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Abstract. Decision trees and their ensemble extensions, such as random forests, are widely
used as classification models due to their simplicity and interpretability. However, in many
real-world tasks where class labels overlap in the feature space, standard decision trees rely on
hard splits that create fragile decision boundaries. In these regions, small perturbations in the
input values can lead to misclassification, reducing the reliability of the model. To address this
issue, we propose a localized data duplication mechanism that modifies the standard CART
algorithm by duplicating samples located near the chosen split threshold into both child nodes.
To prevent these duplicated samples from overpowering the nodes, they are assigned a reduced
weight based on a smoothly decaying function relative to their distance from the threshold. This
approach allows both child nodes to learn from ambiguous regions, preserving information about
uncertainty while maintaining the axis-aligned deterministic structure of classical decision
trees. When applied within a random forest framework, the duplication process also increases
ensemble diversity. Experimental evaluation on 11 real-world datasets with varying degrees of
class overlap demonstrates that the proposed modification consistently improves ROC-AUC
scores and boundary stability while keeping computational costs low.
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AnHoTramms. JlepeBbs pellleHUI M UX aHcaMOJieBble pacIIMpPeHUs], TaKWe KaK CIyJaliHbIe
Jieca, IIMPOKO MCIOJIb3YIOTCS B KaueCTBe Mojeieil kKinaccudukaiuy 6aaromapsi CBOeii IpocToTe
1 uHTeprpeTupyeMoct. OJHAKO BO MHOTHX peajbHbIX 3adadax, TIe METKU KJacCOB MePeKphI-
BAlOTCSI B MPOCTPAHCTBE TTPU3HAKOB, CTAHIAPTHBIE IEPEBbsl PEIICHUI ITOJIaraloTCsT Ha KECTKUE
pa3doueHusi, KOTOpble CO3/aI0OT cjabble TpaHUIIbl TIPUHSITHS pellleHnit. B aTux o6nactsax He-
0obIIMe BO3MYIICHUSI BXOOHBIX 3HAYCHUI MOTYT MPUBECTU K HEIPaBUIBHON KiaccupuUKa-
1M, CHIKAST HAJACKHOCTb Moaean. JIJIs pelIeHusT 3TOM ITpo0IeMbl MBI TIpeutaraeM MeXaHU3M
JIOKaJIM30BaHHOIO NyOJMpPOBaHUS AAHHBIX, KOTOPBI MOAUGMULIMPYET CTAHAAPTHBINM aITOPUTM
CART (Classification and Regression Tree) myrem ay0arMpoBaHusl 00pa31ioB, PacIiooKeHHbIX
BOJIM3M BbIOpAaHHOTO Mopora pa3oueHusi, B ob6a JoYepHUX ysnaa. YToObl MpeaoTBpaTUTh Iepe-
IPY3KY y3JI0B 9TUMU TyOIMpPOBaHHBIMU 00pa3liaMy, UM MPUCBAUBAETCs] YMEHBIIEHHBIN BeC Ha
OCHOBE TNIaBHO yOBIBafOIIeil (PYHKIIMM OTHOCUTEJIBHO MX PACCTOSHUS OT mopora. Takoit mom-
XOJI TIO3BOJISICT 000MM JOYCPHUM y3JIaM 00ydJaThbCsl Ha HEOTHO3HAYHBIX 00JIACTSIX, COXPaHSS
MHGOOPMAIIUIO O HEOIIPEAeJeHHOCTH, OMHOBPEMEHHO MOAACPXKMBasi BBIPOBHEHHYIO IO OCSIM
JNEeTepPMUHUPOBAHHYIO CTPYKTYPY KJIACCUUECKHUX IepeBbeB pelieHuil. [1pu npuMeHeHuU B pam-
Kax CJIydaifHoOro Jieca Ipolecc JAyOJMpOBaHUs TakKKe yBEJIMYMBAET pazHOOOpasue aHcamOJIs.
DKcnepuMeHTalIbHas olleHKa Ha 11 peasibHbIX HaOOpax JaHHBIX C PAa3JIUYHON CTENEHbIO Mepe-
KPBITUS KJIACCOB TTOKA3BIBACT, UTO IMpeIIoXKeHHAsT MOAN(PUKAIINS TTOCIeI0BATeIbHO YIydIIaeT
noka3aresqun ROC-AUC u ycTOMYMBOCTD TPAHUIL, COXPAHSIS TIPU 3TOM HU3KNE BEIYUCIUTEIh-
HbIE 3aTpaThl.

