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Abstract. The study aimed to compare statistical analysis methods to improve the testing of alternatives. The study
evaluated four main methods: the classic T-test, the conventional and advanced method of Controlled Experiments
Using Pre-Experimental Data (CUPED), and the Bayesian Estimator. The main results included a demonstration of the
A/B testing process, and the described statistical analysis methods included detailed characteristics and examples of
use. The simulations and practical application revealed that the T-test provides high accuracy with small samples, but its
effectiveness decreases with increasing sample size due to high resource requirements. The calculator for this method
demonstrated effectiveness in simple tasks but had limitations with large data. The conventional CUPED method has
shown increased accuracy due to variation correction, but its effectiveness decreases when working with large and
complex data sets. The written program for this method has shown to be effective in cases where the previous data
is well represented, but its capabilities are limited when processing large data sets. The improved version provided
a significant improvement in both accuracy and processing speed, especially for large datasets, thanks to advanced
modelling and optimisation. The code results confirmed that this method is highly efficient for complex experiments,
particularly when processing large amounts of data. Moreover, the Bayesian Estimator demonstrated high accuracy due
to the integration of prior knowledge but required more computational resources and time. The platform used for this
method demonstrated the ability to account for uncertainty yet required complex model settings. The results highlighted
the importance of selecting the appropriate statistical analysis method depending on the scale and complexity of the
data to ensure optimal accuracy and efficiency of testing

Keywords: statistical analysis; correction of variations; effectiveness of approaches; data processing; modelling of
experiments

Introduction

With the rapid development of information technology and
the increase in data volumes, the effectiveness of statistical
analysis methods has become highly relevant. One of the
basics of statistical analysis is A/B testing, which is used to
compare two or more options and determine the most ef-
fective one. The basics of such testing include comparing
the mean values in two groups using parametric hypotheses
to assess the statistical significance of differences between
the groups. Traditionally, such comparisons are made using
the T-test, which is a method for analysing average values.
However, to improve accuracy and speed, advanced methods
have been developed, such as Controlled Experiments Using
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Pre-Experimental Data (CUPED) and its extended version
CUPED++, as well as the Bayesian Estimator method.

The T-test method, although a basic tool for comparing
values, has limitations when analysing large and complex
data sets due to high resource requirements and inaccu-
racy in cases of variation. Although CUPED can be used to
correct for variations by using previous data, its effective-
ness decreases when processing large amounts of data. The
extended version of CUPED++ offers certain improvements
but still requires a detailed comparison with other mod-
ern methods, such as the Bayesian Estimator, which pro-
vides high accuracy by integrating prior knowledge but is
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resource-intensive. Existing studies do not sufficiently ad-
dress these aspects, which determines the need for a deep-
er analysis and comparison of new and improved methods
in the context of their practical application.

For instance, V. Kalchenko (2018) analysed common
methods of testing for penetration into computer sys-
tems and proposed a classification of these methods, not-
ing their advantages and disadvantages. O.V. Shportko
& M.M. Mushyn (2023) substantiated the effectiveness
of the method of gradual formation of a set of objective
function values for combinatorial optimisation problems,
demonstrating that this method significantly reduces the
execution time of programs compared to other approaches,
such as search methods with returns. In addition, V. Kham-
bir (2024) proved that the automation of testing processes,
including functionality, interface, performance, and securi-
ty testing, facilitates and increases the efficiency of appli-
cation testing, despite the problems with the initial setup
and complexity of testing complex scenarios.

Furthermore, K. Kachiashvili (2018) described the in-
tensive development of statistical hypothesis testing meth-
ods and introduced a new approach known as Constrained
Bayesian Methods to solve complex problems in various
fields, including a detailed description of existing methods,
new approaches and special software for their applications.
X. Gu et al. (2023) presented a Bayesian method for test-
ing information hypotheses in confirmatory factor analysis
models, in particular, by estimating factor loadings using
Bayesian factors and posterior probabilities of models,
which can be used to solve various issues, including the
assessment of equality of loadings and indicator validity.
Additionally, Ramesh et al. (2023) reviewed the process
of formulating and testing hypotheses, emphasising the
importance of theoretical grounding and a systematic ap-
proach to hypothesis testing, which ensures objectivity in
the search for knowledge. A. Deng et al. (2021) developed a
new unbiased reduced variance estimator of intervention
effects that uses the idea of improving the efficiency of
CUPED for cases where the trigger status is observed only
in a certain group, which allows achieving accuracy compa-
rable to full status observation.

In turn, J.J. Wang (2022) developed an approximate
Bayesian estimator for the parameters of a regression
model with random coefficients, which outperforms tra-
ditional testing methods in terms of estimation accuracy,
simplifying the calculation and interpretation of results.
S. Woo (2023) presented parametric accelerated durability
testing as a systematic method for assessing the reliabil-
ity of mechanical system structures, which allows the de-
tection of structural defects and reduces the failure rate
due to material fatigue. In addition, Y.W. Cho et al. (2024)
presented the results of a series of Monte Carlo simula-
tions to evaluate methods for fitting multilevel models of
latent differential structural equations, finding that the
Bayesian approach outperforms frequency-based meth-
ods, especially in the context of handling variable covari-
ates and coupling parameters.
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Although these studies addressed various statistical
methods, there are still gaps in their adaptation to big
data and complex experiments. This study describes and
compares the effectiveness of such methods in improving
A/B testing, with a focus on the accuracy and speed of data
analysis. The tasks included a theoretical study of the ba-
sics of A/B testing and advanced methods, conducting sim-
ulations to assess their practical applicability, and analys-
ing the effectiveness of different approaches.

