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Abstract. The study aimed to justify an approach to the planning and completion of Bayesian A/B tests, within which
interval certainty criteria are combined with threshold requirements for a practically significant effect and an assessment
of the economic feasibility of further data collection. The methodology was based on methods of analytical synthesis,
structural-logical classification, logical-algorithmic formalisation, and illustrative case analysis. The study established
that in Bayesian A/B tests, “interval precision” has two dimensions: informativeness (the narrowness and stability of
the credible interval for supporting an engineering decision) and calibratedness (the proximity of actual coverage to the
nominal level, which may deviate for small samples). The study demonstrated that uncertainty decreases with increasing
n but with diminishing returns; therefore, further narrowing of intervals requires disproportionately greater expenditure
of time and computational or experimental resources and is justified only when such costs are warranted, with the
required n depending on the metric and the scale of the effect. The volume of data can be reduced by incorporating
prior information into the prior distribution or by defining “sufficiency” based on criteria of evidence or the probability
of achieving the objective, whereas high variability of engineering metrics, rare events, low baseline event rates, strict
accuracy requirements, and a small effect increase the required n and the duration of the test. To reduce the required
volume of data, a sequential framework for concluding a Bayesian A/B test has been proposed, combining an information
component, a target component, and an economic feasibility check: “update estimates — check threshold — check
interval - weigh up the benefits and costs of continuing”. The practical applicability of this approach was confirmed
by engineering studies, where Bayesian methods reduced resource consumption by 66.6%, 36.7%, and 26.9% in stream
computing and achieved up to 25% energy savings, 15% greater energy efficiency, and about 10 ms tighter latency
guarantees in edge computing. The practical significance of the results lies in their applicability to researchers and
analysts involved in engineering experiments when making decisions regarding the termination of the experiment and
the implementation of the proposed changes
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Introduction

The complexity of engineering systems in information
technologies and computer engineering is steadily in-
creasing, and even minor changes may affect performance,
reliability, and resource efficiency. Under such conditions,
comparative experiments are increasingly used to sup-
port informed decision-making regarding system config-
urations, algorithms, software implementations, network
protocols, and machine-learning models. However, every
experiment requires time, computational resources, and
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engineering effort: a test that is too short may yield unre-
liable estimates and increase the risk of an incorrect tech-
nical decision, whereas a test that is too long may lead to
unnecessary resource consumption and delays in the de-
ployment of improved solutions. This is particularly im-
portant for systems characterised by variable workloads,
noisy data, rare failures, and expensive testing cycles. In
this context, Bayesian comparative experiments are appro-
priate because they provide direct probabilistic statements
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about the effect and naturally support sequential data ac-
cumulation. At the same time, it is essential to formalise
how the precision of uncertainty intervals (credible inter-
vals) changes as the sample size (n) increases, and how
these changes can be reconciled with the practical feasibil-
ity of the experiment.

The state of research reveals the existence of dis-
tinct methodological approaches to determining sample
size and stopping criteria in Bayesian tests. In the paper
by Q. Fu et al. (2022), an approach is proposed for deter-
mining the sample size for Bayesian analysis of variance
under informative hypotheses, where “sufficiency of data”
is defined by the requirement to exceed the threshold of
evidence (Bayes’ factor) with high probability. This formu-
lation can be used to plan n not only concerning the width
of the credibility interval, but also based on the criterion
of achieving sufficient evidence for the effect. In a study by
F. Quin et al. (2024), which synthesised a systematic review
of A/B testing research, it was shown that classical schemes
predominate in practice, whilst standardised approaches to
interpreting uncertainty and stopping rules remain under-
developed. This highlights the gap between the widespread
use of A/B experiments and the need for formalised recom-
mendations regarding the choice of n and the requirements
for the accuracy of interval estimates.

As shown by V. Sambucini (2024), a hybrid classi-
cal-Bayesian procedure for sample size determination in
two-arm superiority trials can formally incorporate prior
information and uncertainty about unknown parameters
while retaining a frequentist analysis framework. For bi-
nary outcomes, the author derived hybrid sample-size
criteria using three alternative effect measures: the dif-
ference between success proportions, the logarithm of the
relative risk, and the logarithm of the odds ratio. M. Mo-
erbeek (2021) argued that n can be increased iteratively
through Bayesian updating, and the decision to stop can
be based on a pre-specified criterion of sufficiency of evi-
dence. This provides a theoretical basis for stopping rules
that combine requirements for the precision of credible
intervals and/or a threshold posterior probability in Bayes-
ian A/B tests. T.K. Wong & J.N. Tendeiro (2025) proposed a
universal scheme for selecting n for the Bayesian criterion
to obtain a Bayesian odds ratio above the threshold with a
given probability, that is, to achieve a predefined level of
evidence. This makes it possible to plan n as an alternative
or complement to approaches that optimise n based on the
width of credible intervals.

T.S. Richardson et al. (2022) found that, due to hetero-
geneity in the timing of entry into an observed process, it
is incorrect to assume that the arrival of new observations
over consecutive periods is independent and identically
distributed; they therefore proposed a Bayesian approach
to forecasting the number of additional observations in
the next period based on early data. Such a forecast pro-
vides a practical basis for planning the experiment horizon
and the expected n, on which the attainability of the spec-
ified precision of credible intervals in Bayesian A/B tests

directly depends. Based on computer simulations, I. Dou-
ven (2023) compared various Bayesian stopping rules, in-
cluding the widely used Bayes-factor stopping rule, and
showed that there is no single universally best rule; rather,
the appropriateness of the stopping criterion depends on
the conditions of the problem. This provides a methodo-
logical justification for selecting a stopping policy tailored
to specific objectives, such as interval precision and/or a
posterior probability threshold, which is directly relevant
for aligning n with the stopping criteria of Bayesian com-
parative experiments.