KiioueBbie cioBa: MallMHHOE OOY4YeHHUeE, 1ePeBbs PELLIEHUI, CydailHbIi Jiec, Kaaccudukauus,
QyOIMpOBaHKUE JAHHBIX
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bility in Decision Trees and Random Forests: A Weighted Sample Duplication Approach //
Computing, Telecommunications and Control. 2026. T. 19, Ne 1. C. 16—25. DOI: 10.18721/
JCSTCS.19102

Introduction

Decision trees and their ensemble extensions, such as random forests, are popular because they are
simple, often perform well in practice, and offer interpretability. Each decision tree splits the feature
space in a hierarchical way, which allows users to trace exactly how a prediction is made. Ensembles
average over many trees, which tends to reduce variance and improve generalization.
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In many real-world classification tasks, especially in medical or environmental settings, class-con-
ditional distributions overlap in feature space. That means that for certain regions, observations from
more than one class lie very close to each other in the features. In these overlapping regions, small
perturbations of input values or small changes in the split thresholds can lead to different class pre-
dictions. This reduces predictive stability and increases variance near class boundaries. A standard
decision tree uses hard splits: at each internal node it chooses a feature and a threshold that minimize
impurity (such as Gini impurity or entropy). When classes overlap, small perturbations can lead to
misclassification due to fragile decision boundaries. As trees grow deeper, the number of samples in
each node tends to shrink, increasing sensitivity to small changes and decreasing robustness near class
boundaries.

This work proposes a modification of tree construction that introduces a stochastic or soften-
ing element in handling samples near decision boundaries. Specifically, after a split is determined,
samples whose values are close to the threshold (i.e., near the hyperplane defined by the feature and
threshold) are duplicated into both child nodes. The influence of each duplicated sample decreases as
its distance from the threshold increases. This duplication has two key effects: it preserves information
about ambiguous or uncertain regions, and it increases diversity among trees when used in a random
forest ensemble. The goal is to make decision boundaries more precise, reduce errors arising in over-
lapping class regions, and improve learning in difficult parts of feature space, while retaining much of
the interpretability and simplicity of standard CART-style trees.

Related works

The problem of class overlap, uncertainty, and decision boundary instability has been extensive-
ly addressed in recent literature. Existing approaches can broadly be categorized into probabilistic
tree modifications, fuzzy logic parameterizations, and data-level boundary interventions. These ap-
proaches help illustrate why the proposed method is needed.

The concept of soft or probabilistic splits replaces rigid decision boundaries with weighted contri-
butions from both child branches. While foundational work demonstrated that soft thresholds reduce
generalization error, soft decision trees (SDTs) have recently seen a massive resurgence as a means to
balance deep learning’s predictive power with interpretability [1]. For instance, the fusion of SDTs
with concept-based convolutional models was used to create transparent classification systems in
complex, overlapping spaces [3]. Recent advancements also include embedding spatial visual atten-
tion directly into the inner nodes of SDTs to ensure path-based interpretability [2]. Despite these
improvements, SDTs fundamentally alter the standard tree routing mechanism by relying on fully
differentiable gradient descent and sigmoid-based probability branching rather than classical hard
splits [1, 2].

Fuzzy decision trees (FDTs) explicitly model uncertainty by mapping features to fuzzy member-
ship functions [5, 7]. Recent advancements in this domain emphasize adaptability and scalability.
Rabcan et al. (2025) proposed a dynamic FDT that uses cumulative mutual information to incremental-
ly adapt to evolving, overlapping data streams [4]. FDT optimization has also been applied successfully
in complex environments, such as personalized hybrid learning systems, utilizing cost-complexity
pruning to prevent boundary overfitting [6]. Furthermore, FDTs are proven highly effective for re-
gression and classification in uncertain physical environments, such as climate factor modeling [5].
However, these approaches introduce significant mathematical overhead: they require predefined tri-
angular or trapezoidal membership functions and linguistic parameters that must be manually tuned,
deviating from the algorithmic simplicity of axis-aligned crisp splits [4, 6].

Instead of modifying the tree structure probabilistically, several studies focus directly on the ge-
ometric boundaries and data overlap. Class overlap — where instances from different categories share
the exact same feature space — is proven to degrade the performance and interpretability of predictive
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models significantly [8]. To tackle this, novel decision rules based on boundary mixed attribute de-
pendency have been introduced, allowing trees to factor the boundary region explicitly as a measure
of knowledge uncertainty [9]. Additionally, when dealing with noisy class variables at the bounda-
ries, random forest algorithms exhibit measurably higher robustness compared to standalone C4.5 or
CART trees [10].

