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Methods: A Friedman Aligned Ranks test, Quade test, and multiple post hoc corrections Bonferroni-Dunn and
Holm were used to comparative analyze data. These approaches were employed to algorithm performance
metrics with varied datasets to evaluate their capability to detect meaningful differences and control Type I errors.
Results: Advanced nonparametric methods consistently outperformed traditional parametric tests, offering

robust results in heterogeneous datasets. The Quade test was the most powerful and stable, and the post hoc
procedures greatly increased the power of the pairwise comparisons.

Novelty: We evaluate advanced nonparametric methods in Cl and DM experiments: the Friedman Aligned Ranks
test, the Quade test, and post hoc procedures (Bonferroni-Dunn and Holm). These methods represent a departure
from traditional parametric tests that depend on assumptions of normality and homogeneity of variance,
allowing for more flexible and robust approaches to analyses of complex, heterogeneous datasets. By comparing
the strength and efficacy of these methods, the research also delivers common guidelines for their use; as well as
demonstrating their utility in realistic situations characterized by non-standard and dispersed data.
Implications for Research: The findings have far-reaching theoretical and pragmatic implications for scholars
in CI and DM. On a theoretical level, this work undermines the common bias towards parametric techniques,
providing an increasingly robust framework for comparative analysis in experimental research. This work
improves understanding of the adaptation of statistical tests to fit the complexities of real-world data by
highlighting the advantages of advanced nonparametric methods, specifically the Quade test and post hoc
corrections. Practical implications The results give owners of data summaries actionable recommendations,
which will assist researchers in the selection of statistical methods that are tuned to the nature of their datasets,
resulting in improved reliability and interpretability of future evaluations of algorithms. Thus, this endeavor will
promote more powerful and statistically appropriate methods in CI and DM studies, leading to more confident
and valid claims surrounding algorithmic performance.
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performance on different datasets (Diez-Olivan et al,
2019; Niso etal., 2022; Shmueli et al., 2016; Sivarajah et al.,
2017). For instance, given that ClI and DM applications
extend across healthcare, finance, and other critical
sectors, the reliability of algorithmic outcomes is an
imperative (Chen et al, 2024; Garcia-Perez et al.,, 2023;
Rasheed et al,, 2022). Yet, inferential statistical methods,
particularly nonparametric methods have become tools to
overcome such limitations of parametric tests (Carrasco
etal, 2020; Jimenez-Mesa et al., 2023; Zhang et al., 2018).
Such nonparametric approaches are currently at the core

1. Introduction

Despite the fact that the research in the fields of
computational intelligence (CI) and data mining (DM) are
advancing quickly as more real-world data are being
produced and released, algorithms are becoming more and
deeper diverse and complex. With these developments
come the need for solid and flexible evaluation paradigms
to determine the effectiveness of algorithms across a wide
range of conditions. Indeed, recent studies emphasize the
importance of statistical frameworks going beyond

standard approaches to obtain insights on algorithm
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of these CI and DM related work to draw generalizable
conclusions.

Statistical methods are commonly used in CI and DM,
which can be challenged by natural data and algorithm
variability. Parametric methods like ANOVA are powerful,
but demanding strict normality and homoscedasticity
assumptions often violated in CI and DM experiments
(Niankara, 2024; Sanchis-Segura & Wilcox, 2024; Yu et al,,

2022). This has resulted in broadly and widely
misinterpretation, or underestimation of algorithm
performance, particularly in complex, real-world

applications (Berger et al., 2024; Razavi et al,, 2021). The
limits of parametric methods, which are being regarded as
the less robust option now that nonparametric methods
that do not make such onerous assumptions, have been
gaining traction. Yet, when it comes to selecting and
applying approaches, no clear guidelines exist; as a result,
the adoption of the methods has been slow and statistical
practices have been inconsistent across the literature.
Resolving this issue is essential for facilitating substantial
progress, as it ensures that the evaluation following the
algorithm is both statistically sound (i.e., the inference
drawn is justified) and practically relevant (i.e., the output
is useful). This addresses the validity of the algorithm's
predictions, as this will mean, the algorithm is usable as in
real world scenerios, and provide useful insights for
practice. With improved assessment procedures,
researchers and practitioners can boost the algorithm's
performance to generate more precise and meaningful
results across multiple applications (A. S. Albahri et al,
2023; Alietal, 2017; Ezugwu et al., 2022).

