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CONTEXT-AWARE CHOICE OF METRICSIN A/B TESTING

The study is aimed at improving the methodology of selecting metrics Brtesting by
introducing an extended set of metric attributes that can serve as theseaaich criteria for
determining the appropriate metrics for a particular experimentalextonflong with such
parameters as sensitivity, latency and noise, structural characse(esy., data type and metric
aggregation scheme, associated business process) are proposed to be includexbatugtien
system. By summarising the published results of numerous studies, the values of key metric garameter
such as sensitivity, noise and latency are ordered, a hierarchical shirtetdependencies between
metrics of different levels is built, and the procedure for forming sofsepecific metrics for AIB
testing using a metric tree for the correct identification of surrogates is determi
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Statement of the problem in general form and it’s connection with important
scientific or practical tasks. A/B testing is a type of controlled online experiments currently
regarded as the “gold standard” for evaluating improvements to websites, mobile applications
and services in e-commerce and search engines [56]. Large companies such as Amazon,
Facebook, Google, Linkedln, and Microsoft are investing in their own experimentation
systems supporting A/B testing in many other companies. E.g., Microsoft's platform [27]
supports experiments in Bing, MSN, Cortana, Skype, Office, xBox, Edge, Visual Studio, etc.,
running thousands of experiments per year. At the same time while numerous start-ups (e.qg.,
Apptimize, LeanPlum, Optimizely, Taplytics) offer A/B testing solutions for smaller sites.
A/B tests discussed in this article are online controlled experiments conducted on live traffic
to support data-driven decisions in online businesses, such as e-marketplaces Amazon and
eBay, portal sites like Yahoo and MSN [57], e-aggregators like Booking.com [44], search
engines like Microsoft Bing and Google [24, 58].
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In the simplest controlled experiment (A/B test), users are randomly assigned to one of
two options: control (A) or test (B). Usually, the control is an existing system, and the test is
an existing system with a new property X added. The user's interaction with the system is
registered and metrics regarded to be the indicators of treatment effect are calculated. If the
experiment has been designed and executed correctly, the only thing that is consistently
different between the two variants is the feature X. External factors, such as seasonality, the
impact of launching other features, competitors' actions, etc., are distributed evenly between
the control and treated variants and are supposed not to affect the results of the experiment.
Therefore, any difference in performance between the two groups must be attributed to X
This confirms the causal relationship between changes made to the product and changes in
user behaviour. Accordingly, the availability and selection of the right metrics is crucial for
the successful conduct and subsequent evaluation of the experiment results [23, 28, 56].

Analysis of the latest research and publications, which initiated the solution of
this problem and on which the author relies. The importance of metrics as a mechanism for
providing correct assessment of the AB testing results has been recognised and studied in the
management field since at least 1956 [56]. It is described byssitements as “What gets
measured gets managed”, “What gets measured, gets managed”, “What you measure is what
you get” and “You are what you measure” [27]. In recent years, several papers have been
published on defining metrics for online controlled experiments [21, 23, 39, 61, 76].

K.Rodden et al. [76] proposed a user-centred framework for defining and interpreting
metrics in A/B testing and, basing on Google's experimental infrastructure, presented a
taxonomy of metrics tied to stages of the user journey, categorised as behavioural, attitudinal
and business metrics.

L.Rachitsky in [74] substantiated the necessity of aligning the metric selection with
business objectives. Based on their experience at Microsoft, W.Machmouchi and G.Buscher
[61] presented a set of guiding principles for building reliable, interpretable, and decision-
aligned metrics in online A/B testing: clarity and interpretability (metrics should have
unambiguous definitions and business meanings); stability and sensitivity (metrics should
balance reliability against random noise and the ability to detect meaningful changes);
hierarchical relevance (each metric should be associated with a clearly defined purpose and
place in the metric hierarchy). They propose a hierarchical organization of metrics,
distinguishing between Objective Evaluation Criteria (OECs), which serves as the primary
variables for decision-making, and supporting or diagnostic metrics, which are intended to
facilitate root cause analysis but not to make treatment decisions on their own.

W.Machmuchi and G.Boucher emphasise that the effectiveness of A/B testing depends
not only on statistical methods, but also on the quality and structure of the metrics themselves.

R.Kohavi and A.Gupta [37, 39] developed these principlesleftag “right” metrics
in the form of the mandatory possession by metrics of at least seven basic properties STEDIL:
Sensitivity (S), Trustworthiness (T), Efficiency (E), Debuggability (D), Interpretability and
Actionability (1), Inclusivity and Fairness (I). Approaches to creating such metrics: division,
decomposition and segmentation, are thoroughly outlined in [65].

In [23] and [61], several principles for developing good metrics for overall evaluation
criteria are outlined. An overall evaluation criterion (OEC) is an indicator or a set of
indicators Y = {Y}, by the change of which the effectiveness of implementing change X is
evaluated. OCE metrics are key metrics for a given type of business, which can usually be
measured easily during a short experiment. It is recommended to set only one metric as the
OCE, but a composite indicator combining various metrics is also possible [27].
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The development of a proper IES is a subject of active research [6, 13, 23, 27, 28, 56,
61]. In [28], a data-driven approach to assessing various indicators of OCE is described, while
[6] considers the feasibility of using short-term and cumulative long-term metrics as OCE.
A.Deng and X.Shi [23] introduced metric aggregation as a weighted linear combination,
which was later adopted and extended by E.Kharitonov et al. [49].

K.Liou [60] et al. proposed a more sensitive variance-weighted treatment effect
estimator relying on the individual variances of experimental users according to pre-
experiment data. In [27], a wider set of problems related to the interpretation and selection of
metrics is analysed. Many works also focus on the problems of correct interpretation of
changes in metrics values [6, 27, 28, 56], the most common of which include ignoring or
misinterpreting the statistical significance of a metric change; insufficient sample size,
neglecting secondary effects (impact on other important metrics); incorrect assessment of
metric changes during early test evaluation, using inappropriate statistical tests, incorrect
interpretation of so-called ratio metrics, i.e. metrics calculated as the ratio of two other
metrics; rejection of the presence of metric changes in case of large variance with a small
sample size; failure to take into account user segmentation, novelty effect, etc. A lot of studies
address the behaviour of metrics and describe methods for defining them.

R.Kohavi et al. [54] provide several examples of non-intuitive metric behaviour and
show the importance of identifying skewed metrics with further truncating them to improve
sensitivity.

P.Dmitriev and X.Wu in [28] present results of thorough examination of metric quality
and state metric parameterization to be crucial for correct designing the A/B tests. They
thoroughly characterise metrics in terms of parameters such as variance, bias, and sensitivity,
emphasising that the choice of metric fundamentally affects the power and reliability of the
experiment. They distinguish metric types - binary, continuous, and counting - and emphasise
how the statistical properties of each type affect the ability to detect treatment effects (MDE
values). They show that metrics with high variance or skewness can reduce statistical power,
thus requiring the use of variance reduction techniques or alternative aggregations. A.Drutsa
et al. [30] examine the sensitivity of user engagement metrics, especially those used as
primary or guardrails in content and UX experiments.

Problems of metric interpretability and failure modes are reviewed by P.Dmitriev et al.
[27], who substantiate that even sophisticated statistical analysis, can mislead decision makers
if metrics are poorly aligned with causal or business goals. These cautions are reflected in
R.Kohavi, D.Tang, and Y.Xu fundamental research [58], which offers a comprehensive
roadmap for conducting reliable A/B testing in an industrial setting. Authors identify the
functions of metrics in experimentation, classifying metrics as: primary (catching the intended
effect); guardrail (safety constraints, e.g., latency, NPS); auxiliary, supporting metrics (used
for diagnostics, debugging, e.g., failure rate, scroll depth) and exploratory metrics (not
specified in advance; used to generate hypotheses). They emphasize such properties of
metrics as directionality (moving in valid direction); stability (variance and seasonality);
sensitivity (MDE and CV), and actionability (producing relevant decision). A key point is
highlighting the role of guardrails as practical checkpoint metrics which should not deteriorate
even if the primary success metric improves.

A.Deng [17] investigates statistical properties of metrics. Deng categorizes metrics by
data type and aggregation schemes, highlighting the influence of metric choice and metric
calculation method on statistical power, experimental sensitivity and interpretability. In [18]
A.Deng proposes to define the sensitivity of a metric as the probability that the metric will
experience a statistically significant change in response to the true effect of a treatment
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evaluating its significance by statistical power (the probability of catching a treatment effect)
and probability of change (movement) in desired direction. It is stated that improvement of
sensitivity may be achieved by increasing the power through variance reduction (e.g.,
CUPED, covariance adjustment), by increasing the sample size or by increasing the effect size
by changing transforming the definition of the metric (e.g., changing the type of aggregation).

