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ABSTRACT
Meta-learning techniques aim to predict the most suitable learning algorithm for a given dataset based on its intrinsic structural
characteristics. These techniques provide a robust framework for understanding algorithmic behavior across diverse data dis-
tributions and attributes. Although these state-of-the-art models (CNNs and transformers) are widely applied in various machine
learning tasks, their use on numerical datasets remains underexplored due to the complexity of their internal structures. This study
aims not only to predict the performance of two black-box deep learning models on static datasets but also to conduct a behavioral
analysis in order to identify whichmeta-features most strongly infuence their outcomes. It seems unclear which specifc attributes
of a dataset positively or negatively afect the performance of these deep learningmodels. To bridge this gap, we constructed ameta-
dataset consisting of 296 datasets, each characterized by 20 meta-features describing the dataset’s statistical, geometric, and
structural properties. The analysis identifes which intrinsic dataset properties infuence model accuracy, without relying on raw
data or hyperparameter tuning. Results show that both models perform best on datasets with high feature discriminability, as
captured by meta-features such as maximum feature efciency, collective feature efciency, and directional separability. In
contrast, performance declines with increasing class boundary complexity and nonlinearity, refected in features like class
separability measures and the linear classifer nonlinearity metric. While CNNs are more sensitive to local geometric complexity,
transformers respond more strongly to global statistical measures such as mutual information and entropy, highlighting their
distinct inductive biases. The proposed meta-model accurately predicts the performance of both architectures on unseen datasets
(0.96 correlation coefcient, 0.019 MAE, and 0.025 RMSE for CNNs; 0.92 correlation coefcient, 0.027 MAE, and 0.036 RMSE for
transformers), enabling performance estimation without costly training. These fndings emphasize the importance of aligning
model architecture with dataset geometry and structure. Additionally, the framework supports more interpretable, efcient, and
sustainable deep learning model selection in structured data settings.

1 | Introduction

Selecting the most appropriate classifer for a given dataset is
a central challenge in machine learning. Practitioners often need
to test multiple classifers, which can be costly and time-

consuming, especially with complex models such as deep neu-
ral networks. Meta-learning ofers a solution by using knowledge
from many datasets to guide model selection and improve
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generalization to new tasks [1]. Meta-features, which are
quantitative descriptions of a dataset’s statistical, geometric, and
structural properties, can be used as predictors to estimate the
performance of diferent algorithms [2]. This helps to identify the
most suitable algorithm for a dataset and makes model selection
more efcient and efective.

Beyond performance prediction,meta-learning provides valuable
insights into how diferent learning algorithms behave under
varying dataset characteristics. Analyzing the interaction be-
tween dataset properties and model (CNN or transformer) per-
formance contributes to a deeper understanding of both model
behavior and learning dynamics. CNNs have demonstrated re-
markable success in domains such as image classifcation. Their
ability to learn hierarchical and spatially invariant representa-
tions is a major advantage. However, their application to
structured numerical and tabular datasets remains relatively
underexplored. In such settings, CNN performance strongly
depends on the existence of a meaningful feature order and the
presence of local feature interactions, conditions that are not
always satisfed in tabular data. In parallel, recent advances in
meta-learning have increasingly incorporated transformer-based
architecture. It is traditionally associated with strong perfor-
mance in natural language processing and other structured data
tasks. Recent studies [3–5] have integrated dataset-level meta-
features into transformer models to support model selection and
hyperparameter optimization. These approaches demonstrate
potential not only for instance-level learning but also for task-
level generalization. Nevertheless, transformer-based meta-
learning methods continue to face challenges related to in-
terpretability, feature alignment, and computational scalability,
underscoring the need for further empirical and theoretical in-
vestigation. At the same time, deep learning (DL) models are
being actively adapted for classifcation tasks on numerical and
tabular datasets. One-dimensional CNNs (1D-CNNs) process
tabular data by treating feature vectors as one-dimensional se-
quences. Surendro et al. [6] showed that combining 1D-CNNs
with principal component analysis (PCA) improves classifcation
performance by reducing redundancy and dimensional com-
plexity. Similarly, in another study [7], accurate multi-
radionuclide identifcation from overlapping gamma-ray spectra
remains a challenging problem for conventional analysis
methods and existing DL models.

Beyond CNN-based approaches, transformer-based models are
increasingly explored as foundation models for tabular learning.
By leveraging self-attention mechanisms, transformers can
capture complex interfeature dependencies. Hollmann et al. [8]
introduced a tabular foundation model that achieves strong
predictive performance even on small-scale datasets. They
highlight the efectiveness of transfer learning in low-data re-
gimes. Additionally, Jang et al. [9] proposed a meta-transformer
framework that integrates meta-learning with transformer ar-
chitectures for automatic modulation classifcation, demon-
strating scalability and adaptability in structured signal-based
tasks.

In general, 1D-CNNs are well suited for tabular datasets with
regular feature ordering and strong local interactions, whereas

transformers are more efective for high-dimensional, hetero-
geneous datasets dominated by complex feature interactions.
Despite these strengths, both architectures tend to exhibit lim-
itations when applied to small datasets, mixed feature types, or
problems involving threshold-based decision boundaries. Given
the growing diversity of tabular data (including discrete, se-
quential, temporal, and spatial forms), there is a need to sys-
tematically examine which dataset characteristics favor CNNs or
transformers.

In addition to performance limitations, CNNs and transformers
are often associated with high computational costs and in-
efciencies in feature selection. Feature selection seeks to
identify an optimal subset of variables by removing redundant or
irrelevant features. However, exhaustive evaluation of all 2N

possible feature subsets for a dataset with N features is com-
putationally infeasible for large-scale problems (NP-hard). To
address these challenges, recent studies have increasingly ex-
plored metaheuristic optimization algorithms [10]. They have
demonstrated strong performance across a range of complex
optimization problems due to their global search capabilities and
adaptive exploration strategies. Nevertheless, these methods
must carefully balance exploration and exploitation to avoid
premature convergence or entrapment in local optima. Conse-
quently, metaheuristic and hybrid optimization approaches [11]
have been proposed as efective alternatives to classical
DL–based methods for tabular data.

Building on these observations, this study hypothesizes that the
performance of state-of-the-art black-box DL models, specifcally
CNNs and transformers, on static numerical datasets is strongly
infuenced by underlying dataset meta-features. Diferent dataset
characteristics are expected to afect these models in distinct
ways, either enhancing or degrading classifcation performance.
By systematically analyzing these relationships, it becomes
possible to anticipate model behavior and gain deeper insights
into models’ internal decision mechanisms.

Accordingly, this study compares the performance of CNNs and
transformers on numerical datasets. Here, the objective is to
identify the meta-features that most signifcantly infuence
classifcation accuracy. To this end, we construct a comprehen-
sive meta-dataset comprising numerous benchmark datasets
with both numerical and categorical attributes, spanning a wide
range of real-world applications. This diversity ensures repre-
sentativeness and enables a robust analysis of how complex
black-box architectures operate on structured datasets with well-
defned distributions.

2 | Measures for Data Complexity

In meta-learning, basic dataset specifcations such as the number
of instances, attributes, or class labels are often insufcient for
extracting meaningful meta-features. Even when including
simple statistics such as min, max, median, variance, or standard
deviation, these metrics mainly refect dataset density or sparsity
and provide only a general overview of the feature space. To
improve predictive performance, more sophisticated meta-
features are needed to capture the dataset structure.

2 of 18 International Journal of Intelligent Systems, 2026

 ijis, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/int/8573962 by Istanbul Saglik V

e T
eknoloji U

niversitesi, W
iley O

nline L
ibrary on [15/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



The reviews by Refs. [2, 12, 13] highlight the importance of
systematizing meta-features due to inconsistencies in their de-
scription and computation. It introduces a taxonomy for meta-
features, enhancing clarity and utility, and recommends further
research on regression, clustering, and interpretability. Ho and
Basu [14] emphasize geometric characteristics, such as class
distributions, that infuence classifer performance. Classes may
be well-separated, interleaved, linearly separable, or overlapping,
and fourteen geometric measures from Ref. [15] are used in this
study to capture data complexity and predict classifer
performance.