When individual tree boundaries fail to resolve class overlap, ensemble and distributed techniques
provide an alternative. Coalition-based decision trees now use decision template fusion to manage
conflicting or overlapping data sources across distributed networks [11]. In complex medical domains
characterized by overlapping tumor classes, multiclass tree ensembles combining perfusion and spec-
troscopy data have achieved high accuracy by extracting precise, overlapping rule combinations [12].
Nevertheless, these techniques typically operate as global or post-hoc ensembles, not fundamentally
altering how the individual underlying decision tree processes the ambiguous boundary during the
split search.

Despite these advances, a critical gap remains. Current state-of-the-art methods either mandate
computationally expensive gradient routing [1, 3], require complex fuzzy membership tuning [4, 6],
or rely on global data-level interventions [8]. There is a distinct need for methods that preserve the
clean CART structure, do not require extensive global parameter tuning, and maintain interpretabili-
ty while dynamically improving robustness at class boundaries.

Method

The proposed method modifies the construction of standard decision trees in order to handle un-
certain or overlapping class regions more effectively, as well as small sample size, while keeping the
simplicity and interpretability of classical CART. The main idea is to duplicate samples that lie close
to a chosen split threshold, so that both resulting child nodes can learn from data in ambiguous re-
gions. This adjustment helps the model to better capture local structure near class boundaries and to
become less sensitive to small variations in input data or threshold placement. Furthermore, it allows
for a more precise determination of split thresholds if they are shared among child nodes with the
same parent.

In a traditional decision tree, each node contains a subset of the training data and selects one
feature, defined as X, and a threshold value, called ¢. The goal of this step is to find the split that best
reduces impurity, for example measured by Gini impurity or entropy. Once the threshold is deter-
mined, all samples with feature values less than or equal to 7 are sent to the left child node, and the
remaining points, i.e., those with values greater than ¢ are sent to the right child node. The algorithm
then continues recursively on both child nodes until a stopping criterion is met, such as a minimum
node size or maximum depth.

Let D denote the current node dataset. At the root node, D is the whole dataset:

D— {(xo),y(f) )}N1

where each feature vector x = (xl, s xf) is of size f. In classical CART algorithm, at the current node,
when the split is found, DL and DR are subsets to which D is partitioned after splitting by feature X,
and threshold #:

D, = {(x,y) € D|xj < t}, D, = {(x,y) € D|xj>t}.
The subset DL is considered in the left child node, and DR — in the right.

This deterministic splitting process works well when the classes are clearly separated, but it can
be unreliable when the data contain regions of overlap, or the sample size within the node becomes
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insufficient for reliable splitting threshold estimation. In such areas, some samples from different
classes have very similar feature values, and even a small change in ¢ or in the input values can send
them to opposite sides of the split. As the tree grows deeper, each node contains fewer samples, which
increases the instability of these boundaries, leading to possibly higher error rate.

To address this issue, we propose a localized weighted sample duplication mechanism. After the
best split feature and threshold are found, the samples that lie close to the chosen threshold along the
selected feature are selected (near-boundary samples), where closeness is defined by a distance be-
tween the feature value and the threshold and the number of samples that are nearest to the threshold.
Once the near-boundary samples are identified, they are duplicated so that they appear in both child
nodes. In other words, each of these samples contributes to learning in both branches of the split. This
ensures that the information about uncertain regions is not lost. To prevent the duplication from over-
powering the data in either node, each duplicated sample receives a reduced influence, which depends
on how far it is from the threshold. Samples that are exactly at or very close to the threshold have the
highest influence, and those further away have gradually smaller influence.

This mechanism preserves the deterministic structure of a standard decision tree. The split itself
remains hard and axis-aligned, so the interpretability of the resulting model is unchanged. However,
by allowing both child nodes to learn from near-boundary samples, the model becomes more robust.
It no longer discards information from uncertain regions, and it gains a more stable decision bounda-
ry, less sensitive to small variations in the data.

When this method is used within a random forest, the duplication process also introduces addi-
tional diversity among trees. Because each tree in the ensemble is built from a bootstrap sample and
may select different features and thresholds, the specific boundary samples that are duplicated vary
between trees. This increases the variety of the ensemble members, which in turn improves generali-
zation and reduces the correlation of their errors, especially in regions of class overlap.

