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SUMMARY: The Optical Gravitational Lensing Experiment (OGLE) project provides a rich data
set of stellar objects with multiple features such as their positions, magnitudes, temporal, and other
photometric parameters. This paper attempts to utilize sophisticated computational and statistical
techniques to investigate the OGLE data set, which discloses intrinsic dimensional structure in feature
space and dimension reduction for better interpretability. Preprocessing of the data set was initially
done to resolve inconsistencies and missing values to present a strong and firm basis for analysis. The
data set is normalized, and Principal Component Analysis (PCA) is employed for dimension reduction
to retain only the most significant features. Not only does the reduction make the data set interpretable
and easy to handle, but it also highlights the principal components responsible for the largest variance
in the data. In order to study the intrinsic structure of the data set in greater depth, we calculate
the distance matrix of the principal components and employ it to estimate the correlation dimension
D2, a measure of intrinsic dimensionality. This study examines the scaling behavior of the correlation
function with different radii and, hence, we can understand the intrinsic structure of the observational
parameter space. Our results indicate D2 = 1.67 1 0.18 for the normalized feature data, implying strong
correlations among the observables.

Key words. Methods: statistical — Methods: data analysis — Techniques: photometric — Surveys — Stars:

variables: general — Chaos — Astronomical databases: miscellaneous

1. INTRODUCTION

The concept of intrinsic dimensionality, closely
related to scaling behaviour in complex systems,
provides a mathematical framework for quantifying
structure across scales and phase space (Mandelbrot
1982, Udalski et al. 2015). While traditionally ap-
plied to geometrical structures and physical spatial
distributions (Mandelbrot 1967, Abdi and Williams
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BY-NC-ND 4.0 International licence.

2010, Voss 1988), intrinsic dimension analysis—and
specifically the estimation of correlation dimension-
ality— has increasingly emerged as a powerful sta-
tistical diagnostic for correlated structure in observa-
tional datasets (Facco et al. 2017, Campadelli et al.
2015). In the era of large scale astronomical surveys,
the analysis of stellar populations relies on complex,
multi-dimensional parameter spaces. Rather than
examining the physical clustering of matter, mod-
ern applications of correlation dimension analysis can
be directed towards the feature spaces constructed
from observational parameters. This offers a robust
mathematical means to uncover intrinsic correlations,
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structural hierarchies, and low-dimensional manifolds
hidden within complex survey data.

This study applies these statistical and dimen-
sionality reduction techniques to the rich dataset of
variable stars provided by the Optical Gravitational
Lensing Experiment (OGLE) (Udalski et al. 2015).
Variable stars, such as Cepheids, exhibit periodic
photometric variations governed by underlying stel-
lar physics. These variations yield a diverse array of
observables, including pulsation periods, Fourier co-
efficients, and multi band magnitudes. As the volume
of such observational data grows, it becomes criti-
cal to determine whether the apparent complexity of
the parameter space reduces to a lower dimensional
manifold governed by statistical correlations among
observables (e.g. period—luminosity relation), within
the underlying phase space. (Lindner et al. 2015).

In this work, we employ Principal Component
Analysis (PCA) alongside correlation dimension es-
timation to investigate the intrinsic statistical struc-
ture of the OGLE variable star dataset. Our primary
objective is to compute the correlation dimension
(D2) of the observational feature space. By quan-
tifying the scaling behaviour of pairwise correlations
among photometric and pulsational observables, we
aim to determine whether the stellar data manifold
exhibits a highly correlated, low dimensional struc-
ture.

Consequently, this study positions correlation di-
mension analysis strictly as a statistical diagnostic for
feature space characterisation.

2. VARIABLE STARS

The behavior of variable stars, a fundamental as-
pect of astronomical observations, can be influenced
by macroscopic phenomena. A variable star is one
whose apparent brightness (or magnitude) changes
over time, either due to an intrinsic change in lumi-
nosity or by something partially blocking the emitted
light. Variable stars are categorized as follows:

e Intrinsic Variables: Stars whose luminosity
changes, often due to periodic expansion and
contraction (Eddington 1917).

e Extrinsic Variables: Stars whose apparent
brightness varies because of obstructions, such
as orbiting companions causing eclipses (Hilditch
2001).