Improving the sensitivity of A/B tests makes experiments more efficient due to the
fact that, for fixed error probabilities, a more sensitive test is better at detecting smaller effects
with greater precision or requires less data, which drives the large number of studies focusing
on ways to increase sensitivity. Converting the resulting metric to a metric with lower
variance is a common approach to improve sensitivity [14, 21, 24, 59]. A.Deng, Y.Xu,
R.Kohavi and T.Walker [24] introduced CUPED (Controlled-experiment Using Pre-
Experiment Data) method reducing the variance (variability) of a metric in A/B tests by using
previous user data (covariates) to predict current values. The method is based on the
application of covariance correction of the original metric Y by a value determined on the
basis of historical (pre-experimental) data concerning the metric behaviour. Method proved to
provide 26-50% variance reduction when appropriate covariates are available and metric is
aggregated as average one. Further improvement of the method by introducing augmentation
and metric decomposition [19] due to the application of ANA (Approximate Null
Augmentation) method made it possible to extend the technique to ratio and percentile
metrics, improving signate-noise ratio and allowing for variance reduction even when pre-
period data is unavailable or weakly correlated. Problems of CUPED application under weak
correlation of covariate with the response to change [59] could be probably overcome by
synthetic metrics using for modelling the response of the main metric in the population under
study a similar population that has not been exposed to the change [59, 88]. Various other
studies report that historical data can be used to improve sensitivity by reducing the variance
[24] or directly to optimise sensitivity [49]. Kohavi et al. [54] describe several examples of
metric misbehaviour, illustrating the benefits of detecting distorted metrics in a timely manner
and cutting them off (truncating them) to improve sensitivity. Other transformations to
improve sensitivity include binarisation of quantity and revenue metrics [59]. Some studies
have shown that sensitivity can be improved by adapting the method of evaluating test
effectiveness [26]. D.Dimmery, E.Bakshy, and G.Sekhon [26] developed consistent, small
bias, empirical shrinkage Bayes Stein-type estimators for detection of causal effects in large-
scale online experiments applying multi-arm bandit algorithms. By using shrinkage
techniques, they reduce variance while controlling bias, leading to more reliable effect size
estimates for metrics that are otherwise highly volatile.

In [21] authors define the metric decomposition as a sensitivity optimization
procedure. The authors propose a concept of component-based sensitivity metric, breaking
down the metric components into submetrics (e.g., CVR x AOV for Revenue) and calculating
the components of sensitivityvariance and level of motion sensitivityseparately for each
component. They show that that decomposed metrics, such as weighted aggregate metrics for
each user, can significantly increase sensitivity by reducing variance and focusing on
components that are responsive to treatment and present a simulation-based diagnostic
procedure for comparing candidate metric formulations.

In case long-term business or strategic metrics are used in the AB test, directionality is
added to these characteristics [13, 27, 41, 53]. Directionality identifies how well the metric
aligns with long-term business results [23, 27, 53]. For example, P.Dmitriev and X.Wu [28]
discuss the possibility of engaging subject-oriented experts to develop true directionality
labels for a set of experiments. H.Hohnhold et al. [41] develops directionally consistent
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metrics using a set of long-term experiments. In most cases, correlation and regression
analysis methods based on “historical” data are used to assess directionality, while in [13]

survival modelling is applied to validate directionality and surrogacy for determining a
particular set of short-term metrics capable of assessing the long-term metric. A.Deng and
X.Shi [23] treat directionality (stable metric movement in one direction for positive treatment
effects and in the opposite direction for negative effects) as one of the important
characteristics in metric selection, suggesting that preliminary experiments should be used to
collect a corpus of good metrics and estimate sensitivity and directionality using Bayesian a
priori data. They provide seven empirically based lessons on developing, validating and
deploying metrics on such large-scale platforms as Bing and Skype and propose a practical
guidance on developing a metric system, emphasizing the necessity of: alignment with the
business (metrics should reflect what really matters); back-testability (showing a consistent
difference between treatment and control in previous experiments); reducing variance by
employing CUPED and other sensitivity increasing methods and correct choice of
aggregation and randomization (per user, per session, per population). This is complemented
by recommendations of M.Schulzberg et al. [79] focusing on the use of multiple metrics in
risk-aware decision rules.

Considering directionality as constituent of the metric sensitivity is further developed
by O.Jeunenet al [46] and Wen Qin et al [72]. In addition to common error -typgpe |
(false positives) and Type Il (false negativesp.Jeunen et al. [46] introduce the Type lli
errors (errors in effect sign connected with opposite movement direction of North Star and
supporting metric) and proposed methodology for validating proxies or secondary metrics
based on their error characteristics and statistical power. It allows ranking proxy indicators by
reliability and effectiveness thus providing a data-driven validation pipeline for evaluating
proxy indicators in any production environment which facilitates quick and trustworthy
decision-making when North Star indicators are inconclusive.

Microsoft researchers Wen Qin et al. [72] continue investigation of metric nature
started by A.Deng et al. [23]. In analysis of metric actionability, A.Deng and X.Shi [23]
decompose sensitivity into two components: statistical power and movement probability both
being important for successful application of metrics. Following that authors [72] consider
Metric sensitivity as movement probabilitystatistical power and propose to assess both
components of metrics using power analysis to verify that the minimum DTE (Detectable
Treatment Effect (DTE) or MDE) is attainable and movement analysis performed on
historical A/B tests to estimate movement probability and to study if the metric moves as
expected. Movement analysis engaged a historical test corpus, both labelled (known to have
effects) and unlabelled to compute numbeoiNrue/false positives and negatives within the
corpus. The obtained confusion matrix of true/false positives and negatives (fig. 1) is used to
identify the movement component of sensitivity by summarizing the behaviour of the metric
on the labeled corpus. Authors expect a sensitive to have a ld(te+N»), as close to 1 as
possible, where Nand N are the numbers of Htreatment effect exists) true positives and
negatives respectively. A robust metric (i.e., one that is less susceptible to noisy movements)
will have Ns/(N3+Ns) where N and N are the numbers ofHtreatment effect doesn’t exist)
true positives and negatives respectively. The authors state, that the metric of interest has
enough sensitivity if it fulfils the following qualities: a) it is assessed that the minimum DTE
of the metric can be achieved; b) the movement direction is always explainable for A/B tests
covered by Nin the confusion matrix; confusion matrix shows for the metric hig{iNNFNy)
and N/(N3+Ns) close to the significance level; the metric has large observed movement
probability compared with other candidates. If no metric from the developed fulfils all of
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them, the one that meets most of them is to be chosen. Furthermore, the metric sensitivity
could be improved by: reducing the impact of outliers by capping the value of the metric at a
fixed maximum value [58, 61]; by variance reduction by CUPED or shrinkage [26], by
substituting the metric value by the Log function on the metric valudog(1+x) or by
changing the level of metric aggregation: Single Avgoouble Avg or Weighted Avg [47]);

by applying more short-term proxy metric found by predictive models [39].

The recent N.Larsen et al. paper [59] provides a thorough review of A/B testing
methodology, addressing the key issues of statistical inference, sequential testing, metric
correlation, and heterogeneity. This review emphasises the correlation, confusion and
multiplicity of different metric types and reveals their special features: highly correlated
metrics (e.g., time on site and scroll depth) can overstate the first type error; low-power
metrics (e.g., churn rate) require longer test durations or larger samples; composite metrics
multiple outcomes (e.g., engagement score), but are likely to obscure trade-offs. The authors
state the necessity of multimetric correction and pre-experimental metric sensitivity analysis.

A.Fabijan et al. [32] present consolidated checklists designed to increase the reliability
and scalability of online controlled experiments. The checklists cover metric design at high-
level and advocate for designing the metric set instead of single metric reflecting the specific
user behaviour the tested feature is supposed to induce (feature metric). This set is to contain
in addition to feature metric such metrics as: data quality metrics, guardrail metrics proving
other metric movements are not crossing important business constraints, and success metrics
revealing whether the tested feature promotes achieving long-term company goals. Metrics
are to be examined for choosing a winning variant specified for each kind of metrics. Authors
show that most of the experiment analysis is to be conducted before the experiment is started,
and clarify ways of ensuring the process quality though their list of items does not include
checks on the ability of the selected metrics to provide the desired experiment parameters
(duration, power, etc.) due to the metrics' specific characteristics.

A lot of research addressing to A/B testing is related to the study of so-called proxies
or surrogate metrics. These metrics substitute the goal metric in the A/B test due to less
latency, bigger sensitivity and simplicity of measuring. Duan et al. [31] specify the
requirements for proxy metrics: sensitivity to treatment effect, casual connection, robustness,
small latency, interpretability, actionability and consistency with the target metric, confirmed
experimentally by strong correlation with the primary metric. The applicability of surrogate
metrics to increase the efficiency of AB testing is investigated and confirmed on several real
business cases in [31]. At the same time, A.Deng, N.Larsen and others [14, 21, 24, 59],
studying the properties of surrogate metrics, prove that their use is limited by the problems of
minimum detectable treatment effect (MDE). To eliminate these problems and increase the
sensitivity and reliability of A/B testing in an online environment, authors propose to
decompose the metric of interest into components with different digimalise ratios, with
allocating components with high signal and low noise.

