study is focused on a single real-world
admission dataset corresponding to the target application
for which the ensemble was developed. Therefore, the
conclusions of the paper should be interpreted primarily
within this admission prediction setting. Broader cross-
domain validation may be considered in future research,
but it does not constitute the main objective of the present
study.

5.2 Discussion

The proposed ensemble was designed for a specific real-
world admission prediction task rather than as a universal
benchmark method for heterogeneous public datasets.
Therefore, its value should be interpreted primarily in
terms of its suitability for the target decision-support
setting. In this context, the use of a real institutional dataset
is an advantage, since it allows the method to be evaluated
under practically meaningful conditions that directly
correspond to the intended deployment scenario.

Unlike purely benchmark-oriented studies, the present
work emphasizes ecological validity, since the ensemble is
developed and evaluated on real data from the decision
environment for which it is intended.

A comparison of the results obtained using holdout and
cross-validation schemes demonstrates a high degree of
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consistency in the quality assessments. Similar metric
values on the independent test set and cross-validation
averages, as well as small standard deviations, indicate the
absence of significant overfitting and the stability of the
proposed approach with respect to variations in the
training set.

Unlike one-stage ensemble models, in which improved
accuracy is often achieved by increasing the complexity or
number of base components, the proposed method
achieves improvement through structurally constrained
information aggregation. The meta-model operates
exclusively in the space of calibrated posterior
probabilities, which significantly reduces the effective
hypothesis space and, as a result, enhances the model’s
generalization ability.

The comparison with the studies summarized in Table 1
shows that existing ensemble approaches usually focus on
separate methodological components. Some methods
mainly investigate stacking architectures, while others
focus on probability calibration or probabilistic reliability.
At the same time, many conventional stacking schemes
aggregate  posterior  probabilities without explicit
calibration and without strict control of out-of-sample
probability generation. Because of this, probabilistic
outputs produced by heterogeneous classifiers may remain
insufficiently consistent at the meta-learning stage. In
addition, complex nonlinear meta-models may increase
the effective hypothesis space and lead to a higher risk of
overfitting. In contrast, the proposed approach combines
calibrated posterior probability fusion, strict out-of-fold
probability generation, and constrained linear aggregation
within a unified framework. Such an organization
improves the consistency of probabilistic estimates and
supports stable generalization performance.

However, the use of a two-step scheme involving the
calculation of out-of-fold probability representations leads
to increased computational complexity compared to
conventional single-stage ensemble models. The
additional computational cost is mainly associated with
repeated model training during out-of-fold probability
generation, probability calibration, and second-stage meta-
learning. At the same time, the effective complexity of the
meta-level model remains limited because the second stage
operates on compact probability representations rather
than on the original high-dimensional feature space. As a
result, the memory requirements of the meta-model remain
relatively moderate despite the multi-stage organization of
the ensemble.

For substantially larger datasets, the computational burden
associated with repeated out-of-fold probability generation
may become more significant. In such scenarios, parallel
implementation strategies or distributed model training
may be required to improve scalability. Nevertheless, the
obtained experimental results indicate that the proposed
framework remains computationally feasible for practical
admission prediction tasks while providing improved
probabilistic  reliability and stable generalization
performance.

During inference, the proposed framework requires
sequential probability estimation by the base classifiers
followed by linear aggregation at the meta-learning stage.
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As a result, the inference complexity is higher than that of
a single classifier because predictions from multiple
models must be generated before the final decision is
obtained. At the same time, the second-stage model
operates on compact probability representations and uses
a linear aggregation scheme, which keeps the additional
inference overhead relatively moderate. The main
computational burden of the proposed framework is
therefore associated primarily with training and out-of-
fold probability generation rather than with the inference

stage itself.
The results confirm that simply aggregating the outputs of
individual models is not sufficient to improve

classification performance. A key role in the proposed
approach is played by the combination of heterogeneous
sources of probabilistic information, which are
characterized by different inductive biases and tend to
make errors in different regions of the feature space. This
diversity creates the necessary conditions for effective
error compensation at the second stage.
An important component of the proposed architecture is
the enforced calibration of ensemble tree-based models.
Without calibration, the posterior probability estimates
produced by Random Forest and Extra Trees are not
directly comparable, which hinders their correct linear
aggregation. Calibration enables all components of the
secondary feature space to be interpreted as consistent
estimates of the conditional probability

P(Y|X),
which is critical for ensuring the stable and reliable
operation of the meta-model.
The obtained results indicate that the improvement is
related not only to ensemble aggregation itself, but also to
the probabilistic organization of the meta-learning stage.
Unlike standard stacking approaches based on raw
posterior outputs, the proposed method operates on
calibrated probability representations that are more
comparable across heterogeneous classifiers. This is
particularly important for admission prediction tasks,
where predicted probabilities are directly interpreted as
estimates of admission likelihood. Therefore, probabilistic
reliability becomes important together with classification
accuracy.
The use of linear meta-models (Logistic Regression and
Linear SVC) is fundamental in terms of generalization
ability. Unlike more complex nonlinear meta-classifiers,
linear aggregation does not lead to a sharp increase in
variability and does not impair stability, as evidenced by
the small standard deviations of metrics in cross-
validation. Thus, the improvement is achieved not by
increasing complexity, but through a structurally
constrained transformation of the feature space.
Although non-linear meta-models may be useful in some
stacking architectures, they were not the main focus of this
study. The proposed method was designed to investigate
whether calibrated out-of-fold probability representations
can be effectively combined using a simple and controlled
linear decision rule. Such an organization reduces the
effective complexity of the second-stage model and helps
separate the influence of probability calibration and OOF
probability generation from the influence of a more
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flexible meta-learner. Therefore, the use of Logistic
Regression and calibrated Linear SVC is consistent with
the main methodological objective of the proposed
framework. The comparative analysis indicates that even
under these structural constraints, the ensemble achieves
stable predictive performance together with improved
probabilistic reliability.