Some initial statistical meta-features such as “imbalance ratio,”
“instance-to-feature ratio,” and “mean feature entropy” were
tested but later removed as they proved computationally in-
tensive and inefective for DLmodels. The most efective features
used in our experiments are described below.

2.1 | Feature-Based Metrics for Class Overlaps (F1,
F1v, F2, F3, and F4)

F1 (Fisher’s discriminant ratio) is a global measure used to assess
the maximum discriminative power of each feature in a dataset,
determined by

F1 = maxli=1fi  and f =
μ1 − μ2( )

2

σ21 − σ22
, (1)

where l represents the number of features. fi is the discriminant
ratio of each attribute. μ1 and μ2 are the means, and σ21 and σ22 are
the variances of the two classes for a given attribute. These
parameters describe the class distributions and their separation.
The value of f is computed for each feature dimension, and the
maximum f value across all dimensions is selected as F1. A high
F1 value indicates that at least one attribute allows efective class
separation with partitions parallel to an axis of the feature space
[16].F1v (directional-vector max. F1) is derived from F1 and
serves as its complement, incorporating an oriented vector ca-
pable of separating samples from diferent classes. It calculates
the binary-class Fisher’s criterion as

R(d) =

d
→2

μ→1 − μ→2( )[ ]

2

d
→T

∑ d
→

=
d
→T

B d
→

d
→T

∑ d
→

, (2)

where μ→i and d
→
are the mean vector and the directional vector,

respectively. ∑i is the scatter matrix of patterns for class ci. B =

( μ→1 − μ→2) ∗ ( μ→1 − μ→2)
T is between class scatter matrix. d

→
is

computed as d
→

= ∑−1Δ where Δ = μ1 − μ2 and ∑−1 is com-
puted as the pseudo inverse of ∑. A higher value indicates the
presence of a vector capable of separating samples from diferent
classes.

Volume of the overlapping region (F2) quantifes the overlap
between classes by measuring the overlap interval of each feature
and multiplying these ratios across all dimensions. Higher F2
implies stronger class overlap.

Maximum feature efciency (F3) measures how well a single
feature separates classes by computing the proportion of samples

that do not overlap along that feature. It is limited to axis-aligned
decision boundaries.

Collective feature efciency (F4) evaluates the combined dis-
criminative power of all features. Features are applied iteratively
to separate samples, and the fnal score represents the proportion
of correctly separated instances. Similar to F3, F4 relies on hy-
perplanes parallel to feature axes, but unlike F3, it evaluates the
joint efectiveness of all features rather than individual ones.

2.2 | Class Separability Measures (N1, N2, and N3)

This section examines the shape of class boundaries. Firstly, N1
(the fraction of points located on the class boundary) quantifes
the extent of the class boundary within a dataset. To compute N1,
a minimum spanning tree (MST) is constructed using algorithms
such as Kruskal’s or Prim’s, connecting each point to its nearest
neighbor. N1 is then defned as the ratio of edges linking points
from diferent classes to the total number of points.

Figure 1 illustrates the N1 calculation on a binary-class dataset
with 16 nodes. Since darker edges represent the connections
between diferent classes, N1 = 9/16. LowN1 values indicate that
the class boundary is easier to defne, whereas high N1 values
suggest that many points lie near the boundary, increasing
classifcation complexity [17].

N2 (Ratio of average intraclass to interclass NN distance) eval-
uates the relative spread of samples within classes compared to
the distance to nearest neighbors from other classes. For each
instance xi, the distance to its nearest neighbor in the same class
(intraDist(exi)) and the distances to its nearest neighbor from
a diferent classes (intraDist(exi)) are computed. N2 is defned as

N2 =
∑Ne

i=0 intraDist exi( )

∑Ne
i=0 interDist exi( )

, (3)

where Ne is the total number of examples. Lower N2 values
indicate that same-class samples are tightly clustered, while
higher values suggest a more dispersed distribution across the
feature space.

N3 is the leave-one-out error rate of the 1NN classifer, mea-
suring how close samples from diferent classes are to each other.
A low N3 value indicates well-separated classes, while a high
value suggests overlapping class boundaries.

2.3 | Linear Classifer Errors (L1, L2, and L3)

L1 (minimized sum of error distance for linear classifer) is
a measure for binary classifcation that evaluates whether
a dataset is linearly separable. An L1 value of zero indicates
perfect separability. It is computed by summing the diferences
between linear classifer predictions and actual labels while
minimizing the error function:

minimize att⟶ subject to Ztw + t ≥ b, t ≥ 0, (4)

where a and b are the constant vectors (commonly set to 1), w is
the weight vector, t is the error vector, and Z is a matrix with
columns defned by input vectors. Class labels are assigned as

z = +x if  c = c1,

z = ∗x if  c = c2.
(5)
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L1 can be infuenced by outliers and noisy data.

L2 (the training error for a linear classifer) is another measure
specifcally designed for binary-classifcation tasks. To calculate
L2, a classical linear classifer is initially trained. The classifer’s
training error rate is then calculated, indicating the degree of
linear separability within the training data.

L3 (linear classifer nonlinearity) is designed for two-class
datasets and measures the nonlinearity of a linear classifer as
seen in Figure 2. A new test set is created by linearly interpolating
between randomly selected pairs of instances from the same class
using random coefcients. The test error of an SVM trained on
the original data is then evaluated. This measure is especially
sensitive to class overlap within the convex hull and to the
smoothness of the classifer’s decision boundary.

2.4 | Geometric, Topological, and Density
Measures for Manifolds (N4, T1, and T2)

This measure targets two-class datasets and quantifes the
nonlinearity of a linear classifer. It generates a new test set by
linearly interpolating between randomly chosen pairs of in-
stances from the same class using random coefcients and then
evaluates the test error of a support vector machine (SVM) [18]
trained on the original data. This approach is particularly sen-
sitive to class overlap within the convex hull and to the
smoothness of the classifer’s decision boundary.

N4 (the nonlinearity of 1NN), like the nonlinearity measure of
a linear classifer (L3), involves creating a test set through in-
terpolation. It then calculates the error rate of a 1NN classifer on
this test set.

T1 (The fraction of maximum covering spheres) describes the
shapes of class manifolds by using adherence subsets. An ad-
herence subset is a sphere centered on a sample that expands as
much as possible without including samples from other classes.
Each subset contains only samples from the same class and
cannot grow further without intersecting samples from another
class. T1 focuses on the largest such spheres, excluding those
contained within others, and computes their number normalized
by the total number of points.

As a general indicator, T2 (the average number of points per
dimension) estimates the dataset’s density by calculating the
ratio of the number of samples to the number of attributes. When
considering the dataset as a matrix, T2 represents the ratio of
rows to columns.

2.5 | Statistical Characterization of Datasets (H
(D), feature correlation [FC], MaxMI, and MMI)

In the literature, there are some other fundamental measures,
such as entropy and average FC, which quantify the information
content of a dataset and the dependency among its features,
respectively [19].

Entropy H (D) quantifes the amount of “information disorder”
in a dataset. A dataset with all samples belonging to the same
class has entropy = 0 (perfectly pure). A dataset with an equal
distribution of classes has maximum entropy (highest un-
certainty). The entropy of a dataset D is calculated as below,
where C is the number of distinct classes and pi is the proportion
of samples in class:

H(D) = − ∑
C

i=1
pilog

2
pi( ). (6)

Average FC measures the overall linear dependency between the
features of a dataset. It gives an idea of how redundant or in-
dependent the features are. If many features are highly corre-
lated, the dataset may contain redundant information. If
correlations are low, features are more independent, which often
helps classifers learn better. Let us suppose a dataset has
d numerical features, and then, FC is then computed as

FC =
2

d(d − 1)
∑
d−1

j=1
∑
d

k=j+1
|
Cov Xj,Xk( )

σXj × σXk
|. (7)

In the vertical bars, there is the Pearson absolute correlation
coefcient between two features where Cov(Xj,Xk) is the co-
variance between the features Xj and Xk. Also, σXj and σXk are the
standard deviations of the features.