S.Athey et al. [7] present a typology of cases of successful or unsuccessful use of
surrogate metrics, and outline the conditions under which proxies can be meaningful
indicators for long-term impact. [13] provides practical guidance on the development and
validation of surrogacy metrics and proposes a method for testing statistical assumptions
about surrogacy to ensure that directionality is consistent with long-term outcomes without
any additional expert judgement or long-term experiments.

The latest studies have proved the efficiency of application valid combinations of
multiple surrogates [7]. V.Zhang et al. [90] implement the developed in [7] surrogate index
approach of estimating longer-term impact from shorter-term outcomes in A/B tests. A.Bibaut
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et al. [11] propose to solve the problem of reasonable selecting the directional and reliable
short-term surrogate metrics (S) able to stand in for a long term primary metric (Y) basing on
the correlation between S and Y. The true correlation is suggested to be estimated via the
covariance matrix of true average treatment effects (ATES) on Y and Ss in previous
experiments with modifying the naive estimator of S/Y correlation to overcome problems of
evaluating surrogacy in A/B testing with low noise / signal ratio. Developed linear models of
relationships between metrics proved to be good in managing metric trade-offs, especially in
case of contradictory impact of different proxies.

A.Zito et al. [92] introduces a new approach to the evaluation and selection of proxy
(surrogate) metrics based on the concept of Pareto optimality. Admitting the contradictory
character of two main requirements to the good proxy metric: short term sensitivity and long
term correlation with North Star metrie, the authors show that the choice of appropriate
proxy always requires a trade-off between these features. To solve the problem of
optimization the choice, the authors, instead of aggregating these parameters into a single
scalar score, propose identifying Pareto-optimal proxy metricetrics for which no other
combination or single metric offers strictly better sensitivity and directionality defined as a
linear combination (weighted sum) of their recalculated values; all proxy metrics in
combination are to be instrumental and causally connected to outcomes of interest. This
approach does not give a single “best” proxy but reveals a Pareto front of decisions, enabling
to choose one of them according to acceptable risk and response time.

M.Schultzberg, S.Ankargren, and M.Frinberg [79] suggest forming decision rules for
A/B testing employing several heterogeneous metrics to be based not only on statistical
hypothesis testing but also on the consideration of Bayesian risk thresholds for different
metrics. They distinguish success metrics (primary metrics which are wished to improve, e.g.,
Revenue, CR etc.), guardrail metrics (protective metrics for ensuring the indicators of the key
business processes (e.g., latency, churn, UX) do not deteriorate), deterioration (metrics that
allow for deterioration within certain limits, but require deterioration to be avoided beyond a
certain threshold (e.g., increase in support ticket, bounce rate)) and quality metrics
(monitoring the experiment integrity or data pipeline status (e.g., sample ratio mismatch,
population balance)) that are integrated into the decision-making procedure by productive
rules (e.g., “approve if success is achieved and performance does not deteriorate™), enabling
choice of decision alternatives robust to metric uncertainty and multidimensional trade-offs.
The new feature is recommended for adoption if a) at least one success metric is statistically
superior; b) all guardrail metrics do not show statistically significant deterioration (are not
lower); c¢) none of deterioration metrics shows degradation exceeding the stated threshold and
d) all quality checks are passed. So, the concept of composite multi metric testing [58], is
expanded by risk-aware decision making algorithm.

Highlighting the previously unresolved parts of the general problem to which the
article is devoted. Despite the growing body of literature on evaluating A/B testing results
using various types of metrics, several important gaps remain. Numerous studies have
proposed a lot of metric taxonomies that classify metrics into different categmiet as:
primary, secondary/ surrogate metrics, key performance indicators (KPIs) and strategical,
tactical and operational metrics; performance and guardrail metrics-eand explore
methods for determining effective combinations of metrics. A wide range of metric properties
have been studied and recommendations have been made on which properties (e.g.,
semnitivity, variance) should be considered when selecting metrics and what criteria “good”
metric has to satisfy [7, 27, 28, 36, 46, 53, BJ, Common errors in metric interpretation
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and sensitivity of engagement metrics, driving to the practical risks of unbalanced or unstable
metrics, were studied by P.Dmitriev et al. [27], A.Deng et al. [23] and A.Drutsa et]al. [30
Recent advances in the methodology of online controlled experiments have
increasingly focused on the development, evaluation and selection of metrics that help to
make decisions under uncertainty. M.Schultzberg et al. [79] presented a methodology for risk-
aware A/B tests design, whereby metrics are divided into primary, guardrail and evaluation
metrics, and are judged both by statistical evidence and business risk preferences. Alongside
this, S.Athey et al. [7] and A.Zito et al. [92] have highlighted the role of surrogate or proxy
metrics in accelerating reliable conclusions as they developed formal tools, such as the
surrogate index and Pareto optimality principles, to evaluate the quality of proxy metrics in
the context of long-term impact estimation. Extending these conceptual contributions,
empirical methodologies, such as those proposed by W.Duan et al. [31] and O.Jeunen et al.
[46], evaluate the performance of metrics based on observed errors in historical experiments.
In particular, O.Jeunen et al. present a thorough pipeline for evaluating the error performance
of types I-1ll secondary metrics used in large-scale A/B tests, thereby overcomingpthe ga
between theoretical desirability and operational reliability. This is in line with the findings of
R.Kohavi et al. [53, 54, 58] and A.Deng et al. [21, 23] who also encourage empirical
validation and robustness analysis of metric choice. Zito et al. [92] suggest the complex
proxies design and Pareto efficiency rather than point diagnosis based on a single metric.
Taken together, the works demonstrate a significant shift in A/B testing practice from manual
KPI development to data-driven and multi-objective optimised metrics with main emphasis
on sensitivity, variance control, alignment with business decisions, and causal interpretation.
Despite this progress, the recent literature has not fully addressed several important
issues. First, existing studies often do not consider important contextual attributes of metrics,
such as the business process or object under evaluation or the types of data/aggregations of
metrics. Second, few studies quantify key characteristics that affect the metric's usefulness,
such as sensitivity, variance (noise), and latency which defines minimal required test duration.
Third, while the literature often refers to the causal relationship between surrogate and key
business metrics, the structure of interdependencies between metrics of different levels
(strategic, tactical, operational) remains underdeveloped, and no explicit models or diagrams
of interdependencies between metrics are provided. The descriptive hierarchies of indicators
proposed in [23, 61] or [17, 21, 59] do not provide a metric hierarchical tree that reflects the
interconnections between indicators and casual relationships. Thus, they cannot capture the
hierarchical dependencies and pathways of influence between metrics of different ranks,
which could provide a basis for selecting adequate surrogate metrics with better temporal,
sensitivity and noise characteristics to be used in the design of an optimal metric set.
Formulation of the purpose of the article (statement of the problem). This
research aims to fill these gaps by expanding the typology of metrics characteristics that can
serve as primary gates in the selection of adequate metrics, providing quantitative or at least
ordinal estimates of their sensitivity, latency and variance (noise) and identifying hierarchical
relationships and interactions between metrics of different ranks, thus creating a basis for
displaying dependencies between metrics in the context of A/B testing of marketplaces.
Ultimately, this work aims to support the formalisation of A/B testing planning at an early
stage by enhancing the metrics selection process.
Statement of the main material of the research with full justification of the
scientific results obtained. A metric is usually a quantitative indicator for evaluating the state
of business by determining a characteristic of a population that reflects this state. In A/B
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testing, metrics are used to compare the tested variants: the values of the indicator achieved
during the experiment for each of the variants define the efficiency of the tested changes.

A general list of metrics used in AB testing in B2C e-commerce is given in [78].
Based on [5, 8, 12, 34], the list of the main marketplace metrics is given in the first three
columns of Table 1. The ranks of metrics and their classification features (columns 4-6 of
Table 1) were developed by the authors.

The metrics themselves (Table 1) are not specific to 2-sided marketplaces, but unlike
other types of e-commerce platforms, they are collected separately for sellbtsyarsl For
example, conversion to the target action (CR) is evaluated for buyers by such indicators as:
conversion to registration; conversion to sending a message to the seller; conversion to adding
a product to the cart (Add to Cart Rate); conversion to purchase (Checkout Rate, Purchase
Rate), while for sellers through conversion to registration; conversion to placing an ad;
conversion to selling on the platform.