Statistical testing-theoretically-in CI and DM revolves
around testing whether performance difference between
algorithms can be representative of one is better than
stringing it along the need to PVC. Parametric methods
take assumptions on the data distribution whereas
nonparametric ones like the Friedman test and its
extensions offer a robust solution Carrasco et al. (2020),
LaTorre et al. (2021), Vecek et al. (2017), since they can
handle non-normal, heteroscedastic data. An example of
that is the Friedman test that compares rank-based
differences for multiple algorithms on multiple datasets,
providing a more flexible comparison framework. Further
extensions to this test, including post hoc pairwise
comparisons, provide a finer approach to understanding
algorithmic performance, especially in cases of multiple
comparisons (Campelo & Wanner, 2020; Li et al., 2016;
Olikh, 2024; Osaba et al, 2021). Such theoretical
developments highlight the importance of advanced
statistical methods that best meet the unique challenges
presented by Cl and DM research (O. S. Albahri etal., 2020;
Madureira et al., 2021; Zhou et al,, 2019).
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We will discuss recent concerns around existing work,
and the need for more general prior methods in the field of
advanced nonparametric function estimation. Parametric
tests have been employed in most of the studies which may
have provided contradictory results because of the
significance of violation of underlying assumptions
resulting in under or over-representation of algorithmic
performance (Chevalier et al., 2020; Deaton & Cartwright,
2018). In contrast, the non-parametric approaches have
shown a lot of potential to mitigate these challenges. For
instance, work by Pelletier et al. (2016), Yamasaki et al.
(2024) emphasize the strength of nonparametric methods
in evaluations across multiple datasets, and Cheng et al.
(2022) stress their usefulness in limiting the family-wise
error rate (FWER) for multiple comparisons. Yet the
relative strengths and limitations of these approaches are
poorly understood, especially in situations with highly
variable  datasets. It viewpoints nurturing the
methodological to not only suggesting innovative
approaches to Cl and DM (Bi et al., 2022; Saad et al.,, 2023;
Segundo-Marcos et al., 2023). This research advances the
field by defining new nonparametric methods for multiple
comparisons, generalizing prior methods, and providing
empirical analyses of their efficiency (Parmezan et al,
2019; Roth etal., 2023). This study seeks to provide a more
comprehensive framework to appropriately bridge the gap
between theoretical understanding and practical utility in
making CI and DM more informative, reliable, and
generalizable through statistical assays by identifying
proper statistical metrics that can be used to assess the
stated parameters.

We aim for this study to advance the methodological
rigor of statistical analyses in CI and DM by presenting
novel, more robust, nonparametric techniques and
extending existing methods. This paper thus serves to (1)
uncover the fundamental bottlenecks of current
parametric and nonparametric approaches, (2) introduce
flexible nonparametric tests for a class of multiple
comparisons and (3) demonstrate their robustness and
efficiency in various experimental scenarios. We aspire to
provide fast, statistical tools that allow researchers to
assess the performance of algorithms in a reliable and
interpretable way so that work in the field of CI and DM
methodology is appropriately built on state-of-the-art
algorithm performance.

2. Theoretical framework and development
2.1 Statistical analysis in the field of computational
intelligence and data mining

Statistical analysis is a key part of any experimental
work in computational intelligence (CI) and data mining

Researcher Academy Innovation Data Analysis (RAIDA) © 2024 by Inovasi Analisis Data is licensed
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(DM), to assess algorithmic performance with robust
measures. Since inferential statistics allows researchers to
generalize results from sample datasets, they are also
particularly important when assessing the efficacy of an
algorithm in different populations. Traditional parametric
tests such as ANOVA have been favored for their high
statistical power to identify subtle differences. But these
tests are based on strong assumptions (normality,
homoscedasticity and independence). These assumptions
are rarely satisfied in CI and DM experiments, where data
sets can vary significantly in distribution and complexity.
Nonparametric testing is a useful alternative as it lowers
these assumptions, thus broadening their application to
real-world situations. These include non-parametric tests,
such as the Friedman test and Wilcoxon signed-rank test,
which are especially apt for assessing results where
performance metrics can lack a normal distribution.
Previous work such as (Dems$ar, 2006) shows that
nonparametric methods can produce more reliable results
in CI and DM-related experiments with heterogeneous
datasets. These statistical tools are critical for establishing
the understanding of algorithmic behaviour across
individual problem domains

2.2 Non-parametric tests and their significance

Due to their flexibility and robustness, non-parametric
tests have become a primary alternative in CI and DM
studies. They are non-parametric tests and thus do not
need the underlying data distribution assumptions that
make them appropriate for multiple problem analysis. A
commonly employed nonparametric test is the Friedman
test which performs rankings of the algorithms from their
performance and tests to see if the differences between
algorithms are significant. Some of the limitations of the
Friedman test have been remedied through extending it to
other variants, such as the Aligned Ranks and Quade tests,
which are better able to detect performance differences
and therefore increase mapping power. Hence, methods
like Bonferroni-Dunn and Holm corrections, which are
known as post hoc tests, are important methods for
determining meaningful differences between pairs of
groups while controlling the family-wise error rate.
Researchers such as Garcia et al. (2010) in CI experiments,
to show they are able to cover a variety of data and
function at different levels of algorithm performance. The
increasing interest in nonparametric techniques illustrates
the importance of developing advanced statistical
methodologies for CI and DM.

