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A COMPARATIVE FRAMEWORK FOR ANALYZING DISTANCE METRICS
IN HIGH-DIMENSIONAL SPACES

Subject of the research — developing a comprehensive framework to measure and analyze the relationships between different
distance metrics in high-dimensional spaces. Aim of the research — to create a comparative framework that quantifies the "distance"
between various distance metrics in high-dimensional settings. This framework aims to provide deeper insights into the
interrelationships of these metrics and to guide practitioners in selecting the most appropriate metric for specific data analysis tasks.
The research tasks include a theoretical formulation of methods to measure the "distance between distances", enabling a systematic
comparison of different metrics. We conduct a thorough analysis of how these relationships evolve with increasing dimensionality.
This involves developing mathematical models and employing visualization techniques to illustrate and interpret the relationships
between metrics like the Manhattan distance, Euclidean distance, and others in high-dimensional spaces. A series of experiments are
conducted on synthetic datasets to validate the theoretical findings and demonstrate the practical utility of the proposed framework.
These datasets are carefully selected to cover a wide range of dimensionalities and data characteristics, ensuring a comprehensive
evaluation of the framework's effectiveness. The methodology includes statistical analyses and visualization methods such as
multidimensional scaling and heatmaps to represent the relationships between distance metrics clearly. The findings of the research
are significant, revealing that the relationships between different distance metrics change notably as dimensionality increases.
The results show patterns of convergence or divergence among certain metrics, providing valuable insights into their behavior in
high-dimensional spaces. These insights are crucial for improving the accuracy and efficiency of data analysis techniques that rely on
distance computations. The conclusions indicate that the proposed framework successfully quantifies the relationships between
various distance metrics in high-dimensional spaces. By enhancing the understanding of how these metrics relate to one another, the
research offers a valuable tool for selecting appropriate distance measures in high-dimensional data analysis. This contributes to more
accurate and efficient analytical processes across various fields, including machine learning, data mining, and pattern recognition.
Keywords: distance metrics; high-dimensional spaces; metric comparison; L, norm; L, norm; data analysis; machine learning.

Introduction sensitivities to specific data characteristics, such as scale,

correlation, and noise, further complicating the analysis.

Distance metrics are fundamental tools in data A significant challenge in this context is the lack of

analysis, machine learning, and pattern recognition,
serving as the basis for various algorithms in clustering,
classification, and information retrieval [1]. The choice of
an appropriate distance metric is crucial, as it directly
influences the performance and accuracy of these
algorithms. In the era of big data, high-dimensional
datasets have become increasingly common across fields
such as image processing, genomics, finance, and social
network analysis. These datasets present unique
challenges due to the "curse of dimensionality"”, where
the volume of the space increases so rapidly that the
available data become sparse, making traditional analysis
techniques less effective [2].

In high-dimensional spaces, the behavior of distance
metrics can change dramatically. Phenomena such as the
concentration of measure imply that in very high
dimensions, distances between data points tend to
become uniform regardless of the metric used. This effect
can diminish the discriminative power of distance-based
algorithms, leading to degraded performance [2].
Moreover, different distance metrics may exhibit varying

a systematic understanding of how different distance
metrics relate to each other in high-dimensional

spaces. While metrics like the Manhattan (L,) and

Euclidean (L,) distances are well-understood in low-

dimensional settings, their relationships and relative
effectiveness in high-dimensional contexts are not fully
explored [3, 4]. This gap in knowledge can hinder the
ability of practitioners to select the most appropriate
metric for their specific applications, potentially leading
to suboptimal results.

Previous studies have investigated the asymptotic
behavior of the Manhattan distance as dimensionality
increases, highlighting its statistical properties and
implications for empirical experiments [3]. For instance,
Silva [3] analyzed the theoretical properties and statistical
behavior of the Manhattan distance through mathematical
derivations and computational simulations, revealing how
its mean and variance exhibit predictable trends as
dimensionality increases. Other research has focused on
approximations of the Euclidean distance in multi-
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dimensional spaces to reduce computational complexity
while maintaining acceptable accuracy [5].