Table 1- Marketplace metrics used in AB testing

Metric (Name, Interpretation Calculation formula Rank Role type Funnel stage
Abbreviation) Studied object /
process

Gross Total value of goods Sum of order values per 0 Primary, KPI Action
Merchandise sold through period, AOVx Number of Monetization
Value, GMV marketplace orders Scaling
Net Revenue Revenue after GMVxTake Rate /100% 0 Primary, KPI Action

deductions (returns, or GMV - Returns - Monetization

cancellations) Discounts
Customer Predicted total revenug¢ ARPU x Avg Lifetime; 0 Primary. KPI Retention,
Lifetime Value, | from user over lifetime | Sum of discounted future Monetization / Action
CLTV revenues Retention
Take Rate Percentage commissiol Value is defined by 1 Primary / Action

fee taken per business model Exploration

transaction (Net Revenue / Monetization /

GMV)x100% Business model

Average Average revenue Net Revenue / Active 1 Primary / Proxy Action
Revenue per generated per user, tieg Users (Buyers + Sellers) Monetization
User, APRU user engagement to

revenue
Revenue Per | Average revenue Total revenue / Numberg 1 Primary / Secondary Action
Visitor, RPV generated per site visitors Monetization

visitor Acquisition / UX
Net Promoter | Loyalty sentiment scorg %Promoters - 1 Primary / Secondary Intent, Action
Score, NPS %Detractors Retention, UX Retention
Conversion Percentage of visitors | (Purchasers / Visitors) x 1 Primary /secondary| Action
Rate, CR who complete a 100% Conversion

purchase
Retention Rate | Percentage of users [(Customers at the End o 1 Primary/Secondary/| Retention
(Day 7, 14, 21, | retained over time Period -New Customers)/| Proxy (For Day 7-
30, 60) Customers at the Start of 14)

Period]x 100%

Buyerto-Seller | Marketplace balance of| (Unique Buyers / Unique 1 Secondary/guardrail| Intent
Ratio demand and supply Sellers) x 100% Liquidity, health Awareness
Customer Average cost of Total marketing spend / 1 Primary/Secondary | Action
Acquisition acquiring a new New customers Monetization Retention
Cost, CAC customer
Return on Ad Revenue generated by| Revenue attributed to ady 1 Primary/Secondary | Awareness
Spend (ROAS) | each $ spent on / Ad spend Monetization Action

advertising Acquisition
Buyer | Seller | Share of users (buyers| (Lost users / total users a 1 Secondary/guardrai| Retention
Churn Rate or sellers) who stopped| the start of the period) x Peformance,

using the service 100% Marketplace
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throughout the period

liquidity, health

Average Order | Average amount spent| GMV / Number of Orders Proxy Action
Value, AOV per order (average Monetization

cheque)
Returning Share of users returnin{ (Returning users / Total Proxy Retention
Users Rate to the platform after users) x100% Retention

first visit Engagement, Ul
Repeat Share of users who (Returning Buyers / All Proxy Retention
Purchase Rate | made more than one | Buyers)x 100% Retention

purchase
Click-Through | Share of users who (Clicks / Impressions) x Proxy Awareness
Rate, CTR clicked after seeing 100% Acquisition, Consideration

content Engagement
Customer Average customer Sum Scores / Responses Proxy Retention
satisfaction satisfaction Retention Awareness
score, CSAT Consideration
Add to Cart Share of sessions with | (Add to Cart Events / Secondary / Proxy | Intent
Rate items added to cart Sessions) x 100% Conversion

Monetization

Checkout Rate

Percentage of users
who proceed from cart
to checkout

(Checkouts / Sessions) x
100%

Primary / Secondary
/ Proxy Conversion
UX

Action

Cart Percentage of tasks (Abandoned carts / Secondary / Proxy | Consideration
Abandonment | (carts) users start but | Created carts) x 100% Conversion
rate don't complete Monetization

Bounce Rate

Percentage of visitors
leaving after viewing
only one page

(Visitors with single page
session / visitors) X 100%

Secondary / Proxy
Acquisition /UX

Consideration

Engagement Share of users who (Engaged users / Visitors Primary / Secondary Consideration
Rate interacted with content| x 100% Engagement
or functionality
DAU/WAU/M Active users in Unique Active Users / Proxy Awareness
AU daily/weekly/monthly Period Acquisition Intent
buckets
Match Rate Share of searches with| (Searches with Match / Secondary Intent
satisfactory listings All Searches) x 100% Liguidity, health
Fill Rate Share of search or (Fulfilled / Total Secondary Action
demand requests Requests) x 100% Performance,
fulfilled by inventory Liquidity, health
Supply Share of demand (Available Stock Keeping Secondary Intent
Coverage covered by available Units (SKUs) / Demand Performance,
supply SKUs) x 100% Liquidity, health
Fulfilment Rate | Share of paid orders (Fulfilled Orders / Paid Secondary Action
fulfilled successfully Orders) x 100% Performance
Liquidity, health
Utilization Rate | % of inventory or (Used Inventory Capacity| Secondary Action
capacity actually used | / Total Available) x100% Performance,
Liquidity, health
Scroll Depth Average percentage of| (Total scrolled pixels / Proxy Consideration
page scrolled by Total page height) x Engagement
visitors 100%
Time on Site Average duration of Sum of session durations Proxy Consideration
visitor sessions number of visits Engagement

Monetisation metrics depend on the business model, and there are marketplace-
specific metrics that describe the marketplace's liquidity through the balance of supply and
demand, of buyers and sellers (Match rate, Fill Rate etc.).

Specifying metrics for A/B testing is an initial step determining the test result for the
business. When choosing metrics, one should first of all consider the business parameters they
reflect, the tasks they solve directly (metric level), the components of the business system and
the business processes they characterise, etc. For e-marketplaces, there are specific metrics
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characterising the effectiveness of a marketplace website or application: overall website
popularity (DAU, Sessions), dynamics of attracting new users (Unique Visitors); engagement
with content and ways of its presentation, compliance with expectations (Time on Site,

Bounce Rate, Page per Session, Error Rate); balance of sellers and buyers: efficiency in
achieving business goals (conversions, churn rate, return rate); traffic sources and efficiency
of traffic management (traffic from search engines; position in search results); key search
words; social traffic indicators (traffic from networks and the number of mentions, likes, etc.).

Different sources offer different classifications of metrics according to the identified
classification features: by the degree of direct impact on the achievement of business goals
[28, 58]; by the role in A/B testing (primary, secondary, guardrail, data quality); iplabe
in the metrics hierarchy; by the object of evaluation (business status in general, liquidity,
monetisation, user attitude, user behaviour, data quality, etc.); by randomisation (granular)
level (session, user, subgroup, cluster (cities, categories, or geographic regions, device, [84],
etc.); by the method of determination; by the purpose of the evaluation (evaluation of test
success, evaluation of metrics suitability, evaluation of test correctness, evaluation of
population homogeneity, etc.) by the function performed in the selection and interpretation of
metrics (success metrics, data quality metrics, protective and diagnostic metrics [27, 36, 50]).

Classification of metrics into 3 types according to their role in AB testing (by
functionality, or how they operate in the experiment): primary, secondary and guardrail, was
first proposed by R. Kohavi et al. in [53, 54, 58]. Recently the additional category of metrics
referred as exploratory was identified in practical guides for AB testing [1, 2].

Primary Metrics, also known as Core Metrics, Goal Metrics, North Star Metrics, or
Success Metrics, are usually represented by the top-level business metrics and serve as Key
Performance Indicators (KPIs) for evaluating an A/B test [70]. They reflect the main objective
of the experiment and are closely aligned with the strategic long-term business goals and,
accordingly, usually require a long time to evaluate their changes. Such indicators for the
marketplace can be as follows GMV, Net Revenue, CLTV, Take Rate etc. Such Top Level
business indicators are rarely used as primary indicators in the A/B test due to their latency
and aggregation. In practice, the next level of the hierarchy, which directly defines these
roadmaps, is used as primary metrics, namely: CR Match Rate, Fill Rate, Retention Rate,
Utilization Rate etc. A primary metric shows whether the change being tested is achieving the
desired result. It is used to plan the experiment for determining the minimum detectable effect
(MDE) and sample size (to ensure sufficient power to detect meaningful change) [2].

Secondary Metrics (Driver Metrics, Leading Metrics) are indirect or predictive
indicators that are commonly used to measure short-term goals, e.g., AOV, Cart
Abandonment Rate, Add To Cart Rate. They are aligned with the key metrics, but are more
sensitive and actionable, and better adapted for online experiments. Secondary indicators are
not decision-making criteria, but they help to comprehensively understand the impact of the
experiment and to identify unforeseen side effects. For example, if we aim to attract new
users, the number of new users registered per day may be one of the driving metrics. Within
this group, a subgroup of so-called proxy metrics or proxies [2] can be distinguished. Proxy
indicators are indirect indicators used to evaluate an outcome that cannot be measured directly
(e.g., in case of long-term metrics). In the experiment, proxy indicators can be used as a
substitute (surrogate) for the actual goal metric. The surrogate indicator should have a strong
correlation with the goal metric which should be checked regularly, e.g., Time on Cite as a
proxy for engagement; Click (On_Buy_Button) or Checkout Rate as proxies for conversion.