If FC is close to 0, it indicates that the features are largely un-
correlated, suggesting that the dataset contains mostly in-
dependent information. If FC is close to 1, it indicates that the
features are highly correlated, implying the presence of re-
dundancy in the dataset.

Mutual information (MI) quantifes the dependency between
a feature and the class label. For a dataset with d features X1, X2,
…, Xd and class labels C, MI is computed as

MI Xj,C( ) = ∑
x∈Xj

∑
y∈Y

p(x, c)log
2

p(c, y)
p(c)p(y)

( )

= max
j=1,..,d

MI Xj,C( ) ,  and MMI =
1
d
∑
d

j=1
MI Xj,C( ).

(8)

MaxMI is the maximumMI of a feature with the class, while mean
MI (MMI) is the average across all features. MaxMI highlights the
strongest single predictor, MMI shows overall informativeness, and
their gap indicates whether predictive power is concentrated in a few
features or more evenly distributed.

2.6 | Time Complexity Analysis and Categorization

Table 1 presents 14 geometrical and three statistical meta-
features along with their corresponding time complexities in
big-O notation. In this context, n denotes the number of input
samples, nt represents the number of test samples (used only for
meta-features requiring an additional test set), c is the number of
class labels, and a is the number of attributes. The time com-
plexity column provides the computational complexity for each
meta-attribute, which is essential for assessing the computational
resources needed, particularly for large-scale datasets. The no-
tation O (SMO) refers to training a linear-kernel SVM using the
sequential minimal optimization (SMO) algorithm [20].

FIGURE 1 | An illustration of N1 calculation.
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3 | Methods, Data, and Feature Extraction

The fowchart in Figure 3 illustrates the workfow of the pro-
posed meta-learning system. It starts with raw datasets, which
are preprocessed before analysis. A correlation coefcient matrix
captures feature dependencies, and meta-feature vectors de-
scribes the datasets’ structural, geometrical, and statistical
properties. The classifcation performance results (accuracy) of
1D-CNN and transformer models were evaluated using k-fold
cross-validation and put to the Meta-dataset as class labels. Fi-
nally, the regressionmodels trained on thismeta-dataset are used
to generalize knowledge, producing insights labeled “Wisdom”
in the diagram as in the DIKW pyramid. This stage highlights the
ability of the system not only to predict model performance but
also to provide interpretable guidance on the suitability of CNNs
or transformers for given datasets.

3.1 | 1D-CNN Architecture

CNNs are a class of DL models particularly efective in learning
local patterns through convolutional operations and have been
extensively applied in felds such as computer vision, signal
processing, and time series classifcation [21]. While traditional
CNNs operate on two-dimensional image data, 1D-CNNs are
designed to process 1D sequences, making them suitable for
numerical datasets, temporal data, or feature vectors where
spatial locality and ordering are relevant. In this study, we utilize
a 1D-CNN architecture adapted for structured numerical data-
sets. The architecture is composed of convolutional layers for
feature extraction and fully connected layers (multilayer per-
ceptrons or MLPs) [22] for fnal classifcation. Key architectural
components of the CNN used in this study can be listed as
follows:

• Convolutional Layers: These layers apply a set of learnable
flters (kernels) to local subsequences of the input data. Each
flter detects specifc local patterns across the sequence. In
our base model, three convolutional layers are used.

• Subsampling/Pooling Layers: Pooling operations (such as
max-pooling or average-pooling) reduce the dimensionality
of feature maps, improve computational efciency, and
introduce spatial invariance. In this study, the down-
sampling factor after each CNN layer is 4.

• Activation Functions: Nonlinear activation functions (e.g.,
ReLU, hyperbolic tangent [tanh]) [23] are applied to in-
troduce nonlinearity into the model, enabling the network
to learn complex patterns.

• Fully Connected Layers (MLPs): After the convolutional
layers, the high-level features are fattened and passed to one

or more fully connected layers for fnal classifcation. Two
fully connected layers are used in our base model.

• Filter Size: The kernel width of each CNN layer is 41 in
this study.

The performance and generalization ability of a 1D-CNN are
highly dependent on its hyperparameter confguration. To fa-
cilitate performance prediction via meta-learning, we record the
architectural hyperparameters of each CNNmodel, as illustrated
in Figure 4. These parameters not only shape the model’s ca-
pacity and learning dynamics but also serve as input variables for
our meta-learning framework. By associating diferent confgu-
rations with their corresponding classifcation performance
across datasets, we aim to uncover systematic relationships be-
tween model architecture and dataset properties.

The hyperparameters used in this study include flter sizes {32,
64, 128}; kernel sizes {3 ∣ 5 ∣ 7}; strides {1 ∣ 0}; activation functions
ReLU for hidden layers and softmax or sigmoid for the output
layer; optimization with adam (learning-rate, LR = 0.001) or sgd
(LR = 0.01); dropout rates [0.2, 0.5]; batch normalization applied
after convolutional layers; batch sizes {32 ∣ 64}; and training
epochs [20, 100].

3.2 | Transformer Architecture

The classifer architecture was based on the transformer encoder
paradigm, adapted for tabular data. Specifcally, the model
comprises three key components: (1) an input embedding layer
that linearly projects the raw feature vector into a fxed-
dimensional representation space (d_model= 64), (2) a trans-
former encoder block consisting of a single n, Trans-
formerEncoderLayer with four self-attention heads (nhead= 4),
and (3) a fully connected output layer mapping the encoded
representation to two logits corresponding to the binary classes.
The transformer encoder enables the model to capture global
dependencies across input features via multihead self-attention,
which is particularly benefcial for datasets with complex,
nonlocal feature interactions [24].

Model training was performed using the Adam optimizer [25]
with a fxed LR of 0.001 and cross-entropy loss as the objective
function. Each model was trained for 10 epochs on its respective
dataset without early stopping or regularization in order to
maintain consistency across experiments. At inference, the
trained models were evaluated on the test set, and accuracy
metrics were recorded for each dataset. Additionally, standard
classifcation reports, including precision, recall, and F1 score,
were computed to provide a more granular assessment of model
performance.

This experimental framework allowed for a systematic in-
vestigation of the transformer’s behavior across a wide variety of
tabular data distributions and feature characteristics, ofering
insights into the model’s generalization capabilities and sensi-
tivity to dataset-level meta-features. The model used in this study
is as illustrated in Figure 5.

The transformer classifer parameters used in this study include
two to six encoder layers, embedding dimensions (d_model) of
128, 256, or 512, and four or eight attention heads. The feed-
forward size (df) ranges from 512 to 2048, with dropout rates
between 0.1 and 0.3. The optimizer is adam or adamw, with LRs

FIGURE 2 | Adherence subsets retained near the boundary for two
classes.
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of 1e� 4 to 1e� 5 for fne-tuning and 1e� 3 for training from
scratch. Activation functions include ReLU or GELU, and the
loss function is categorical_crossentropy or binary_crossentropy.
The model is trained with batch sizes of 32 or 64 over 10–50
epochs, using metrics such as accuracy, F1 score, and precision.

As can be seen above, the architectural details and hyper-
parameters of both the CNN and transformer models are
explicitly provided. The primary aim of this study is to con-
struct equivalent and balanced parameter settings for both
classifers and to compare their performances under fair and
identical experimental conditions. Accordingly, the models
were trained using comparable batch sizes and training
epochs to ensure a controlled and unbiased evaluation. This
design choice allows the observed performance diferences to
be attributed to the intrinsic characteristics of the classifers
and the dataset meta-features rather than to disparities in
training confgurations [26].