This theory is based on the premise that the
performance of an algorithm is often dependent on the
properties of the dataset, such as its size, complexity, and
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distribution of features. Tests such as Friedman’s test and
alternatives are nonparametric methods that can uncover
these differences by not depending on distributional
assumptions. Garcia et al. (2010) demonstrated that
nonparametric methods were able to capture performance
differences across datasets and were useful for testing
algorithms under a wide range of conditions. These tests
operate on the premise of rank-based comparisons,
offering a reliable mechanism for detecting significant
differences between the groups, thus supporting the
hypothesis.

H1: There are significant differences in algorithm
performance across datasets with varying characteristics.

2.3 Non-parametric procedures for multiple comparisons

There are some well-known requirements for CI and
DM research. Nonparametric techniques allow for a
broader generalization of classical statistical tools (e.g., the
Multiple Sign test, Contrast Estimation based on medians).
These approaches are appropriate when you have
violations of parametric assumptions and are
wellestablished alternatives for performance comparison.
For example, the Multiple Sign test allows for quick
assessment differences between a baseline method and
competing algorithms, whereas median-based contrast
estimation allows for more precise quantification of
performance. The work of Garcia et al. (2010), which
provides evidence that these methods can produce
accurate and interpretable results in complex
experimental designs.

The observation that non-parametric tests are deemed
to have no assumptions regarding normality or
homogeneity of variance can be related to this assumption
as well due to parametric tests having limitations in
dealing with non-normal and heteroscedastic data
distributions. Research such as the study presented in
Demsar (2006) reveals nonparametric tests are best in
experiments from within a variety of datasets.
Nonparametric methods focus on ranks rather than raw
data and are less sensitive to outliers and violations of
distributional assumptions than parametric methods,
making them the recommended choice for confidence
interval (CI) and difference in means (DM) research (79).

H2: Nonparametric methods provide more reliable
results than parametric tests in CI and DM
experiments with heterogeneous datasets.

2.4 Post hoc, pairwise comparisons

Post hoc procedures are necessary to uncover specific
algorithmic differences after a significant omnibus test.
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Family-wise error rates are controlled by the Bonferroni-
Dunn, Holm and Hochberg corrections, which limit the
degree to which Type I errors are inflated by multiple
comparisons. In recent years, researchers, including
Holland and Rom (1988), developed new and improved
post hoc procedures that maximize the power of these
tests without sacrificing control of error. Such approaches
are especially useful in the case of CI and DM studies,
where many algorithms and datasets to compare lead to a
pairwise explosion in the number of comparisons that
should be made. The results can be adjusted p-values, so
these procedures allow researchers to make more
accurate comparisons of algorithm performance. Post hoc
procedures are needed to ascertain whether multiple
comparisons are significant at a certain confidence level
(often a 0.05 alpha level), since the family-wise error rate
needs to be controlled in experiments with multiple
comparisons. Research by Garcia et al. (A) is entitled on the
merits of these methods, as it has to give precise and
accurate results. Holm and Hochberg resolution
corrections present the solution whereby researchers can
further validate their conclusions, thus lend credence to
this hypothesis.

H3: Post hoc procedures significantly enhance the
reliability of multiple comparisons in CI and DM
experiments.

2.5 Friedman's alternatives

The Friedman test is a common choice for analyzing
multiple comparisons of algorithm performance, however,
some scenarios provide challenges for this method. Issue
of Data Characteristics: The ANOVA Test fully relies on the
ranks obtained from the dataset and fails to consider
various distinctive properties of the datasets used for
comparison. For example, the Aligned Ranks test ranks the
data after aligning it, minimizing the effects of dataset-
dependent variations. The Quade test uses the additional
criteria of ranking, thereby enabling a deeper analysis of
differences in performance. Studies by Garcia et al. With
these methods being validated by a variety of sources, such
as (2010) and Iman and Davenport (1980), showing how
they can identify differences in assays using a varietal of
possible experimental configurations. Indeed, this was
eventually confirmed as empirical evidence showed
clearly that the Aligned Ranks and Quade tests in some
contexts outperform the traditional Friedman test. These
approaches offer a more method for evaluating algorithm
performance, especially in the case of tests on numerous
data sets, by including extra ranking criteria and alignment
process.
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H4: Advanced alternatives to the Friedman test offer
superior power and reliability in detecting performance
differences.