Materials and Methods

The study was initiated by a comprehensive analysis of the
theoretical context of A/B testing and improved analysis
methods, including the basics and value of this testing for
comparing alternatives. Parametric hypotheses, their role
in testing, and their impact on the accuracy and speed of
results were studied. Traditional and advanced methods,
such as T-test, CUPED, CUPED++, and Bayesian Estimator,
their algorithms and applications, as well as the impor-
tance of advanced methods for improving testing efficiency
were highlighted.

A detailed description and characterisation of these
methods of statistical analysis were provided in the study.
For each method, the principles of operation, implemen-
tation of algorithms and examples of application are de-
scribed. The classical T-test was considered a basic method
for comparing mean values, CUPED and CUPED++ as meth-
ods for correcting variations to improve the accuracy of re-
sults, and the Bayesian Estimator as a method for estimat-
ing probabilities with the integration of prior knowledge.
The practical application of the methods included the crea-
tion and testing of code and formulas for each method. The
general formula for the T-test method (1):

_ My;—M,

T =t M

where: M,, M, - two mean values; SE - overall standard
error for the two samples.
The general formula for the CUPED method is (2):

., =7 —0X+0EX), )

where: X - value before the experiment; Y — value of the
experiment; 6 — a constant derived from the data that de-
termines how much the results of the experiment should
be adjusted based on the previous data; Y — average value
of the experiment results Y; X — average value of the previ-
ous data X; E(X) - mathematical expectation of the values
X which is used for correction.

The general formula for the Bayesian Estimator meth-
od (3):
P(B|A)+p4)

P(AIB) = =,

©)

where: P(A|B) - the probability that a certain state or
property (A) exists, given another property or condition
(B); P(B| A) - the probability that a certain property or
condition (B) exists, given that another state or property
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(A) exists; P(A) — the probability that (A) exists without
taking into account additional conditions or properties;
P(B) - the probability of having (B) without taking into ac-
count additional conditions or properties.

The programs for the implementation of CUPED and
CUPED++ were written in Python using the pandas and
stats models libraries and tested on the Replit platform.
In turn, an online calculator was used to demonstrate
the T-test method, and the Bayesian Estimator was based
on the platform “Bayesian Estimation Supersedes the
T-test — online”, which shows how much better this meth-
od is than the T-test.The comparison of the effectiveness
of the methods was based on an assessment of the accura-
cy, speed and overall efficiency of each method. The results
were analysed to determine the advantages and limitations
of each method, which was used to provide recommenda-
tions for practical application depending on the specifics of
the tasks and the size of the data sets.

Results

Theoretical context of A/B testing

and advanced analysis methods

A/B testing is a standard method for comparing the effec-
tiveness of two or more alternatives in a statistical analysis.
This approach is used to determine which of the options (A
or B) is more effective in achieving a particular goal or in-
dicator. A/B testing is based on the idea of random experi-
ments, where respondents are randomly assigned to differ-
ent groups, which minimises systematic errors and reveals
the net effect of changes.

This testing usually involves two stages: dividing users
into control (A) and experimental (B) groups and evaluat-
ing the results to compare effectiveness (Fig. 1). The main
statistical tool for analysing the results of A/B testing is
statistical hypothesis testing, which can be used to deter-
mine whether the difference between the groups is statis-
tically significant.

A/B testing

Control group (A) ‘

Random assignment of
respondents to groups

‘ Experimental group (B) ‘

Hypothesis testing

Null hypothesis

‘ ‘ Alternative hypothesis

Yes

‘ Data-driven decisions ‘
v
‘ Speed and accuracy of testing ‘

‘ Importance for business ‘

Statistically significant
difference?

No

‘ Evaluation of potential errors ‘
v

‘ Modification of testing ‘
v

‘ Conducting follow-up testing ‘

Figure 1. Flowchart of the A/B testing process

Source: compiled by the author

In addition, A/B testing can be used to objectively com-
pare alternatives and make informed decisions based on
empirical data. This is important for businesses where even
small improvements can have a significant impact on the
performance of campaigns or products. The success of A/B
testing depends on the ability to evaluate results quickly
and accurately. Increasing the speed and accuracy of testing
improves operational decision-making based on up-to-date
data and minimises the risk of false conclusions. This is es-
pecially relevant in a rapidly changing market and highly
competitive environment. Also important are parametric
hypotheses, which are mathematical models that formulate
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expectations about the distribution of data in the popula-
tions being compared. The null hypothesis (HO) typically
states that there is no significant difference between the
groups, while the alternative hypothesis (H1) states that
there is a difference. In A/B testing, the correct formulation
and testing of these hypotheses are critical to obtaining re-
liable results. The correct formulation and testing of para-
metric hypotheses affect the accuracy of testing. Incorrect
assumptions can lead to erroneous conclusions and, as a re-
sult, to wrong decisions. In addition, methods that provide
more accurate and faster results can significantly reduce
the time required to collect and analyse data. Traditional
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methods, such as T-test, provide a basic level of accuracy for
A/B testing, but they have limitations in speed and accura-
cy, especially in the face of large amounts of data and fre-
quent testing. Modern methods, such as CUPED, CUPED++
and Bayesian Estimator, provide improvements in these as-
pects with their advanced algorithms and techniques.
Improved analysis methods can reduce data variation,
improve the accuracy of estimates and reduce the time re-
quired to reach statistical significance. For example, the
CUPED method uses previous data to correct for variation
and improve accuracy, while the Bayesian Estimator pro-
vides the flexibility to model and adapt to new data. These
improvements contribute to more efficient testing and de-
cision-making based on more reliable results.