3.3 | Dataset Selection and Preprocessing

A total of 296 binary-class, multivariate, non–time-series datasets
were selected, with the number of attributes ranging from 2 to
1177 and instances between 36 and 100,000. Both numerical and
categorical features were included. The datasets were drawn
from diverse real-world domains, including computer science,
healthcare, fnance, economics, education, management, en-
tertainment, transportation, cryptocurrency, linguistics, litera-
ture, and life sciences, ensuring broad representativeness. To
enable DL models to be trained over a wider spectrum and to

produce more general and comprehensive hypotheses, datasets
were deliberately collected from diferent environments and
diverse domains, thereby forming a broad-spectrum data pool.
Our aim was also to ensure that DL models could be trained in
a way that makes them adaptable and robust across various
scenarios. This preprocessing ensured that the resulting meta-
features were reliable and meaningful for meta-learning ana-
lyses. Among the datasets listed, approximately 150 are focused
on health or medical topics (including breast cancer, diabetes,
heart disease, hepatitis, thyroid, liver disorders, and related clinical
datasets). Around 30 datasets pertain to fnance or business-
oriented domains (such as bank marketing, credit, personal
loans, and customer churn). Another 25 datasets are related to
computer science, signal processing, or sensor-based domains
(including sonar, ionosphere, waveform, segment, and movement
datasets). The remaining datasets are distributed across
manufacturing, government, physical science, social, or
education-related areas, with only a few in purely educational
datasets.

Since categorical variables have no natural order, one-hot
encoding was used to represent each category without creat-
ing a false ranking. Missing values were handled using simple
statistical imputation: Numerical features were flled with their
mean values because the amount of missing data was low, which
helps keep the overall data structure while remaining efcient.
Missing categorical values were replaced with the most common
category. These preprocessing steps make the DL pipeline
clearer, more reliable, and easier to reproduce, in line with
standard practices in the literature [27].

1
1

1
1

1
1

1

Transformer

Dataset
preprocessing

Dataset

1D-CNN

TransformerTransformer

Meta-dataset
Meta-feature

extraction

Training
regression

models

Correlation 
coefficients 
matrix

Vectors

k-fold CV

k-fold CV

Wisdom

PCA Class 
labels

FIGURE 3 | The fowchart of the proposed model.

Flattening

Input layer 
(1D meta-feature

vector)

Convolutional
layer

Pooling
(factor = 4)

MLP
(ReLU)

Output 
layer

(softmax)

FIGURE 4 | Architecture of the 1D-CNN used in our study.
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Among the 296 datasets, 41 originated from Kaggle [28] and the
remainder primarily from UCI [29]. Of these, 98 were originally
binary-class datasets, while 157 multiclass datasets were trans-
formed into binary-class using a one-vs-rest approach. Only
balanced binary-class transformations were retained, avoiding
highly imbalanced datasets that could lead to misleading accu-
racy, such as cases where a trivial classifer like ZeroRule would
achieve near-perfect accuracy on a majority-class dataset.
Datasets originally split into training and testing partitions were
merged, as k-fold cross-validation was applied. For consistency,
an 80/20 stratifed train–test split was used across all datasets.
Missing values were imputed, categorical features numerically
encoded, and all features normalized via Z-score standardization.
Datasets in.dat, .arf, or. csv formats were converted to KEEL [30]
format for use inMATLAB R2025a, DCoL [31] (running in Linux
Ubuntu OS), Weka [32], and Python platforms using PyTorch
and TensorFlow libraries. All experimental studies were con-
ducted on a computer with an AMD EPYC7302P 16-Core pro-
cessor running at 2.99 GHz and 8 GB RAM. All models were
trained and evaluated on the same hardware environment to
ensure a fair and consistent comparison. Moreover, to guarantee
experimental fairness, identical training confgurations were
used across all models, including the same number of training
epochs and batch sizes, unless explicitly stated otherwise.

3.4 | Meta-Feature Extraction

Structural, statistical, information-theoretic, and model-based
meta-features were analyzed to capture key diferences across
datasets. Structural aspects included the number of instances,
features, and the ratio of categorical to numerical attributes.
Entropy values were considered to refect information-theoretic
diversity, while statistical variation was measured through dif-
ferences in feature variance. Model-based diferences were also
included, since some datasets were well handled by simple
models, while others were not. Emphasis was placed on ensuring
these contrasting characteristics were well represented for broad
coverage.

Ten selected datasets are presented in Table 2 along with their
extracted meta-features used in this study. Each row corresponds
to a specifc dataset, and each column represents a particular
characteristic of that dataset. Only a subset of the full collection
of datasets is shown for illustration. The columns include basic
external specifcations such as the dataset source (S: U=UCI,
K=Kaggle), the number of features (nF), and the number of
samples (nS). Additional columns capture statistical and geo-
metrical properties, includingH (D), MMI, MaxMI, FC, and a set
of 14 meta-features that quantify class separability, linearity,
dataset geometry, and density characteristics. All datasets are
publicly available at the URLs provided in the Data Availability

Statement section. For meta-learning, these features were treated
as input attributes, while the classifcation accuracy of CNN or
transformer models on the corresponding dataset was used as the
target variable. To ensure comparability across datasets, all meta-
features were normalized between 0 and 1. This normalization
enables the direct interpretation of regression coefcients, fa-
cilitates the understanding of their relationship with accuracy,
and provides insight into how various dataset characteristics
infuence the performance of CNN and transformer classifers.

4 | Experimental Studies and Analysis of Results

The experimental study followed a structured procedure. Nu-
merical datasets were frst selected and preprocessed, and rele-
vant meta-features were systematically extracted. CNN and
transformer classifcation accuracies were then computed for
each dataset. Using this information, a linear regression model
[33] was developed to predict expected performance on unseen
datasets.

Beyond prediction, the study examines how meta-features im-
pact model performance and seeks to understand the factors that
drive the accuracy of CNN and transformer models. Comparative
analysis highlights conditions where one model outperforms the
other, providing guidance on model selection based on dataset
characteristics.

4.1 | Accuracy Forecasting for Classifers

Table 3 represents the predicted accuracies of CNN and transformer
models, along with their absolute errors. Due to space limitations,
only 10 out of the 296 datasets are presented. The results show that
performance difers across datasets. For example, on the cervi-
cal_cancer dataset, both CNN and transformer achieve very high
accuracy with minimal error, indicating that the models can ef-
fectively capture the underlying data structure. In contrast, on the
smoke_detection_iot dataset, CNN produces a large prediction error
(0.0501), while the transformer maintains strong performance
(0.0035), highlighting its robustness in handling these types of data.
Conversely, in the liver-disorder dataset, CNN struggles with
a higher error (0.0557), whereas the transformer achieves much
lower error (0.0089). There are also cases where both models
underperform, such as in the bpa dataset, refecting challenges
posed by the inherent complexity or noise in the data. These dif-
ferences emphasize that no single model consistently dominates
across all datasets, aligning with the no free lunch theorem.

In our study, we frst ran the basic CNN and transformer clas-
sifcation algorithms mentioned in the Methods, Data, and
Feature Extraction section to fnd the actual classifcation ac-
curacy of each dataset. Next, using these accuracy values along

Input 
dimension

Linear 
embedding
(30 > 64)

Encoder layer
(multihead

attention + FFN)

Linear output
layer (0→2)

Prediction
Class 0/ 
Class 1

Positional encoding
Feature vector:
30 →128/256/512 Encoder blocks (2–6)

multihead attention (4/8 heads)
Feed forward (512–2048)
Dropout (0.1–0.3) + layernorm

ReLU or GELU
Softmax/Sigmoid

FIGURE 5 | Architecture of the transformer used in our study.

8 of 18 International Journal of Intelligent Systems, 2026

 ijis, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/int/8573962 by Istanbul Saglik V

e T
eknoloji U

niversitesi, W
iley O

nline L
ibrary on [15/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



T
A
B
L
E
2

|
M
et
a-
fe
at
ur
es
of
da
ta
se
ts
.