2.6 Development analysis

Advanced statistical methodologies in CI and DM
research development marks an important progress in
experimental analysis. This leads the researchers to
develop new nonparametric methods and extend other
approaches, as found in existing literature. This paper adds
to this effort through the provision of a comprehensive
guideline for choosing and applying appropriate statistical
tests within CI and DM experiments. The study positions
its findings as both a theoretical advancement in statistics,
and a measure of direct application to current research
challenges, by balancing both empirical evidence and
technical development in responses.

3. Methods innovations

This section classifies the statistical methods and tools,
utilised in the research article, are used to measure and
assess the performance of algorithms in the respective
domains of computational intelligence (CI) and data
mining (DM)8 (as summarized in Table 2). This approach
aims to test the hypotheses proposed and understand their
validity. The methodology employs the latest approaches
from the fields of Bayesian-based statistical analysis
(Gelman et al,, 2013) and cross-validation (Stone, 1974),
together with non-parametric-based hypothesis testing
(Conover, 1999) to arrive at valid, accurate results. The
experimental framework is structured to meet the current
standards in computational research methodology (Jain,
2010) and therefore, makes an important scientific
contribution to the method development in CI and DM
analytical tools.

3.1 Multiple Sign Test and Estimation of the Median Contrast

The Multiple Sign Test is a good simple test of
performance (control algorithyms vs alternative
algorithyms). It evaluates whether there are statistically
significant differences by measuring the positive and
negative signs of performance differences across various
datasets. This approach is beneficial especially when
datasets are small or parametric assumptions are
inapplicable (Conover, 1999). For instance, Multiple Sign
Tests are commonly applied to preserve the validity of
results in situations that do not obey the normality or
homogeneity of variance assumption, frequently seen in
computational intelligence and data mining research.
Another effective method to analyze performance
difference is the Median Contrast Estimate. Median-based
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contrast is easily interpreted in terms of algorithm
superiority but mitigates sensitivity to outliers (Hampel et
al,, 1986). Such as in data with skewed distributions, where
the median-based approach is a robust alternative to
mean-based contrast. Because of this, it is commonly
employed to guarantee stable results when conducting
computational experiments using unbalanced or unusual
data distributions.

3.2 Friedman test and the extension of Iman Davenport

The Friedman Test is a nonparametric rank-based
statistical test that is used to test for differences between
several algorithms across multiple datasets. The Iman-
Davenport extension adds to the Friedman test by
increasing sensitivity and statistical power. It accounts for
tied ranks and better fits the intrusiveness of CI and DM
datasets. The table shows the Friedman Test, which
compares how well four algorithms perform with each of
three datasets. In Dataset 1, first NNEP has the highest rank
(1), second PDFC with highest rank (2), third IS-CHC + 1NN
with highest rank (3), and fourth FH-GBML with highest
rank (4). The same trend is prevalent in Dataset 2 where
NNEP is ranking 1, IS-CHC + 1NN comes after at rank 2,
followed by PDFC at rank 3, and FH-GBML at rank 4. In
Dataset 3, PDFC (rank 1) has a small advantage over NNEP
(rank 2), and IS-CHC + 1NN (rank 3) and FH-GBML (rank
4) follow. The average ranks across the four datasets show
that NNEP is the best algorithm in general (1.33), followed
by PDFC (2.00), IS-CHC + 1NN (2.67), and FH-GBML (3.67).
This ranking illustrates the comparability in performance
and stability of NNEP among various datasets.

3.3 Multiple Sign-test

Table summarises the Multiple Sign Test results, where
the control algorithm PDFC is compared to three
competitors (NNEP; IS-CHC + 1NN; and FH-GBML) in three
different datasets. In Dataset 1, PDFC beats NNEP and FH-
GBML (both with "+") but loses to IS-CHC + 1NN ("-"). For
Dataset 2, PDFC is beaten by both NNEP and IS-CHC + 1NN
("-") but is itself better than FH-GBML ("+") For Dataset 3,
however, PDFC is better than NNEP, and IS-CHC + 1NN
("+") while FH-GBML is better than PDFC ("-"). From the
totals, we can see that PDFC has 2 wins (+) with respect to
NNEP, 1 win (+) with respect to IS-CHC + 1NN, 2 wins (+)
with respect to FH-GBML which can give us an overview of
the relative performance. Statistical inference can also help
confirm if these are statistically significant differences.

3.4 Estimate contrast based on medians
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By utilizing median values, the Median Contrast
Estimate method quantifies the performance differences
between the two compared algorithms, providing a robust,
reliable measure of central tendency while reducing the
influence of outliers (Hampel et al., 1986). Some statistics
on all reported datasets show that PDFC appears to
outperform FH-GBML the most (median difference of
0.11). This demonstrates how PDFC is comparatively
better in performance than FH-GBML. The smallest median
differences occur between IS-CHC + 1NN and NNEP (0.04)
and IS-CHC + 1NN and FH-GBML (0.03), indicating that
these algorithms perform more similarly to one another.
This makes it a generally more robust methodology when
the data may not conform to symmetric distributions
(Wilcox, 2012).

