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ABSTRACT The generation of high-quality randomness is a fundamental prerequisite for the integrity of stochastic modeling and
numerical simulations across various scientific disciplines. As the complexity of computational experiments grows, the robustness of
the underlying Pseudo-Random Number Generators (PRNGs) becomes a decisive factor in preventing systematic biases. This study
examines the performance and reliability of PRNGs, focusing on the widely utilized Linear Congruential Generator (LCG) and the
Combined Linear Congruential Generator (CLCG), which was developed to address the inherent limitations of the former. Using a
simulation environment implemented in Python, both algorithms were evaluated based on visual distribution analysis (histograms and
2D/3D scatter plots), statistical fitness (Chi-Square and autocorrelation tests), and computational efficiency (execution speed). The
empirical findings demonstrate that while the LCG operates approximately 2.1 times faster than the CLCG, it exhibits a distinct "lattice
structure” in multi-dimensional space, leading to significant structural correlation errors. In contrast, the CLCG method, despite its higher
computational overhead, achieved a high p-value of 0.92 in the Chi-Square goodness-of-fit test, indicating near-perfect alignment with the
theoretical uniform distribution and minimized sequential dependency. Consequently, this study concludes that CLCG is a more reliable
choice for high-precision simulations, whereas LCG remains viable for simple applications where computational speed is the primary
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INTRODUCTION

In the field of computer engineering, modeling and simulation
studies play a pivotal role in analyzing complex real-world sys-
tems. The integrity of these simulations heavily relies on the qual-
ity of the randomness utilized; if the random number generator
lacks sufficient statistical robustness, the simulation outcomes may
be erroneous or misleading. Therefore, selecting an appropriate
Pseudo-Random Number Generator (PRNG) is not merely a cod-
ing preference but a critical necessity for ensuring the validity of
the simulation (Johnston 2018; L'Ecuyer 2011; Banks 2005).

The historical evolution of simulation modeling is rooted in the
Monte Carlo methods developed by Von Neumann and Ulam dur-
ing World War II, which rely heavily on random sampling to solve
probabilistic problems. Briefly defined, the Monte Carlo method
is a numerical simulation technique used to obtain approximate
solutions for problems involving uncertainty through repeated
random sampling. However, since the hardware-based generation
of truly random numbers is complex and costly, PRNG are gener-
ally preferred in practical applications. In simulation modeling,
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the ability to reproduce the same sequence of numbers is of critical
importance for model validation and the comparative analysis of
different system designs. Particularly in Monte Carlo simulations,
where a vast number of random samples must be generated reli-
ably, the quality of the PRNG directly influences the accuracy of
the results (Kroese and Rubinstein 2012; Zio 2012). Law et al. (2007)
emphasize that random number generators failing to satisfy the
properties of statistical independence and uniform distribution can
lead to systematic errors in simulation outcomes. Therefore, the
selection of a PRNG must be addressed as a fundamental design
decision in any simulation study.

The Linear Congruential Generator (LCG) is one of the oldest
and most widely utilized methods in pseudo-random number
generation. Due to its simple architecture, low computational cost,
and ease of implementation, it has been preferred as the default
generator in numerous simulation software packages for decades.
The significance of the LCG in the literature was further solidified
by the seminal work of (Park and Miller 1988). In their study titled
"Random Number Generators: Good Ones Are Hard to Find," the
authors demonstrated that a carefully parameterized LCG could
serve as a "minimum standard," replacing the complex but flawed
generators commonly used at the time. The literature indicates that
when appropriate parameters are selected, LCG-based generators
can exhibit acceptable statistical properties for a wide range of
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simulation applications.

While the LCG was historically accepted as a standard, the in-
creasing computational power of modern computers has exposed
significant structural deficiencies. The primary constraint of this
method is that its period length is strictly limited by the modulus
(m) value; in today’s high-speed simulations, this period can be
exhausted within seconds, causing the sequence to repeat itself
prematurely. To address these limitations, L'ecuyer (1988), in his
study titled "Efficient and Portable Combined Linear Congruential
Generators," proposed the Combined Linear Congruential Gen-
erator (CLCG). L’Ecuyer developed a method to mathematically
combine the outputs of multiple LCG components, each having
distinct moduli. This approach not only expands the generator’s
period to massive dimensions but also mitigates the planar dis-
tribution issues inherent in individual LCGs, thereby ensuring
superior statistical randomness. Furthermore, Gentle (2003), in his
work "Random Number Generation and Monte Carlo Methods,"
noted that numbers generated by an LCG tend to form a "lattice
structure” in multi-dimensional space. This phenomenon causes
data points to align on specific hyperplanes, leading to severe
correlation errors in high-precision simulations.