A few practical considerations are important for implementation. Since duplicating samples
changes the number of observations seen by each node, stopping criteria based on sample counts may
need to account for the reduced influence or weight of duplicated points rather than counting them as
separate full samples. It is also necessary to choose the width of the near-boundary region carefully: if
it is too wide, unnecessary duplication may increase computational cost or overfit the boundary; if it
is too narrow, the effect may be too small. Similarly, the decay rule for sample influence must ensure a
smooth transition between duplicated and non-duplicated samples. Despite these considerations, the
method remains simple to integrate into standard tree algorithms because it does not alter impurity
calculations, prediction procedures, or the overall recursive structure.

In summary, the method retains the key advantages of CART, including simplicity, interpretability,
and computational efficiency, while improving robustness in overlapping class regions. It achieves this
by allowing both branches of a split to learn from data that lie close to uncertain boundaries, thereby
reducing error sensitivity and enhancing the reliability of both individual trees and ensembles built
from them.

This mechanism introduces randomized noise into sampling procedure for child node data, as
shown in Fig. 1. By exposing subsequent splits to both sides of the uncertain region, the tree becomes
less sensitive to exact threshold placement and gains resilience to perturbations.

Let the absolute distance from the decision boundary for sample i along the splitting feature j be
defined as:

d, =|xij —t|.

Let 7 be a user-defined parameter controlling the proportion of copied samples. The number of
samples duplicated from the opposite branch is:

20



4 Intelligent Systems and Technologies, Artificial Intelligence

Parent Node (D)

H
Near-Boundary Region

L N
X<t ¢ ~ x>t
_~“Weighted Duplication™~ _

y R
Left Child (D, ') Right Child (Dg')
Standard data + Copies from right Standard data + Copies from left

Xi X
Weighted Copies Weighted Copies
® Classo [ Class1 ---- Copy Path

Fig. 1. Sample duplication near decision threshold
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Select k samples with smallest d,- values from each side and duplicate them into the opposite child
subset. Thus, final subsets become:

b

D, =D, vCopy,, Dy =D,Copy,.

Each duplicated observation receives a weight reflecting its proximity to the decision boundary. We
use a smooth decaying function:

_ il
w,=e ", a>0,

where a controls the decay rate. A larger a causes a rapid drop in weight for samples further from the
boundary, while a smaller a allows a wider band of samples to influence the child nodes. Alternatively,
a polynomial decay function can be utilized:

w, = (1 + |di|)_a .

This ensures that exact boundary samples have maximum weight (1), while farther ones contribute
less.
These weights affect computation of Gini impurity and class assignment in leaves, defined as:

1 Ziecc Wi
6~ b5z m -2

where W is the normalizing term representing the sum of all sample weights in the node, and CC rep-
resents the subset of samples belonging to class c.
If a sample is duplicated across multiple splits (tree depth more than one), its influence must gra-
dually diminish. Therefore, each time a sample is re-copied, its weight is updated recursively:
w(kﬂ) _ W(k) .

—ad;
i i °
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Duplication is only allowed up to a specified maximum copy depth J to avoid exponential growth.

The proposed tree construction algorithm consists of the following steps:

1. For each node:

o Compute impurity for all possible splits.
o Select best feature X, and threshold 7.

2. Identify boundary-near samples using distances d,-'

3. Duplicate k closest samples into opposite nodes.

4. Assign weights via chosen decay function.

5. Recurse until stopping criteria (max depth, min sample size) are met.

The computational complexity of the proposed algorithm remains close to the original one. In a
standard CART algorithm, finding the optimal split at a given node requires O(f NlogN) operations,
where f'is the number of features and N is the number of samples in the node. The proposed modi-
fication introduces three additional operations per node: calculating the absolute distances dl. from the
threshold for all samples (O(N)), identifying the k closest samples (which can be achieved in O(N)
time using selection algorithms), and copying and weighting these k& samples (O(k)). Because k is
much smaller than N and these additional steps scale linearly, the computational complexity of the
node-splitting process remains dominated by the original O(f NlogN) split search. While duplicating
samples increases the effective NV for subsequent child nodes, the strict enforcement of the maximum
copy depth d caps the duplication process, preventing exponential growth of the dataset. Consequent-
ly, the overall training time increases only by a bounded constant factor, preserving the efficiency and
scalability of the baseline random forest framework.

Numerical experiments

The proposed method was evaluated on 11 publicly available datasets obtained from the UCI Ma-
chine Learning Repository and Kaggle. These datasets cover a range of application areas and data
characteristics. Most of them are related to medical classification problems such as heart disease,
diabetes, and cancer diagnosis. The datasets differ in size, ranging from 306 to 1484 samples, and in
dimensionality, from 3 to 34 features. Full description of the used data is provided in Table 1. Basic
preprocessing was applied to all datasets: missing values were removed and categorical features were
encoded using label encoding.