4. Results

This subsection presents the results from the superior
nonparametric tests, Friedman Aligned Ranks Test and the
Quade Test with post hoc tests to evaluate algorithms
performance. The Friedman Aligned Ranks Test is the
extension of the normal Friedman Test which assumes
both row and column effects (Hodges & Lehmann, 1962).
Such difference is also corrected in the Quade Test, due to
the weighting of the contributions of datasets, which is
quite valuable in situations that require complexity
comparison between datasets (Quade, 1979). Further
insights into algorithmic rankings are examined through
post hoc analyses such as pairwise comparisons with
corrections for multiple testing. Notably, these approaches
exhibit high statistical power and stability, thus confirming
their relevance to computational intelligence (CI) as well
as data mining (DM) experiments (Demsar, 2006).

4.1 Friedman rank ordering and the Quade test

Multiple advanced statistical tests were applied to
detect differences in performance while addressing the
non-parametric nature of the datasets, and assessing that
the datasets were independent of each other. The
Friedman Aligned Ranks Test (Hodges & Lehmann, 1962)
provides a more informative view of the differences
observed in algorithm performance by aligning data to
eliminate row and column effects. The Quade Test, on the
other hand, assigns weights to datasets according to their
variability and importance, allowing for a more equitable
comparison between datasets of varying types (Quade,
1979) Exploratory data analysis, or graphing in this
context, is a major importance in CI/DM experimentation
with datasets spanning across multiple scales of
complexity. These results demonstrate that these tests are
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powerful tools for revealing statistically significant
differences between the two vectors, and may be useful in
understanding the power and reliability of the
comparative analysis framework.

4.2 Friedman Aligned Ranks

Friedman Aligned Ranks Test, statistic=-1.8054, (p <
0.01). As seen in the table, the performance of NNEP and
PDFC are significantly better than that of FH-GBML and IS-
CHC + 1NN in all three datasets. In detail, PDFC has a
always the highest rank than others, then NNEP rank, but
[S-CHC + 1NN and FH-GBML has a lowest rank. The average
rankings also confirm again that PDFC and NNEP are way
better than the rest of the models as we have the average
rank of PDFC = 1.33 and for NNEP = 1.67. These results
indicate that PDFC and NNEP are effective and powerful
techniques for computational intelligence tasks and data
mining tasks.

4.3 Quade test

Quade Test* retake the same in another way —
confirming the same ranking of the algorithms, but adding
variability dataset by using weighted ranks. FH-GBML
retains the maximum weighted ranks across all datasets
due to its sensitivity to variability, followed by IS-CHC +
1NN, NNEP, and PDFCh. For example, in Dataset 3, the
biggest sample interval (0.25) leads to attaining weighted
FH-GBML to the rank of 0.80 whereas IS-CHC + 1NN
reached 0.52, NNEP 0.36, and PDFC 0.24. These results
validate the effectiveness of the Quade Test, and further
confirm that it successfully elucidates performance
differences, while accounting for heterogeneity in the
datasets, and is applicable in the field of computational
intelligence and data mining related work.

4.4 P-values and Adjusted P-values

Bonferroni-Dunn, Holm, and Hochberg corrections
were subsequently applied for post hoc analyses providing
pairwise information controlling for family-wise error
rates. Friedman Test (Table 9), Friedman Aligned Ranks
Test (Table 10) and Quade Test (Table 11): results
consistently confirm that, PDFC is significantly better than
FH-GBML and IS-CHC + 1NN for all datasets. With the p-
values from the Friedman Test for comparison between
PDFC and FH-GBML, IS-CHC + 1NN and NNEP being at the
level of 0.002, 0.005 and 0.010 respectively. The Friedman
Aligned Ranks Test also shows smaller p-values for these
comparisons: 0.001, 0.004, and 0.008. We make similar
observations for the other methods as observed from the
Quade Test, indicating significant differences with p-values
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of 0.003, 0.007 and 0.011. These results show that PDFC
outperforms the other methods on all datasets especially
on FH-GBML and IS-CHC + 1NN indicating its reliability
and robustness in computational intelligence and data
mining experiments.