Many stars show some variability in luminosity;
for example, the Sun’s energy output varies by ap-
proximately 0.1% over its 11 year solar cycle (Hilditch
2001, Foukal 2012).

The brightness variation of a variable star is rep-
resented by light curves (LC), which plot brightness
over time. A light curve V(¢) can be expressed as a
Fourier series:
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N
V(t)= Ao+ ZAk cos (T + ¢k) (1)

k=1

where Ay is the mean magnitude, Ay are the ampli-
tudes, ¢y are the phases, and P is the period.

3. METHODOLOGY: CORRELATION
DIMENSION ANALYSIS METHOD

This methodology section provides a compre-
hensive and detailed explanation of the correla-
tion dimension analysis, covering data preprocess-
ing, Principal Component Analysis (PCA) (Abdi and
Williams 2010), distance matrix computation, and
the calculation of the correlation dimension. Each
step is supplemented with relevant formulas and ex-
planations to ensure clarity and depth.

While the correlation dimension remains a com-
monly adopted tool in characterising scaling patterns,
it is not the only descriptor available. Alternative
geometrical and statistical measures—including in-
trinsic curvature in the phase space, Hurst expo-
nents, and several classes of roughness indices—have
been proposed to capture additional aspects of spatial
complexity (Martino and Frame 2015, Zhou and Peng
2008). Similarly, definitions such as the Hausdorff,
Minkowski-Bouligand, box counting, and packing di-
mensions offer diverse mathematical frameworks for
assessing scaling behaviours (Falconer 2014). How-
ever, many of these measures face critical challenges
when applied to finite, non uniform point sets typ-
ical in astrophysical data. For instance, the Haus-
dorff dimension, although mathematically rigorous,
is notoriously unstable in empirical estimation (Ganti
et al. 2011). Box counting techniques, though compu-
tationally more accessible, can introduce systematic
biases under sparse sampling and edge effects (Plot-
nick et al. 1996). Measures such as the Hurst index
and roughness statistics tend to perform more reli-
ably on continuous topographies or time-series, but
their adaptation to discrete spatial distributions re-
mains ambiguous (Malcai et al. 1997). In contrast,
the correlation dimension, particularly as formulated
by Grassberger and Procaccia, directly captures the
scaling of pairwise spatial correlations, making it
especially suitable for analysing clustering proper-
ties in stellar distributions. The incorporation of
Principal Component Analysis (PCA) further refines
this approach by optimising the projection of spatial
data, reducing dimensional redundancy, and mitigat-
ing anisotropic distortions, thereby enhancing the in-
terpretative power of the correlation dimension with-
out introducing the instability associated with alter-
native metrics.

Data Preprocessing: The first step in the analy-
sis is data preprocessing, which includes cleaning the
dataset, handling missing values, and standardizing
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features to ensure they have a mean of zero and a
standard deviation of one (Hastie et al. 2009a). This
preprocessing is essential for the dataset used in this
study, which includes various astrophysical parame-
ters of Cepheid variables obtained from the OGLE
survey (Udalski et al. 2015).

Phase Folding: Phase folding is a widely used
technique in time domain astrophysics to analyse pe-
riodic signals such as pulsating stars, eclipsing bi-
naries, and transiting exoplanets (VanderPlas 2018).
When observations are unevenly spaced or contain
gaps, folding the data over a known or hypothesized
period allows for the reconstruction of a coherent sig-
nal by aligning repeated cycles. Rather than perform-
ing statistical imputation to estimate missing data
points, this technique maps all available discrete ob-
servations onto a single characteristic phase domain,
thereby mitigating the effects of irregular temporal
sampling and observational interruptions.