Guardrail metrics (e.g., Page Load Time, Payment Failure Rate, and Customer Support
Tickets) are safeguards for monitoring and ensuring the health, stability, and overall integrity
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of a system during an experiment. They do not measure the success of the experiment, but are
vital to identify unintended negative impacts on business, user experience and/or operational
performance and to catch early potential risks of degraded performance, increased error rates,
or adverse user behaviour (e.g., a new feature may increase latency, leadihgyhera
bounce rate or more subscription cancellations). This category of metrics also includes the so-
called sanity metrics [38], which track the correctness of the plan, procedure, and
implementation of the A/B test, for example, sample match and homogeneity of the control
and test groups, etc. At the same time, the driver metrics of one team may be the guardrail
metrics for another team/teams.

Exploratory metrics are the metrics of interest used not for decision-making or
experiment evaluation but for detecting changes in behaviour, unintended consequences or
hypothesis generation (e.g., Interactions per Session or Time on Site (as proxy for
Engagement Rate)). They are often used in post-analysis to reveal new directions of research.

Composite metrics are a combination of several separate metrics into one to capture a
diverse view of success. They are often used as strategic metrics, but can lead to reduced
sensitivity. Examples: Overall Evaluation Criterion (OEC) as a weighted combinations of
metrics of engagement retention rate, engagement rate etc., revenue (RPV, APRU, CR), and
satisfaction (NPS; CSAT, Utility as difference between an aggregated reward function for
each documented interaction(e.g., long click, position, dwell time) and function Penalty
(Effort), penalizing quantity of effort (e.g., multiple queries, time spent) [62]).

According to the function performed in the selection and interpretation of metrics,
they are distinguished as success metrics, data quality metrics, guardrail, debugging and
diagnostic / local function metrics [23, 27, 36, 50].

The success metrics are the metrics that evaluate the efficiency of tested changing.
These are the primary metrics according to R. Kohavi's classification [58].

Data Quality Metrics include metrics that allow one to assess the correctness of the
planning and execution of the experiment, ensuring the qualitative reliability of the
experiment results, identifying and eliminating the inconsistency of the measurement method
with respect to a new property (too little time, untimely stopping of the test) or other
problems. An example of such a metric is the ratio of the number of users in the treatment
group to the number of users in the control group: sample ratio mismatch (SRM) generally
means a strong sampling bias sufficient to invalidate the results of the experiment [91].

Local Feature metrics [27] and Diagnostic Metrics [36] are used to measure the usage
and functionality of specific features/components of a product (e.g., CTR on specific elements
of a web page). These metrics are often used to identify the source of changes in higher-level
metrics and to diagnose Overall Evaluation Criteria (OEC) metrics, helping to understand
where the change (or lack of change) in OEC is occurring. At the same time, the assessment
of changes in local metrics can be ambiguous: it is easy to increase the CTR on a page
element at the expense of other elements. Improvements in local metrics may also be due to
undesirable side effects of the introduction of new functionality.

Debugging metrics are usually used to help us understand why some important
metrics, especially the goal ones, move or do not move, and how to interpret their movements
[23]. For key metrics whose models are based on several indicators of user behaviour, it is
important to understand how these individual indicators affect the overall dynamics of the
metric and whether it is worth decomposing the target metric into simpler components.

Definition of Guardrail Metrics by [23, 27, 36, 50] as which, not being indicators of
the feature under test, should not be degraded while deciding whether to implement the
feature under test, is standard for metrics of this type [53, 54, 58]. For example, on websites
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such as Bing or MSN, Page Load Time (PLT) is usually a guardrail metric for which only a
slight degradation is allowed.

The results of A/B testing are evaluated by the treatment effect, i.e. the change in a
certain indicator as a result of the implementation of a certain function. Since this indicator
characterises a certain component of the marketplace's business or business pracess to b
improved, A/B testing metrics can be broken down into such groups:

— Business Outcome Metrics, such as GMV, Net Revenue, CLTV. They operate at
the highest level of the metrics hierarchy, measure the impact of treatment on business KPIs;
may be primary and/or guardrail;

— metrics for tracking the growth and sustainability of the marketplace, e.g., Total
Number of Sellers, Number of New Sellers, Listing Count, Activation Rate;

— liquidity (health) and balance metrics, which qualitatively show the probability of
transactions on the marketplace, e.g., Match Rate, Buyer to Seller Ratio, Fill Rate;

— metrics of providing sustainable financial state, i.e. monetization metrics, e.g.,
AQV, Take Rate, Purchase CR, CAC, CPA. These are shorter-term metrics that are much
more often directly applicable as metrics for the success of AB tests;

— metrics of attracting/activating new users, e.g., CAC, CR, Number of New Sellers /
Buyers / Suppliers; DAU/WAU/MAU;

— metrics for assessing changes in the effectiveness of targeted uses action
conversion metrics at different levels and stages: CR; CTR of elements (banners, buttons,
links); Add-to-Cart Rate; Checkout Conversion Rate. Sometimes they are considered as
indicators of user management effectiveness;

— metrics for evaluating marketplace participants specific to the evaluation of 2
marketplace sides, sellers and buyers. For example, for consumer side (buyers) such metrics
are Success (Transaction Rate), AOV, Bounce Rate, Buyer Activation Rate, CTR, Purchase
Frequency; for supply side (sellers) Listing Count, Request Acceptance Rate, Seller
Activation Rate, Unsubscription Rate etc. Such metrics as Match Rate and CAC can be
considered as metrics of marketplace management quality;

— metrics for displaying actual user behaviour when interacting with the platform
(Behavioural Metrics [82], e.g., CTR, Time on task, Task success rate, Time on Element,
Scroll Depth), i.e. indicators that capture real user actions during their interaction with a
product or platform;

— metrics for assessing user interest i by the nature and intensity of interaction with
the product on the platform, i.e. Engagement Metrics [82], e.g., DAU/MAU, Time on Page,
CTR, Bounce Rate);

— metrics of the actual attitude of users to the platform, the degree of satisfaction
from cooperation with it, i.e. Attitudinal Metrics, e.g., NPS, CSAT, SUS etc. These are mostly
secondary metrics that are assessed on a nominal, category or ordinal scale;

— metrics of sustainability of the platform’'s use by useiRetention Metrics [82],

e.g., Retention Rate DX, Churn Rate, Repeat Purchase Rate influenced by NPS;

— content engagement metrics used to evaluate the effectiveness of design and
content changes: Time on Page, Scroll Depth, Engagement Rate;

— metrics for tracking the efficiency of marketing campaigns through the evaluation
of advertising and email campaigns, e.g., percentage of emails opened; percentage of
unsubscribes, ROAS, CPA;

— Feature Adoption metrics [45], which evaluate the utility of introducing the new
functionality by tracking the frequency of user interaction with it. For example, if the new
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feature offered to marketplace sellers is the automatic creation of a basic store, the primary
metrics for assessing the feasibility of its implementation in the A/B test may be Time to First
Listing — the average time from registration to publication of the first product and First-Week
Listing Rate- the share of sellers who added >1 product in the first 7 days, secondary metrics

— the average time in the store setup wizard and the number of views/sales of products after
auto-configuration, the retention rate of sellers for 7, 14 or 20 days, etc.;

— Data Quality / Sanity metrics [27], which allow to assess the correctness of the
experiment setup and conduct, the reliability of the experiment results, e.g., too early test
termination or misinterpretation of the results. There is a group of Sanity metrics [38], the
constancy of which is an invariant of any A/B test, such as the invariance of the population
during testing, the same size and homogeneity of the control and test groups, etc.;

— performance metrics metrics of the platform's technical state and its impact on
user experience, e.g., Error rate, % Broken Images or Links, Page Load Time. These metrics
are operational; mainly session level, primarily used as guardrail metrics, rarely as primary or
secondary metrics under certain experiment goals.

As it is shown in [73] after the analysis of publications on A/B testing metrics in
recent years, the most common group of A/B metrics is Engagement Metrics (half of cases),
which relate to the number of conversions, number of user sessions, time spent on the
website, and metrics displaying the use of the app or website (e.g., number of posts rated,
number of bookings made). The second largest group is click-through metrics (1/6 of cases:
number of clicks, number of clicks per query, and good click-through rate). This is followed
by monetisation-related metrics, i.e. revenue and costs (number of purchases, order value,
revenue per email opened, and cost per ad) and group of technical performance metrics (app
response time, bandwidth used, total latency, or audio playback latency). The remaining
groups are metrics that track undesirable effects in A/B tests, such as bounce rate or number
of cancelled subscriptions), views such as number of page /product views), and user feedback,
such as number of customer complaints or literal feedback.