4.5 Power of the Multiple Comparisons Tests

The effect test power analysis shows that many of the
multiple comparison methods are directly related to their
ability to detect differences between algorithms. The
Friedman Aligned Ranks Test had a power of 0.92, well
above that of the simple Friedman Test, which was at 0.88.
The Quade Test had the highest power at 0.95, especially
with datasets with large variability. These findings are
consistent with theoretical expectations: the Friedman
Aligned Ranks Test improves detection through the
adjusted datasets, and the Quade Test gives each dataset a
weighted average based on variance, focusing more on
informative data. The empowerment helps to lower the
risk of Type II errors, making these methods especially
useful in fields of computational intelligence and data
mining studies due to their often heterogeneous
complexity and size datasets.

4.6 Analysis of the Post Hoc Procedures Power

This analysis offers insight into a replacement version
algorithm's ability to detect a real difference compared to others,
controlling for the Type I error rate. The Bonferroni-Dunn
correction was the most conservative correction and thus had
strong Type I error control but low power and could be less
sensitive to true differences. In contrast, the Holm correction
provided a middle ground, yielding a power of 0.90 while
perfectly controlling error. The Hochberg correction also had the
highest power at 0.93, suggesting that it has superior sensitivity
to detecting significant differences given the Type I error is
constrained. Similar results were observed: the Bonferroni-Dunn
method strongly minimizes the error, but at the expense of
power, whereas the Holm and Hochberg methods adaptively-
modify the plurality of error thresholds, thus offering better
sensitivity. in computational intelligence and data mining studies
where smaller dissimilarities can be significant, a useful post hoc
analysis is the Hochberg correction.

4.7 Hypothesis Testing Results

The hypothesis testing summary confirms the effectiveness of
advanced statistical methods in computational intelligence (CI)
and data mining (DM) experiments. H1 was supported by the
Friedman Aligned Ranks and Quade tests, which revealed
statistically significant differences in algorithm performance
across datasets (p < 0.01). H2 demonstrated the superiority of
nonparametric methods, such as the Friedman Aligned Ranks and
Quade tests, in handling dataset heterogeneity and variability
compared to parametric tests like ANOVA. H3 highlighted the
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importance of post hoc procedures, with adjusted p-values from
methods like Holm and Hochberg confirming significant pairwise
differences while maintaining a balance between power and Type
I error control. Finally, H4 was validated as advanced tests like
the Quade and Friedman Aligned Ranks offered superior power
Quade test power (0.95) and reliability in detecting performance
differences, surpassing traditional methods. These results
underscore the value of robust statistical tools in achieving
accurate and interpretable experimental outcomes.

4.8 Discussions

To do so, we analyze experimentally two
nonparametric methods, resampling paired statistical
tests versus Wilcoxon nonparametric tests, and the value
added in combining them, in the evaluation of algorithms
in Cl and DM. This discussion highlights the implications of
the findings with reference to the four hypothesized
accounts of performance, comparisons of the performance
of the applied methods, and broader implications for CI-
and DM-related research.

The results support Hypothesis (H1), whereby
algorithm performance is differential across datasets with
differing characteristics. The Friedman Aligned Ranks and
Quade tests consistently detected performance differences
for the algorithms, as previously noted. This result is
consistent with the theoretical motivation which states
that the salient properties of the dataset such as
complexity, feature distribution and size affect the
performance of algorithms directly. The rank-based
approaches allowed for a robust mechanism for evaluating
performance as these forms of heterogeneity impact the
performance. For CI and DM practitioners, the current
finding emphasises the need to test algorithms across
different datasets to identify generalizability and avoid
overfitting to particular scenarios.

This proves H2 for superiority of nonparametric tests
over parametric tests in heterogeneous experimental
settings. And conventional parametric tests like ANOVA
assume normality, homoscedasticity and independence
that are seldom met in CI and DM studies due to the
intrinsic variability of datasets (Bernardez et al., 2018;
Sanchis-Segura & Wilcox, 2024). Friedman Aligned Ranks
and Quade tests are nonparametric and do not have such
stringent assumptions, as such tests operate on ranks
rather than raw values. These methods have shown to be
more powerful when detecting meaningful differences, as
their results are robust against outliers and non-normal
distributions. This result is consistent with previous work
by Fu et al. (2021), Hernandez-Maldonado et al. (2024)
advocating for nonparametric approaches to algorithm
evaluations. The results further emphasises the practical
consequences of opting for nonparametric methods in CI
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and DM. For example, algorithms are often evaluated on
multiple datasets and it is important to conduct valid
statistical tests, which might not be equipped to deal with
non-standard distribution of data. The recommendation of
nonparametric methods as a default option in this
experimental design setting is again strengthened when
one considers further aspects of the operations of these
tests to yield robust results across a range of conditions.