In Ukrainian scientific and applied discourse, A/B test-
ing and corresponding stopping criteria are increasing-
ly used to evaluate the effectiveness of digital solutions
and to support data-driven decisions in applied IT con-
texts. The choice of a stopping rule determines the point
at which the experiment ends, the expected sample size n,
and consequently influences the attainable interval preci-
sion of the effect estimate. As an example of the practical
application of A/B testing in Ukrainian applied research,
V.0. Tkachuk & A.V. Shestakova (2022) demonstrated the
selection of a more effective version of a digital solution
based on real-world data. The use of experiments in envi-
ronments constrained by time and the availability of obser-
vations reinforces the need for approaches that reconcile
interval-certainty requirements with the necessary data
volume. Despite progress in research, there is still a lack
of a coherent approach that simultaneously links the nar-
rowing of credible intervals with an increase in n, the at-
tainment of a threshold posterior probability (PP), and the
practical feasibility of continuing the A/B test. Therefore,
the study aimed to develop a methodological framework
for determining data sufficiency in Bayesian A/B tests,
which reconciles interval certainty requirements with sys-
tem performance criteria and resource constraints.

Materials and Methods

To conduct the study, methods of analytical synthesis,
structural-logical classification, logical-algorithmic for-
malisation and illustrative case analysis were combined to
formalise the criteria for interval certainty, the planning of
n and the stopping rules in Bayesian A/B tests. Using the
method of analytical synthesis, the approach to evaluating
the “precision of intervals” in Bayesian A/B tests was sys-
tematised and methodically formalised concerning confi-
dence intervals, sequential monitoring, stopping rules and
sample planning, after which the concept of “precision”
was operationalised in two dimensions — informativeness
(narrowness and stability of the interval) and calibrated-
ness (frequency coverage) (Kamalbasha & Eugster, 2021;
De Santis & Gubbiotti, 2021; de Paula Castro et al., 2022).
This was done to reasonably determine data sufficiency
and the stopping point of the experiment.

Using a structural-logical classification method, the
factors that increase the required sample size in Bayesian
A/B tests were systematised: high variability of engineer-
ing metrics (e.g., latency, throughput, error rate, precision,
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recall, accuracy, energy consumption, failure probability,
or Mean Time Between Failures (MTBF)), rare events and
low baseline event rates, stringent accuracy requirements
(anarrow target interval), and an expected small effect size
(Pan & Banerjee, 2023; Shen et al., 2023; Ali, 2025). The se-
lection of these specific factors is due to the fact that they
represent the key “root causes” of the increase in the re-
quired n and cover the fundamental mechanisms underly-
ing the deterioration of the interval certainty of the effect
estimate (increased noise, event scarcity, weak signal, and
heightened certainty requirements). The classification was
conducted based on following criteria: factor, typical fea-
ture in the data/metric, mechanism of influence on inter-
val certainty (width and stability of the credibility interval),
and consequence for the required n/duration of the exper-
iment. This was done to systematise the determinants of
the increase in the required n in Bayesian A/B tests and to
link them to the mechanisms of reduced interval certainty
and the implications for the duration of the experiment.
The structural-logical classification method was also
used to compare approaches to reducing the required data
volume for achieving the target interval of confidence
in Bayesian A/B tests — the use of historical data via a
well-founded prior distribution and the shift from a “nar-
row interval” objective to a “probability of exceeding the
predefined threshold” objective, based on the following
criteria: approach, applicability assumptions, mechanism
for reducing the required n, implications for n planning and
test stopping rules (Zheng et al., 2023). The choice of these
specific approaches is determined by the fact that they rep-
resent two fundamental levers for reducing the required n:
increasing information content in the early stages through
prior information and shifting the formulation of the data
sufficiency criterion. This was used to compare the basic ap-
proaches to reducing the required n in Bayesian A/B tests.
Using the method of logical-algorithmic formalisation,
the procedure for sequential decision-making in a Bayes-
ian A/B test was modelled as a repetitive cycle: “arrival of
new data — updating of posterior estimates (posterior dis-
tribution of the effect, credible interval, probability that
effect > threshold) — assessment of practical significance —»
assessment of interval certainty — assessment of the feasi-
bility of continuation”, with prior specification of sufficiency
criteria (PAl/zero threshold, minimum posterior confidence,
requirement for the width of the credible interval, and cost
of continuation) (Pananos, 2024; Kelter & Pawel, 2025). This
was done to standardise the rules for continuous monitoring
and experiment termination based on agreed criteria of prac-
tical significance, interval certainty,and resource constraints.
Using an illustrative case-study approach, examples
of the application of Bayesian methods to sequential deci-
sion-making and optimisation in engineering experiments
were selected, including Bayesian-driven autoscaling in
stream computing (Zhang et al., 2024), adaptive resource
scheduling in edge computing (Sahu et al., 2025), and pa-
rameter tuning for IEEE 802.11 VANET safety messaging
in vehicular communication systems (Wright et al., 2026).

These examples were selected because they represent com-
plementary aspects of the practical applicability of the pro-
posed framework, namely the achievement of target Quality
of Service (QoS) indicators with minimal resource expend-
iture, the balance between energy consumption and laten-
cy under adaptive resource allocation, and decisions on
whether further testing is justified in systems with strict re-
quirements for latency, reliability, and computational cost.
This was done to provide an illustrative justification for the
need to consider both the decision-oriented logic of exper-
iment termination and the practical feasibility of Bayesian
procedures in engineering applications. On this basis, rec-
ommendations were formulated for the preparation, con-
duct, and completion of Bayesian comparative experiments
in information technologies and computer engineering.