Let the time-series dataset be represented as
{(ts, fi,04) Y, where t; denotes the time of obser-
vation, f; is the flux (or magnitude), and o; is the
associated measurement uncertainty. Given a period
P and reference epoch tg, the phase ¢; corresponding
to each observation is computed using the following

formula:
ti—ty  |ti—to
6=t { - J

Here, L%J represents Greatest Integer Func-
tion. This ensures that ¢; € [0,1) even if ¢; < o,
which can otherwise result in negative phase values
depending on the numerical implementation of the
modulo operation. In some contexts, the phase is
scaled to the interval [0, 27) using:

(2)

These transformations collapse multiple cycles of
the periodic phenomenon into a single cycle, facil-
itating analysis even in the presence of missing or
unevenly spaced data.

To further enhance the signal, the folded data can
be binned in phase space. Let B; denote the set of
indices within the j-th phase bin. The weighted av-
erage flux f; and its uncertainty ¢; are computed as:
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Here, f; denotes the mean flux in the bin, and &;
represents the uncertainty in the mean. This method
enhances periodic signal detection by averaging over
repeated patterns, mitigating observational noise and
irregular sampling.

Principal Component Analysis: The dataset
used in this analysis consists of observations for 9535
Cepheid variable stars (9096 Classical Cepheids, 148
Anomalous Cepheids, 291 Type II Cepheids) from
the OGLE survey. (Udalski et al. 2015) After a pre-
processing step to handle inconsistencies and remove
entries with missing photometric or pulsational data,
a final dataset of N data points was used for the anal-
ysis. The features utilized include astrometric, pho-
tometric, and pulsational properties, as detailed in
Table 1.

Table 1: OGLE features used in the analysis.

Feature  Description

RA, DEC Position (J2000)

LV Mean magnitudes

V-I Colour index

Piogs Pulsation periods (days)
Aios I band amplitudes

Ro1, 921 Fourier parameters

Rs1, ¢31 Fourier parameters

To reduce the dimensionality of this feature space,
Principal Component Analysis (PCA) (Jolliffe and
Cadima 2016) was applied to the standardized data.
PCA transforms the original features into a new,
smaller set of uncorrelated variables called principal
components. The transformation is given by:

Y =XW (5)
where Y represents the matrix of principal compo-
nents, X is the standardized data matrix, and W
is the matrix of eigenvectors derived from the covari-
ance matrix . The covariance matrix X is calculated
as:

1
n—1

Y= X'X (6)
where n is the number of observations. The eigen-
values \; and corresponding eigenvectors v; are then

obtained by solving the eigenvalue equation:

Zvi = )\ﬂ}i (7)
The principal components are ordered by the mag-
nitude of their corresponding eigenvalues. Our analy-
sis showed that eight principal components accounts
for approximately 98% of the total variance of the
dataset. Therefore, these 8 principal components
were selected for the subsequent correlation dimen-
sion calculation, effectively reducing the dimension-
ality of the data while retaining the majority of its
informational content. These components are com-
posite variables, representing linear combinations of
the original features, with each successive compo-
nent capturing the largest possible remaining vari-
ance. A comparison between the Non-PCA, PCA
(with 8 principal components) and PCA (with 5 prin-
cipal components) is available in the Appendix.
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Distance Matrix Computation: Once the data
is transformed into the principal component space,
the next step is to compute the pairwise distance
matrix. The Euclidean distance between two points
y; and y; in the principal component space is given
by (Jolliffe and Cadima 2016, Grassberger and Pro-
caccia 1983):

dij = |lyi — yjll =

The equation represents the distance d; ; between two
points ¢ and j in a dataset, where y; and y; are their
respective vectors, and p is the number of principal
components.

Once the pairwise distances have been computed,
these distances can be used to evaluate the correlation
dimension, which provides insight into the geometric
structure of the dataset.

Correlation Dimension Calculation: The cor-
relation dimension Ds (Grassberger and Procaccia
1983) is a measure of how the number of pairs of
points N(e), with distances less than e, scales with
the correlation integral C'(e¢). The correlation dimen-
sion is given by:

9)

where C/(e) represents the probability that the dis-
tance between two randomly chosen points is less
than e.