Description and characteristics

of statistical analysis methods

Statistical methods of analysis play a key role in A/B testing,
providing effective comparisons of different alternatives
and evaluation of their effectiveness. For this purpose, var-
ious methods are used, each of which has its characteristics
and approaches to data processing. The standard T-test is
the main statistical test for comparing the means of two
independent groups. It determines whether there are sig-
nificant differences between the means of the groups being
compared. The basic principle of the t-test is to test HO,
which states that the means of two groups do not differ
from each other, against H1, which suggests that there is a
statistically significant difference between the groups. The
T-test procedure involves several key steps (Fig. 2). First,
data are collected from two independent groups to be com-
pared. Next, the means and standard deviations for each
group are calculated. Based on these figures, the T statistic
is calculated, which reflects the amount of difference be-
tween the means concerning the variation in the data. The
test statistic T is compared with the critical value from the
T-distribution, which assesses the probability of observing
such a difference under the null hypothesis.

’ Collect data from two independent groups ‘

v

’ Calculate means and standard deviations ‘

v

’ Compute T-sta tistic ‘

v

’ Compare T-sta tistic to critical value ‘

v

’ Determine statistical significance ‘

v

’ Report results ‘

Figure 2. T-test scheme of operation
Source: compiled by the author

An example is the T-test, which examines the effec-

tiveness of a new advertising message (group B) compared
to an old advertising message (group A). If the results show
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that the average values of the performance indicators in
groups A and B differ significantly, and this deviation is
statistically significant, then it can be concluded that the
new advert is effective.

The CUPED method, in turn, is a modern statistical ap-
proach that improves the accuracy of A/B testing by using
previous data to correct for variations in results. It uses re-
gression analysis to incorporate data collected before the
experiment into the estimation of the effect of changes.
This reduces the variation in test results and increases the
accuracy of estimates. CUPED is based on two main stages
(Fig. 3). The first stage involves collecting preliminary data,
which may include information about user behaviour be-
fore the experiment or data about various user characteris-
tics. In the second stage, this data is used to build a regres-
sion model that corrects for variations in the main results
of A/B testing. Regression analysis can assess the impact
of these variations on the final results, reducing noise and
improving the accuracy of the estimates.

Collect pre-experiment data

v

Build regression model using pre-experiment data

v

Adjust experimental results based on model

v

Reduce variability and noise in results

v

Calculate and report improved estimates

Figure 3. CUPED scheme of operation
Source: compiled by the author

For instance, if A/B testing is conducted to evalu-
ate the effectiveness of a new feature in an application,
CUPED can use data on user behaviour before the new
feature is implemented to adjust the results. This provides
a more accurate assessment of the impact of the new fea-
ture on user behaviour, as noise from various factors that
affect the results will be reduced. Moreover, the CUPED++
method is an advanced version of CUPED designed to in-
crease the accuracy of A/B testing by reducing variation
and improving the correction of results. The main goal of
CUPED++ is to further improve the process of variation
correction by introducing new algorithms and advanced
modelling methods. CUPED++ is based on CUPED but
introduces several new optimisation approaches (Fig. 4).
The main steps of CUPED++ include collecting prelimi-
nary data, building an extended regression model, and
adapting and optimising the model for specific exper-
imental conditions. CUPED++ uses more sophisticated
regression algorithms that address additional factors and
relationships between variables. This allows for even bet-
ter correction of variations and reduces the impact of ran-
dom noise on test results.
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Collect pre-experiment data

Build advanced regression model
using pre-experiment data

Optimize and adapt model
to specific experimental conditions

Adjust experimental results based
on enhanced model

Reduce variability and noise further

v

Calculate and report improved estimates

Figure 4. CUPED++ scheme of operation
Source: compiled by the author

For instance, when testing a new feature in a web ap-
plication, CUPED++ can include not only data on user be-
haviour before the new feature was introduced but also
data on seasonal trends or other factors that may affect the
results. This provides even greater accuracy in measuring
the effect of the new feature, as CUPED++ takes these ad-
ditional variables into account when adjusting the results.

It is also worth considering the Bayesian Estimator,
which is a Bayesian technique for estimating the difference
between two means, which provides a probability distribu-
tion of this difference. Bayes’ theorem describes how the
probability of a certain hypothesis changes based on new
information. The Bayesian Estimator is based on the con-
cept of conditional probability, which integrates previous
knowledge (a priori probabilities) and new observations to
update probabilities (a posteriori probabilities). Bayesian
analysis methods provide high flexibility in modelling and
adapting to new data, which makes them useful in the face
of uncertainty (Fig. 5). They can be used to estimate proba-
bilities and draw reasonable conclusions using complex in-
formation from various sources. Bayesian methods are used
for modelling and forecasting in the face of incomplete or
inaccurate data, as well as for adapting to changes in data.

Collect data and define prior probabilities

v

Apply Bayes’ theorem to integrate new data

v

Update probabilities based
on new information

v

Calculate posterior probabilities

Make informed decisions based
on updated probabilities

Figure 5. The Bayesian Estimator workflow
Source: compiled by the author
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For instance, in A/B testing, a Bayesian Estimator can be
used to determine the probability that option B is better
than option A. If there are certain a priori assumptions
about the effectiveness of options, the Bayesian approach
adapts these assumptions based on the actual results of the
experiment, providing more accurate and reasonable con-
clusions. Consequently, there are many different methods
for evaluating and comparing alternatives, each with its
characteristics and advantages. Existing approaches allow
for precise data analysis, variation correction, adaptation
to new conditions, and integration of prior knowledge
with new data. The use of different methods makes it pos-
sible to choose the most effective tools for specific tasks,
which is critical for achieving accurate and reliable results
in testing and analysis.