Results and Discussion
Interval precision and sample planning in Bayesian A/B
tests. In the context of Bayesian A/B tests, it is necessary
to distinguish between two related but distinct aspects of
“interval precision”: the informativeness of the interval
(narrowness and robustness) and its calibration (frequency
coverage). In an applied engineering context, “precision”
refers to how narrow the Bayesian credible interval is for es-
timating the effect and how consistently it changes as more
data are added during sequential monitoring. A narrower
and more stable interval implies less uncertainty regarding
the magnitude of the effect, which facilitates technical de-
cision-making, such as selecting between alternative con-
figurations or assessing whether the observed improvement
satisfies the required performance threshold. In this sense,
intervals serve as a decision-support tool in comparative
engineering experiments and are therefore directly rele-
vant to experiment duration, stopping rules, and practical
implementation under resource constraints (Kamalbasha &
Eugster, 2021; Pananos, 2024). In a stricter statistical sense,
“precision” is associated with the extent to which the in-
terval corresponds to the stated level when the experiment
is repeated multiple times, i.e., how often the true value of
the parameter falls, for example, within the 95% interval in
a series of repetitions. Although Bayesian intervals have a
probabilistic interpretation under a correctly specified mod-
el and prior distribution, their frequency coverage is not
guaranteed to coincide with the nominal level, particularly
for approximate intervals and/or small samples. In terms
of proportions, the study demonstrated that requirements
for n can be formulated to ensure calibrability; for small
values of n, deviations may be significant, whilst cover-
age improves as n increases (De Santis & Gubbiotti, 2021).
For most metrics in Bayesian A/B tests, increasing the
data volume reduces uncertainty with diminishing returns:
initially, the credible interval narrows rapidly, and then
more slowly. As a rule, halving the interval width typical-
ly requires substantially more data than simply doubling
the sample size. For engineering experiments, this means
that a larger sample size almost always leads to a longer ex-
periment duration, greater use of computational, testing,

Information Technologies and Computer Engineering, 2026, 23(2) 57



A sequential decision framework for Bayesian A/B Tests...

or laboratory resources, and higher costs associated with
delaying the deployment of an improved configuration, al-
gorithm, or system setting. Therefore, extending the test is
justified only when the additional reduction in uncertainty
is warranted in terms of technical relevance and resource
expenditure (Kamalbasha & Eugster, 2021). The preci-
sion-n relationship can be optimised by incorporating
prior information: historical data or results from previous
experiments may be formally included in the prior distri-
bution, thereby reducing the required n needed to achieve
a given level of accuracy or a given probability of the target
effect (Zheng et al., 2023).

In addition to approaches based on interval width, the
Bayesian literature determines sample size using evidence
criteria (in particular, Bayesian factors) and approaches to as-
sessing the probability of achieving the objective (assurance).
This changes the way the question “how much datais needed”

is framed, as well as the method of formalising “sufficient
accuracy” for a decision. In applied problems, such ap-
proaches are implemented as methodologies and software
tools for calculating sample size and assurance (Pan &
Banerjee, 2023; Kelter & Pawel, 2025). In general, an A/B
test in a Bayesian framework is viewed as a decision-mak-
ing problem under uncertainty. Experimental data reduce
uncertainty regarding the magnitude of the effect, and
the Bayesian posterior/credible interval serves as a com-
pact representation of this uncertainty. Since the narrow-
ing of the Bayesian posterior/credible interval depends on
the properties of the metric, the baseline event rates, and
the expected effect size, the same accuracy requirements
may necessitate different amounts of data across different
tasks. Table 1 summarises the factors under which a larger
n or a longer experiment duration is required to achieve a
given interval certainty.

Table 1. Factors affecting the required sample size to achieve a specified interval certainty in Bayesian A/B tests

Typical attribute in the data/

Factor "
metrics

Mechanism influencing interval

Result for the required n of

certainty duration

High variance, skewness, heavy
tails, or outliers in latency,
throughput, energy consumption,
or related engineering metrics

High variability of
engineering metrics

Uncertainty surrounding the
average effect decreases slowly;
the interval may remain unstable
because of large fluctuations or

isolated extreme observations

A larger sample size or a longer
experiment is required to achieve
stable interval estimates

A small number of observed

Rare events and low
baseline event rates

failures, errors, or other low-
frequency events in the sample

Information about the parameter
accumulates slowly, and the interval
estimates remain wide for longer

A larger n is required, especially for
rare failures, low error rates,
or reliability-related metrics

Stringent accuracy

A narrowly specified target interval
width or a strict tolerance

A stricter interval-width requirement
increases the amount
of data needed to reach the desired

The required n increases
substantially as the target interval

requirements -
a for uncertainty

. becomes narrower
level of certainty

The difference between the
compared configurations is
close to zero or to the predefined
engineering threshold

Expected small
effect size

The signal is weak relative to the
noise, and the interval continues to
overlap zero or the target threshold

A larger n is required
to obtain sufficient certainty
regarding the effect

Source: compiled by the author based on F. De Santis & S. Gubbiotti (2021), S. Chennu et al. (2023), Y. Shen et al. (2023), J. Pan &

S. Banerjee (2023), I. Ali (2025)

These factors share a common characteristic: they re-
duce the amount of information provided by a single obser-
vation regarding the magnitude of the effect, or they lower
the signal-to-noise ratio. High variability of engineering
metrics and rare events slow down the convergence of the
posterior distribution, meaning that the credibility inter-
val remains wide for longer. High precision requirements
and an expectedly small effect, in turn, raise the “bar” for
certainty — namely, even with a correct model, a larger vol-
ume of data is needed for the interval to stop overlapping
zero or the predefined engineering threshold. The practical
implication is that sample size n should be determined not
only by the target interval width, but also by considering the

properties of the metric and the expected magnitude of the
effect; otherwise, there is a systematic risk of underestimat-
ing the duration of the experiment and the cost of achieving
the desired decision certainty. Thus, the problems of high
variability, rare events and a small, expected effect not only
slow down the narrowing of the credible interval but also
create a risk of systematically under-planning experiments.
Therefore, alongside assessing the “complexity of the met-
ric”, it is advisable to immediately consider approaches that
accelerate the convergence of the posterior distribution or
shift the formulation of the problem from “maximum esti-
mation accuracy” to “sufficient certainty for an engineering
decision”. Such approaches are summarised in Table 2.