In addition to the LCG and CLCG methods, the literature offers
various pseudo-random number generation techniques developed
to meet the requirements of diverse application areas. Currently,
the Mersenne Twister algorithm, developed by Matsumoto and
Nishimura (1998), is widely utilized in numerous scientific anal-
ysis and simulation environments due to its exceptionally long
period and robust statistical properties. Furthermore, more re-
cent studies highlight the Permuted Congruential Generator (PCG)
family, which combines the computational efficiency of classic lin-
ear methods with modern permutation techniques to offer both
high speed and low memory consumption (O’neill 2014). Similarly,
Xorshift-based methods are preferred in performance-oriented ap-
plications and parallel simulations. However, since every method
possesses distinct advantages and limitations, the selection of a
pseudo-random number generator must be tailored to the specific
requirements of the application domain (Marsaglia 2003).

The performance of pseudo-random number generators is eval-
uated not only through their theoretical mathematical properties
but also via empirical tests that measure the statistical randomness
of the generated sequences. The most prevalent approaches in
the literature include uniformity tests (such as Chi-Square and
Kolmogorov-Smirnov) to examine the alignment with theoreti-
cal distributions, and serial/correlation tests to measure the in-
dependence between successive values—particularly critical for
linear-based generators. Beyond these fundamental tests, vari-
ous comprehensive test batteries have been developed to assess
PRNG performance more rigorously. One of the most significant
standards in this field is the NIST SP 800-22 test suite, published
by the National Institute of Standards and Technology. As de-
tailed by Rukhin et al. (2001), this suite encompasses numerous
statistical analyses, including frequency, block frequency, and runs
tests, to evaluate the uniformity and independence of numerical
sequences. Furthermore, while the Diehard test battery devel-
oped by Marsaglia (1996) serves as a historically significant ref-
erence, the TestUO1 library, introduced by L'ecuyer and Simard
(2007), offers a more contemporary and demanding evaluation en-
vironment. TestUO1 is specifically designed to uncover structural
flaws of PRNGs in multi-dimensional space. Collectively, these
frameworks provide a standardized and objective basis for the
comparative analysis of different generators.

The primary objective of this study is to conduct a comparative
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analysis of the LCG, one of the most established methods in the
literature, and the CLCG, which was developed to mitigate the in-
herent deficiencies of the former. Within the scope of this research,
the operational principles of both algorithms are examined, and
their performances are evaluated within a simulation environment
implemented in the Python programming language. To this end,
the LCG and CLCG methods are assessed based on the following
fundamental criteria:

* Visual Analysis: Evaluation through scatter plots and his-
tograms

* Descriptive Statistics: Comparison of mean and variance val-
ues

* Goodness-of-Fit: Statistical validation via the Chi-Square Test

¢ Independence: Analysis of sequential correlation using Auto-
correlation tests

¢ Computational Performance: Comparison of execution time
and speed

The novelty of this study lies in its systematic approach to bridg-
ing the gap between theoretical PRNG weaknesses and practical
simulation reliability. Unlike existing literature that often focuses
solely on mathematical proofs, this work provides a controlled
benchmarking framework using large-scale datasets (5 million
samples) to quantify the ‘speed-versus-quality” trade-off. Further-
more, the study offers a unique pedagogical contribution through
high-fidelity 3D lattice structure visualizations, providing empir-
ical evidence of how subtle algorithmic flaws can compromise
multi-dimensional stochastic models. By synthesizing visual, sta-
tistical, and computational performance metrics, this study serves
as a comprehensive decision-support guide for researchers in se-
lecting appropriate PRNGs for high-precision simulations.