Simulations and practical application

of statistical methods

In general, the T-test can be used to compare mean values
between two groups. There are several types of T-tests for
two samples, such as unpaired, Welch’s, and paired T-tests.
In addition, there are many platforms and calculators that
can calculate the necessary parameters to select the most
appropriate test for analysis (Fig. 6).

2. Choose a test

1. Choose data entry format
a a af erase Help me choose

®) Enter upto 50 rows ®) Unpaired t test

Enter or paste up to 2000 rows Welch's unpaired t test (used rarely)
Enter mean, SEM and N Paired t test

Enter mean, SD and N

3. Enter data

Help me arrange the data

4. View the results

Calculate Now

Clear Form

Label: | Group A Group B

Group 1 Group2

Unpaired t test results

P value and statistical significance:
The two-tailed P value equals 0.9653
By conventional criteria, this difference is considered to be not statistically significant.

Confidence interval:
The mean of Group A minus Group B equals 5.89
95% confidence interval of this difference: From -276.67 to 288.45

Intermediate values used in calculations:
t=0.0442
df=16
standard error of difference = 133.288

Review your data:

Group Group A Group B

Mean 462.67 456.78

sSD 281.39 284.09

SEM 93.80 94.70
N 9 9

Figure 6. An example of using a calculator for a T-test
Source: compiled by the author
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This test focuses on comparing data from a single
numerical variable, rather than on counts or correlations
between multiple variables. This method is especially
useful for small samples containing less than 30 obser-
vations. This calculator uses the general formula (1) for
a T-test consisting of two means and a common stand-
ard error for two samples. In other words, the calculator
uses this formula to calculate the T-statistic and eval-
uate the significance of the difference between groups,
helping users to draw reasonable conclusions from

# Importing libraries

import pandas as pd

import numpy as np

# Data creation

data = pd.DataFrame({
'group”: ['A'] * 50 + ['B'] * 50,
'pre_experiment':

statistical data. Unlike the T-test, the CUPED method
works by correcting for variations in experimental results
using previous data. It uses information collected before
the experiment to create a regression model that reduces
the effects of noise and other unwanted variations. This
correction helps to improve the accuracy of the estimates
of the effects of changes on which conclusions are based.
CUPED simplifies the analysis process by reducing the
standard error of the estimates, which provides clearer
and more reliable results (Fig. 7).

[x+ (10 1f 1 < 50 else 15) for 1, x in enumerate(range(50))] * 2,
‘outcome’: [x + (5 1f 1< 50 else 7) for 1, x in enumerate(range(50))] * 2

)

# Calculating average values

mean_outcome = data.groupby('group')['outcome']. mean()
mean_pre_experiment = data.groupby('group’)['pre_experiment'].mean()

# Determination of the constant 6

theta = np.corrcoef(data['outcome'], data['pre_experiment)[0, 1]

# Calculation of the mathematical expectation E(X)

mean_pre_experiment_total = data['pre_experiment'].mean()

# Application of the CUPED formula to correct results

data['adjusted_outcome'] = (data['outcome'] -

mean_outcome[data['group']].values +
theta * mean_pre_experiment_total)

# Calculation of adjusted averages for each group

adjusted_means = data.groupby('group’)['adjusted_outcome'].mean()

print("\nCUPED Adjusted Mean Outcomes:")
print(adjusted_means)

Figure 7. Example code for using the CUPED method

Source: compiled by the author

This code implements the CUPED method by perform-
ing a regression analysis based on the previous data and the
results of the experiment (Formula 2). First, a regression
model is created using the previous data as predictors to
adjust the results. The modified data is then subject to fur-
ther analysis to assess the effect of the changes, considering
the reduced impact of variations. The programme generates

data = pd.DataFrame({
‘group': ['A'] * 50 + ['B'] * 50,
'pre_experiment':
[x + (10 if 1 < 50 else 15) for i, x in

enumerate(range(50))] * 2,
‘outcome': [x + (5 if 1 < 50 else 7) for 1, x in
enumerate(range(50))] * 2

9]

adjusted averages of the results and performs statistical anal-
ysis to confirm the accuracy and reliability of the findings.
The results demonstrate an excellent fit of the model to the
data, as the coefficient of determination is 1, indicating that
the model fully explains the variation in the dependent var-
iable, and the high F-statistic and significance of the p-val-
ues confirm that the model is statistically significant (Fig. 8).

CUPED Adjusted Mean Outcomes:

group

A 34.5

B 34.5

Name: adjusted_outcome, dtype: float64

Figure 8. The result of the CUPED application programme

Source: compiled by the author
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As for the CUPED++ method, it is an extension of
CUPED that improves the process of variation correction
by introducing new algorithms and optimisations. Unlike
the basic CUPED, CUPED++ uses additional techniques
to model and adapt to specific experimental conditions,

import numpy as np
import pandas as pd
import statsmodels api as sm

# Creating synthetic data
np random seed(()
data = pd DataFrame({

'group’: np random.choice([A', B'], size=100),

'pre_experiment': nip random randn(100),
‘outcome’: np random randn(100)

)

allowing for a more accurate assessment of the effects of
changes. This method incorporates advanced modelling of
the preliminary data and introduces advanced correction
mechanisms that help to further reduce the variation in the
experimental results (Fig. 9).