Table 2. Approaches to reducing the required data volume to achieve the target interval certainty in Bayesian A/B tests

Approach Conditions for applicability

Mechanism for reducing the
required sample size

Consequences for planning n
and stopping the test

Historical data are consistent with
the current operating conditions,
workload characteristics,
and system configuration

Use of historical data
via a well-founded prior
distribution

Narrower intervals for small n,
the possibility of achieving the
target certainty sooner

Provides information at an
early stage and accelerates the
concentration of the effect
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Table 2. Continued

Approach Conditions for applicability

Mechanism for reducing
the required sample size

Consequences for planning n
and stopping the test

Shift from a “narrow
interval” target to a
probability of exceeding the
predefined threshold” target

A predefined threshold for the
minimum practically significant
effect is specified

probability of meeting the criterion

The decision is based on the The experiment may be
completed earlier while
maintaining relevance to the

engineering decision

rather than on maximising the
precision of the effect size

Source: compiled by the author based on S. Kamalbasha & M.]J.A. Eugster (2021), H. Zheng et al. (2023), J. Pan & S. Banerjee (2023)

Table 2 summarises two different approaches to reduc-
ing the required data volume in Bayesian A/B testing. The in-
formation-based approach involves incorporating relevant
historical data via a well-founded prior distribution, which
accelerates the convergence of the posterior distribution of
the effect and makes it possible to achieve the target inter-
val certainty with a smaller n. The target-based approach
involves shifting from the requirement of a “narrow inter-
val” to the criterion of a “sufficient probability of exceeding
the minimum significance threshold”, which may allow ear-
lier termination of the experiment without compromising
relevance for the engineering decision. Therefore, optimi-
sation of n in the Bayesian framework can be achieved both
by increasing the information content through the use of
prior information and by correctly formulating the decision
criterion through a threshold-based specification.

An informative prior distribution can accelerate the
convergence of Bayesian posterior/credibility intervals;
however, the validity of this effect depends on a key con-
dition: the prior assumptions must be consistent with the
current data and experimental conditions. If the prior dis-
tribution is incompatible with the current operating con-
ditions, for example because of differences in workload
characteristics, system configuration, or the hardware and
software environment, there is a risk of false certainty: the
interval may appear narrow, but the posterior estimate
of the effect may be systematically biased, increasing the
probability of an erroneous engineering decision. Within
the theoretical framework, it is worth emphasising two
principles: an informative prior distribution should be
viewed as a tool for accelerating inferences, which requires
substantive justification and verification of compatibility
with current data; the correctness of interval inferences is
determined by the adequacy of the statistical model and
assumptions; in particular, the properties of the intervals
and their reliability in repeated scenarios may depend on
the application regime and the chosen approximations (De
Santis & Gubbiotti, 2021; Zheng et al., 2023).

The results of the study showed that, in Bayesian A/B
tests, the concept of “interval precision” should be inter-
preted not as a single characteristic, but as two distinct
dimensions: interval informativeness (the narrowness and
stability of the posterior/credible interval as data accumu-
lates) and calibratedness (frequency coverage, i.e. how of-
ten the true value falls within the interval in repeated runs
of the experiment). This formulation is consistent with
T. de Paula Castro et al. (2022), who examined the compar-
ison of credible and confidence intervals within a common
(consistent) methodological framework for intervals using

the example of binomial proportions. The authors found
that a correct comparison is not possible using a single cri-
terion, and that coverage and interval length provide dif-
ferent but complementary “measures of quality” for inter-
val estimates. For comparative experiments in engineering,
“precision” understood as the narrowness and stability of
the interval should not be equated with “precision” under-
stood as calibratedness, because conflating these two prop-
erties may lead to misleading conclusions about the relia-
bility of the results, particularly when n is small or when
aggressive stopping rules are applied.

R. Johari et al. (2022) found that under conditions of
continuous monitoring of A/B tests, where the researcher
repeatedly reviews interim results and may halt the experi-
ment at a point determined by the observed data, standard
frequency-based conclusions and confidence intervals may
lose their validity because stopping is based on interim
analyses. In response, the authors formalised an approach
to always-valid inference, specifically always-valid p-val-
ues and always-valid confidence intervals, which remain
valid under any data-dependent stopping rule and provide
inferential support even when decisions are made during
the course of the experiment. These results align with the
present study insofar as the “precision” of intervals is also
viewed as the stability of the interval as data accumu-
late during sequential testing. Accordingly, the interval
in comparative engineering experiments is interpreted as
a decision-support tool not only at the end of the exper-
iment, but throughout the process of data accumulation.
Furthermore, this correlates with A.M. Stefan et al. (2022),
who found that, in the context of sequential testing, the
effectiveness and behaviour of procedures over time de-
pend on the test formulation and the choice of thresholds;
that is, the stopping rule is not only an operational but also
a methodologically defining element of the experimental
design. It is therefore not enough simply to state that “the
interval has narrowed”; it is also necessary to verify wheth-
er the monitoring and stopping method itself introduces
systematic errors into the conclusions, and whether the
chosen inference procedure is compatible with real-time
engineering decision-making.

The results of the study showed that the required sam-
ple size for achieving a given interval confidence level in
Bayesian A/B tests depends on the data structure and mod-
el (in particular, in the presence of operating conditions,
dependency structure of observations, and variability);
therefore, universal rules for planning n may systematical-
ly underestimate the duration of the experiment. This is
confirmed by S. Vasishth et al. (2023), demonstrating that
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for Bayesian hierarchical models, it is advisable to deter-
mine the sample size through simulation analysis of the
design: the authors select n such that, in repeated simula-
tions under given prior assumptions and a chosen criterion
(e.g., evidence), the required certainty of the conclusion is
achieved. Consequently, planning n in Bayesian A/B tests
should be conducted for a specific model and data struc-
ture, and for segmented and hierarchical setups — based
on simulation design analysis — to avoid systematic un-
der-planning of the experiment duration.