Additionally, efforts have been made to establish
approximate relations between Manhattan and Euclidean
distances, particularly in the context of experimental
design using Latin hypercube sampling [4]. Das et al. [4]
explored the relations and bounds between these distances,
providing insights into which measure offers better space-
filling properties in design of experiments (DoEs).

Despite these contributions, there remains a need for
a comprehensive framework that systematically compares
different distance metrics and quantifies their relationships
in high-dimensional settings. Such a framework would
provide deeper insights into how metrics like L,, L,, and

others compare and contrast as dimensionality increases,
offering a more nuanced understanding than traditional
pairwise comparisons.

This research aims to address this challenge by
developing a comprehensive framework for measuring
and analyzing the relationships between various distance
metrics in high-dimensional spaces. By introducing
a method to quantify the "distance between distances”,
we seek to provide deeper insights into metric behavior in
high dimensions. The framework is designed to capture
the nuances of metric behavior, offering practical guidance
for data analysts and machine learning practitioners.

The successful development of this comparative
framework involves a detailed theoretical investigation
coupled with extensive empirical validation. The theoretical
component focuses on deriving mathematical formulations
that define the relationships between different metrics,
considering the effects of high dimensionality.
The empirical component includes experiments on both
synthetic and real-world datasets to demonstrate the
practical implications of the theoretical findings.
Visualization techniques such as multidimensional
scaling and heatmaps are employed to illustrate the
complex interrelationships between metrics clearly.

Integrating theoretical analysis with empirical
experimentation is expected to yield a robust framework
that not only enhances our understanding of distance
metrics in high-dimensional spaces but also provides
practical guidance for selecting appropriate metrics in
various applications. This integrated approach is
particularly relevant in fields where the choice of distance
metric can significantly impact the performance of
algorithms, such as clustering, classification, and nearest
neighbor search [1, 2].

In the realm of distance metric analysis, various
approaches have been proposed to compare and select

appropriate metrics, ranging from heuristic methods
based on domain knowledge to more systematic techniques
involving metric learning [1]. However, these methods
often focus on low-dimensional settings or specific
applications, lacking generality in high-dimensional
contexts. Our research fills this gap by providing
a generalizable framework applicable across different
domains and types of data.

By systematically analyzing and quantifying how
distance metrics relate to each other in high-dimensional
spaces, we aim to enhance the effectiveness of data analysis
techniques that rely on these metrics. This contribution
has the potential to improve the accuracy and efficiency
of various machine learning algorithms, ultimately
advancing the fields of data mining and pattern recognition.

The objective of this research is not only to develop
a theoretical understanding of metric relationships but
also to translate this understanding into practical tools and
guidelines. By systematically analyzing and quantifying
how distance metrics relate to each other in high-
dimensional spaces, we aim to enhance the effectiveness
of data analysis techniques that rely on these metrics.
This contribution has the potential to improve the
accuracy and efficiency of various machine learning
algorithms, ultimately advancing the fields of data mining
and pattern recognition. Through this research, we aspire
to make a significant contribution to the understanding of
distance metrics in high-dimensional data analysis.
By providing both theoretical insights and practical tools,
we hope to enable more informed decisions regarding
metric selection, leading to improved outcomes in
a wide range of applications where high-dimensional
data are prevalent.

Analysis of the problem and Existing Methods

Comparing and selecting appropriate distance
metrics in high-dimensional spaces is a complex
challenge that has significant implications for the
effectiveness of machine learning algorithms [1, 2]. High-
dimensional data often leads to phenomena such as the
concentration of distances, where the distinction between
the nearest and farthest points diminishes, making it

difficult for algorithms like k -nearest neighbors (k-NN))

to perform effectively [1].

Aggarwal et al. [2] conducted a seminal study on the
behavior of distance metrics in high-dimensional spaces,
revealing that the choice of metric significantly impacts
the meaningfulness of proximity measures. They found
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that metrics such as the Manhattan distance (L, norm)

can be more preferable than the Euclidean distance
(L, norm) in high-dimensional applications due to their

sensitivity to the dimensionality of the data.

Silva [3] investigated the asymptotic behavior of the
Manhattan distance as the number of dimensions
increases, providing insights into its statistical properties
through mathematical derivations and computational
simulations. The study highlighted predictable trends in
the mean and variance of the Manhattan distance,
emphasizing the need to understand how distance metrics
behave as dimensionality grows.