In case of A/B testing in marketplaces metrics may be classified by marketplace
funnel categories (acquisition and marketing metricsetention and engagement metries
operational (performance) / quality / guardrail / sanity metriesconversion metrics>
monetisation metrics. Acquisition and marketing metrics (CAC, ROAS, CTR) reflect the
expenses for involving and activating a user to the marketplace. Retention and engagement
metrics (DAU/WAU/MAU, Retention Rate (7/14/30/60, Returning Users Rate, % Buyers
with Repeat Purchase "(2purchase in another category), Engagement rate, Scroll Depth,
Session Duration) determine customer long term value and cost of acquisition new users
during significant periods of time. Operational (performance) / quality / guardrail / health
/sanity metrics (Page Load Time, Support Tickets per Order, Return Rate, Fraud Rate and
specific for marketplace liquidity/performance/health metrics such as Fill Rate, Buyer to
Seller Ratio, Match rate, % Active Buyers/Sellers, Fulfilment Rate, Listing count / relevance)
are not directly aligned to business goals and work on different funnel stages: these metrics
suwpport the reliability and convenience of user/platform experience. Conversion metrics (CR
(for user level), Purchase rate (for item or session level), Add to Cart Rate, Cart Abandonment
Rate, Checkout Rate measure the efficiency of transactional performance and movement from
funnel top to funnel bottom. Monetisation metrics (GMV, Net Revenue, Take Rate, ARPU,
and RPV) show the efficiency of marketplace business and management. Some metrics, such
as CLTV or RPV can be considered as reflecting synergy of metrics of different categories
(e.g., CLTV as function of ARPU (Monetization metric) and Retention (Retention and
Engagement metric)).
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As [8] suggests, conversion and monetization (revenue) metrics are the most essential
in A/B testing of marketplaces. These metrics directly correlate with business goals and
revenue generation. A higher CR indicates an increase in the number of users completing
actions that contribute to business success, such as making a purchase or subscribing to the
platform. This boosts revenue, customer acquisition and overall business growth. The most
popular conversion metrics are: total CR (or purchase rate); Form Submission Rate, Sign-up
Rate ad funnel conversion rates (Aecart Rate, Checkout Rate etc.,) or inversely metrics
such as Cart Abandonment Rate. RPV is a key monetization metric reflecting the average
amount of money generated by each visitor. J.Gallant [35] complements this list of metrics
with the following: CTR, Bounce Rate (combined with Retention rate and Page Views),
Scroll depth, Abandonment rate (rather combined with Funnel CRs), Session duration or
Time on Page (in conjunction with other UX metrics), AOV, Churn rate and Net Revenue.

Metrics also are classified by the time needed for obtaining statistically proved results.
As to experiment duration short and long terms are distinguished. Short-term metrics are
metrics that provide immediate or near-term results (usually during or shortly after an
experiment, mainly from 1 to 2 weeks). They can usually be measured directly during the
experiment and allow for a quick assessment of the treatment effect (e.g., CTR, session level
CR). Long-term metrics (21+) measure deferred outcomes that are difficult or impossible to
measure during the experiment (e.g., CLTV, Net Revenue). They directly reflect the desired
business outcomes and require the experiment design considering long-term impacts [2].
Metrics evaluating of which needs 3-4 weeks are assessed as medium term ones (e.g., CR).

If we treat marketplace metrics as indicators of the quality of the workflow elements
aimed at achieving business goals, we can view them as branches of a tree of activities
(functions) and define the hierarchy of these indicators according to the degree of their direct
involvement in achieving the business results. According to the place of the metric node in
this tree, a classification of metrics by functional significance can be proposed: highest, zero
(0) rank metrics corresponding to key business parameters; first rank methesmain
strategic metrics that directly support the achievement of the metrics of the previous level;
second rank metrics that ensure the desired state of the metrics of the previous level, directly
affecting their values; third rank metrics that support the metrics of the previous ranks by
identifying factors that directly affect or may affect them; fourth rank metrioperational
metrics of direct measurement during the experiment, which are measured every day during
the experiment and reflect the efficiency of individual operations on the marketplace.

0-Rank (top-level) metrics reflect the main business results and liquidity of the
marketplace: GMV, Net Revenue, CLTV. These indicators are aggregated, their assessment
requires a long accumulation of data, so they are practically not used as diretbiadita
success (primary metrics); their change as a result of the implementation of the tested changes
is assessed by extrapolating the results relating to the metrics of the following levels.

Rank 1 metrics are strategic metrics that actually and predictably support the
achievement of the main results of the business, ensure sufficient monetisation, liquidity and
user retention, such as CAC, ROAS, Buyers to Seller Ratio, Take Rate, APRU, RPV, CR,
Retention/Churn Rate. These indicators are often used as success KPIs, some of them are
long-term, and when used in the A/B test, are also recommended to be replaced by shorter-
term correlated indicators of lower ranks.

Rank 2 metrics are supportive driver metrics that are directly related to the final
results, i.e. to the processes that ensure the achievement of the required values of strategic
metrics, and reflect intermediate results in achieving the final goals under the tested changes
in input data. Examples of metrics at this level include: CR, AOV, Repeat Purchase rate,
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Match Rate, Retention D7 Rate, DAU/WAU/MAU, Fulfiiment Rate, Utilisation Rate, etc.

Rank 3 metrics are intermediate (proxy) metrics that do not directly shape the final
results, but provide guidance on what may affect these results. Examples of such metrics are
Page Views per Session, CTR, Product Listing Rate, Activation Rate, Scroll Depth, etc.

Rank 4 metrics are indicators of the efficiency of individual transactions obtained by
direct measuring the parameters of these transactions. These metrics enable monitoring the
quality of service, delivery, order processing, interaction between users and sellersaas well
the operational management of these activities. These metrics are often used as secondary
metrics (when selected as primary 2nd rank supporting metrics) to understand how specific
operations (like delivery or seller interaction) impact overall business results, and as guardralil
metrics. Examples: Request Processing Time, Seller Response Time, Failed Listings Rate,
Error Rate per Item, Bounce Rate, CTR, etc.

Regardless of the function performed, to ensure a reliable assessment of A/B test
results, a metric must meet a number of requirements first clearly formulated in [61]:
directionality (interpretability), which means that metric improvement always results in
improved user experience or business outcomes and is understandable and explainable to
stakeholders; sensitivity, i.e. the ability to detect small changes if they indicate true
differences; alignment, i.e. the relevance to the long-term goals of business and user and
reliability, i.e. low variance and robustness to noise.

These metric parameters are strongly influenced by metric data and aggregation types,
level of randomization and appropriate to them methods of evaluation and statistical
confirmation. Accordingly, these parameters are to be considered when forming a set of
metrics for OCE.

There are two main types of data, qualitative and quantitative [43]. Among qualitative
data, there is discrete nominal, discrete ordinal (rank), discrete binary and ordinal binary data;
these data are evaluated by verbal features. A discrete metric takes a finite (at least 2) number
of values that do not have a natural order (website design; position of the call to action (CTA)
button; colour, introduction of a new option). A discrete ordinal metric accepts a finite
number of values (integers, categories), and the values have a natural order, but the interval
between categories is not defined (user ratings (satisfaction level). A categorical binary metric
can have only two possible category values: 0/1, yes/no, better/worse, black/white, or any
other two options (clicks whether a button was clicked or not). Categorical data is usually
summarised by estimating shares (percentages) or, as they are called, proportions, or ratios
(shares of users who completed a purchase or trip after registration, CR, CTR).

Quantitative data can be discrete or continuous; they can be quantified by counting
(discrete) or measuring (continuous). Continuous variables can take on an infinite number of
real values, while discrete variables can take on a finite number of real values within a given
interval. These data can be evaluated on interval scales and scales of ratios (proportions).
Quantitative measurement data are usually generalised using the statistical characteristics of
the centre (mean, mode, median) and spread (variance, standard deviation) of a series of
values (Table 2).

The type of data is important for the proper application of statistical methods for
processing test results [67]. For nominal variables, mode is often the only meaningful
measure of centre and trend; for ordinal variables, mode or median can be used, but not mean;
for continuous and discrete variables, all three measures: mean, median and caadee
used, and the variability and “noise” can be measured by variance [29].
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Table 2—- Types of metrics data (built by the authors according to [43])

Qualitative data Quantitative data
Nominal / . . . . .
Features . . Ordinal (scale of Continuous Discrete (interval/ratio
binary (nominal : . .
categories) (interval/ratio scale) scale)
scale)
Has a meaningful
. order, by certain | Available, data takes | Available, data takes
. None inherent . o . e
Orderliness order feature or arbitrary values within | discrete values within
intensity of the range the range
manifestation
. . Comparing for identity, | Comparison for identity
Comparability, Ident|ty. 'Companng'for establishing ratios establishing a ratio
; . comparison identity, ratios .
arithmetic ; (bigger than, less than, | (more, less, by how
. only (bigger, smaller) ; . :
operations (same/different)| and rank by how much), adding | much), all arithmetic
and subtracting operations
Example Cl|qks (yes/no), NPS Retention/churn rate Number of visitors
region Number of views
Distribution centre Mode Mode, median Mode, median, mean | Mode, median, mean
measures
Quiartiles,
Measures of Quartiles (1st, | percentiles, Variance, standard Variance, standard
dispersion 4th), percentileg minimum, deviation, range deviation, range
maximum

The suitability and effectiveness of statistical methods for hypothesis testing in A/B
testing also depend on the type of data in the metric scales [29, 85]. When choosing statistical
characteristics of the centre of distribution, one should take into account their advantages and
disadvantages:

— the average is more stable and understandable, more clearly defined and easy to
calculate, but is dependent on outliers and may yield a value that is not in the distribution;

— the median is also easy to determine, does not depend on extreme values, can be
used for categorical data, but does not take into account all observed values, requires ordering
of data and intervals, and is not suitable for further mathematical transformations, which
limits its use as a component of a composite metric;

— the mode is extremely fast to be determined from the distribution graph, shows the
most frequent value in the distribution, even for qualitative data, does not depend on outliers,
but is difficult to be determined for some distributions. It takes into account not the values
from the observations, but their frequency, and is also unsuitable for further mathematical
transformations, which also limits its use as a component of the composite metric.