T. Rainforth et al. (2024) systematised the Bayesian
experimental design approach, within which experimental
planning is viewed as the problem of selecting a design that
maximises expected utility or information gain, particu-
larly in adaptive and sequential scenarios. These findings
are consistent with the results of the current study, which
shows that as n increases, uncertainty decreases with di-
minishing returns: initially, the interval narrows rapidly,
then more slowly, and achieving further narrowing requires
a disproportionately larger volume of data, which increases
the duration of the experiment and data consumption. Ac-
cordingly, continuing the test is justified only when the ad-
ditional reduction in uncertainty economically outweighs

the cost of the decision delay and resource expenditure.
Thus, the “precision of intervals” in Bayesian A/B tests
should be assessed simultaneously in terms of informative-
ness (width/stability) and calibration (frequency coverage),
as these measures depend differently on the volume of
data and the properties of the metric. Consequently, sam-
ple planning and stopping rules should be formulated as a
decision-making problem under uncertainty, considering
the economic cost of additional data and the possibility of
reducing it through prior information or threshold criteria.

Sequential decision-making in Bayesian A/B tests.
For the practical application of Bayesian A/B testing, it is
advisable to establish not only criteria for data “sufficiency”
but also a protocol for sequential decision-making as obser-
vations accumulate. Figure 1 illustrates the logic of such a
protocol and formalises the experiment as a repeatable pro-
cedure for evaluating results as data becomes available. Its
purpose is to reconcile the three components that determine
the practical usefulness of the experiment: practical signifi-
cance (exceeding the null threshold), interval certainty (suf-
ficient narrowness of the credibility interval) and economic
feasibility (the ratio of the value of additional information to
the cost of continuing the experiment).

Set the sufficiency criteria (before the start)
practically significant threshold
minimum level of confidence requirement
for a narrow interval
cost of continuation
(time, computational resources, and experimental cost)

|

Receipt of new data (the next stage of monitoring)

Yes

A

N

A

Update estimates
posterior distribution of the effect
Bayesian posterior/credible interval
probability: effect > threshold

Is it sufficient to be confident that the effect is = PAI (or = 0)?

Yes

Is the interval narrow
enough to provide an
unambiguous solution?

YV

T

Do the expected benefits of reducing
uncertainty outweigh the costs
of continuing?

Stop the test
and make a decision.

Stop the experiment (reason:

or impracticality of continuation)

insufficient certainty

Figure 1. Flowchart for sequential decision-making and termination of a comparative engineering experiment
Source: compiled by the author based on S. Kamalbasha & M.].A. Eugster (2021), F. De Santis & S. Gubbiotti (2021), H. Zheng et al. (2023),
]J. Pan & S. Banerjee (2023), D. Pananos (2024), R. Kelter & S. Pawel (2025)
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Figure 1 formalises the policy of continuous monitor-
ing of a Bayesian A/B experiment as a framework for en-
gineering decision-making under resource constraints. At
the pre-experimental stage (first block), the parameters
defining the “sufficiency” of the result are established: PAI,
the minimum level of posterior confidence for asserting
that the threshold has been exceeded, the requirement for
the width of the credible interval, and an assessment of the
cost of continuation in terms of time, computational re-
sources, testing effort, and losses associated with delayed
implementation. The prior specification of these parame-
ters ensures the consistency of the criteria throughout the
experiment and reduces the risk of them being “tweaked”
to fit interim results. The process is then implemented as
a repetitive cycle. At each control step (second block), fol-
lowing the arrival of new data, the posterior estimates are
updated (third block): a posterior distribution of the effect
is formed, the credible interval is calculated as a compact
measure of uncertainty, and the posterior probability of
exceeding the threshold (zero or PAI) is estimated. This
update distinguishes between two fundamentally different
aspects of interpreting the results: whether the data sup-
port the claim of a practically significant effect, and wheth-
er the estimate of the effect is sufficiently precise for an
unambiguous engineering interpretation.

The first decision node checks the condition of prac-
tical significance: is there a posteriori confidence that the
effect is not less than the PAI (or not less than zero) at a
given level. If the result is positive, the evaluation does not

end automatically but proceeds to the second node - the
precision condition: whether the credible interval is nar-
row enough to avoid substantial ambiguity regarding the
magnitude of the effect and its engineering implications,
for example in the assessment of latency, throughput, er-
ror rate, energy consumption, reliability, or resource plan-
ning. If the conditions of evidence and precision are met,
the experiment concludes with a decision being made. If,
however, at least one of the conditions (evidence or preci-
sion) is not met, the process moves to the third node - the
assessment of the economic feasibility of continuing. Con-
tinuation is considered justified only when the expected
benefit from reducing uncertainty, that is, from a potential
refinement of the technical decision, exceeds the cost of
additional data collection. If the conclusion is positive, the
experiment continues, and the cycle repeats; if negative,
the experiment is halted as one where further refinement
is not rational within the limits of available resources. In
general, the diagram illustrates that the point at which
the experiment is halted is not the technical completion
of data collection, but the point at which further obser-
vations cease to improve the quality in a statistically
and economically sound manner. To operationalise the
scheme shown in Figure 1, it is advisable to specify exper-
iment-termination rules in the form of a decision matrix
that combines the posterior probability that configuration
B is superior to configuration A with the expected techni-
cal loss as criteria for stopping, continuing, or terminating
the experiment (Table 3).

Table 3. Bayesian decision matrix for completing a comparative engineering experiment

Scenario Condition Interpretation Solution
There is a high posterior probability that configuration B
P(B>A)>95% outperforms configuration A, and the expected technical

Positive result and eL(B)<0.01%

loss from selecting configuration B is below the acceptable
threshold

End the experiment

A positive result
with an increased
risk

P(B>A)>95%
and eL(B)>0.01%

Configuration B is likely to be superior to configuration
A; however, the expected technical loss exceeds the
acceptable threshold, so the remaining uncertainty is still
practically significant for the engineering decision

Continue the experiment or end it
with a higher level of risk

The difference

has not yet been P(B>A)<95%

and eL(B)>0.01%

There is insufficient evidence to conclude that
configuration B is superior; no practically significant

Continue the experiment

determined difference has yet been established
End the experiment. However, the
Lack of P(B>A)~50% There appears to be no practically significant difference proposed modification may still
. e between the configurations, and for this metric the be implemented if it represents a
difference and eL(B)<0.01%

conclusion may be considered final

logical step towards subsequent
planned functional changes

There is likely to
be no difference

P(B>A)=50% and
0.01%<eL(B)<0.1%

The result suggests the absence of a practically significant
difference, although additional data could still be collected
to reduce uncertainty; however, the overall engineering
conclusion is unlikely to change