Correlation Integral: To compute the correlation
integral (Grassberger and Procaccia 1983), we count
the number of pairs of points whose distances are less
than a given radius e:

)= 53 3D 0 —lai—x;l)  (10)

i=1 j=1

where N is the total number of points, and © is the
Heaviside step function. The Heaviside step function
©(z) is used to determine whether the distance be-
tween two points is less than e. If the distance is
smaller than €, the function evaluates to 1, and oth-
erwise to 0. It is defined as:

o) = { 0

This function helps ensure that only the points within
the specified radius € contribute to the correlation
integral.

ifx >0,
if x < 0.

(11)

Estimating Correlation Dimension: The corre-
lation dimension is estimated from the scaling be-
haviour of the correlation integral by analysing the
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relationship between log(C(e)) and log(e). Rather
than selecting a linear region visually, the scaling re-
gion is identified using a sliding window linear re-
gression (Kantz and Schreiber 2003, Abarbanel and
Gollub 1996) in log-log space.

For each window of fixed size in log(e), a linear
fit is performed to obtain a local slope and the corre-
sponding coefficient of determination (R?). Windows
satisfying a high goodness-of-fit criterion (R? > 0.98)
(Hastie et al. 2009b, Montgomery et al. 2024) and
slope stability relative to the median slope are re-
tained. Among these, the scaling region is defined
as the largest contiguous set of accepted windows.
The threshold R? > 0.98 was chosen empirically to
ensure high-quality linear fits while retaining a suffi-
cient number of windows for stable estimation. The
results were verified to be insensitive to small varia-
tions in this threshold. The choice of R? > 0.98 re-
flects a standard high goodness-of-fit threshold used
to ensure reliable linear scaling behaviour.

The correlation dimension Ds is then computed as
the mean of the slopes obtained from these windows,
while the associated uncertainty is estimated as the
standard deviation of these slopes:

N
1
Dy = (m;), op,= NE (m; — D2)%,  (12)
=1

where m; are the slopes corresponding to the ac-
cepted windows within the scaling region.

This approach provides an objective and repro-
ducible definition of the scaling range.

4. RESULTS AND INTERPRETATION

The OGLE survey provides one of the most com-
prehensive datasets for studying variable stars, in-
cluding precise astrometric positions, multi band
photometry, time-series light curves, and derived pul-
sational properties. The subset of the dataset used
in this analysis comprises 9535 Cepheid variable stars
(9096 Classical Cepheids, 148 Anomalous Cepheids,
291 Type II Cepheids), after preprocessing steps to
resolve inconsistencies and remove entries with in-
complete data. The features retained for the analysis
include astrometric, photometric, and pulsational pa-
rameters as detailed in Table 1.

With 148 anomalous Cepheids and 291 Type II
Cepheids out of 9535 objects, the minority fractions
are approximately 1.55% and 3.05%, respectively.
Pairs involving two minority stars therefore make
up only a negligible fraction of all star-star pairs,
while pairs between a minority star and a major-
ity Classical Cepheid account for only about 4.5%
of pairs. In effect, only about 3-5% of the correla-
tion integral counts are expected to come from cross-
class distances. Therefore, the resulting contribu-
tion to the correlation integral C'(r) should be only a
small additive offset, producing at most a very small
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change in slope. For example, if C(r) for the ma-
jority class alone scales as r1'%°, then adding a con-
stant 3% contribution changes log C' by only about
log(1.03) ~ 0.012 at fixed r. Thus, the expected
change in Dy is much smaller than 0.1. A sepa-
rate analysis with only Classical Cepheid population
taken into consideration confirms that the change in
D5 is much less than 0.1, as mentioned in Table 2 in
Appendix.

OGLE-LMC-ACEP-001 Raw Light Curve
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Fig. 1: Temporal variation of the I band magnitude of the
variable star OGLE-LMC-ACEP-001, directly imported
from OGLE IV (Udalski et al. 2015).

OGLE-LMC-ACEP-003 Raw Light Curve
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Fig. 2: Temporal variation of the I band magnitude of the
variable star OGLE-LMC-ACEP-003, directly imported
from OGLE IV (Udalski et al. 2015).