Das et al. [4] explored approximate relations
between the Manhattan and Euclidean distances in
the context of Latin hypercube experimental design.
Their work established bounds and relations between
these distances, offering insights into which measure
may provide better space-filling properties in design
of experiments.

Research on approximating the Euclidean distance
in multi-dimensional spaces has been conducted to reduce
computational complexity while maintaining acceptable
accuracy [5].

Comparative studies have also been carried out in
specific applications. For instance, in clustering analysis
for determining the spread of COVID-19 in Bekasi City,
researchers compared the Euclidean and Manhattan
distance calculations within the K-means clustering
algorithm [6]. They found that the choice of distance
metric affected the number of iterations and processing
time, with the Manhattan distance leading to faster
convergence [6]. This underscores the practical
importance of selecting an appropriate distance metric
based on the specific characteristics of the data and
the analysis objectives.

Despite these studies, there remains a lack of
a comprehensive framework that systematically compares
different distance metrics and quantifies their relationships
in high-dimensional settings. Existing methods often
focus on specific metrics or applications, without providing
a generalizable approach to measure the "distance
between distances" across various metrics and dimensions.

Some studies have proposed methods for secure
computation of distance metrics [7], and have analyzed
the minimum Manhattan distance in permutations [8],
but these works do not directly address the comparative
analysis of distance metrics in high-dimensional spaces.

In the field of k-NN algorithms, recent reviews
have highlighted the need for enhanced methods to

improve performance in high-dimensional data [1].
Modifications to exact k-NN techniques have been
proposed, but they often rely on heuristic approaches or
are tailored to specific applications, rather than providing
a systematic framework for metric comparison.

Overall, the challenge lies in developing a method
that can quantify and analyze the relationships between
different distance metrics as dimensionality increases,
providing practical guidance for selecting appropriate
metrics in high-dimensional data analysis.

Problem solution

Y 1mpOMy JOCHIIKEHHI KOJNW MH PO3TIIIAEMO

TpaHW4Hy 00JIaCTh B(X) UL MHOXKHHH X , MH MaEMO

HAa YyBa3l PpI3HUII0O MDK BEPXHBOIO Ta HIKHBOIO
ampokcumariiero X . MareMaTH4HO 16 MOXe OyTH
BUPAKCHO TaK:

To address the challenge of systematically
comparing distance metrics in high-dimensional spaces,
we propose a framework that utilizes statistical sampling
and correlation analysis to quantify the relationships
between different distance metrics. Our method
involves generating synthetic datasets with varying
dimensionalities and analyzing how different distance
metrics correlate in these high-dimensional settings.

We generate synthetic data by sampling points from
a standard multivariate normal distribution. Specifically,
we sample n data points x, € R’ , where component X,

is drawn independently from a standard normal
distribution N (0,1). This approach ensures that the data
are centered at the origin with identity covariance,
providing an isotropic distribution equally spread
in all directions. By varying the dimensionality d
from 2 to 1000, we investigate how the relationships
between distance metrics evolve as the number of
dimensions increases.

We focus on the family of Minkowski distance

metrics, defined by the L, norm (1):

d Ip
M-Sl o
where peR. We extend our analysis to include all
computable values of p, including negative values and
p =00, which corresponds to the Chebyshev distance.

This comprehensive consideration of p values allows us

to examine a wide spectrum of distance metrics within
the Minkowski family.




ISSN 2522-9818 (print)
ISSN 2524-2296 (online)

Innovative technologies and scientific solutions for industries. 2025. No. 1 (31)

For each sampled point x; , we compute its distance

to the origin using various L, norms. This results in a set

of distance measurements {||xi ||p} for each value of p.

By focusing on distances from the origin, we eliminate
pairwise dependencies and simplify the analysis
while still capturing the essential characteristics of
the distance metrics.

To quantify the relationships between different
distance metrics, we perform a correlation analysis of the
distance measurements obtained for different pp values.

Specifically, we calculate the Spearman rank correlation
coefficient between pairs of distance metrics L, and L, .

The Spearman rank correlation coefficient measures
the monotonic relationship between two variables without
assuming a linear relationship or normality, making it
suitable for our analysis of non-linear dependencies
between distance metrics.