PSEUDO-RANDOM NUMBER GENERATORS (PRNGS)

By their very nature, computers are deterministic systems that con-
sistently produce the same output for a given input. This charac-
teristic stands in direct contradiction to the concept of randomness,
which necessitates unpredictability. Consequently, it is impossible
for computers to generate truly random numbers in a strictly phys-
ical sense. However, since randomness is essential for applications
such as modeling, simulation, and statistical analysis, PRNGs have
been developed to fulfill this requirement. PRNGs utilize specific
mathematical algorithms to produce sequences of numbers that
exhibit the appearance of randomness. These algorithms require
an initial starting value, known as a seed, to commence the genera-
tion process. Each generated number serves as the input for the
subsequent step, thereby forming a numerical sequence. One of
the fundamental characteristics of PRNGs is that the same seed
value will invariably yield the identical sequence of numbers. This
property provides a significant advantage in simulation studies,
as it ensures the reproducibility of experiments (Bhattacharjee and
Das 2022; AbdELHaleem et al. 2024; Knuth 2014).
Pseudo-random number generators are widely employed in
various fields, including modeling and simulation, statistical sam-
pling, computer gaming, optimization problems, and network
simulations. The objective in such applications is to sufficiently
represent real-world uncertainties within a computational envi-
ronment. However, if the utilized PRNG lacks adequate quality,
the generated sequences may exhibit certain patterns or dependen-
cies, which can lead to erroneous or misleading simulation results.
The evolution of PRNGs gained momentum alongside the prolif-
eration of computers (Johnston 2018; L’Ecuyer 2011). Although
the first algorithmic approaches emerged in the 1940s, many of
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these early methods possessed short periods and weak statistical
properties. The development of linear congruential methods in the
1950s provided simpler and faster solutions; in subsequent years,
generators with longer periods and superior statistical robustness
were introduced. The LCG, proposed by Hamming (1952), was
accepted as the industry standard for many years due to its simple
architecture and speed. Today, as simulations become increasingly
complex, modern algorithms with even longer periods and higher
statistical independence have been developed to meet contem-
porary demands (Banks 1998). This study examines the LCG, a
fundamental approach to pseudo-random number generation, and
its improved version, CLCG.

Linear Congruential Generator (LCG)

The LCG is recognized as one of the oldest and most fundamen-
tal methods in the field of pseudo-random number generation.
First proposed by Hamming (1952), this method has been exten-
sively utilized in both academic research and practical applications
for decades, owing to its simple architecture and low computa-
tional overhead. Although more sophisticated PRNGs have been
developed since its inception, the LCG remains significant as an
instructional model and a baseline reference for comparative per-
formance analyses. The core operational logic of the LCG involves
generating a new number in each step by applying a simple math-
ematical recurrence relation to the preceding value, starting from
an initial seed. However, it is important to note that due to its pre-
dictable nature, its use is strictly discouraged in security-sensitive
or cryptographic applications.

The mathematical model of the LCG is built upon a linear equa-
tion and modular arithmetic. The fundamental recurrence relation
is defined as follows (1):

Xp1 = (a- Xy +c) (modm) (1)

In this equation, X, represents the current value, while X,
denotes the value to be generated in the next step. The parameters
are defined as the multiplier (a), the increment (c), and the modulus
(m). The algorithm begins with a designated starting value, Xy (the
seed); at each iteration, the value is multiplied by (a), the increment
(c) is added, and the remainder of the division by (m) is taken
to yield the new value. The resulting raw integers are typically
normalized to the [0, 1) interval using the operation U, = X;,/m
(Hamming 1952).

Combined Linear Congruential Generators (CLCG)

CLCG are pseudo-random number generation architectures devel-
oped to mitigate the inherent limitations of a single LCG. While a
standalone LCG is computationally efficient and straightforward
to implement, it suffers from several weaknesses, including rela-
tively short periods, dependencies between successive values, and
the emergence of regular patterns known as lattice structures in
multi-dimensional scatter plots. The CLCG approach is based on
the strategic combination of multiple LCGs to overcome these defi-
ciencies. The conceptual framework of CLCG was systematically
formalized through the research conducted by Pierre L'Ecuyer
starting in the late 1980s. L'ecuyer (1988) demonstrated that by
appropriately combining two or more LCGs defined with distinct
parameters, the resulting generator can achieve a period signif-
icantly longer than that of a single component and exhibit sub-
stantially improved statistical properties. These advancements
have established the CLCG as a reliable alternative, particularly
for high-fidelity simulations and Monte Carlo analyses. The opera-
tional principle of a CLCG involves running multiple sub-LCGs
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each with its own multiplier, increment, and modulus in parallel.
In each iteration, the values produced by these sub-generators are
merged using a simple mathematical operation, typically addition
or subtraction, to produce a single output value. A common CLCG
structure involving two LCGs can be expressed as follows 2:

Ty = <X,(11) - X,(f)) (mod my —1) ?)
In this formulation, X,(ql) and X,g2) represent the n'" values gen-
erated by two independent LCGs. The resulting Z,, value is sub-
sequently normalized to the [0, 1) interval. This synthesis effec-
tively reduces the periodicity and dependency issues observed in
a single LCG, yielding numerical sequences with vastly extended
periods, enhanced distribution balance, and minimized correlation
(LEcuyer 2011).

METHODOLOGY

In this study, the LCG, a foundational approach in pseudo-random
number generation, and its enhanced variant, the CLCG, were
tested on identical hardware under uniform initial conditions
(seeds) and shared evaluation criteria. The pseudo-random se-
quences generated within the simulation were analyzed at differ-
ent scales to examine visual patterns, evaluate statistical accuracy,
and measure time/speed performance.

For visual analysis, datasets of 2,000 and 3,000 samples were
utilized to generate scatter plots and detect the potential lattice
structure in multi-dimensional space. Statistical evaluations, in-
cluding histograms, mean-variance analysis, Chi-Square goodness-
of-fit tests, and autocorrelation analyses, were conducted using
sequences of 100,000 samples. Finally, to reveal the differences in
computational overhead between the algorithms, execution time
and speed performance comparisons were performed on large-
scale datasets consisting of 5,000,000 samples.

While comprehensive batteries such as TestU01 or NIST SP
800-22 are frequently used for validating cryptographic-grade gen-
erators, the current study utilizes a targeted set of statistical and
visual benchmarks. This selection is justified by the study’s focus
on the structural transition from LCG to CLCG. Given that the
LCG (specifically the RANDU parameters) is historically known
to fail complex randomness batteries, our methodology priori-
tizes visual lattice detection and Lag-1 autocorrelation to provide
a transparent analysis of the deterministic dependencies inherent
in these algorithms. This focused approach allows for a clearer
interpretation of the speed-versus-quality trade-off without the
redundant complexity of cryptographic test suites.

Experimental Environment

All simulations in this study were developed using the Python
programming language, which provides an efficient environment
for both statistical and visual analysis of PRNGs. All experiments
were conducted on the same hardware configuration to ensure that
the performance comparisons were consistent and reproducible.
The NumPy library was employed for generating numerical se-
quences and performing fundamental mathematical operations.
For statistical analyses, including mean-variance calculations, Chi-
Square goodness-of-fit tests, and autocorrelation, the SciPy library
was utilized. Visualizations of the results, such as histograms and
2D/3D scatter plots, were created using the Matplotlib library.
Specifically, 3D visualizations were used to clearly observe the
lattice structure inherent in linear congruential methods.

The computational performance and execution speed of the
algorithms were measured using Python’s standard timing mod-
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ules. In these analyses, the duration required for each algorithm to
produce a specific volume of pseudo-random numbers was calcu-
lated using large-scale datasets. This allowed for a comprehensive
evaluation of the LCG and CLCG algorithms, not only in terms of
statistical quality but also regarding their computational efficiency.

In the first phase, the LCG was implemented using formula.
To clearly demonstrate the structural weaknesses and the "lattice
structure” effect of the LCG, the infamous RANDU parameters
were intentionally selected. RANDU is a historical reference point
known for its poor statistical performance in multi-dimensional
spaces. The parameters are defined as follows:

e Modulus (m): 231
 Multiplier (a): 65539 (21 + 3)
¢ Increment (c): 0

o Initial Seed (X): 123456789

The second phase involved the Combined Linear Congruential
Generator (CLCG), based on the dual-component architecture pro-
posed by (L'ecuyer 1988). This method combines two independent
LCGs to achieve a significantly longer period and superior ran-
domness. The selected parameters (Table 1) are based on prime
numbers near 23! — 1, with multipliers identified as primitive roots
to ensure full periods:

Table 1 CLCG parameters

Parameter LCG 1 (X},) LCG 2 (Yy)
Multiplier (a) 40014 40692
Modulus (m) 2147483563 2147483399
Increment (c) 0 0

The outputs are combined using the following rule 3:
Zn = (Xﬁ,l) - Y,Ez)) (mod my — 1) 3)

The resulting Z,, is normalized to the [0, 1) interval. This config-
uration provides a theoretical period of approximately 2.3 x 1018,
offering a massive improvement in periodicity and correlation
over standalone LCGs.

Evaluation Criteria and Statistical Testing

The performance of the pseudo-random number generators was
evaluated through a multidimensional approach encompassing
distributional uniformity, statistical independence, structural cor-
relation, and computational cost. The following criteria and testing
methods were employed:

¢ Histogram (Visual Distribution Analysis): Used to visualize
the frequency distribution of generated numbers within the [0,
1) interval. An ideal PRNG should produce a histogram with
bars of approximately equal height, indicating no significant
clustering or gaps in any specific sub-interval.

® Descriptive Statistics (Mean and Variance): The numerical
sequences were checked against theoretical expectations. For a
continuous uniform distribution on [0, 1), the theoretical mean
is 0.5, and the variance is 1/12 ~ 0.0833. Simulation outputs
were assessed based on their proximity to these reference
values.
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¢ Scatter Plots: Utilized to visualize the relationship between
consecutive pairs (X;,X,41) or triplets of numbers. This is the
most effective method for detecting linear dependencies and
the lattice structure inherent in congruential methods. Both
2D and 3D scatter plots were utilized to analyze the structural
independence of the generators.

* Chi-Square Goodness-of-Fit Test: A formal statistical test to
determine whether the generated numbers follow a uniform
distribution. A p-value less than 0.05 leads to the rejection of
the uniformity hypothesis, while a value closer to 1.0 indicates
higher reliability and superior fit.

¢ Autocorrelation Test: Measures the dependency (correlation)
between successive values in the sequence. In an ideal gen-
erator, consecutive numbers should be independent. In this
study, the Lag-1 autocorrelation coefficient was calculated to
examine how closely the correlation approaches zero, as Lag-1
is the primary indicator of sequential dependency.

¢ Time/Speed Performance Analysis: Computational cost is a
critical factor in large-scale simulation studies. In this analysis,
the CPU time required for each algorithm to generate a large-
scale dataset (5,000,000 samples) was measured and compared
to determine their efficiency.

FINDINGS

In this section, the findings obtained from the conducted exper-
iments are reported in terms of descriptive statistical measures,
distribution analyses, scatter plots, statistical goodness-of-fit tests,
autocorrelation results, and computational performance.

Statistical Results (mean and variance)

The fundamental statistical properties of the pseudo-random se-
quences generated by the LCG and CLCG algorithms were ex-
amined. The objective was to evaluate the extent to which both
generators align with the theoretically expected characteristics
of a uniform distribution. To this end, 100,000 pseudo-random
numbers were generated for each algorithm, and the mean and
variance values were calculated based on these sequences (Table
2). Theoretically, for a random variable following a uniform distri-
bution on the interval [0, 1), the expected mean value is 0.5, and
the variance is 1/12 =~ 0.0833.

Table 2 Mean-variance results

Metric Theoretical LCG CLCG
Value

Mean 0.50000 0.50000 0.49971

Variance 0.0833 0.08313 0.08310

Histogram Analysis Results

To visually inspect the uniformity of the generators, histograms
generated from 100,000 data points are presented below. To ensure
a robust comparison, both plots were rendered using identical axis
scales, and a reference line (dashed black line) representing the
ideal theoretical uniform distribution has been superimposed onto
the graphs (Figure 1).
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Figure 1 Mean-variance histograms

Scatter Plot Analysis Results (2D)

The independence properties of the pseudo-random numbers se-
quentially generated by the LCG and CLCG algorithms were in-
vestigated through two-dimensional (2D) scatter plots (Figure 2).
These plots were constructed by mapping successive pairs of val-
ues (Xy, X;;4+1) onto a coordinate plane, with the objective of vi-
sually detecting potential linear patterns or correlation structures.
For this analysis, 2,000 pseudo-random numbers were generated
for each generator, and 2D scatter plots were derived from these
consecutive value pairs.