D
at
as
et
s

S
nF

nS
H (D
)

M
M
I

M
ax
M
I

FC
F1

F1
v

F2
F3

F4
L1

L2
L3

N
1

N
2

N
3

N
4

T
1

T
2

M
us
hr
oo
m

U
11
2

81
24

1.
00
0

0.
04
0

0.
37
0

0.
10
0

3.
31

15
90

0.
00
0

0.
26
6

0.
99

0.
35
5

0.
00
1

0.
00
3

0.
00
3

0.
39

0.
00
0

0.
00
3

1.
00

72
.5

Sh
ill
Bi
dd
in
g

K
9

63
21

0.
49
0

0.
09
2

0.
41
1

0.
21
1

9.
97

46
.2
3

0.
78
8

0.
43
3

0.
48

0.
81
1

0.
02
6

0.
02
6

0.
02
0

0.
13

0.
00
8

0.
04
8

0.
91

70
2.
3

ad
l

U
14

48
,8
42

0.
79
4

0.
02
2

0.
09
0

0.
05
9

0.
35

5.
36

0.
23
3

0.
03
0

0.
03

1.
06
4

0.
16
6

0.
27
8

0.
29
0

0.
45

0.
20
1

0.
27
0

0.
99

34
88
.7

bp
a

U
6

34
5

0.
98
2

0.
03
6

0.
08
0

0.
26
5

0.
06

0.
15

0.
07
3

0.
03
2

0.
11

0.
84
1

0.
42
0

0.
50
0

0.
57
4

0.
91

0.
37
4

0.
34
3

1.
00

57
.5

Ba
nk
A
dd
iti
on
al

K
20

41
,1
88

0.
50
8

0.
02
6

0.
08
8

0.
22
1

0.
58

5.
40

0.
14
0

0.
05
1

0.
05

0.
28
3

0.
10
3

0.
40
0

0.
18
6

0.
48

0.
12
7

0.
30
6

0.
99

20
59
.4

ce
rv
ic
al
_c
an
ce
r

K
35

85
8

0.
70
6

0.
01
6

0.
41
8

0.
16
5

4.
96

25
.2

0.
00
0

0.
14
1

0.
22

0.
09
0

0.
03
7

0.
09
0

0.
10
0

0.
34

0.
06
4

0.
16
4

0.
93

24
.5

lo
an
_d
at
a

K
13

45
,0
00

1.
00
0

0.
00
7

0.
03
8

0.
19
2

0.
40

39
.4

0.
00
0

0.
50
8

0.
51

1.
79
0

0.
11
0

0.
14
0

0.
19
1

0.
22

0.
12
6

0.
19
9

1.
00

34
61
.5

di
ab
et
es
_p
re
di
ct
io
n

K
8

10
0,
00
0

2.
14
0

0.
03
0

0.
15
6

0.
13
4

1.
13

3.
40

0.
02
4

0.
41
8

0.
62

1.
71
5

0.
04
0

0.
20
8

0.
07
6

0.
15

0.
05
0

0.
14
8

0.
99

12
,5
00
.0

cr
ed
it-
g

U
59

10
00

0.
88
0

0.
01
0

0.
06
0

0.
06
0

0.
31

1.
86

0.
66
2

0.
01
4

0.
02

0.
74
4

0.
23
1

0.
34
8

0.
44
7

0.
89

0.
28
3

0.
12
5

1.
00

16
.9

sm
ok
e_
de
te
ct
io
n_
io
t

K
15

62
,6
30

0.
86
3

0.
20
5

0.
64
4

0.
34
3

2.
82

�
0.
32

0.
00
8

0.
61
5

0.
97

3.
29
5

0.
04
0

0.
03
2

0.
00
0

0.
01

0.
00
1

0.
04
7

0.
92

41
75
.3

International Journal of Intelligent Systems, 2026 9 of 18

 ijis, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/int/8573962 by Istanbul Saglik V

e T
eknoloji U

niversitesi, W
iley O

nline L
ibrary on [15/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



with extractedmeta-features, we generated amodel to predict the
accuracy. Once the meta-dataset was constructed, it served as
a basis for training various classifcation or regression algo-
rithms. These trained models were subsequently employed to
predict the performance of CNN and transformer classifers on
the existing datasets using solely the extractedmeta-features. The
experimental fndings demonstrated encouraging results, as seen
in Table 3.

Figure 6 shows the accuracy performance of the CNN and
transformer classifers across the datasets. For comparison,
datasets were sorted in ascending order by their actual ac-
curacy. The continuous red line marks the predicted accuracy
rates. Discrete blue dots indicate the actual calculated ac-
curacy for each dataset. The x axis shows the dataset indices
after sorting by actual accuracy. This order does not imply any
relationship between neighboring datasets. Visual deviations
(ripples) between predicted and actual values represent the
prediction errors. The strong alignment between predicted
and actual values highlights the efectiveness of the
regression model.

The regression model developed through this meta-learning
process is particularly valuable, but not enough; we want to
delve into the underlying factors related to this classifcation
performance. By analyzing the contributions of the 14 meta-
features in the regression model, it will be possible to identify
specifc features of the datasets that lead to better or worse
classifer performance.

4.2 | CNN Accuracy Estimation With Meta-
Features

In this study, we aimed to understand the relationship between
dataset meta-parameters and prediction accuracy for CNNs. This
approach involves evaluating the statistical and predictive rel-
evance of each meta-parameter for CNN accuracy, specifcally
using various feature importance and correlation analysis
techniques. The goal is to quantitatively evaluate the extent to
which each data meta-parameter impacts CNN model accuracy
using both linear and nonlinear statistical methods. The feature
importance and correlation analysis techniques used can be
defned for the analysis of CNN and transformer as follows.

Ensemble-based feature importance (random forest, RF): CNN
accuracy is estimated from the meta-parameter space using a RF
regressor [34]. The trained ensemble model is used to determine
feature importance, which shows how often and successfully
each feature is applied in decision trees to lower prediction error.

Nonlinear Dependence (MI): The MI between each feature and
the target variable is estimated using the mutual-info-regression
function. By capturing nonlinear dependencies, this approach is
appropriate for detecting intricate, nonmonotonic interactions
that linear models might overlook.

Linear Correlation (Pearson Coefcient): X. corrwith (y) is used
to get the Pearson correlation coefcient [35] for each feature and
the target variable. The strength and direction of linear re-
lationships are measured by this technique, which goes by the
designation r. r values near þ1.0 indicate a strong positive re-
lation, near �1.0 a strong negative, and near 0.0 little or none.

Univariate Linear Regression (F-Regression) [36]: Using the F-
regression method, each meta-parameter (feature) in the X
matrix is regressed separately against the target variable y
(classifer accuracy). The resulting F-statistic and p value
quantify the strength and signifcance of the linear relationship
between each meta-parameter and classifer performance.

We used four complementary statistical methodologies to eval-
uate the relationship between the dataset’s meta-parameters and
the predicted accuracy of the model, as indicated in Table 4.
These comprise a model-based strategy (RF feature importance)
as well as model-independent statistical techniques (F-re-
gression, Pearson correlation, MI, and RF importance) [37]. By
emphasizing the characteristics that most afect accuracy, these
fndings help determine or interpret the meta-parameters that
work best for the classifers.

The analysis presented in Table 5 highlights the relationship
between various meta-features and classifcation accuracy using
multiple importance metrics. Among the evaluated features, L2,
N1, and N3 exhibit consistently strong negative correlations with
accuracy (e.g., L2: r=�0.75, N1: r=�0.71), suggesting that
higher values of these meta-features are associated with de-
creased CNN classifer performance. These meta-features also
score high in RF importance and F score, indicating their

TABLE 3 | CNN and transformer accuracy results according to meta-features.