When determining the metric data types for A/B test, it appeared to be insufficient to
evaluate them as only qualitative/quantitative and discrete/continuous, since the metric
parameters important for use in A/B testing, such as MDE, sensitivity, noise (variance), and
time horizon, will be affected not only by the data categories themselves, but also by the way
they are obtained. Thorough studying of marketplace metrics proved binary (Yes/No, e.g.
click) not to be the only discrete ordinal metric applied in A/B testing. It is accompanied by
discrete nominal (colour, CTA button design / placement), ordinal, called sometimes as rank
(CSAT, 1-5) and count (number of clicks or page views). The continuous data type will be
inherent in both metrics where the result on a continuous scale will be obtained by direct
measurement or by adding continuous values (e.g., GMV), and as a result of recalculating
binary or discrete measurement results, mainly as a result of adding and subsequently dividing
homogeneous metrics. The metrics obtained in this case are considered to be of proportion, or
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ratio type, these values are dimensionless or estimated in percentages and reflect the share of
the numerator in the denominator. Moreover, the proportion metrics display different essential
for A/B testing features depending on their denominator and numerator: continuous-derived
(ratio of continuous metrics or continuous and count ones); count-derived ratio of two count
metrics, e.g., Match Rate, CTR, and binary-derived (ratio of sums binary outcome to sums of
binary orcount metrics, mainly total users, e.g., CR, Bounce Rate, Retention Rate). It’s worth

to note that continuous derived proportion metrics are mainly considered to be continuous by
data type with aggregation type “Multiplicative” (Mult) if estimated in the numerator’s units

of measurement (e.g., ROAS, APRU, RPV) and proportion if measured in %, e.g., Take Rate.
Some authors [16] call proportional the ratio of two count metrics while refer to binary-
derived metrics as to ratios. Further, rather popular are so called composite metrics (scores
combining several metrics, often weighted, e.g., Engagement index, UX Success Score, NPS).
Metric data type constraints the range of further applied statistical methods and affect such
metric parameters as noise and sensitivity [58]. For example, for continuous metrics the test
significance is recommended to be evaluated by T-test (Student or Welch) while binary-
derived ratio are tested by Welch’s T-Test in case the metric is not heavily sparse (Table 3).

Table 3— Metric data type impact on A/B testing attributes (summarized by authors
based on data from [9, 16, 17, 18, 21, 22, 23, 24, 28, 58, 63, 85])

Metric data Way of Sensitivity Noise Time Sample | Statistical Example
type receiving (MDE) (variance)| horizon size test
Binary Values 0/1 | Medium Low — Medium | Medium | Z-test for CTA clicks,
aggregated Medium proportions | Colour clicks
for all users 1> test
Discrete Integer Medium Low — Medium | Medium | Wilcoxon DAU/MAU/WAU,
count baseq values Medium rank sum Number of visits /
aggregated Poisson Items purchased
for users regression | /New customers
Conti Real Low — High Long— | Large— | Student’s/ | GMV, RPU,
nuous number Medium very Very Welch T- AOQV, APRU
(monetary) | indicators long large test, linear
for each / all regression,
users bootstrap
Conti Real Medium Medium | Medium | Large Welch T- Time on Site,
nuous number —High test, Mann- | Dwell Time, AVG
(temporal) | indicators Whitney U- | Delivery Time /
for each / all test Deviation
users
Proportion | Division of | High (for | Medium | Short- | Medium | Z-test for CTR, CR,
(ratio) sums of big initial medium | — Large | proportions | Checkout rate,
binary binaries and | values) ytest Add to Cart Rate
derived counts
Proportion | Division of | Medium Medium- | Short- | Medium | Delta + T- | Retention Rate
(ratio) sums of High Medium | — Large | Test (Day 7, 14, 30),
count counts - Long Bootstrap | Buyer/Seller ratio,
derived Permutation| Fill Rate, Churn
Ordinal Aggregated | Low — High Long- | Large- | Mann- NPS
quantita rankings Medium Very Very Whitney U-
tive long large test
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Besides the data type it is important to consider the method of aggregation of the
measured set of values used to calculate the metric value (treatment effect). According to A.
Deng [17, 21], for A/B tests, the aggregate metric sccheme can be defined as:

— Single average (Single Avg) [17], referred sometimes as Simple Average (Simple
Avg) in which the metric serves as an estimate of the average value (mathematical
expectation) of the general population and is calculated by averaging the measured indicator
across users, sessions, or events (RPV, APRU, CTR etc.). The calculation formula shows that
Simple Avg can be strongly distorted by outliers or heavy users, especially when distribution
appears to be skewed;

— Double average (Double Avg) [17]an arithmetic mean determined in relation to
another average indicator due to preliminary averaging the within subgroups (e.g., per user,
per product or per session) with further averaging across these groups. For example, if click-
through rate is defined as the number of clicks per page view, it is a single average, but if it is
calculated for each user and then taken as an arithmetic average over all users, it is a doubl
average. Double Avg reduces bias from uneven user activity although may introduce
additional variance due to the difference in subgroup sizes. The choice of the calculation
method between single (simple) average and double average depends on the purpose of
testing and the approach to evaluating its results;

— Weighted Average (Weighted Avg) [17] is an extended type of Double Avg, in
which different weights are assigned to different experimental units when calculating the
metric. For example, ROAS can be weighted by individual advertising campaigns, CR, AQV,
CTR- by traffic volumes, % of active consumerby regions, etc.;

— Conditional Average metric (Conditional Avg) is similar to average metric, except
that the unit base is under a condition: aggregation is conditional on subgroup membership,
e.g., RPV per Active User, AOV for converters, CSAT for return users [72];

— Percentile and, less often, Median [17]. These metrics manage especially well with
measuring skewed distributions, such as Page Load Time or Delivery Delay, for which means
are not representative. The percentile is better suited for assessing the tails of the distribution,
median- for its centre; both of these metrics are popular for assessing performance/speed.
Page load times of 75%, 95%, and even 99% are common percentile metrics.

This set of metric types is complemented by so called Ratio metrics [21], referred
sometimes as proportions [16]. These metrics are defined as ratios of aggregated numerator
and denominator sums (e.g., CR = total quantity of conversions/total visitors) and tend to be
biased when the denominator varies significantly across groups. The data type of ratio metrics
always is continuous though numerator and/or denominator data type can be binary (i.e.
representing a binary outcome for each visitor in the experiment) which sometimes mislead to
assessing them as binary [16]. However, in case both numerator and/or denominator data type
are binary these metrics are easier to interpret and communicate; they follow a normal
distribution; so some authors call them Binomial [2].

In our opinion, this classification does not take into account a number of metrics
obtained by simply adding or multiplying / dividing measured indicators, which is inherent in,
for example, such indicators as GMV or net income. Therefore, it is advisable to @dd tw
more categories to this list:

Simple Sum, when the metric is calculated as the sum of the values of a series (GMV
= sum of transactions), data type is inherited from series;

Multiplicative (Mult), obtained by multiplying or dividing two metrics (Net Revenue =
GMVxTake Rate). Obviously, depending on the calculation method, the same metric can be
aggregated according to a different rule (Net Revenue = GM{éxpenses + taxes +
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deductions)) and be of the Sum type. If metric value is obtained by dividing or multiplying
several metrics it sometimes is suggested to have Index/Score type (e. g. Engagement score,
NPS, UX index). The special type of ratio metrics is presented by metrics combining
aggregations of two different events within a single metric [15], which in fact are the
composite ratio metrics, e.g., Revenue per g@d@art Click (Revenue / Adtk-Cart Clicks)

instead of simple metric RPU. In case of such metrics the numerator and the denominator as
separate simple metrics are to be applied in the same experiment.

The last two aggregation types are observed mainly for KPl metrics, which are low
sensitive, strongly lagged, and prone to long-time effect. Actually, it limits usage of these
North Star metrics in real A/B tests with substituting them with appropriate surrogate metrics.

In general, each aggregation type has its pros and cons, less or more significant for
different test aims and conditions, business and organizational context (Table 4).

To our opinion, the choice of method of aggregation is to be a trade-off between the
levels of satisfaction, possible duration and sample size of different to A/B test and
characteristics of test metrics in every specific experiment. Thus, high-variance metrics, often
arising from skewed or sparse data, reduce experiment sensitivity [18, 58], thus needing more
test duration and sample sizes. Techniques like shrinkage estimation [26] and variance
reduction [17,28] improve detectability of treatment effects. This trade-off can be made by
selection the metric with characteristics better for the experiment design.