Scatter Plot Analysis and Lattice Structure (3D)

In this subsection, the distribution characteristics of the pseudo-
random sequences generated by the LCG and CLCG algorithms in
multi-dimensional space are examined. Three-dimensional (3D)
scatter plots (Figure 3) were constructed by mapping triplets of
successive values (X, X, 1, X42) onto a coordinate space. The
primary objective was to detect potential correlation structures or
regular patterns that may not be visible in lower dimensions. For
this analysis, 3,000 pseudo-random numbers were generated for
each algorithm. To ensure a consistent and objective comparison,
the 3D scatter plots for both LCG and CLCG were rendered using
identical viewing angles, axis scales, and visualization parameters.

Chi-Square Goodness-of-Fit Test Results

In this subsection, the statistical alignment of the pseudo-random
sequences generated by the LCG and CLCG algorithms with the
theoretically expected uniform distribution was evaluated. To this
end, the Chi-Square goodness-of-fit test was applied to the datasets
obtained from both generators. The tests were conducted using
sequences of 100,000 pseudo-random numbers, and the results are
reported in terms of p-values. The calculated p-values serve as
a statistical indicator of whether the null hypothesis (Hp), which
assumes a uniform distribution, can be accepted according to Table
3.

The p-values calculated for the LCG and CLCG algorithms,
along with their acceptance/rejection status based on a 5% signifi-
cance level (= 0.05), are presented in the table below:

Autocorrelation Analysis Results

The level of dependency between consecutive values in the pseudo-
random sequences generated by the LCG and CLCG algorithms
was examined quantitatively. Autocorrelation analysis was uti-

Chaos and Fractals

1.0 - =

08

08

04

0z

o0

[ Table 3 Chi-Square p-values

Algorithm Calculated p-  Significance Result (Hy hy-
value level («) pothesis)
LCG 0.1324 0.05 Accepted (Uni-
form)
CLCG 0.9209 0.05 Accepted
(Highly ~ Uni-
form)

lized to evaluate whether the generated numbers are independent
of one another.

For this analysis, Lag-1 autocorrelation coefficients were cal-
culated using sequences of 100,000 pseudo-random numbers for
each generator. The term "Lag-1" refers to the correlation between
each number (X;) in the sequence and the value immediately pre-
ceding it (X,,_1). The resulting coefficients serve as a quantitative
indicator of the sequential relationship between successive values
in Table 4.

[ Table 4 Autocorrelation test results

Algorithm Calculated Coeffi- Ideal Value
cient (Lag-1)

LCG 0.00729 0.0

CLCG -0.00118 0.0

Speed and Computational Performance Results

In this subsection, the time and speed performance of the LCG and
CLCG algorithms were investigated during large-scale pseudo-
random number generation. The objective was to provide a com-
parative analysis of the computational overhead associated with
each generator. To achieve this, 5,000,000 pseudo-random num-
bers were generated using both the LCG and CLCG algorithms,
and the total execution time for each process was measured. All
measurements were conducted under identical hardware and op-
erating conditions to ensure consistency. The resulting execution
times are presented in the Table 5 below to facilitate a direct speed
performance comparison:
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Figure 2 Scatter plots
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Figure 3 Scatter plots and lattice structure

Table 5 Speed and computational performance results

Algorithm Quantity Gen-  Execution Speed Com-
erated Time  (Sec- parison
onds)
LCG 5,000,000 1.7684 Reference
(1.0x)
CLCG 5,000,000 3.7544 ~2.12x
Slower

The findings presented in this section encompass the visual and
numerical results derived from the LCG and CLCG simulations.
A comprehensive evaluation and comparative discussion of these
findings are provided in the following section.

RESULTS AND DISCUSSION

In this study, the LCG, a widely utilized method in pseudo-random
number generation, and the CLCG, an enhanced statistical exten-
sion of this method, were comparatively analyzed. The findings
have been evaluated to highlight the respective strengths and
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weaknesses of these generators in terms of randomness quality
and practical applicability.