# Defining the function to be implemented CUPEDH

def apply_cuped plus(data):

# Dividing into control and expenimental groups

pre_data = data[data[ group] =—'A"]
post_data = data[data['group'] = B']

# Building a regression model based on previous data
X_pre=sm.add constant(pre_data['pre_experiment'])

v_pre = pre_data['outcome']
model = sm OLS(y_pre, X pre).fit()

# Predicting outcomes based on the model

X post=sm.add constant(data['pre_experiment'])
data['adjusted outcome'] = model predict(X post)

return data

# Applying CUPED+ to data
adjusted data = apply cuped plus(data)

# Calculation of average values for each group after correction
means_adjusted = adjusted data_groupby('group’)['adjusted_outcome'] mean()

print(means_adjusted)

Figure 9. A code example of using the CUPED++ method

Source: compiled by the author

The code implements CUPED++ by correcting the
results of the experiment based on previous data. First,
synthetic data is created, including information about the
groups, preliminary results, and the results of the experi-
ment. The apply_cuped_plus function builds a regression
model based on the preliminary data from the control
group. The model is then used to predict the adjusted
results for both groups, including both the control and

b Run

group
A -0.205947

B -0.244400
Name: adjusted_outcome, dtype: float64

experimental groups. Finally, the average of the adjust-
ed scores for each group is calculated. The results show
the mean values of the adjusted results for each group af-
ter applying CUPED++. In this example, the mean values
of the adjusted results for the control and experimental
groups differ, indicating that CUPED++ has successfully
reduced the variation in the results and provided more ac-
curate estimates (Fig. 10).

Figure 10. A code example of using the CUPED++ method

Source: compiled by the author

Information Technologies and Computer Engineering, 2024, 21(3)
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In addition, the Bayesian Estimator method, which is
based on Bayes’ theorem, is relevant, as combines previ-
ous knowledge with new data to estimate the probability
of hypotheses (Fig. 11). In this platform, the formula (3)
for the Bayesian Estimator method is used to estimate

the difference between the group means and determine
the range in which this difference is likely to be located.
It uses a Monte Carlo method with a metropolitan algo-
rithm to generate samples and calculate the distribution
of the difference.

Bayesian Estimation Supersedes the t-test (BEST) - online

This page implements an online version of John Kruschke's Bayesian estimation supersedes

the t-test (BEST), a Bayesian model that can be used where you classically would use a two-

sample t-test. BEST estimates the difference in means between two groups and yields a
probability distribution over the difference. From this distribution we can take the mean
credible value as our best guess of the actual difference and the 95% Highest Density Interval
(HDI) as the range were the actual difference is with 95% credibility. It can also be useful to
look at how credible it is that the difference between the two groupsis <0 or > 0.

To try it out just enter some data below or run with the data that is already entered, the
heights in m of the winning team of the 2012 NBA finals (group 1) and the winning team of
Stanley cup 2012 (group 2). Data can be entered in almost any way, separated by spaces,
commas, newlines, etc.

The MCMC method used is an adaptive Metropolis-within-Gibbs sampler described by
Roberts and Rosenthal (2009). Everything is implemented in javascript and runs in the

Log

-- Started Burn in phase -- o

kR

-- Finished Burn in phase --
-- Started sampling phase --

-- Finished sampling phase --
-- Results plotted below --

-- For comparison, a standard two-
teailed t-test --

Mean group difference: 0.1509

t: 7.769

p: 2.299e-9

number of sample steps.

Data group 1

browser. If the output looks strange try to increase the number of burn-in steps and the

Trace Plot - Difference of Means
3

Distribution - Difference of Means

1.96 2.06 2.03 K'DW{-“* 0.2 T 5000
2.11 1.88 1.88 hece, esult sammples
2.08 1.93 2.03 0.20 4000 - 0.
2.03 2.03 2.08 K C I,‘(,[L M Mean: 0.153
2.03 2.11 1.93 & 0.15 3000
4

Data group 2 Nbr of burn-in samples 0.10 2000
1.83 1.93 1.88 [20000 | £ 3
1.85 1.85 1.91 Nbr of samples 0.05 000
101 1.9 1,50 20000 | 000 0
1.801.85 1.93 ‘ R G ‘ 0 5000 10000 15000 000 005 010 015 020 025
1.851.83 1.85 | Should look like a "hairy If the 95% Highest Density Interval does not

caterpillar"...

include zero there is a credible difference!

Figure 11. An example of using the Bayesian Estimator platform

Source: compiled by the author

The results of the programme show the mean of the
reliable value of the difference and the interval of the high-
est density, which reflects the range of probable values of
the difference. Thus, the Bayesian Estimator method can
be used to obtain more accurate and reliable estimates of
the effects of changes, which is especially important for
estimating probabilities and analysing the results of ex-
periments. Thus, it can be noted that the simulations con-
firmed the effectiveness and accuracy of various statisti-
cal methods. The use of methods such as T-test, CUPED,
CUPED++ and Bayesian Estimator demonstrated their abil-
ity to adequately correct and analyse data, as well as adapt
to specific experimental conditions.