Table 1
Description of data sets

Title M N C

Breast Cancer Wisconsin (Original) 9 682 2
Haberman’s Survival 3 306 2
Titanic 3 714 2

Heart Attack 13 303 2
Diabetes 8 768 2
Hepatitis C virus 14 615 5
Ecoli 7 336 8
Dermatology 34 366 6
Heart Failure 12 918 2
Yeast 8 1484 10
Cirrhosis 20 418 4
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For quantitative evaluation, the standard classification metric independent of threshold choice,
the area under the receiver operating characteristic curve (ROC-AUC), was used. Each metric value
was obtained by averaging results from five-fold stratified cross-validation repeated ten times with
different random seeds to ensure statistical reliability.

As a baseline, the standard random forest implementation based on the CART algorithm from the
scikit-learn library was employed. The main hyperparameters of this baseline were selected as follows:
the number of trees was set to 100, and the maximum depth of individual trees was limited to values
between 5 and 10, depending on the dataset (the best parameters were selected via grid search with
cross-validation). For the proposed modification, hyperparameters were also tuned using grid search,
including the parameter » that determines the width of the near-boundary region, tested in incre-
ments between 0 and 0.9, the maximum tree depth at which sample duplication is applied (0, ranging
from 1 to 5), and parameters describing the weighting function. The weight decay parameter was fixed
to a = 1 across all datasets.

Table 2
Experiment results on real data, ROC-AUC
Baseline RF Proposed RF
Data set Max tree depth
mean * std r o mean * std
Breast Cancer 8 0.993 + 0.005 0.1 5 0.994 £ 0.005
Haberman’s Survival 5 0.683 +0.049 0.4 3 0.699 * 0.052
Titanic 5 0.859 £ 0.035 0.3 1 0.860 + 0.035
Heart Attack 10 0.904 + 0.034 0.8 6 0.911 £+ 0.030
Diabetes 5 0.834 +0.034 0.1 3 0.835+ 0.034
Hepeatitis C virus 7 0.983 + 0.009 0.5 3 0.985 £+ 0.007
Ecoli 3 0.897 £ 0.017 0.5 2 0.900 = 0.013
Dermatology 5 0.998 + 0.001 0.1 1 0.998 £ 0.002
Heart Failure 4 0.926 + 0.014 0.1 1 0.925+£0.014
Yeast 7 0.879 £ 0.016 0.1 1 0.881 +0.016
Cirrhosis 5 0.715 £ 0.049 0.4 4 0.723 + 0.041

The results are provided in Table 2. Across the eleven datasets, the modified algorithm achieved
higher ROC-AUC scores in 8 cases out of 11, with the strongest improvements observed on datasets
known to contain overlapping or noisy class boundaries, such as Haberman’s Survival, Heart Attack,
and Cirrhosis. Statistical significance was confirmed using both the Wilcoxon signed-rank test, which
produced a p-value of 0.005, and the paired t-test, with a p-value of 0.017. These results indicate that
the improvements are consistent and unlikely to result from random variation.

Overall, the experimental results confirm that introducing sample duplication near decision
boundaries improves the stability and predictive performance of decision-tree ensembles. The method
consistently enhances ROC-AUC on most real datasets. These findings show that the proposed ap-
proach effectively strengthens robustness in uncertain regions while keeping computational cost and
interpretability close to those of the standard random forest.

Conclusion

This paper introduced a simple yet effective modification of the decision tree learning process
aimed at improving robustness in overlapping class regions. The method duplicates samples that lie
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near splitting thresholds so that both child nodes can learn from uncertain regions, with each dupli-
cated sample weighted according to its distance from the threshold. This design preserves the struc-
ture, interpretability, and efficiency of the standard CART algorithm while reducing sensitivity to
small feature perturbations and unstable decision boundaries.

A comprehensive experimental study on real and synthetic datasets demonstrated that the pro-
posed approach consistently improves classification performance and stability, especially in tasks
characterized by high class overlap. Statistical tests confirmed that these improvements are signifi-
cant. Importantly, the modification requires minimal changes to existing tree-based implementations
and can be seamlessly integrated into standard random forest frameworks.

Future work will focus on theoretical bias-variance analysis, extension to regression and surviv-
al analysis tasks, evaluation on larger and higher-dimensional datasets, and exploration of adaptive
weighting schemes that further optimize learning in uncertain regions.
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