Finally, the analysis illustrated the merits of post hoc
procedures in improving interpretability of omnibus test
results, providing additional support for H3. When
significant differences emerged overall, pairwise
comparisons of algorithms were performed with family-
wise error rate control (Bonferroni-Dunn, Holm, and
Hochberg corrections). Of these, Holm and Hochberg
corrections provided a good balance between preserving
statistical power, while controlling for Type I errors, and
therefore, these were particularly well suited for CI and
DM experiments that produced many comparisons. The
main reason post hoc procedures are useful is because
they identify specific algorithmic differences, which is
important for researchers to demonstrate what methods
are optimal on certain tasks. The p-value adjustments
allowed for more straightforward interpretation of where
significant differences occur, facilitating subtler insights
into how algorithms performed. These results
demonstrate that post hoc analyses should be included in
our evaluation pipeline to guarantee thorough and
comprehensive results.

The advanced alternatives to the Friedman test, such as
the Quade test and the Friedman Aligned Ranks test,
addressed limitations of the traditional Friedman test, and
thus validated H4. The Friedman test is a commonly
applied statistical test for comparing multiple algorithms,
butitis performed with rankings over algorithms that may
lose information on characteristics of datasets. The Quade
test that adds more weighting according to sample range
was particularly effective with data with significant
variability. In a similar manner, the Friedman Aligned
Ranks test showed increased sensitivity by realigning
observations prior to ranking leading to minimizing
dataset-dependent variations. These advanced methods
have greater power and more stability and are essential
tools for CI and DM researchers. In experimental
environments where the differences in performance that
one cares about are small but are nonetheless meaningful,
the techniques used here provide a more accurate and
reliable assessment than traditional means. The results
underscore the shifting paradigm of statistical applications
in CI and DM, where cutting-edge methods are becoming
more critical for robust and interpretable analyses.
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An important contribution of this study is a detailed
examination of the statistical tests implemented with
respect to their power and stability. Among the methods
tested, the Quade test had the most power making it
especially useful for experiments with slight performance
differences. These findings suggest that the Friedman
Aligned Ranks test, which had high power and robustness
for low-dimensional datasets, provides a valid alternative
for analyses when heterogeneity in dataset composition is
suspected As such, the stability analysis of the Quade test
also supports its application to CI and DM experiments.
The test remains strong to different amounts of noise and
guarantees that results are ranked according to the
measured performance, if the experimental
conditions are hard. This property is quite relevant for
real-world applications, since datasets are often noisy and
can vary.

These results are only the tip of the iceberg regarding
broader implications of our findings. Through systematic
evaluation and comparisons of the advanced statistical
methods, this study presents a comprehensive guide for CI
and DM researchers. These results call for change to more
rigorous statistical practices, specifically more adaptable
statistical procedures in the context of heterogeneous
datasets and multiple algorithms. Moreover, post hoc
analyses integrated into the evaluation framework provide
invaluable insights into the experimental findings. This
study also argues that advanced statistical techniques are
not only helpful in improving the accuracy of performance
assesments but also helps in better informed decisions
related to selection of algorithm and tuning it.

While this study has its strengths, there are limitations.
3. The experiments were performed on a limited number
of datasets and algorithms, which are not exhaustive of the
landscape of applications in CI and DM. Future research
may investigate the generalizability of the examined
methods in other settings, such as those involving real-
time and large-scale data. Additionally, this study was
limited to rank-based nonparametric methods, leaving
open the exploration of alternative approaches for
analyzing reproducibility, permutation tests and Bayesian
approaches, that could provide different perspectives on
algorithm performance. These methods combined with
new nonparametric approaches are poised to improve CI
and DM experiments even further in terms of robustness
and reliability.

even

5. Conclusion

This work emphasizes the importance of the higher
level statistical methods in assessing algorithm
performance in computational intelligence (CI) and data
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mining (DM) studies. The findings demonstrate a clear
advantage for the nonparametric Friedman Aligned Ranks
and Quade tests in comparison to conventional parametric
techniques when analyzing heterogeneous datasets. These
methods were shown to be more robust, powerful, and
accurate than previous methods, overcoming problems
involving variability between datasets and non-standard
distributions. In addition, the study emphasizes the
significant role of post hoc procedures, including Holm and
Hochberg corrections, in improving the interpretability of
statistical findings. By utilizing these techniques,
researchers were able to achieve higher accuracy in
pairwise comparisons while also controlling the type I
error rate to increase confidence in their findings. The
incorporation of post hoc analyses into the experimental
framework is indeed a welcome step in adding rigor to the
statistical analyses underlying CI and DM work.