Data collection may continue,
but the overall engineering
conclusion is likely to remain
unchanged

Negative result

P(B>A)<5%
and eL(A)<0.01%

There are strong grounds for concluding that configuration
A is superior, and the expected technical loss associated
with retaining configuration A does not exceed the
acceptable threshold. If P(A>B) or eL(A) is analysed, the
result should be interpreted in the opposite direction

End the experiment
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Table 3. Continued

Scenario Condition Interpretation Solution
The experiment should normally
S . be stopped; if additional
Strong negative P(B>A)<5% There are strong indications that configuration B performs confirmation of the negative

signal and eL(A)>0.01%

worse; however, the expected technical loss criterion has
not yet reached the final stopping threshold

effect is required, data collection
may continue until eL(A)<0.01%
is reached

Source: compiled by the author based on C. Stucchio (2015), S. Kamalbasha & M.]J.A. Eugster (2021), F. De Santis & S. Gubbiotti (2021),
H. Zheng et al. (2023), ]. Pan & S. Banerjee (2023), D. Pananos (2024), R. Kelter & S. Pawel (2025), A. Markov & O. Zaritskyi (2025)

In this study, the calculation of expected loss and rel-
ative expected loss is presented in accordance with the ap-
proach outlined by C. Stucchio (2015). A threshold value of
0.01% for the expected loss is used based on the results of
an experimental study conducted by A. Markov & O. Zarit-
skyi (2025), which show that this level provides a practical
trade-off between the risk of an incorrect decision and the
duration of the experiment. Examples from engineering
practice illustrate that experiment stopping criteria are for-
mulated as a balance between the quality of the technical
decision, the attainment of target performance indicators,
and resource expenditure.In the field of stream computing,
the Bayesian-driven solution AuTraScale+ for operator-level
autoscaling on the Flink platform was proposed to achieve
target values of throughput, processing-time latency, and
event-time latency. Experimental results obtained on three
representative workloads showed that the proposed ap-
proach reduced resource consumption by 66.6% in scale-
down scenarios, by 36.7% in scale-up scenarios, and by
26.9% on average in event-time latency optimisation com-
pared with state-of-the-art methods (Zhang et al., 2024).
This example demonstrates that the practical value of the
Bayesian approach lies not in achieving maximum accuracy
at any cost, but in identifying, within a reasonable time, a
configuration that ensures the required QoS level with min-
imal resource expenditure. In the field of edge computing,
a Bayesian framework for adaptive resource scheduling was
proposed for the joint optimisation of energy consumption
and latency. The results showed that the proposed approach
reduced energy consumption and average delay compared
with baseline algorithms, while cumulative energy savings
reached 25% relative to baseline methods; moreover, in
trace-driven simulations, the framework demonstrated up
to 15% greater energy efficiency and approximately 10 ms
stricter latency guarantees compared with pure Bayesian op-
timisation or ad hoc schedulers (Sahu et al., 2025). Thus, in
engineering experiments, the optimisation of data volume
and test duration is determined not by the pursuit of max-
imum accuracy, but by the attainment of sufficient techni-
cal certainty at the minimum justified cost in terms of time,
computational resources, and experimental infrastructure.

Another illustrative example is provided by vehicular
communication systems, where Bayesian approaches are
used to tune the parameters of IEEE 802.11 VANET safety
messaging under strict QoS requirements. In such tasks,
the practical value of sequential Bayesian decision-making
lies in the fact that further testing is justified only when

it leads to a real improvement in the balance between
transmission latency, reliability, and the computational
complexity of identifying the optimal configuration. This
example clearly illustrates the engineering logic of exper-
iment termination: the decision should be based not on
an abstract pursuit of maximum accuracy, but on the at-
tainment of sufficient technical certainty within accept-
able time and computational costs (Wright et al., 2026).

When designing an engineering experiment, the prima-
ry task is to clearly define the decision to be made, such as
selecting between alternative system configurations or vali-
dating a performance improvement. This requires specifying
a minimum practically significant effect (8), corresponding
to a technical tolerance or performance requirement. In-
stead of asking whether any difference exists, the objective
is to determine whether the observed effect exceeds this
predefined threshold. In a Bayesian framework, this is nat-
urally expressed as a required posterior probability that the
effect is greater than zero or &, ensuring a controlled risk of
incorrect decisions. To ensure consistency and avoid arbi-
trary adjustments during the experiment, both the perfor-
mance threshold and the acceptable level of uncertainty
should be defined in advance. Stopping criteria must bal-
ance two components: (i) sufficient posterior evidence that
the effect meets the required threshold, and (ii) sufficient in-
terval precision to allow unambiguous interpretation of the
effect magnitude. The relative importance of these criteria
depends on the task: binary decisions (e.g., accept/reject a
configuration) may rely primarily on threshold exceedance,
whereas quantitative system assessment requires narrower
intervals and, consequently, larger sample sizes.

In engineering contexts, variability is often driven by
noise, operating conditions, or system instability. High
variability slows the reduction of uncertainty and increas-
es the required data volume. Therefore, results should
be interpreted not only through point estimates but also
through the range of plausible outcomes. Where appro-
priate, complex performance metrics can be decomposed
into components to improve interpretability and identify
sources of variation. Prior information (e.g., historical data
or previous experiments) can reduce the required sample
size by accelerating convergence, but only if it is consistent
with current operating conditions. Otherwise, it may in-
troduce bias and lead to false certainty, so conservative or
partially informative priors are recommended when com-
patibility is uncertain. Common pitfalls include testing for
negligible effects without predefined thresholds, equating

62 Information Technologies and Computer Engineering, 2026, 23(2)



Markov

narrow intervals with correctness,and extending experiments
without considering resource constraints. In engineering
practice, sample size should be treated as a tool for manag-
ing uncertainty under limited resources (time, computation,
or experimental cost). The experiment should be terminated
when additional data no longer meaningfully improves the
reliability of the decision relative to its cost.