Datasets
CNN Transformer

Actual Prediction Absolute error Actual Prediction Absolute error
mushroom 1.0000 0.9659 0.0341 0.9975 0.9623 0.0353
ShillBidding 0.9779 0.9577 0.0201 0.9731 0.9515 0.0216
adl 0.8446 0.8269 0.0177 0.8217 0.8426 0.0209
bpa 0.6377 0.6400 0.0023 0.7246 0.7042 0.0205
BankAdditional 0.9099 0.8842 0.0258 0.9014 0.8891 0.0123
cervical_cancer 0.9328 0.9317 0.0011 0.9254 0.9152 0.0101
loan_data 0.9016 0.8724 0.0292 0.8769 0.8867 0.0098
diabetes_prediction 0.9462 0.9142 0.0320 0.9290 0.9363 0.0074
credit-g 0.7650 0.7601 0.0049 0.7650 0.7613 0.0037
smoke_detection_iot 0.9998 0.9498 0.0501 0.9586 0.9551 0.0035
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substantial infuence on model behavior. Conversely, features
such as F3 and F4 demonstrate positive correlations with ac-
curacy (e.g., F3: r= 0.44), implying that they may contribute
positively to classifcation performance. Moreover, several fea-
tures with statistically signifcant F scores (e.g., L1, L3, H (D))
exhibit moderate to strong negative correlations, reinforcing
their relevance for characterizing problem difculty. These
fndings suggest that instance hardness measures (e.g., N1–N4,
L2) and data complexity descriptors (e.g.,H (D), L1) are critical in
predicting classifcation success and should be considered in
meta-learning and dataset characterization frameworks.

We used a linear regression model to study how meta-features
afect CNN accuracy, using dataset-level information instead of
raw data. The model showed good performance, with low RMSE
and mean absolute error (MAE) and a high correlation co-
efcient. To improve the reliability of the results, we frst checked
the p values and included only the meta-features that were
statistically signifcant.

The frst baseline model applies the ZeroRule, where no meta-
features are used. As expected, this yields a very weak correlation
coefcient (�0.1637), with relatively a high MAE (0.0764) and
RMSE (0.0958). This baseline highlights the necessity of in-
cluding dataset-level meta-features to obtain meaningful CNN
accuracy predictions.

In the second formula, CNN accuracy is infuenced by a wider set
of features, combining statistical (MMI, F2–F4), linear separa-
bility (L1, L3), neighborhood measures (N2–N4), and structural
adherence (T1). Among these, N4 and F3 have positive contri-
butions, indicating that certain feature-specifc descriptors and
structured neighborhoods enhance CNN performance. However,
strong negative efects are observed for N3, L3, MMI, and L1,
refecting the detrimental role of local irregularities, higher-order
linear errors, and weak MI. The intercept (1.0214) provides
a solid baseline, but the overall correlation (0.8593) and error
rates (MAE 0.0344, RMSE 0.0501) show this model is less ef-
fective compared to more compact alternatives.

The third regression model achieves much stronger predictive
power, with a correlation coefcient of 0.9644 and very low error
values (MAE 0.0201, RMSE 0.0253). Here, L2 and N1 stand out as
strong negative contributors, highlighting that poor linear sep-
arability and class overlap are the main obstacles for CNN ac-
curacy. In contrast, N2 and N3 appear as positive contributors,
suggesting that structured neighborhood information can
sometimes aid performance. L1 provides a small positive efect,
while entropy (H) negatively afects accuracy, consistent with the
idea that disorder in class distribution reduces learnability. The
intercept (0.9965) indicates a high baseline accuracy in the ab-
sence of these challenges.

CNN predicted vs. actual accuracy across datasets

Transformer predicted vs. actual accuracy across datasets
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FIGURE 6 | Diagrams for actual and predicted accuracy values of
CNN and transformer.

TABLE 4 | Signifcant meta-features infuencing CNN accuracy (p < 0.05).

Feature abbrv. Random forest importance MI (nonlinear relationship) Correlation
of accuracy (r)

Univariate
feature selection
F score p value

F1v 0.0252 0.1888 0.1720 8.05 0.0049
F2 0.0041 0.1830 �0.2161 12.93 0.0004
F3 0.0107 0.2887 0.4448 65.11 0.0000
F4 0.0107 0.2860 0.3607 39.49 0.0000
L1 0.0160 0.2620 �0.2027 11.31 0.0009
L2 0.4364 0.7738 �0.7525 344.60 0.0000
L3 0.0084 0.1710 �0.2460 17.00 0.0001
H (D) 0.0211 0.4382 �0.3339 33.12 0.0000
N1 0.1799 0.5961 �0.7137 274.08 0.0000
N2 0.0142 0.2458 �0.5357 106.27 0.0000
N3 0.0502 0.5680 �0.6626 206.63 0.0000
N4 0.0113 0.1929 �0.4116 53.85 0.0000
T1 0.0092 0.1006 �0.1523 6.27 0.0129
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The fourth regression model represents the most important
outcome of this study, since it combines simplicity with strong
predictive accuracy. The model expresses CNN performance as
a linear function of six dataset meta-features. Among these
features, L2 emerges as the most infuential factor, carrying the
strongest negative weight (�0.529). This measure represents the
error rate of a linear classifer, and its large negative coefcient
indicates that datasets with weak linear separability pose sig-
nifcant challenges for CNNs. In other words, when classes
cannot be separated by simple linear boundaries, CNN accuracy
declines sharply.

The second major negative contributor is N1 (�0.2635), which
quantifes the degree of class overlap using nearest-neighbor
analysis. Higher N1 values indicate that samples from difer-
ent classes are intermixed within the feature space, making it
difcult for CNNs to identify meaningful local patterns. This
result confrms that CNNs, while powerful, remain sensitive to
data geometry and particularly struggle with overlapping class
regions.

A smaller but still negative infuence is observed with L3
(�0.0092). This feature refects higher-order linearity errors,
suggesting that nonlinear feature–class relationships marginally
hinder CNN learning. Although its coefcient is much smaller
than that of L2 or N1, the negative sign reinforces the idea that
linear separability remains a key determinant of performance.
For most features, the correlation with transformer accuracy
exceeds that with CNN accuracy; however, L3 shows the
opposite trend.

On the positive side, several features provide modest improve-
ments. F2 contributes slightly (0.0016), indicating that certain
statistical properties of the dataset exert a weak but supportive
role in CNN performance. More important is N2 (0.0375), which
measures neighborhood consistency by assessing whether
samples are surrounded by neighbors of the same class. Its
positive efect suggests that CNNs beneft from well-structured
local patterns, as these provide clearer signals for convolutional
feature extraction. Similarly, T1 (0.0038), which captures ad-
herence subset consistency within class manifolds, adds a minor
positive contribution, highlighting the advantage of regular
structural organization within the dataset.

Finally, the intercept of 0.9829 points to a strong baseline per-
formance across datasets. This high constant suggests that CNNs
inherently maintain a strong level of predictive accuracy, even
before the infuence of dataset-specifc characteristics is con-
sidered. The negative efects of L2, N1, and L3 reduce this
baseline under difcult conditions, while the positive

contributions of F2, N2, and T1 help preserve or enhance per-
formance when the dataset exhibits a favorable structure. All
these values collectively contribute to accurately estimating the
true accuracy values.

Overall, this regression model achieves a correlation co-
efcient of 0.9639, with lowMAE (0.0199) and RMSE (0.0254).
These values are nearly identical to those of the third re-
gression model but are obtained with a more compact set of
features. This makes the fourth model not only statistically
powerful but also interpretable, as it clearly identifes the
dataset properties that matter most for CNNs. The result
underscores the dominant role of linear separability and class
overlap in shaping CNN performance, while also acknowl-
edging the supportive efects of neighborhood structure and
adherence subsets.

4.3 | Transformer Accuracy Estimation With
Meta-Features

In our study, we also aimed to understand the relationship be-
tween the meta-parameters of the dataset and the predictive
accuracy of the transformer classifer. We determined the sta-
tistical and predictive signifcance of each meta-parameter in
terms of transformer accuracy using various feature importance
and correlation analysis techniques. We applied the same
techniques used for CNNs to analyze the relationships between
meta-features and transformer accuracy, and the results are
shown in Table 6.