Comparing the effectiveness of methods

The T-test method is effective in simple situations where
the data are normally distributed, and the samples have
similar variations. The results showed high accuracy at

small sample sizes, but as the sample size increases, its
speed and accuracy decrease due to high resource require-
ments. CUPED provided improved accuracy by correcting for
variation, which reduced the standard error. It demonstrat-
ed high speed in cases where the prior data was well repre-
sented, but its performance may be reduced when large and
complex datasets are present. In addition, CUPED++ has
shown significant improvements in accuracy and efficiency
compared to CUPED due to advanced modelling and opti-
misation. The speed of execution remained high even when
processing large datasets, making this method very suitable
for complex experiments. Bayesian Estimator demonstrated
a high level of accuracy by using prior knowledge and new
data. The processing speed depended on the complexity of
the models and the sample size. Typically, this method takes
longer to compute, but its ability to account for uncertainty
makes it useful for complex tasks. The analysis showed that
each method has its advantages and limitations (Table 1).

Table 1. Comparison of statistical analysis methods

\ Method Advantages Limitations Application examples
‘ Easy to use Sensitive to data distribution Comparison of mean values between two
‘ Ttest Fast in calculations Requires data to be normal groups in medical research

-tes

Suitable for small samples

This may be inaccurate for large
samples

Comparison of results before and after the
intervention in the social sciences
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Table 1. Continued

Method Advantages Limitations Application examples
Reduces the impact of ) -
P Requires preliminary data
variations q P y Evaluating the effects of advertising
Improves the accuracy of . . campaigns based on previous performance
CUPID estimates Can be difficult to implement
. . . Analysing the results of educational
Uses previous data for May be less effective with - . :
X . o : programmes with correction for previous
correction insufficient information achievements
Further improvements to B -
More difficult to implement .
CUPED P Analyse the effectiveness of new products
CUPED++ Improves accuracy and May require more computing based on comprehensive preliminary data
efficiency resources
Suitable for big and complex | May be slower when processing Evaluating the impact of new teaching
data large datasets methods on many participants
Considers prior knowledge ) ) . . )
and uncertainty Slow in calculations Risk assessment in financial models
Bayesian Provides a probabilistic Can be difficult to understand and | Probability modelling in medical research for
Estimator approach to valuation implement complex hypotheses
. ) Requires setting up models and | Comparing effects in experimental studies with
Flexibility in modelling selecting preliminary distributions little data

Source: compiled by the author

The choice of the most effective method depends
on the specific conditions of the experiment. For simple
problems with small samples, T-test or CUPED are suita-
ble. For complex problems with large data sets, CUPED++
or Bayesian estimators are more appropriate. Moreover,
if speed and simplicity are important, T-test is a good
choice. For accuracy and variance correction, CUPED and
CUPED++ are better options. And Bayesian Estimator
should be used for tasks where prior knowledge and un-
certainty need to be considered.

In general, it is recommended to choose a method
based on the specific requirements of the test. Opportu-
nities for further improvement include the integration of
new algorithms to increase processing speed and optimise
resource usage. Improvements in methods can also include
improving the accuracy of estimates and reducing the cost
of processing data in complex environments.

Discussion

The findings highlight the importance of improving A/B
testing methods and the importance of applying improved
approaches to ensure greater accuracy and efficiency. The
main emphasis was placed on comparing the traditional
T-test with newer methods such as CUPED, CUPED++ and
Bayesian Estimator. Studying and comparing the meth-
ods under consideration provided a better understand of
their effectiveness in different conditions and choose the
most appropriate tool for specific tasks. Analysis of similar
works also helps to identify improvements and enhance-
ments, which contributes to the further development of
statistical analysis methods.

The study results demonstrated the high accuracy of
A/B testing methods. While C. Allard & E. Marchand (2024)
studied Bayesian methods for loss estimation, showing
the advantages of such approaches in reducing errors, this
study emphasises that the Bayesian approach also pro-
vides high accuracy, but has high requirements for com-
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puting resources and time. The difference is that H. Zhou
& H. Zou (2024) proposed a flexible Box-Cox model to im-
prove linear hypothesis testing in high-dimensional mod-
els, while the present study focuses on corrected transfor-
mations for more accurate analysis in experiments. Thus,
this study shows that specific corrections in transforma-
tions can significantly improve accuracy when dealing with
large amounts of data.

While Y. Jin & S. Ba (2022) developed methods for
reducing variance in online experiments using machine
learning and cross-fitting techniques, which can reduce
variance by up to 80% compared to traditional methods
and up to 30% compared to CUPED, this study analysed
different approaches to accelerating A/B testing, includ-
ing CUPED, CUPED++, and Bayesian Estimator. Although
CUPED already shows a significant reduction in variance,
the improved CUPED++ and Bayesian Estimator demon-
strated even greater accuracy and efficiency compared to
this method. In addition, D. Ochieng (2024) demonstrated
a hypothesis testing method, namely the two-stage ran-
domised p-value (RAND2 p-value) method, which com-
bines standard and adaptive approaches to test the inter-
val composite null hypothesis. The same study on testing
acceleration methods emphasises that while standard
approaches can be useful, advanced methods provide sig-
nificant improvements in accuracy, especially in complex
experimental settings due to advanced adjustments.

The difference between the results of O. Dogan et
al. (2020), who demonstrated a Bayesian test for testing
simple null hypotheses, and the present study is the focus
on adjusted quadratic loss functions, which provide high
resistance to parametric non-specification, which is espe-
cially useful in cases of large samples. At the same time,
K. Kachiashvili et al. (2023) reviewed different approaches
to hypothesis testing in sequential experiments, focusing
on the advantages and disadvantages of Wald, Berger, and
Bayesian tests. This study showed that the new methods
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provide significant improvements in accuracy for complex
experiments through specific optimisations and modelling.