A key challenge in working with time-series pho-
tometry is the presence of missing or irregular obser-
vations, arising from weather, scheduling constraints,
or instrumental limitations. Unlike static tabular
data where missing values can be imputed statis-
tically, we addressed this issue using phase folding,
which reconstructs light curves by mapping observa-
tions onto a common phase domain (see Section 3).
This approach aggregates flux measurements across
multiple cycles, effectively compensating for data
gaps without introducing imputation bias. The re-
sulting phase-folded light curves retain fidelity to the
intrinsic stellar variability, enabling robust feature ex-
traction.

Figs. 1 and 2 illustrate the raw light curves of
two example Cepheids, OGLE-LMC-ACEP-001 and
OGLE-LMC-ACEP-003. Discontinuities such as the
gap near 3500 Julian days in Fig. 1 arise from obser-
vational constraints.

OGLE-LMC-ACEP-001 Phase Folded
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Fig. 3: Standardized, phase-folded, and Fourier fitted
light curve of OGLE-LMC-ACEP-001. Fourier fitting is
shown here for illustrative purposes; PCA was used in the
main analysis (Deb and Singh 2009).
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Fig. 4: Standardized, phase-folded, and Fourier fitted
light curve of OGLE-LMC-ACEP-003. The higher den-
sity of points compared to Fig. 3 reflects the larger num-
ber of observations available for this star (Deb and Singh
2009).

In contrast, Figs. 3 and 4 present the standard-
ized, phase-folded, and Fourier fitted data for the
same stars. Notably, since OGLE-LMC-ACEP-003
has a larger number of measurements than OGLE-
LMC-ACEP-001, its standardized light curve (Fig. 4)
exhibits greater density. We emphasize, however,
that Fourier fitting is shown here only for illustration
of data cleaning; the subsequent analysis employed
Principal Component Analysis (PCA) as the primary
dimensionality reduction method.

To reduce the complexity of the dataset and re-
move correlations among features, PCA was applied
to the standardized data. This ensured that features
such as the pulsation period (with large variance)
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did not overwhelm others such as Fourier coefficients
(with smaller variance), since PCA is not scale invari-
ant.

To assess the impact of PCA on the estimated cor-
relation dimension, the analysis was repeated in the
original normalized feature space without dimension-
ality reduction, as well as with varying numbers of
retained principal components. The resulting values
of Dy were found to be consistent within the statis-
tical uncertainty of the estimation, with variations
smaller than the measured error bounds. This indi-
cates that, although PCA is a linear transformation
that can, in principle, distort nonlinear structures, its
effect on the estimated correlation dimension in this
dataset is limited and does not significantly alter the
inferred dimensionality of the feature space. A de-
tailed comparison of these robustness tests, including
PCA sensitivity analysis, is provided in Appendix.

The analysis revealed that the first eight principal
components captured approximately 98% of the total
variance, providing an effective reduction of dimen-
sionality while retaining nearly all of the dataset’s
informational content. Inspection of the eigenvectors
showed that the leading components correspond to
physically meaningful relationships among Cepheid
properties. For instance, the first principal compo-
nent was dominated by contributions from the pul-
sation period and mean magnitude, reproducing the
well known Period-Luminosity relation, while the
second reflected correlations between pulsation am-
plitudes and Fourier parameters, indicating system-
atic differences in light curve morphology. Higher or-
der components contained progressively weaker but
still interpretable correlations.

To test the role of scaling, we repeated the
PCA and correlation dimension analysis on the non-
normalized dataset. Fig. 5 demonstrates that in the
absence of normalization, the first principal compo-
nent alone accounts for more than 80% of the vari-
ance. This shows that features with larger numerical
ranges, particularly the pulsation period, dominate
the decomposition. As a result, the reduced dataset
no longer preserves balanced contributions from all
features.

The effect of this imbalance is evident in the corre-
sponding correlation dimension calculation (Fig. 6).
The slope of the log log correlation integral is sub-
stantially reduced (Dy = 1.07 £ 0.11) compared to
the normalized case (Dg = 1.6740.18). This confirms
that normalization is essential for extracting balanced
contributions from all features and for ensuring that
the resulting correlation dimension reflects the intrin-
sic structure of the observational feature space rather
than artefacts of feature scaling.