By computing this correlation for various
combinations of p, and p,, we obtain a metric-pair

correlation matrix that reflects how similar or dissimilar
the distance metrics are in high-dimensional spaces.
A higher correlation coefficient indicates that two metrics
rank the distances of points similarly, implying they are
more alike in their behavior.

We examine how the correlations between different
distance metrics change as a function of dimensionality dd .
By varying dd from 2 to 1000, we observe the impact of
increasing dimensions on the relationships between
metrics. Our preliminary results indicate that after
a certain dimensionality threshold, the correlations
stabilize and reach a plateau. This suggests that in very
high dimensions, the relative behavior of different
distance metrics becomes consistent.

While our approach is primarily empirical, it is
grounded in the understanding that in high-dimensional
spaces, the geometry of data changes significantly.
For instance, it is known that distances tend to
concentrate in high dimensions, a phenomenon related
to the concentration of measure [2]. Although we do not
derive new theoretical results, our empirical observations
align with known theoretical behaviors, such as the
stabilization of metric relationships at high dimensions.

Research results

To investigate how the relationship between
different distance metrics evolves with increasing

dimensionality, we conducted experiments measuring
the Spearman rank correlation coefficient between the
L, (Manhattan) and L, (Euclidean) norms of data
points sampled from a standard normal distribution.
The dimensionality d varied from 2 to 100, allowing us to
observe trends over a wide range of dimensions (fig. 1).

0.98

0.97 -

0.96

corr

0.95 -

0.94 4

0.93

T
0 20 40 60 80 100
n_dim

Fig. 1. Relatinship between dimensionality and correlation

The initial decrease in correlation can be attributed
to the increasing complexity of the high-dimensional
space. In low dimensions, the L, and L, norms are more
closely related because the geometry of the space allows
for less variation in the paths measured by these norms.
Despite the decreasing trend, the correlation stabilizes
around 0.94 in higher dimensions. This plateau indicates
that while the norms are not perfectly correlated,
they maintain a strong monotonic relationship even as
dimensionality increases. This consistent correlation
suggests that, in high-dimensional spaces, the relative
rankings of distances from the origin according to
the L, and L, norms remain similar.

In the next experiment, we investigate how the
Spearman rank correlation between the L, norm

(Euclidean distance) and various L, norms changes as
we vary the value of p. By fixing p, =2 (corresponding
to the L, norm) and altering p over a specified range,
we aim to understand how different L, norms relate to
the L, norm in high-dimensional spaces (fig. 2).

This experiment demonstrates that the Spearman
rank correlation between the L, norm and L, norms

varies non-linearly with p. The correlation is highest at
p =2 and decreases for both lower and higher p values.

These findings highlight the importance of carefully
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selecting the p value in L, norms to match the specific

needs of high-dimensional data analysis tasks.

Correlation with p_1=2
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Fig. 2. Correlation between 12 norm and p_2 norms on X axis

In this experiment, we explore the relationships
between the L, L,, L, , and norms to understand how

these distance metrics correlate with one another in high-
dimensional spaces. Specifically, we aim to investigate
whether the "distance” (as measured by dissimilarity or
correlation) between L, and L, norms is approximately

equal to that between L, and L, norms. Additionally,
we examine how the correlation between L, and L,

norms changes as p approaches infinity (table 1).

Table 1. Correlation table between L, , L,,and L_ metrics

Practical Implications

L, L, L,
L, 1 0.95 0.89
L, 0.95 1 0.95
L, 0.89 0.95 1

The correlations p,, and p,, are very close in

value, suggesting that the "distance” or dissimilarity
between L, and L, norms is approximately equal to that
between L, and L, norms. This suggests a kind of
symmetry in the relationships among these norms in
high-dimensional spaces, which may not be as apparent
in lower dimensions.

When comparing L, L,,as p approaches infinity,

the L

p norm

increasingly emphasizes the largest
components of the vectors. This results in the L, norm

converging to the L, norm.