According to J. Liley & C. Wallace (2018), new estima-
tors for the false rejection rate based on kernel density es-
timates provide the smoothness of the outlier regions but
do not increase the power. The results of this study con-
firmed that the CUPED++ and Bayesian Estimator methods
not only increase the power of the estimators but also im-
prove the accuracy in complex experiments, which is an ad-
ditional advantage over traditional approaches. A. Cissé et
al. (2024) presented methods for improving Bayesian opti-
misation using expert hypotheses, which demonstrated a
significant acceleration of the search. The study confirmed
that the integration of expert knowledge can significantly
improve efficiency compared to basic methods, especially
in real-world problems.

Moreover, E. Deiri (2021) showed that expected and
hierarchical Bayesian estimators converge to zero in dif-
ferent distributions. The present study also confirms that
these approaches are effective, but the improved models
provide greater accuracy in specific distributions. R. Kelt-
er (2020) analysed Bayesian tests for comparing two groups
and showed that these methods show differences in con-
trolling first- and second-order errors compared to fre-
quency-based methods, which requires a careful balance
in practical research. The current study on A/B testing
also confirmed that Bayesian approaches provide distinct
characteristics compared to traditional methods, which in-
creases the accuracy of hypothesis testing.

This study complements the research of C. Francq &
]J.-M. Zakoian (2022), in which tests for testing hypotheses
about symmetry and quantile assumptions were developed,
as it confirms that such tests are effective for risk manage-
ment and statistical analyses, although the specific para-
metric corrections in the study demonstrate even better
adequacy for the conditional average. Additionally, F. Ber-
tolino et al. (2024) showed that the “Bayesian Divergence
Measure” is consistent and invariant, simplifying interpre-
tation compared to the traditional “Full Bayesian Signifi-
cance Test”. This is supported by the current study, which
demonstrated that the new approach can be more effective
in specific conditions.

Improving the closed-form testing method for multiple
hypotheses in a study by Z.-H. Lu (2020) has increased the
power of detecting false hypotheses. The results obtained
in the current work also confirmed that the new methods
provide improved error control, for complex tests. On the
other hand, B. Duthie (2024) reviewed various t-tests and
non-parametric alternatives, emphasising the importance
of choosing the appropriate test. The present study showed
that the new techniques demonstrate significant accuracy
advantages when dealing with complex datasets.

In addition, J. Tang & H. Dette (2024) presented ways
for shared estimating model parameters, including meth-
ods for constructing simultaneous confidence intervals
for the link function and testing joint hypotheses, which
confirms their effectiveness. This indicates the relevance
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of such research methods in constructing confidence in-
tervals and testing joint hypotheses, as shown in the cur-
rent study. And while T. Raykov et al. (2022) confirmed the
strong convergence of the Bayesian estimator of the medi-
an of the posterior distribution to the true parameter, the
present study obtained similar results, which showed the
advantages of Bayesian estimators in large samples.

The Bayesian factor methodology for testing hy-
potheses about the null values of parameters, developed
by N. Sekulovski & H. Hoijtink (2023), has demonstrat-
ed clear characteristics regardless of sample size. In the
current study, it was shown that the Bayesian Estimator
provides high accuracy in models with many parameters
and non-parametric data, but its efficiency may decrease
when the sample size is insufficient. In turn, the model for
analysing the decision-making process by L. Chauvet &
D. Cruz (2024) showed that sensitivity to gains and losses
affects decision-making. The results of the present study
confirmed these findings, demonstrating the importance of
sensitivity in choosing more profitable alternatives.

Lastly, the developed stratified selection method for
random simulations presented by S.M. Baik et al. (2023)
reduced the variation in estimates through a two-stage op-
timisation, and the findings in the current study confirmed
that improved testing methods improve accuracy in cas-
es with uncertain models. S. Khatami (2020) developed a
“flow mapping” method to improve model accuracy, which
demonstrated greater reliability than traditional metrics.
In this context, the study found that an improved version
of A/B testing provides significant improvements in the ac-
curacy and speed of processing large datasets through ad-
vanced modelling and optimisation, which also contributes
to improved model accuracy.

Thus, the study highlights the importance of improv-
ing A/B testing methods, demonstrating significant im-
provements in accuracy and efficiency when compared to
traditional methods such as T-test. The identified improve-
ments, including CUPED, CUPED++ and Bayesian Estima-
tor, showed advantages in improving accuracy, especially
when working with large data sets. Overall, the results
showed that the integration of new methods and optimi-
sations provides significant benefits in statistical analysis
and modelling.

Conclusions

The study provided a detailed look at various A/B testing
methods, including T-test, CUPED, CUPED++, and Bayesi-
an Estimator. The results included a demonstration of the
A/B testing process, and a comparison of statistical analysis
methods based on simulations and practical applications.
The study determined that the T-test shows good accuracy
with small samples, but its performance decreases with in-
creasing data volume due to high computing requirements.
The CUPED method improves accuracy by correcting for var-
iations, but its effectiveness decreases when processing large
and complex data. The updated version of this method pro-
vides a significant improvement in both accuracy and speed
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of data processing, particularly for large datasets, due to im-
proved modelling. In addition, Bayesian Estimator achieves
high accuracy by using prior knowledge but requires signifi-
cant computing resources and time to implement.
Recommendations arising from the work include op-
timising the choice of method depending on the specific
conditions of the experiment. For simple tasks with small
samples, traditional methods such as T-test are suitable,
while for large and complex datasets, it is advisable to use
advanced versions of CUPED or Bayesian Estimator.