For the normalized dataset, the correlation inte-
gral is shown in Fig. 7. The mean slope of the scaling
region (identified using sliding window regression) fit
yields a correlation dimension of 1.67 £+ 0.18. This
intermediate correlation dimension indicates a corre-
lated data manifold, consistent with known relations
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Fig. 5: Scree plot for the normalized dataset. The first
principal component explains more than 80% of the to-
tal variance, indicating that features with large numerical
ranges dominate the decomposition.

Correlation Integral (Non-Normalized Data)
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Fig. 6: Correlation integral (log-log plot) for the nor-
malized dataset. The fitted slope (Dy = 1.07 £ 0.11) is
substantially lower than the value obtained with normal-
ized data (Do = 1.67 = 0.18), demonstrating the neces-
sity of normalization to obtain unbiased estimates of the
intrinsic dimension.

among observables (e.g. period-luminosity), and re-
flects the structure of the feature space rather than
physical clustering. A detail of the method used is
provided in Appendix.

5. DISCUSSION

The present study investigates intrinsic dimen-
sionality of the phase space of the OGLE feature
dataset. We find Dy = 1.67+0.18, indicating that the
data lie on an approximately 1.7 dimensional mani-
fold. In other words, the normalized Cepheid observ-
ables form a highly correlated set (dimension between
1 and 2), rather than an unstructured full dimen-
sional distribution.

A dimension 1 < Dy < 2 is typical of data
constrained to a low-dimensional manifold embedded
within a higher-dimensional space. In our case, this
simply means the feature points form a highly cor-
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Correlation Integral (OGLE Data)
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Fig. 7: The correlation integral log(C(r)) versus log(r)
for the OGLE dataset. The scaling region is indicated by
vertical dashed lines, within which the slope is estimated
using a sliding window regression with a goodness-of-fit
criterion (R? > 0.98) and slope stability constraints. The
correlation dimension Ds is computed as the mean slope
over this region.

related set (e.g. due to period-luminosity and other
relations)

Recent comparative reviews show that correla-
tion dimension is favoured for its sensitivity and
practical robustness when estimating complexity in
observational datasets, though it can be vulnera-
ble to data noise and sample sparsity (Brewer and
Di Girolamo 2006). Box counting and entropy
based approaches, while popular, often underesti-
mate intrinsic-dimension in higher dimensional or
noisy contexts, whereas extreme value theory offers
complementary perspectives, especially in the pres-
ence of heavy tailed fluctuations. The observed in-
termediate dimension is consistent with correlated
observational datasets, though in this work it char-
acterises the feature space of Cepheid observables
rather than physical spatial distributions (Yadav
et al. 2010, Estrada et al. 2020).

However, one can emphasise that the estimated
correlation dimension characterises the structure of
the feature space constructed from stellar observ-
ables, rather than the actual three dimensional spa-
tial distribution of stars. Consequently, the measured
intrinsic dimension of the phase space reflects correla-
tions introduced by the observational parameters and
physical diagnostics, not the literal geometry of mat-
ter in the Universe. In addition, finite sample effects,
survey boundary truncation, and the restricted dy-
namic range in accessible radii limit the interval over
which a clear scaling law can be reliably extracted.

Despite certain methodological limitations, corre-
lation dimension analysis provides clear and statis-
tically coherent estimates of the correlation dimen-
sion, reinforcing its value as a rigorous diagnostic
tool for characterizing hierarchical structure in astro-
physical datasets, particularly in regimes where large
scale homogeneity has not yet emerged. Future work

should extend this foundation by applying multiple
correlation dimension estimators and systematically
comparing their outputs to evaluate sensitivity to
methodological choices and data artefacts; expanding
the analysis to additional OGLE subclasses or analo-
gous surveys to test the generality of the findings; and
generating synthetic datasets with controlled clus-
tering and noise to quantify estimation uncertainty
and improve methodological transparency (Pandey
et al. 2021). Incorporating multidimensional and cor-
relation spectrum techniques may further reveal hi-
erarchical variability patterns (Estrada et al. 2020),
while future work may explore connections between
empirical correlations and underlying stellar physics,
though the present analysis is limited to the statisti-
cal structure of the feature space (Yadav et al. 2010,
Seshadri 2005).