The comparative framework presented in this study
has significant potential for real-world implementation,
particularly in fields where high-dimensional data
analysis is a core challenge. In e-commerce
recommendation systems, where vast amounts of user
and product attributes are generated daily, practitioners
often rely on distance-based methods to measure
similarities between items or users [9, 10]. Implementing
the proposed framework can help them determine which
distance metric is best suited for capturing meaningful
relationships in datasets containing thousands of features,
such as product descriptions, user demographics, and
behavioral logs. By systematically quantifying the
relationships among metrics like Manhattan, Euclidean,
and other Minkowski norms, companies can more
confidently select a metric that preserves essential
characteristics of user-item interactions, thus improving
recommendation accuracy and user satisfaction.

In the financial sector, high-dimensional data arise
in areas such as portfolio optimization [11], fraud
detection, and algorithmic trading [12], where feature
spaces range from historical price series to textual
sentiment indicators. A robust, data-driven evaluation of
distance metrics helps identify the most appropriate norm
to capture subtle patterns in time series and complex
relationships among assets. When dealing with high-
frequency trading scenarios or large-scale risk modeling,
the correct choice of distance metric can also reduce
computational overhead and minimize latency.

In image recognition and computer vision applications,
large volumes of pixel information and extracted feature
vectors are often managed in domains ranging from
autonomous driving to medical imaging [13].
When selecting the most effective distance metric
for tasks like image retrieval or similarity-based
classification, analyzing correlations among norms
under different dimensional settings allows teams to
anticipate performance trade-offs. This becomes
especially critical in medical contexts where even
minor improvements in classification accuracy can
translate into earlier detection of diseases. Moreover,
integrating this framework into workflow pipelines
can streamline the process of feature extraction
by aligning metric choice with specific datasets, reducing
the trial-and-error phase that often burdens data
science projects.

Sensor networks and Internet of Things
deployments also stand to benefit [14, 15]. Industrial
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monitoring systems produce high-dimensional data
encompassing sensor readings, event logs, and contextual
information. Employing this comparative framework
enables the identification of norms that robustly
differentiate  normal operational conditions from
anomalies, helping to prevent downtime or safety
incidents in factories, power plants, or transportation
systems. By exploiting the insights into how metric
relationships evolve with dimensionality, it becomes
easier to design anomaly detection pipelines that remain
effective at scale. In terms of practical implementation,
the development of user-friendly libraries that encapsulate
the proposed framework’s functionalities can lower the
barrier to entry for data scientists who may not have
a strong mathematical background in norm analysis.

Such tools can integrate with popular machine
learning libraries, automatically generating correlation
heatmaps or multidimensional scaling visualizations to
guide metric selection. An organization interested in
adopting the framework could embed these utilities in its
data engineering platform, thereby incorporating distance
metric analysis into routine data processing steps.
Adapting the framework to specialized hardware
accelerators like GPUs can further reduce computation
time, particularly when sampling from large datasets or
exploring many pairs of distance metrics. Finally, the
advances in interpretability provided by the proposed
framework have value in regulated industries like
healthcare or finance, where practitioners must justify
their methods to stakeholders. Demonstrating that
a chosen distance metric aligns with the intrinsic
geometry of the data helps address concerns regarding
fairness, bias, and other ethical considerations. Through
these avenues of application — from recommendation
systems and algorithmic trading to medical image
classification and industrial monitoring — the proposed
comparative framework offers a practical means of
improving the accuracy, efficiency, and reliability of
high-dimensional data analysis.

Conclusions

This research has presented a comprehensive
framework for analyzing and quantifying the relationships
between different distance metrics in high-dimensional
spaces. By employing statistical sampling from a standard
multivariate normal distribution and performing
correlation analyses between various L, norms, we have

gained valuable insights into how these metrics behave
and relate to each other as dimensionality increases.

Our findings reveal that the Spearman rank
correlation between the L, and L, norms decreases with

increasing dimensionality but stabilizes at a strong
positive  correlation in  high-dimensional  spaces.
Specifically, the correlation coefficient decreases from
approximately 0.98 in two dimensions to around 0.94
in dimensions beyond ten, indicating that despite the
initial decline, the L, and L, norms maintain a consistent

relationship in higher dimensions. This suggests that, for
high-dimensional data, the relative rankings of distances
according to these norms remain similar, which has
practical implications for algorithm performance and
computational efficiency in data analysis tasks.