Table 6 presents the relationship between various dataset-level
meta-features and classifcation accuracy, as evaluated using
multiple importance and statistical metrics. Several complexity
measures (particularly N1, L2, and N3) demonstrate strong
negative correlations with classifcation accuracy (r=�0.74,
�0.68, and �0.69, respectively), indicating that datasets char-
acterized by high instance overlap and class boundary complexity
tend to result in lower classifer performance. These features also
show high RF instance scores and highly signifcant F scores
(e.g., N1: F= 311.6, p < 0.001), confrming their relevance in
capturing factors infuencing model success.

In contrast, F3 and F4, which are typically related to class
separability or distributional characteristics, exhibit strong
positive correlations with accuracy (r= 0.55 and 0.44, re-
spectively) and highly signifcant univariate F scores (F= 116.2
and 63.7, p < 0.001). These fndings suggest that these features
may positively infuence the ease of learning in classifcation
tasks. Other features, such as label entropy and T1, also show
moderate to strong negative correlations, implying that label

TABLE 5 | Equations for CNN accuracy with diferent meta-features.

Input parameters Formula for CNN accuracy with selected parameters Corr. coef. MAE RMSE
All parameters ZeroRule (The worst performance) �0.1637 0.0764 0.0958
All parameters AccCNN =�0.0885MMIþ 0.0147F2þ 0.0014F3þ 0.0039F4

þ �0.0172L1þ �0.1142L3
þ �0.0035N2þ �0.6625N3þ 0.0476N4þ �0.0164T1þ 1.0214

0.8593 0.0344 0.0501

Only parameters
with p < 0.05

AccCNN =�0.0134Hþ �0.0169F3þ 0.0138L1þ �0.5307L2
þ �0.3992N1þ 0.0399N2þ 0.1674N3þ 0.9965

0.9644 0.0201 0.0253

F2, L2, L3, N1, N2, T1 AccCNN = 0.0016F2þ �0.529L2þ �0.0092L3þ �0.2635N1
þ 0.0375N2þ 0.0038T1þ 0.9829

0.9639 0.0199 0.0254
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distribution and class imbalance contribute to predictive dif-
culty. By applying linear regression on the meta-features and
transformer accuracy results, we generated the models shown in
Table 7.

The frst regression formula for the transformer shows thatH(D),
average FC, linear classifer error (L2), and fraction of points over
class boundaries (N1) have negative coefcients, which means
that higher disorder, correlated features, poor linear separability,
and overlapping classes reduce transformer accuracy. In con-
trast, the 1NN leave-one-out error (N3) contributes positively,
suggesting that transformers beneft from datasets with complex
local structures.

The second formula identifes neighborhood complexity (N3) as
the main limiting factor, with additional negative efects from
linear classifer errors (L3, L1) and overlap-relatedmeasures (N2)
as well as entropy (H). Overall, this model shows that trans-
formers are vulnerable when local irregularities and disorder
dominate, although it still achieves good predictive power (corr.
coef.: 0.9041).

The third one expands the feature set and provides a more
nuanced view. It highlights class overlap (N1) as the strongest
negative contributor, while N3 switches to a positive role, in-
dicating that some degree of local structure benefts trans-
formers. Despite including many features with relatively small
efects, this model achieves a higher correlation (0.9329), sug-
gesting that balancing both global and local dataset descriptors
improves predictive accuracy.

The fourth model provides a concise yet powerful explanation of
how dataset characteristics infuence predictive accuracy. The
most infuential factor here is N1 (�0.3854), which measures
class overlap in the nearest-neighbor sense. Its strong negative
efect indicates that transformers, despite their global self-
attention mechanism, struggle signifcantly when diferent
classes are intermixed in the feature space. This confrms that
overlapping signals remain a fundamental barrier to accurate
classifcation.

Another important negative contributor is L2 (�0.2059), which
represents the error rate of a linear classifer. Its substantial
weight highlights the difculty transformers face when data are
not linearly separable, reinforcing the idea that clarity of decision
boundaries is critical to their performance. Besides, a smaller
negative contribution comes from T1 (�0.0303), representing
adherence subset consistency, which suggests that overly rigid
dataset structures may hinder the fexibility of self-attention
mechanisms.

On the positive side, N2 (0.0124) provides a modest improve-
ment. Since N2 quantifes neighborhood consistency, this sug-
gests that transformers beneft when local class groupings are
coherent, even though their attention mechanism is designed to
exploit global dependencies. The statistical features F2 (0.0062)
and F3 (0.0001) also contribute weakly in the positive direction,
indicating that variance and distributional properties of the
features slightly support model learning, although their impact is
minimal compared to structural factors.

The intercept term (1.012) refects a high baseline accuracy,
underscoring that transformers are capable of achieving strong
predictive results across diverse datasets. However, this baseline
is notably pulled downward by class overlap (N1) and weak
linear separability (L2).

Overall, this regression model highlights that while transformers
can leverage both global and local information, they are still
fundamentally constrained by the dataset geometry. Class
overlap and linear inseparability remain the strongest barriers,
while statistical features and neighborhood consistency provide
only incremental gains.

4.4 | Comparison of CNN and Transformer Models
on Dataset Complexity Measures

We can summarize the meta-feature–classifer relations
according to their similarities and diferences as below: An in-
depth comparison of meta-FCs reveals that both CNNs and
transformers beneft most from datasets characterized by strong

TABLE 6 | Signifcant meta-features infuencing transformer accuracy (p < 0.05).

Feature Random forest importance MI (nonlinear relationship) Correlation
of accuracy (r)

Univariate feature
selection

F score p value
F1v 0.0269 0.2521 0.1894 9.82 0.0019
F2 0.0058 0.1710 �0.2401 16.16 0.0001
F3 0.0121 0.2980 0.5529 116.21 0.0000
F4 0.0099 0.2475 0.4409 63.70 0.0000
L1 0.0121 0.3014 �0.2639 19.76 0.0000
L2 0.1591 0.6427 �0.6768 223.15 0.0000
L3 0.0257 0.2064 �0.1816 9.00 0.0030
H (D) 0.0375 0.4164 �0.3643 40.41 0.0000
N1 0.4716 0.6821 �0.7358 311.60 0.0000
N2 0.0173 0.3785 �0.6040 151.61 0.0000
N3 0.0589 0.6549 �0.6923 242.97 0.0000
N4 0.0249 0.3357 �0.4791 78.63 0.0000
T1 0.0061 0.1481 �0.3166 29.42 0.0000
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feature discriminability. As seen in Figure 7(a), features such as
F3 (maximum feature efciency), F4 (collective feature ef-
ciency), and F1v (directional separability) exhibit the highest
positive correlations with accuracy across both models. These
results suggest that when features ofer clear class separation,
either individually or collectively, both architectures are better
able to learn and generalize. CNNs also show modest positive
correlation with F1, MMI, and MaxMI, although their impact is
statistically weaker, indicating a secondary role for global sep-
arability and information-based attributes.

Negative correlations are consistently observed for complexity-
related meta-features such as N1–N4, L2, and L3, which quantify
class boundary complexity, nearest-neighbor confusion, and
linear separability. These features signifcantly hinder both
models, with transformers generally showing greater sensitivity
to nonlinearity-related features such as L3, L1, H(D), and F2,
implying performance degradation in the presence of over-
lapping or irregular class boundaries. In contrast, CNNs appear
more resilient to some of these global complexities but are still
adversely afected when local decision boundaries become less
distinct.

Some features, including T2, MMI, MaxMI, and dataset size
indicators, exhibit a negligible correlation with model accuracy,
implying limited predictive utility. This suggests that both ar-
chitectures are relatively robust to dataset density and general
statistical information when isolated from structural context.
Collectively, the fndings underscore that feature separability is
a key driver of performance, whereas nonlinearity and boundary
complexity impair learning, particularly for transformers. These
patterns refect architectural diferences: CNNs leverage local,
spatially consistent patterns, while transformers rely more on
capturing global data relationships.