6. CONCLUSION

The analysis of the OGLE dataset for variable
stars reveals a correlation dimension of 1.67 + 0.18,
which indicates a strongly correlated data manifold.
This low value is consistent with deterministic rela-
tions (e.g. period—luminosity), but here it describes
the complexity of the observational feature space, not
the actual star positions. The observed correlations
are consistent with known empirical relations among
the observables (e.g. period—luminosity), reflecting
structure within the feature space. The intermediate
Dy reflects a non random, correlated pattern among
the variables, highlighting underlying stellar physics.
Again, this refers to the parameter manifold, not to
spatial clustering in space. Our study opens avenues
for further investigation into the statistical structure
of stellar observables and their underlying physical
correlations, without extending to cosmological in-
terpretations.
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APPENDIX

To assess the robustness of the estimated corre-
lation dimension, a set of validation tests was per-
formed using surrogate datasets. These include (i)
a Gaussian distributed dataset constructed to pre-
serve the covariance structure of the original data,
and (ii) a shuffled dataset obtained by independently
permuting each feature, thereby destroying inter fea-
ture correlations.

All datasets (original, Gaussian, and shuffled)
were subjected to an identical preprocessing pipeline,
including feature selection, normalization to zero
mean and unit variance, and dimensionality reduc-
tion using Principal Component Analysis (PCA) with
the same number of retained components. This en-
sures that any observed differences in the estimated
correlation dimension are not due to preprocessing
inconsistencies. The correlation dimension D, was
computed using the same sliding window regression
procedure described in Section 2. For all datasets
(original and surrogate), identical preprocessing and
parameter settings were applied to ensure consistency
in the comparison.

Correlation Dimension Validation

—— Original (D2=1.67 £ 0.18)
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Fig. 8: Log-log plot of the correlation integral C(r) as a
function of radius 7 for the original dataset, Gaussian sur-
rogate, and shuffled dataset. The original dataset exhibits
a significantly lower correlation dimension compared to
both surrogate datasets, demonstrating that the observed
low dimensionality is consistent with strong correlations
among Cepheid observables. However, the surrogate-data
analysis indicates that the measured scaling behaviour is
not fully reproduced by covariance-preserving or shuffled
surrogates alone.

Fig. 8 shows the comparison of the correlation
integral for the original dataset and the surrogate
datasets. The Gaussian surrogate exhibits a signif-
icantly higher correlation dimension, reflecting the
higher effective dimensionality expected from data
with similar covariance but without structured cor-
relations. The shuffled dataset also yields a higher
dimension than the original, indicating that the ob-
served low dimensionality is consistent with strong
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correlations among Cepheid observables. However,
the surrogate-data analysis indicates that the mea-
sured scaling behaviour is not fully reproduced by
covariance-preserving or shuffled surrogates alone.

Additionally, the invariance of the correlation di-
mension under feature permutation was verified by
explicitly reversing the order of the input features
prior to preprocessing and repeating the full analy-
sis pipeline. The resulting correlation dimension was
found to be unchanged within numerical precision,
demonstrating that the estimate of Dy is indepen-
dent of the ordering of variables. This confirms that
the method depends only on the geometric structure
of the data in feature space and is not influenced by
arbitrary choices in feature arrangement.

To explicitly address the impact of Principal Com-
ponent Analysis (PCA) on the estimated correlation
dimension, the analysis was repeated across differ-
ent feature space representations. Because PCA is a
linear transformation, it has the potential to distort
nonlinear manifold structures, and distances in the
projected space depend on the number of retained
components. To quantify this effect and test the ro-
bustness of the methodology, D> was estimated for
the fully normalized feature space prior to dimen-
sionality reduction, as well as for PCA projections
retaining varying numbers of components.