The results of the study have shown that practically
applicable Bayesian A/B testing requires not only a calcu-
lation of data “sufficiency”, but also a formalised protocol
for sequential decision-making as observations accumu-
late. The proposed logic of the protocol treats the exper-
iment as a repetitive cycle of updating posterior estimates
and testing conditions. This is consistent with the study
by T. Zhou & Y. Ji (2024), which systematises sequential
Bayesian designs as decision-making procedures as data
arrives, which naturally corresponds to the interpretation
of the experiment as a cycle of monitoring and stopping.
Furthermore, the work by G. Mulier et al. (2024) demon-
strates the practice of constructing sequential monitoring
strategies and emphasises the need to evaluate the prop-
erties of such strategies in applied scenarios, i.e., treat-
ing monitoring as part of the design, rather than merely
as “metric observation”. Thus, the framework of the study,
in which stopping criteria are specified in advance and
tested repeatedly, is methodologically consistent with the
contemporary interpretation of sequential Bayesian proce-
dures of the 21t century.

J.G. Liao et al. (2021) examined the testing of interval
null hypotheses and compared two approaches to formal-
ising a “practically zero” effect: the Bayes factor and the
modified Region of Practical Equivalence (ROPE) proce-
dure. The authors emphasised that, in a range of tasks, it
is appropriate to test not for a difference from the point
null, but for the effect falling within an interval of practi-
cal insignificance or, conversely, for the presence of suffi-
cient evidence against such an interval. These provisions
are consistent with the results of the present study, which
show that for applied engineering problems, the prior
specification of the practical significance threshold and
the rules for interpreting “small” effects are critical, since
an engineering decision usually depends not on the mere
fact of a “difference from zero”, but on the practical sig-
nificance of the effect. In line with the logic of Figure 1,
the first decision node is associated with exceeding zero or
a predefined engineering threshold; this threshold can be
formalised as an interval of practical insignificance, anal-
ogous to ROPE, or as an evidence criterion based on the
Bayes factor. Consequently, the threshold formulation (PAI
/ interval “zero”) is not only a practical requirement of en-
gineering decision-making but also a statistically sound
method for avoiding decisions based on trivial and techni-
cally insignificant deviations

The study results indicate that the sample size n
should be determined not with the aim of “achieving max-
imum precision”, but rather to attain sufficient certainty
for decision-making within resource constraints. Within

this approach, n is viewed as a tool for managing uncer-
tainty: too small n leaves intervals too wide for practical
interpretation, whilst too large n increases the costs of de-
cision delay. This is consistent with the review by K. Kunz-
mann et al. (2021), which systematised Bayesian approach-
es to deriving n for confirmatory studies and emphasises
the relevance of the definition of “sufficiency” criteria (in
particular through probabilistic target values such as the
probability of success or achieving the objective). The
study by S.F. Williamson et al. (2023) is also consistent with
this line; using the example of determining n for a Bayesian
estimation of diagnostic test characteristics, it emphasises
that the choice of n involves a practical trade-off: it deter-
mines whether the estimate will be sufficiently precise for
decision-making and whether data collection is excessive.
Both sources support the conclusion of the present study
that the volume of data should be planned based on criteria
that reflect engineering decision requirements (threshold
+ acceptable uncertainty), rather than on the abstract con-
cept of “the highest possible accuracy”.

The paper by M. Mezzetti et al. (2023) examined Bayes-
ian hierarchical models and procedures for eliciting prior
information, with the authors emphasising that prior in-
formation is a critical component of the model and can in-
fluence the uncertainty of posterior estimates. These find-
ings correlate with the results of the current study, which
specifically highlights the role of prior assumptions as a
tool for accelerating the attainment of interval certainty,
provided they are substantively justified and compatible
with the current context. Accordingly, an informative prior
can increase certainty in the early stages of data collec-
tion, but at the same time raises the bar for procedural dis-
cipline: prior assumptions must be established in advance,
justified and consistent with the experimental conditions,
otherwise there is a risk of false certainty. Thus, practically
effective Bayesian A/B testing requires a predefined proto-
col for sequential decision-making that reconciles practi-
cal significance (PAI or Bayesian factor), interval certainty
and the economic feasibility of continuing. It is advisable
to plan the sample size n as a tool for managing uncertain-
ty under resource constraints (based on model and prior)
and to terminate the experiment when additional infor-
mation no longer justifies the expenditure of time and
computational resources.

Conclusions

The results of the study showed that, before the start of the
experiment, it is advisable to define the PAI, the minimum
posterior confidence level for exceeding the threshold, the
requirement for the width of the credible interval, and the
cost of continuation in terms of time, computational re-
sources, testing effort, or losses due to delayed implemen-
tation, which ensures the consistency of the criteria and
reduces the risk of adjusting them to fit interim results. A
sequential Bayesian A/B test should be implemented as a
repetitive cycle of updating posterior estimates, in which
the posterior distribution of the effect, the credible interval,

Information Technologies and Computer Engineering, 2026, 23(2) 63



A sequential decision framework for Bayesian A/B Tests...

and the probability of exceeding the null or predefined
engineering threshold are calculated at each step. The de-
cision must separately address the evidence of practical
significance and interval precision, that is, whether the
interval is narrow enough for an unambiguous interpreta-
tion of the effect size. If these conditions are not met, con-
tinuing the test is justified only when additional data are
expected to improve the engineering decision in a statis-
tically and practically sound manner. Engineering metrics
characterised by high variability or rare events require a
larger margin in n, because interval uncertainty decreases
more slowly under such conditions. It is also useful, where
appropriate, to decompose complex engineering metrics
into interpretable components in order to better explain
the source of observed changes.