Further exploration into the correlation between
the L, norm and various L, norms across a wide range

of p values demonstrated a non-linear relationship.
The correlation peaks at p =2, as expected, since we are
comparing the L, norm with itself, and decreases for

both lower and higher pp values. Notably, as p

approaches infinity, corresponding to the L_ norm, the

correlation with the L, norm decreases, reflecting the

increasing emphasis on the largest components in the data
vectors. This behavior highlights the importance of
selecting appropriate p values in L, norms based on the

specific characteristics of the data and the analysis objectives.
The comparison among the L, L,, and L, norms

revealed that the "distance” or dissimilarity between L
and L, norms is approximately equal to that between L,

and L, norms. The strong correlations observed among

these norms suggest a form of symmetry in
their relationships within high-dimensional spaces.
This symmetry indicates that transitioning from one norm
to another involves similar changes in how the norms
aggregate component information, which can inform
decisions when selecting distance metrics for high-
dimensional data analysis.

These insights contribute to a deeper understanding
of the behavior of distance metrics in high-dimensional
settings. They underscore the necessity for practitioners
to consider the implications of their choice of distance
metric, especially in applications where the dimensionality
of data is high. Selecting a metric that aligns with the
desired sensitivity to data features can enhance algorithm
performance, improve computational efficiency, and
ultimately lead to more accurate and reliable results
in machine learning and data mining tasks.
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However, it is important to acknowledge
the limitations of this study. The experiments
were conducted using synthetic data sampled from
a standard normal distribution with independent and
identically distributed components. While this approach
provides a controlled environment for analysis, real-
world data often exhibit correlations, non-normal
distributions, and other complexities not captured in our
synthetic datasets. Consequently, the findings may not
directly generalize to all types of data distributions.
Additionally, the focus on distances from the origin
simplifies the analysis but may not capture all aspects
relevant in practical applications where pairwise
distances between data points are crucial.

Future research could extend this framework
to include different data distributions, incorporate
real-world datasets, and explore the effects of

feature correlations and other data characteristics.
The development of theoretical models to explain and

predict the observed relationships between distance
metrics in high-dimensional spaces would further
enhance the utility of this framework. Such advancements
would provide more comprehensive guidance for
selecting appropriate  distance measures, thereby
improving the effectiveness of algorithms that rely on
distance computations across various domains.

In conclusion, this study offers a valuable
contribution to the understanding of distance metrics in
high-dimensional spaces by providing both empirical
evidence and practical insights. The proposed framework
enables a systematic comparison of different distance
metrics, highlighting the nuanced ways in which
they relate to each other as dimensionality increases.
By informing the selection of distance metrics, this work
has the potential to enhance the accuracy and efficiency
of high-dimensional data analysis techniques, ultimately
advancing the fields of machine learning, data mining,
and pattern recognition.
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ITOPIBHAJIBHA CUCTEMA LIS AHAJII3Y METPUK BI/JICTAHI
Y BUCOKOBUMIPHOMY ITPOCTOPI