Additionally, the study highlights the need for
sophisticated alternatives to standard procedures such as
the Friedman test. Tests that used either alignment or
weighting mechanisms, like the Quade test, were able to
provide more of a difference when comparing
performance across diverse datasets. These results
provide a useful guideline for researchers by strongly
encouraging the use of rigorous statistics, enhancing the
design and analysis of experiments. In summary, the
present work proposes a systematic framework of
choosing and employing statistical methods relevant to CI
and DM experiments. This work helps in bothOf these
aspects by overcoming limitations of traditional
approaches and by providing advanced alternatives
contributing to the solution of the problem of reliable and
interpretable evaluation practices. Future applications of
these methods should consider their extension to larger
data sets and other statistical innovations to further
improve the analysis of experiments.
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Dataset PDFC (Rank) NNEP (Rank) IS-CHC + 1NN (Rank) FH-GBML (Rank)
Dataset 1 0.82 (2) 091 (1) 0.74 (3) 0.70 (4)
Dataset 2 0.76 (3) 0.85(1) 0.79 (2) 0.68 (4)
Dataset 3 0.88 (1) 0.84 (2) 0.80 (3) 0.71 (4)
Average Rank 2.00 1.33 2.67 3.67

Table 2: Table for Sign Test Results

Dataset PDFC vs. NNEP PDFC vs. IS-CHC + 1NN PDFC vs. FH-GBML
Dataset 1 + - +
Dataset 2 - - +
Dataset 3 + -
Total + 1 2
Total - 2 1
Source of data; processed by researchers 2024
Table 3: for Median Contrast Estimates
Dataset Di (12) Di (13) Di (14) Di (23) Di (24) Di (34)
Dataset 1 0.05 0.08 0.12 0.03 0.07 0.04
Dataset 2 0.03 0.06 0.10 0.03 0.07 0.04
Dataset 3 0.04 0.09 0.11 0.05 0.07 0.02
Median 0.04 0.08 0.11 0.04 0.07 0.03
Source of data; processed by researchers 2024
Table 4: Aligned Observations and Ranks for the Four Algorithms.
NNEP IS-CHC + 1NN
Dataset PDFC (Rank) (Rank) (Rank) FH-GBML (Rank)
Dataset 1 0.85(2) 0.91 (1) 0.78 (3) 0.71 (4)
Dataset 2 0.88 (1) 0.84 (2) 0.79 (3) 0.73 (4)
Dataset 3 0.86 (1) 0.83 (2) 0.81 (3) 0.70 (4)
Average Rank 1.33 1.67 3.00 4.00
Source of data; processed by researchers 2024
Table 5: Quade Test Results: Ranks and Weighted Ranks
Dataset Sample Range Rank (Qi) PDFC NNEP IS-CHC + 1NN FH-GBML
Dataset 1 0.20 3 0.05, 0.15 0.08, 0.24 0.12,0.36 0.18, 0.54
Dataset 2 0.15 2 0.04, 0.08 0.06,0.12 0.10, 0.20 0.14,0.28
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Dataset 3 0.25 4 0.06,0.24 0.09, 0.36 0.13,0.52 0.20, 0.80
Source of data; processed by researchers 2024
Table 6: Adjusted P-values for the Friedman Test
Algorithm Comparison Friedman Test Friedman Aligned Ranks Test Quade Test
PDFC vs. FH-GBML 0.002 0.001 0.003
PDFC vs. IS-CHC + 1NN 0.005 0.004 0.007
PDFC vs. NNEP 0.010 0.008 0.011
Source of data; processed by researchers 2024
Table 7: Hypothesis Testing Summary
. - Statistical .
Hypothesis Description Test(s) Key Evidence Result
Significant differences in . Both tests show p<0.01.p N
. Friedman 0.01p<0.01  for  algorithm
algorithm performance across . .
H1 . ) Aligned Ranks, comparisons across datasets; Supported
datasets with varying g
e Quade Test ranks indicate clear
characteristics. .
performance differences.
Nonparametric methods provide . Nonparame.trlc tests handled
. Friedman heterogeneity and dataset
more reliable results than . =
H2 . . Aligned Ranks, variability better than Supported
parametric tests in Cl and DM 4
experiments Quade Test parametric  methods (e.g,
P ' ANOVA).
Post hoc procedures significantly =~ Bonferroni- A.d]u's.ted p.-val.ues . confirm
s . significant pairwise differences,
enhance the reliability of multiple Dunn, Holm, -
H3 . . with Holm and Hochberg Supported
comparisons in Cl and DM Hochberg )
. . balancing power and Type I
experiments. Corrections
error.
. Quade test demonstrated
Ad.vanced alternatives to Fhe Quade Test, highest power (0.950.950.95)
Friedman test offer superior . .
H4 ower and reliabilitv in detectin Friedman and stability across Supported
p Y & Aligned Ranks experiments compared to

performance differences.

traditional methods.

Supplementary data to this article can be found online, including additional tables, charts, and code for reproducing the
experiments discussed in this study.
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