Comparative Analysis of Statistical Quality

Upon reviewing the simulation results, it is observed that both
methods meet the fundamental statistical expectations (mean and
variance) at a reasonable level. The means of the sequences gen-
erated by both the LCG and CLCG are remarkably close to the
theoretical value of 0.5, and their variances align closely with
0.0833. This indicates that both algorithms are successful in scal-
ing the generated numbers accurately within the [0, 1) interval.
However, a significant difference in quality emerges regarding the
"uniformity" of the distributions. When visual histogram analyses
and numerical Chi-Square goodness-of-fit results are evaluated
together, the CLCG algorithm demonstrates a near-perfect align-
ment with the theoretical uniform distribution, yielding a high
p-value of 0.9209. In contrast, while the LCG algorithm remains
within statistically acceptable limits (p > 0.05) with a p-value of
0.1324, it exhibits a lower level of fit compared to the CLCG. Con-
sequently, in terms of statistical reliability, it is concluded that the
CLCG provides a much more stable and homogeneous distribution
than the LCG, making it a superior candidate for high-precision
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simulations.

Structural Independence and Correlation Analysis

The most critical factor determining the success of a pseudo-
random number generator is the degree of independence between
the generated values. The visual analyses conducted in this study
revealed a significant structural disparity, particularly in the 3D
scatter plots. When triplets of values (X;, X, 11, X;;42) generated
by the LCG algorithm were projected into space, it was observed
that the points, rather than forming a random distribution, were
aligned on specific parallel hyperplanes. This phenomenon, identi-
fied in the literature as the "Lattice Structure,” provides empirical
proof of the structural correlation inherent in the LCG. In contrast,
the 3D plots for the CLCG algorithm demonstrated a much more
homogeneous distribution of points, with no detectable planar
clustering. This visual superiority is further substantiated by the
numerical data. In the autocorrelation analysis, while the LCG
coefficient indicated a trend of positive dependency (0.007), the
CLCG coefficient (-0.001) was significantly closer to zero in abso-
lute terms. In light of these findings, it is concluded that the CLCG
method minimizes sequential dependency and approximates "true
randomness" far more effectively than the LCG.

Computational Efficiency vs. Quality Trade-off

Time and speed performance analyses demonstrate that the LCG
algorithm can generate pseudo-random numbers in significantly
less time compared to the CLCG. Due to its simple architecture
based on a single linear recurrence relation, the LCG offers low
computational overhead and high generation throughput. This
characteristic makes the LCG an attractive option for scenarios
where speed is the primary priority, such as very large-scale simu-
lations or real-time applications. Conversely, the CLCG algorithm
incurs a higher computational cost due to its structure based on
combining multiple LCG components. However, this additional
overhead yields substantial gains in statistical quality and inde-
pendence. The fact that the CLCG effectively eliminates the lattice
structure in visual analyses and produces more robust results in
statistical tests clearly illustrates that quality is achieved by sacrific-
ing a degree of speed. In this context, the choice between LCG and
CLCG depends heavily on the specific application domain. For
simple simulations or preliminary computational processes where
speed is critical and the quality of randomness is of secondary
importance, the LCG may suffice. However, for long-duration
simulations, engineering tasks, and scientific applications where
statistical accuracy is paramount, the CLCG provides a much more
reliable alternative. Ultimately, this balance established between
performance and quality underscores the importance of selecting
a pseudo-random number generator that is fit for purpose.

CONCLUSION

This study demonstrates that the selection of a PRNG in simulation
projects is not merely a coding detail, but a critical design decision
that directly impacts the validity and reliability of the model. The
findings confirm that while the basic LCG offers speed advantages,
its structural flaws most notably the lattice structure exhibited in
multi-dimensional space render it insufficient for modern, high-
precision simulations. Conversely, the CLCG approach, despite
increasing computational overhead, successfully addresses these
deficiencies by providing superior statistical accuracy and inde-
pendence. In future research, a comparative analysis of the CLCG
method against modern, high-performance algorithms such as
the Mersenne Twister or Xorshift would provide a contemporary
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contribution to the literature. Furthermore, exploring the perfor-
mance of these generators within parallel computing environments
and GPU-based simulations remains a promising area for further
investigation.
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