The results, summarised in Table 2, demon-
strate that the estimated dimension remains consis-

tent within the estimated statistical uncertainty. The
D5 value calculated from the full, unreduced feature
space (1.689 £ 0.147) is consistent within the un-
certainity to that obtained using the 8 component
projection (1.668 £ 0.180) and the full PCA projec-
tion gives the same result as PCA with 8 compo-
nents. Even when the dimensionality is aggressively
reduced to 5 components, the resulting dimension
(1.609 £ 0.173) remains well within the established
statistical uncertainty bounds (not as accurate as the
PCA with 8 component projection, because 8 compo-
nent PCA preserves higher variance). Additionally,
PCA with only Classical Cepheids’ data taken into
consideration yields similar results within uncertain-
ties that one might expect. This confirms that the
dimension reduction step does not significantly alter
the inferred intrinsic dimensionality of the dataset.

Table 2: Robustness of the estimated correlation dimen-
sion (D3) against varying dimensionality reduction con-
figurations.

Data Configuration Estimated D,

No PCA (Normalized Features)  1.689 +0.147
PCA (Full Projection) 1.668 £+ 0.180
PCA (8 Components retained) 1.668 £+ 0.180
PCA (5 Components retained) 1.609 £ 0.173
PCA (Ounly Classical Cepheids)  1.653 £0.177
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Opuzunastu HaywHY Pao

IIpojekar OGLE (enr. Optical Gravitational
Lensing Experiment) npyska 60rar CKyIl IOAATAKA
0 3Be3naHuM ODjeKTMMa KOju camp:ku OpojHe ma-
paMerpe, Kao ITO Cy HUXOBU MOJIOKAjU, MATCHU-
Ty 1€, BPEMEHCKU IIPOMEHJbUBE IapaMerpe, Kao u
npyre ¢oToMeTrpujcke mapamerpe. Y OBOM pany
OpUMERYjy Cce HalpegHe padyyHAPCKe M CTATUC-
Truke Texuuke panu anaiauze OGLE ckyna mona-
Taka, a ca NUJbEM OTKPUBAIHA YHYTPAIIHE ITUMEH-
3MOHAJHE CTPYKTYPE y MapaMeTapCcKOM IPOCTOPY
U CMAamena NUMEH3MOHAJIHOCTU PAIU JAKIIEr KO-
pumhema nomaraka. Y mOYeTHO] (pa3u M3BpIIE-
Ha je mpemobpama mogaraka Kako OU ce OTKJIOHU-
Jle HeIOCJeNHOCTU W HemocTajyhe BpemHOCTH, U
00e3b6equiia moy3naHa ocHoBa 3a aHaian3y. Ckyn
nmomaTaka je HOPMAaJIM30BaH, a 3a CMamemne Iu-
MEH3UOHAJIHOCTU MIPUMEHEHA je aHAJIU3a [JIABHUX
komnonentu (eur. Principal Component Analysis,
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PCA), npu yemy cy 3aapskaHe CaMO Haj3HAYAJHU-
je mpomenssuBe. OBaj MOCTYIAK HE CAMO Ia YWHU
CKYTI IIOJATAKA IPErJieIHjUM U JAKIINM 33 00pa-
ny, Beh u u3aBaja riaBHE KOMIIOHEHTE OATOBOPHE
3a HajBehm meo Bapujamce y momamuma. ¥ MULY
nyOJber IpoydaBama yHY TPAIIEEe CTPYKTYPE CKY-
Ila IOJAaTaKa, N3pavyHaTa je MaTpPUIla PACTOjamha
IJIaBHUX KOMIIOHEHTH U yHOTpeOJheHa 3a Ipolle-
HY KOopeJanuoHe muMeHsuje Ds, Koja mpencTaB-
Jba MEpPy YHyTpAallihe AuMeH3moHaJHOocTu. Vcnu-
TUBAW-EM 3aKOHA CKaJUparma KOpeJaluoHe (yHK-
nuje 3a pa3IMUUTe BPEOHOCTH paaujyca mobuja
ce YBUI ¥y YHYTPAIlkhY CTPYKTYPY IPOCTOPA IOC-
MaTpaukux napamverapa. Hamm pesynrary moxa-
3yjy Bpemsoct Dy = 1,67+0, 18 3a HOpMasnu30Ba-
HEe mapaMeTpe, ITO yKa3yje Ha jake Kopesaluje
meDhy mocMaTpaHUM BeJUYMHAMA.
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