4.4.1 | Commonalities Across CNN and
Transformer

A comparative analysis reveals that certain meta-features con-
sistently infuence both CNN and transformer performance,
albeit to varying degrees. L2 (training error of a linear classifer)
emerges as the most dominant feature across both models,
highlighting the foundational role of linear separability in DL
performance. N1, N3, and N4 quantify class boundary complexity

through graph-based and neighborhood-based methods. Also, it
shows strong negative correlations with accuracy and high MI
values, as seen in Figure 7(b), indicating that datasets with more
complex, overlapping boundaries are harder for both models.
Similarly, H (entropy) is moderately negatively correlated with
performance, suggesting that higher class uncertainty reduces
model accuracy. While F3 (individual feature efciency) exhibits
a positive linear correlation in both cases, it is slightly more
predictive for transformers, implying that transformers beneft
more from well-separated features. In contrast, T1 (topological
manifold adherence) has a weak but consistent negative efect,
supporting that datasets with irregular manifold structures in-
troduce additional complexity for both models. Overall, these
common behaviors emphasize the importance of class separa-
bility, feature overlap, and decision boundary complexity as
shared drivers of deep model performance.

4.4.2 | Diferences Between CNN and Transformer

The comparative analysis of meta-feature relationships with
CNN and transformer performance reveals insights into how
diferent structural and geometric aspects of datasets afect each
model:

1. L2 (linear classifer training error) is the most infuential
meta-feature for both models, highlighting that basic linear
separability remains a critical factor. However, its stronger
infuence on CNNs suggests that CNNs are more sensitive
to linear decision boundaries, possibly due to their local
receptive felds and hierarchical structure.

2. The stronger correlations of N1, N2, N3, N4, T1, F1v, F3,
and L1 with transformer accuracy imply that transformers
better exploit complex geometric and topological structures.
These features quantify class boundary complexity
(N1–N4), manifold adherence (T1), and directional class
separability (F1v, F3, L1), indicating that transformers
beneft more from datasets with rich, structured feature
spaces and nonlinear separability.

3. In the case of F2, F3, and H (entropy), although linear
correlations with transformer accuracy are higher, their
nonlinear relationships are stronger with CNNs. This
suggests that CNNs may leverage these characteristics

TABLE 7 | Equations for transformer accuracy with diferent meta-features.

Input parameters

Formula for transformer
accuracy with selected

parameters Corr. coef. MAE RMSE
All ZeroRule �0.1375 0.077 0.0947
All AccT =�0.0129Hþ �0.025L1þ �0.0962L3

þ �0.0553N2þ �0.4761N3þ 1.0253
0.9041 0.0307 0.0405

Only parameters with p < 0.05 AccT =�0.0113Hþ �0.0043F2þ �0.0155F3
þ �0.0034F4þ �0.0131L1

þ �0.0944L2þ �0.0242L3þ �0.7185N1
þ 0.0211N2þ 0.4501N3

þ �0.089N4þ �0.0224T1þ 1.0415

0.9329 0.0266 0.0341

F2, F3, L2, N1, N2, T1 AccT = 0.0062F2þ 0.0001F3þ �0.2059L2
þ �0.3854N1þ 0.0124N2þ �0.0303T1þ 1.012

0.922 0.0272 0.0366

Note: The regression models indicate how transformer accuracy is infuenced by dataset-level meta-features.
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FIGURE 7 | Meta-feature correlation comparison and MI of CNNs and transformer.
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through complex internal representations even when they
do not linearly align with performance.

4. Conversely, L3 (nonlinearity of a linear classifer) shows
a stronger nonlinear relationship with transformer per-
formance, despite a weaker linear correlation. This implies
that transformers are more capable of modeling nonlinear
class boundaries, aligning with their ability to capture long-
range dependencies and global context.

5 | Discussion and Future Work

This study presents a systematic meta-learning analysis of two
state-of-the-art DL architectures (CNNs and transformers) on
static, tabular, and numerical datasets. Unlike traditional
benchmarking, the objective was to understand how intrinsic
dataset characteristics, captured through statistical, geometric,
and structural meta-features, infuence the predictive behavior
and sensitivity of these models.

To preserve architectural neutrality, both models were evaluated
using standard hyperparameters rather than fne-tuning for
maximum accuracy. This enabled clearer interpretation of their
inherent learning behaviors and their interaction with dataset
properties. The results show that both architectures beneft from
datasets with high feature discriminability, as indicated by strong
positive correlations with meta-features like F3 and F4, which
capture local and global class separability. Conversely, perfor-
mance deteriorates on datasets exhibiting complex class
boundaries and high nonlinearity, refected by features such as
L2, N1–N4, and L3. Transformers are especially sensitive to
information-theoretic properties such as MI and feature entropy,
while CNNs are more infuenced by local boundary complexity.
These distinctions refect their underlying mechanisms; CNNs
prioritize local patterns, whereas transformers capture global
dependencies.

By identifying meta-features that either enhance or hinder
performance, this study deepens the understanding of DL be-
havior on structured, nonsequential data. It highlights the im-
portance of model-aware data analysis: selecting CNNs or
transformers without assessing data geometry and distribution
may lead to suboptimal performance and inefcient resource
usage. The deliberate focus on simple, well-characterized data-
sets enabled a controlled evaluation environment.

Although metrics such as MCC, F1 score, AUC, or ROC [38]
could ofer additional insights, particularly for imbalanced
datasets, the balanced nature of the data in this study justifed the
exclusive use of accuracy. The study’s aim was interpretability,
not optimization. As such, the choice of accuracy and the
avoidance of hyperparameter tuning align with the meta-
analytical framework.

This work contributes in two primary ways: frst, by charac-
terizing the training and inference behavior of CNNs and
transformers through the lens of meta-features; and second, by
proposing a predictive framework to estimate their performance
on unseen datasets. This approach facilitates more informed,
interpretable, and resource-efcient model selection in practical
applications.

Future studies may extend the proposed meta-learning frame-
work to more challenging scenarios, including imbalanced and
multiclass datasets, to assess the generalizability of the observed
meta-feature–performance relationships. In addition, integrating
post hoc explainability methods such as SHAP or LIME could
support a more detailed interpretation of model decisions and
their sensitivity to dataset characteristics. Exploring scalable and
interpretable learning strategies within this context, as discussed
in the recent literature, represents a natural continuation of this
work [39].

6 | Conclusions

This study presents a meta-learning framework aimed at un-
derstanding how DL architectures, specifcally 1D-CNNs and
transformers, behave on static, tabular, and numerical datasets.
By analyzing 296 datasets through 17 structural, geometric, and
statistical meta-features, the study identifes how intrinsic
dataset characteristics infuence model performance, without
relying on extensive training or fne-tuning. Instead of focusing
solely on prediction accuracy, the work emphasizes model
sensitivity to dataset properties and provides interpretability into
their internal learning behaviors.

The results demonstrate that both CNNs and transformers
beneft signifcantly from datasets with strong feature separa-
bility. Meta-features such as F3 (maximum feature efciency)
and F4 (collective feature efciency) show consistently strong
positive correlations with accuracy, indicating that well-
separated class distributions enhance performance across both
architectures. Conversely, features such as L2, N1–N4, and L3,
which capture class boundary complexity and nonlinearity, are
negatively correlated, especially for CNNs, whose performance
degrades more sharply in complex, overlapping data spaces.
Transformers show stronger sensitivity to information-theoretic
measures such as MI (MMI, MaxMI) and entropy, while CNNs
are more infuenced by local geometrical features. These dif-
ferences highlight the distinct inductive biases of the models:
Transformers leverage global statistical dependencies via self-
attention, while CNNs prioritize local spatial consistency and
class boundaries.

The primary contribution lies in demonstrating that meta-
features alone can predict the relative performance of deep
models across datasets, eliminating the need for exhaustive
empirical evaluations. This not only enhances interpretability
and scalability but also promotes sustainable machine learning
practices by reducing unnecessary computation. Furthermore,
the fndings emphasize the importance of data-aware model
selection: understanding the geometry and complexity of data-
sets before model deployment can prevent mismatches between
algorithm and data, thus improving efciency and predictive
accuracy.
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