into new approaches to data processing and improved
statistical analysis methods are also important for further
progress in this area. To improve the results obtained in
the future, efforts should be focused on optimising com-
putational costs, developing more versatile models that
can handle different types of data and experimental con-
ditions, and improving algorithms that automatically
adapt to changing parameters.
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MokpaweHi MeTogu npuwieualieHHS A/B TecTyBaHHS
AN OLiHKU NAPAMEeTPUYHMUX rinoTes:
nopisHaHHS T-test 3 CUPED, CUPED++ Ta Bayesian Estimator

ApTtyp Mapkos

AcnipaHT

KuiBCbKMin HOLIOHANBbHWI YHIBEpCUTET iMeHi Tapaca LLesueHka
01033, Byn. Bonogmmmpcbka, 60, M. Kuie, YkpdiHa
https://orcid.org/0009-0000-5222-4397

AHoTauig. MeToro moctigkeHHsT Gy/I0 TOPIBHSIHHS METOZiB CTaTUCTUYHOTO aHAIi3y [Jisl TIOKPAIEeHHST TeCTYBaHHS
a’nbTepHaTUB. Y NOCIiI>)KeHHI OLiHIOBaAMCS YOTMPY OCHOBHI METOAM : KTaCMYHMIL T-TecT, TpafulliiiHunii i BIOCKOHa/IeHUIt
MeTOJ, KOHTPOJIbOBAaHMX EeKCIIepPMMEHTIB 3 BMKOPUCTAHHAM IepenekcrnepuMeHTanbHux gaHux (CUPED), a Takox
BajieciBcbkuii orjiHioBau. OCHOBHi pe3y/nbTaTM BK/IYAIM [JeMOHCTpallilo mpoiecy A/B TecTyBaHHS, a OmIMcCaHi
MeTOAY CTaTUCTMYHOTO aHali3y BKJIIOYAAM [eTalbHi XapaKTePUCTUKU Ta MPUKIALM BUKOpPUCTAHHS. MoJentoBaHHS
Ta MpaKTUYHe 3aCTOCYBaHHS MoKa3auu, mo T-TecT 3a6e3meuye BUCOKY TOUHICTh NMPU HEBeIMKUX BMOipKax, ajie itoro
edeKTMBHICTb 3HMKYETHCS 31 361/bLIIEHHSIM PO3Mipy BUOiIpKM uepe3 BUCOKi BUMOTH [0 pecypciB. KaabKyasiTOp AJ1s1 IIbOTO
MeTOJy IIPOAEMOHCTPYBaB e(heKTUBHICTD Y MPOCTUX 3aBJAHHSX, ajie MaB 0OMesKeHHSI TPU POOOTI 3 BeIMKUMU JaHUMU.
Tpaguuiitamii meton CUPED mokasaB miABuMINeHY TOYHICTh 3aBIsKM BapialliiiHiii Kopekuii, ajie iioro epekTUBHICTh
3HMKYETHCSI TPYU POOOTI 3 BeIMKUMM Ta CKIAAHMMY HabopaMu faHuX. Hamucana mporpama ijist IibOro MeTOoLy Iokasasa
CBOI0 e()eKTUBHICTh y BUIIAZKaX, KO MIOTIepeIHi JaHi Jo6pe mpeacTaB/eHi, aie ii MoxkiIuBocCTi o6meskeHi pu 06po6Iii
BeIMKUX MacuBiB maHMX. BoockoHaslleHa Bepcist 3abesneumsa 3HAUHEe MOKpAIlleHHs SK TOYHOCTi, TaK i IIBUAKOCTI
06p06KIM, 0COOINBO [IJIsI BEIVMKUX HAOOPiB aHMX, 3aBISIKM BIOCKOHAJIEHOMY MOJIEJIFOBAHHIO Ta ONITUMI3allii. PesyiabraTt
pPO6GOTY KOLY MiATBEPAIIN, IO Lieil MeTOZ, € BUCOKOe(eKTUBHMUM JIJIsI CKJIaJHUX eKCIIePUMEHTIB, 0COOIMBO Ipu 06pobIii
BenMKux ob6cariB janux. Kpim toro, BaiteciBcbkuit o1jiHIOBa4 IPOAEMOHCTPYBAB BMCOKY TOUHICTb 3aBISIKM iHTerpariii
ToTepeHixX 3HaHb, aje BMMaras 6iyibliie 06UMCIIOBAaIbHUX pecypciB i yacy. IlnaTtdopma, 110 BUKOPUCTOBYBAIACS JIJIst
LIbOTO MeTOZy, IPOJeMOHCTpYBajia 3/aTHICTb BpaxOBYBaTM HEBM3HAUEHICTh, ajle BUMarasjaa CKIaJHMUX HaJalITyBaHb
Mozeni. Pe3yapTaTi MigKpecaywiu BaXKIMBICTh BMOOPY BiAMOBiZHOTO MeTOAY CTATMCTUYHOTO aHaIi3y 3aleskHO Bif
MacuTaby Ta CKIaSHOCTI JaHuX IJ1s 3a6e3MeueHHs ONTUMaabHOI TOYHOCTI Ta e()eKTUBHOCTI TeCTyBaHHS

KniouoBi cnoBa: cratucruydmii aHami3; KOpeKLis Bapiaiiii; eQekTUBHICTb MigXomiB; 06podKa HAaHMX; MOLEIIOBAHHSI
eKCIIepUMEeHTiB
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