Recent engineering applications confirm the practi-
cal value of Bayesian approaches under performance and
resource constraints. In stream computing, Bayesian-driv-
en autoscaling reduced resource consumption by 66.6%,
36.7%, and 26.9% across QoS scenarios, while in edge com-
puting Bayesian adaptive scheduling achieved up to 25%
energy savings, 15% greater energy efficiency, and about
10 ms tighter latency guarantees. In vehicular communi-
cation systems, Bayesian optimization likewise supports
experiment termination based on balancing transmission
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MocnigoBHa CTPYKTYpA pilueHb ang 6aeciscbkux A/B-TecTiB: y3rogXeHHs
TOYHOCTI iHTepBaNy, NPAKTUYHOI 3HAYYLLLOCTI TO O6MeXeHb pecypciB

Aptyp Mapkos

AcnipaHT

KuiBCbKMiN HOLIOHANBbHWUI YHIBEpCUTET iMeHi Tapaca LLesueHka
01033, Byn. Bonogummpcbka, 60, M. Kuie, YkpaiHa
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AHoTauis. JlocmifskeHHsT Majio Ha MeTi 00IPYHTYBaTH MiIXif 10 TaHyBaHHS Ta IPOBeIeHHs 6aeciBCbKMX A/B-TecTiB, y
paMKax SIKOTO KpUTepil iHTepBaabHOI JOCTOBIPHOCTI IOEHYIOTHCS 3 IOPOTOBMMY BMMOTaMM JIJIs1 IPAKTUYHO 3HAUYILIOTO
edexkTy Ta OI[iHKOIO €KOHOMIYHOi [OIJIbHOCTI IMOJAIbIIOro 3060py HaHux. MeTomosoris 6asyBajacsi Ha MeTomax
QHAJIITUYHOTO CUHTE3Y, CTPYKTYPHO-JIOTiYHO1 Kiacudikailii, joriko-aaropurmiudoi Gopmaisaiiii Ta inocTpaTMBHOTO
aHaJli3y BUIAAKIB. Y OOCTiIKeHH] 6y/lI0 BCTAHOBJIEHO, IO B 6aeciBcbkMxX A/B-TecTax «iHTepBajbHA TOUHICTb» Mae€ JBa
BUMipK: iHGOPMATUBHICTh (BY3bKiCTh Ta CTA6I/IbHICTh JOCTOBIPHOTO iHTEpBalLy IS ATPUMKHM iHKEHEpHOTO PillleHHST)
Ta KanibpoBaHicTh (6MM3bKiCTh GAKTUUYHOTO MOKPUTTS JO HOMIHAJIBHOTO PiBHS, SIKMIT MOXKe BiIXMJISITUCS OJIST MaIux
BUOGIpOK). [JoC/IipKeHHSI TTPOIeMOHCTPYBAJIO, 1110 HeBU3HAUEHICTh 3MEHIIYEThCS 3i 301IbIIEHHSIM N, ajie 3i 3MeHIIeHHSIM
BiJjIjayi; TOMY MOAAJIbIIIe 3BYKeHHSI iHTepBaJIiB BUMAra€e HelpOoIOPIIiifHO GiMbIINX BUTPAT Yacy Ta 06UMCTIOBAIbHMX 260
eKCIIepMMEeHTaAbHUX PecypciB i BUIIpaBhaHe Juile TOZi, KOJMM Taki BUTPATU € BUIIPaBIaHUMU, IPUUOMY HeobOXiIHe n
3aJIEKUTDb Bif, MeTpUKM Ta mMacuitaby edekrry. O6¢car JaHMX MOXKHA 3MEHIINTY, BKIIOUMBIIN anpiopHy iHdopmarlio 1o
arpiopHOTOo PO3IOAiNTY a60 BU3HAUMBIIN «AOCTATHICTh» HA OCHOBI KpMUTEPiiB TOKa3iB a60 iTMOBIpHOCTI JOCSTHEHHSI METH,
TOAi SIK BMCOKA MiH/JIMBICTh iHKEHEPHUX METPMUK, PiJKicHi momii, HM3bKi 6a30Bi MOKA3HMKU IOAiN, CYyBOpi BUMOIU IO
TOUHOCTI Ta HeBeMMKNI epeKT 361bIIYIOTh HEOOXiIHe N Ta TPUBATICTb TecTy. [I[06 3MeHIINTM HeOOXigHNUIT 00CAT TaHUX,
OyJ10 3aIIPOIIOHOBAHO TOCTiIOBHY CTPYKTYPY [IJIsS 3aBeplieHHs 6GajieciBcbkoro A/B-TecTy, 10 MoeaHye iHhopMaliitHmit
KOMIIOHEHT, 1Ii/IbOBUIi KOMIIOHEHT Ta NepeBipKy eKOHOMiUHOi JOLiJIbHOCTi: «OHOBJIEHHS OLiHOK — IOpir nepeBipku —
iHTepBa/l MepeBipKM — 3BaXKTe IepeBaru Ta BUTPATH Ha IMPOJNOBXKEHHS». [IpaKTMYHY 3aCTOCOBHICTh IL[bOTO MigXOAy
MiATBEPAWIN iHXKEeHEepHi MOCTimKeHHSs, ne 6aiieciBChbKi METOAM 3MEHIIWIM CIIOXKMBAHHS pecypciB Ha 66,6 %, 36,7 %
Ta 26,9 % y IOTOKOBUX OOUMCAEHHSX Ta AOCSIIN eKOHOMIi eHeprii 1o 25 %, 6inbioi eHeproedekTMBHOCTI Ha 15 % Ta
npubm3Ho Ha 10 MC MeHIIMX rapaHTiit 3aTpUMKM B miepudepiitHux obuncaeHHsxX. [IpakTuuHe 3HAUEHHST Pe3y/IbTaTiB
TIOJISITA€ B iX 3aCTOCOBHOCTI NOCTIAHMKAMM Ta aHATITUKAMMU, SIKi 6epyTh y4acThb y iHKeHEPHMX eKCIIepUMeHTax, Mif, yac
MIPUIHSATTS pillleHb O/I0 3aBepIlIeHHs eKCIIePUMEeHTY Ta BIIPOBayKeHHS 3alIpOIIOHOBAHMUX 3MiH
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