I[peamer nociaigKeHHss — po3pOOJICHHS KOMILIEKCHOI PAaMKOBOi METONOJIOTii Ui BUMIPIOBaHHSA Ta aHAJi3y B3a€MO3B’S3KiB
MDK PI3HUMH METpPHKaMH BiICTaHi y 06araTOBUMipHHUX mpocTopax. MeTa qociaiIKeHHSI — CTBOPUTH HOPIBHSJIBHY METOOJIOTIIO,
sIka KUTBKICHO OLIIHIOE "BiICTaHB" MiXK Pi3HUMH METPHUKaMH BiJICTaHI B YMOBaxX BHCOKOI po3aMipHOcTi. L[ MeTomosoris Mae Ha MeTi
HaJaTH TIIHOIIe PO3YMiHHS B3a€MO3B’sI3KiB MK 3a3HAUYCHUMH METPUKAMHU Ta JONOMOITH (aXiBIsiM y BHOOpI HAWOIIBII BiAMOBIHOT
METPUKH Ul KOHKPETHHX 3aBJaHb aHaNi3y JaHWX. 3aBAAHHSA JOCTIIKEHHSI OXOILTIOIOTH TEOPETHYHE (OPMYIIIOBAHHSI METOIIB
BUMIpIOBaHHS "BIJICTaHI MK BiACTaHAMH", IO Ja€ 3MOTY CHCTEMAaTHYHO IMOPIBHIOBATH pi3HI MeTpukd. HeoOXimHO TIPpyHTOBHO
MPOaHATI3yBaTH 3MIHHU I[MX B3a€MO3B'S3KIB 3aJI€XKHO BiJl 3pOCTaHHS po3MipHOCTi. [y 11boro nepeadadeHo po3poOUTH MaTeMaTHYHI
MOJIeNli Ta 3aCTOCYBAaTH METOJM Bi3yallisallii 3 METO UToCTpamii Ta iHTeprpeTamii B3a€MO3B’S3KiB MiX TaKUMH METPUKAMH,
SIK MaHXETTEHChKa BiJCTaHb, CBKJII/IOBA BIJICTaHb Ta iHINI y BHCOKOPO3MipHUX mHpocTopax. Cepil0 eKCIepUMEHTIB 3aIlIaHOBaHO
MPOBECTH Ha CHHTETHYHHMX Habopax NaHWX Ui Bepudikalil TEOPETUYHHX BUCHOBKIB 1 JAEeMOHCTpamii NPakTHYHOI KOPHCHOCTI
3ampornoHoBaHoi MeTonoorii. Lli Habopu naHWX peTenpHO 00paHO TAKMM YHHOM, 100 OXONUTH IMHUPOKHH CHEKTP PO3MipHOCTEH
i XapaKTepHCTHK JaHUX, II0 3abe3medye BceOiYHy OMIHKY e(eKTHBHOCTI MeToHoyorii. Y Mekax IOCIIJDKEHHS 3aCTOCOBAHO
CTaTUCTHUYHI aHAI3H Ta METO/H Bi3yaizamii (30kpeMa OaraToBUMipHE NIKAJFOBAHHS 1 TEIUIOBI KapTH), SIKi TAIOTh 3MOTY YiTKO MOJIATH
B3a€MO3B’SI3KM MK METpHKaMH BijacTaHi. JoCSITHYTi pe3yJbTaTH CBiI4aTh MPO Te, IO B3a€EMO3B’SI3KM MK PI3HUMH METPUKaMH
BIZICTaHI CYTTE€BO 3MIHIOIOTBCS 31 3pOCTaHHAM po3MipHOCTi. CrocrepiraioTbess sIK 30irM, Tak 1 po30DKHOCTI MiX OKpPEeMHMH
METpPHKaMH, IO A€ BaKIMBI 3HAHHS MPO iX MOBEAIHKY Y BHCOKOPO3MIpHHUX IpocTopax. Lli BHCHOBKM MalOTh BUpILIAJIbHE 3HAYEHHS
JUTSL T IBUIIICHHS TOYHOCTI ¥ €()eKTHBHOCTI METOJIIB aHaJi3y JaHUX, 3aCHOBAHUX Ha OOYMCIICHHI BijicTaHi. BHCHOBKH JEeMOHCTpPYIOTb,
IO 3alpOIIOHOBAaHA PAMKOBA METOJOJOTIS YCIIIIHO Ja€ KUTbKICHY OILIHKY B3a€MO3B’S3KIB MK PI3HUMH METpPHKaMH BiACTaHi
Yy BHCOKOPO3MIpHHX TpocTopax. Po3mmpeHe po3yMiHHS TOTO, SIK Ili METPHKH B3a€MOIIOB’si3aHi, a€ 3MOry oOIpyHTOBaHO oOpaTu
MOTPiOHY METPUKY Yy BHCOKOPO3MIPHOMY aHAlli3i JaHUX, CIPHAIOYH OUTBII TOYHAM 1 €(EKTUBHHM aHATITHYHUM MPOIETypaM
y cepax MalIMHHOTO HaBUaHHS, IHTEJICKTYalbHOTO aHaNi3y AaHHX Ta PO3IMi3HaBaHHS 00pa3iB.

KniouoBi ciioBa: MeTpuku BifcTaHi; GaraToBUMipHI IPOCTOPY; MOPIBHAHHA METPHK; HopMa L, ; Hopma L, ; aHami3 maHmx;
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