This result also distinguishes the proposed approach from
many existing stacking architectures discussed in the
literature. In several related studies, performance
improvement is achieved by increasing the complexity of
the meta-model. In contrast, the proposed method
improves predictive performance through a more
consistent organization of probabilistic information
transferred between ensemble stages. The results suggest
that constrained linear aggregation in probability space
provides a balanced trade-off between predictive accuracy,
probabilistic reliability, and generalization ability.

The practical usefulness of the proposed framework should
be understood in the context of decision support rather than
automatic decision-making. In a real admission
environment, the model could be used to support
applicants in estimating their admission chances, to help
university admission offices analyze application flows, or
to provide analytical dashboards during admission
campaigns. In these scenarios, the predicted probabilities
may help compare alternative application strategies and
identify cases that require additional human attention.

At the same time, the proposed method should not be
considered a universal solution for all admission or
educational prediction tasks. Its performance may depend
on the structure of institutional data, admission rules or
applicant behavior. The model may require recalibration
or retraining when applied to another university, another
admission year, or a substantially different educational
system. Possible failure cases include distribution shifts
between admission campaigns, changes in admission
policy, incomplete or biased applicant records, and poorly
calibrated outputs of the base classifiers. Therefore,
practical deployment should include periodic validation,
monitoring of probabilistic outputs, and human oversight
in decision-sensitive use cases.

The present study has several limitations that should be
considered in the context of modern ensemble learning
approaches. First, the proposed framework is
computationally more expensive than conventional single-
stage ensembles because it requires the generation of
calibrated out-of-fold probability representations and an
additional meta-learning stage. Second, the current
implementation investigates a limited set of heterogeneous
base classifiers and only one calibration strategy based on
Platt scaling. Other calibration methods and ensemble
configurations may also influence the probabilistic
behavior of the model. Third, the experimental study is
focused on a real-world institutional admission dataset
corresponding to the intended application setting of the
ensemble. Although this improves the practical relevance
of the study, additional validation on datasets from other
institutions would be wuseful for assessing the
transferability of the proposed probabilistic stacking
strategy.
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In addition, the obtained results may be influenced by
dataset-specific characteristics, including institutional
admission rules, applicant demographics, feature
distributions, and temporal properties of a particular
admission campaign. Such factors may affect the
probabilistic structure of the data and influence the
behavior of the ensemble when applied to other institutions
or educational systems. Therefore, practical deployment in
substantially  different environments may require
recalibration, retraining, or adaptation of the proposed
framework.

Overall, the obtained results show that the proposed
approach should not be interpreted only as another
application of stacking to an admission prediction
problem. The main contribution of the study lies in the
joint integration of calibrated posterior probability fusion,
leakage-free out-of-fold probability generation, and
constrained linear meta-learning within a unified
probabilistic ensemble framework. The comparative
analysis with related studies indicates that these
components are often investigated separately in the
existing literature. Their combined use allows the
proposed method to achieve improved probabilistic
consistency together with stable predictive performance
and reliable generalization behavior.

6 Conclusion

In this paper, a two-stage probabilistic stacking ensemble
based on calibrated heterogeneous classifiers and linear
decision fusion in probability space was proposed for
admission outcome prediction. The developed framework
combines calibrated posterior probability estimation, out-
of-fold probability generation, and constrained meta-
learning within a wunified probabilistic ensemble
architecture. The obtained results demonstrate that the
proposed organization improves both predictive
performance and the consistency of probabilistic estimates
compared to conventional single models and standard
stacking approaches.

The experimental study performed on a real-world
admission campaign dataset from Lviv Polytechnic
National University showed that the proposed framework
achieves stable classification performance across both
holdout and cross-validation evaluation protocols. The use
of calibrated posterior probabilities and leakage-free out-
of-fold probability representations contributed to
improved LogLoss values and more reliable probability
estimates, while the use of linear meta-models helped limit
the effective complexity of second-stage learning and
reduce the tendency to overfit.

The conducted analysis additionally demonstrated that the
proposed probabilistic stacking strategy may be practically
useful for decision-support scenarios related to admission
analytics and applicant assessment. At the same time, the
obtained findings should be interpreted in the context of
the considered admission prediction task and the specific
institutional dataset used in the study. Additional
validation on datasets from other institutions and
application domains is required to further assess the
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transferability and generalizability of the proposed
framework.

Data availability statement

The dataset used in this study has been deposited in a
publicly available open-access repository and can be
accessed at:
https://www.researchgate.net/publication/403689404_Enr
ollment_Data_LPNU.
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