The metric variance can be significantly reduced with accompanying reduction of
noise, MDE (increasing the sensitivity), sample size and test duration if logarithmic
transformation of mean, CUPED or shrinkage Adjustment are applied, e.g., CUPED removing
variants caused by covariates provides 40-60% reduction in sample size and test duration [3,
24, 44]. CUPED performance is highly dependent on the metric; to perform well it needs pre-
experiment data our users and a metric with high variance across the user population with
covariate evenly distributed between treatment and control [10]. Due to the fact that these
methods of variance reduction are commonly used in blogs and industry reports the terms
Log-transformed Mean (averaging after Log(x) transforming the per-user values) and CUPED
adjusted mean (mean after removing variance explained by covariates) sometimes occur.

The choice of the metric preferential aggregation is heavily influenced by metric data
type (Table 5).

The choice of aggregation method significantly affects the bias, sensitivity, noise,
variance, and interpretability of experimental results, which directly impacts statistical power,
experimental duration, and business relevance [21]. E.g., simple averages have less variance
but can be biased if heavy users predominate, while double averages can reduce bias via
increasing variance. Thus, choosing an appropriate aggregation method requires an
understanding of the underlying data distribution and the goals of the experiment. Choosing
the right aggregation scheme, aligned with user behaviour patterns and business goals,
increases the robustness of the metric, reduces bias, and increases the sensitivity. The use of
additional variance reduction methods optimises the experimental design [17, 21, 26].

Moreover, changing the aggregation method can improve metric parameters, e.g.,
sensitivity. Usually A/B metrics are averaged across the randomization units. As [72] prove,
using alternative methods to aggregate the metric can help increase its sensitivity. Thus, a
ratio (proportion) metric showing the share of the units satisfying some condition is the
easiest to move compared to the other types.

The simple average metric for measuring checkout conversion rate in a highly
heterogeneous user population disproportionately weighs heavy users, thus potentially
distorting the expected treatment effect. In contrast, the double average calculates the
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conversion rate for each user and then averages it over the entire user population, reducing the

bias from uneven distribution of user activity and outliers [21].

Table 4-Impact of aggregation methods on metric characteristics (built by authors

based on data from [3, 4, 9, 17, 18, 24, 26, 52, 56, 57, 58, 77])

Metric parameter

Aggregation type

Single Average

Double Average

Ratio (of Sums)

Percentile / Median

Metric variance

Low due to overall

Higher due to user-

Low to medium,

Low variance in the

aggregation (in casq level noise depending on the | centre; unstable in
of large sample skewness: lower if | the tails (e.g. 95th
size), but influenceq dominated by heavy percentile)
by heavy users uses

Statistical power High (due to low Lower if no Often high, Less power to
variance), but can | variance reduction | depending on the | detect effects; more
cause misleading | is applied (e.g., distribution of the samples needed
results CUPED) denominator, does

not always reflect
impact at the user
level

Bias

Biased towards
heavy users or high

Low bias; better
reflects average

Can be biased if
denominator is

Minimal bias for
median; percentiles

frequency events | user-level behaviou| affected by are robust but may
treatment ignore subtle effects
Noise/outliers Highly vulnerable, | Less sensitive; Moderate Robust to outliers
susceptibility sensitive to large | individual effects sensitivity; (especially
volumes or outliers | are averaged vulnerable if medians); extreme

numerator or
denominator has
skewness/outliers

percentiles may be
noisy

Stability and Unstable in in More stable with Unstable if Highly stable near
robustness heavy-tailed heterogeneous usel denominator is median; less stable
distributions (if populations More | small or zero in extreme
there is reliable; less percentiles
heterogeneity in sensitive to change
usage) in usage
Metric Noise From moderate to | High Very high Low for skewed
high distributions
Metric sensitivity Moderate Low Moderate if base High if outlier
(evaluated by value is big enough,| prone
MDE) otherwise very low
Needed sample siz¢ Baseline Much bigger than | Much more bigger | Smaller than
baseline than baseline baseline
Needed test Baseline Much bigger than | Much more bigger | Baseline, or less

duration

baseline

than baseline

Alignment with
business metrics

Good for general
totals (e.g., GMV)

Good for user-level
KPlIs (RPV, APRU,
CSAT)

Valid if both
components reflect
the business contex

Good for user
experience (e.g.,
delivery delay)

Ease of Easy to calculate | Intuitive; reflects Often confusing; Easy to understand
interpretation and explain but the impact on each | risk of though more
hides user user misinterpretation difficult for
variability and statistical
heterogeneity interpretation

Common cases of
usage

Revenue metrics,
RPV, total CR, Time
on Site

Averaging (by users

APRU, CR, Retention
rate

Averaging (by users,
session etc.) all

ROAS, CTR, CTA
Other ratio metrics
Sum of every unit

numerator values /

Page load time,
delivery delay
(median, percentile),
user experience
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etc.) computed sum o] computed metrics per| Sum of every unit metrics
all numerator values | unit (usually per user)| denominator value;

Table 5- Correspondence between metric data and aggregation types (built by authors
based on data from [3, 4, 9, 17, 18, 23, 24, 26, 52, 56, 57, 58])

Data Type Aggregate Metric Examples
Binary Sum of 0/1 values Clicked CTA button (yes/no)
Discrete nominal Percentile. median Website design; position of the CTA
(qualitative / quantitative) ' button; colour; Search algorithm
Discrete ordinal Sum, percentile Ratings; Degree of satisfaction (stars)
Discrete interval (Count) Average count per user/session Clicks, Searches, Orders, Page views
Average of continuous variable Revenue per user (RPU), Time on site
Continuous (Simple Avg, Double Avg, Weighted . e
Avg) Scroll depth, Delivery time

Proportion (continuous

derived) Proportion of aggregated outcomes| Take Rate

Proportion (e.g., CR = Conversione{ Conversion rate (CR), Bounce rate,

Proportion (Binary-derived) Users / Users) Retention Rate

Proportion of aggregated outcomes| CTR = Clicks / Impressions, Fill rate,

Ratio (Count-derived) Sum(numerator)/Sum(denominator) Match rate

Avg score across users; Mult or Engagement index, UX Success Scorg

Index / Composite proportion of aggregated outcomes| NPS

CSAT score (15), Likert scale
responses

Aggregated ordinal Proportional or categorical summary

The statistical power of Conditional Avg metric is improved if the numerator and
denominator are correlated. If the extreme case is to be monitored percentile metric (e.g., 99
Percentile of Time in App) is better choice for sensitivity. The application of transformation
of metric aggregation method and variance reduction techniques is investigated in [84],
authors of which report encouraging results by taking logarithm of the response metric and
leveraging pre-experiment data as covariates in the regression.

Choosing the right metric provides a balance between statistical validity, business
relevance, and test duration. This balance is supported by metric characteristics such as
inherent noise, sensitivity, and minimum test duration. Metrics with low noise, high
sensitivity, and alignment with objectives typically lead to faster and more efficient test
execution; they converge to the mean faster and achieve statistical confidence more quickly
with smaller sample sizes.

In A/B testing, the sensitivity of a metric is the ability of the metric to detect even
small real changes (effects) that occur under the test. In [24, 59] sensitivity is mostly assessed
by the Minimum Detectable Effect(MDE) the smallest difference between the control and
treatment variants the test can detechwitfficient statistical power (usually >80%) and
significance.Sensitivity is influenced by three core components: uplift size; variance%ize
and sample size N [58]. As MDEo/NY?, smalller differences between treatment and control
require higher sensitivity; high metric variance dilutes sensitivity; larger samples increase
sensitivity, but at operational cost (longer tests). Calculation MDEB/NYE) was grounded
on historical data or based on the desired statistical confidence and test power and sample size
N. Metrics are considered sensitive if they detect small changes across population: the smaller
the changes are, the more sensitive the metric is (Table 6).

Most sensitive metrics (Table 6) provide a low MDE (1-3%), that is, the test can detect
even very small improvements. Sensitivity <2% is hardly achieved in practice and needs
extremely high traffic and very large samples. Less sensitive metrics have a higher MDE, i.e.
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a larger effect is needed to prove the results; sensitivity of 3-5% is most achievable in rea
A/B tests. Moreover, though binary-derived ratio metrics of conversion expose the highest
sensitivity the true treatment effect is difficult to detect at session level if initial values are
small. That’s why they are advised to be used at user and higher randomization levels [51].

Table 6- Qualitative and quantitative assessment of the metrics' sensitivity (based on
data from [55, 58, 66, 80])

Statistical MDE, % change from Metric functionality for AB test

Sensitivity
power the base value assessment

Very high sensitivity, 05 % 1% Enables detecting even small chang

almost unachievable " often due to low variance and lar

High sensitivity >90 % ~1-3% amounts of data
Detects moderate changes, requireg

Medium sensitivity ~80% ~3-5% moderate sample size or test time
being statistically significant

Low sensitivity <75% ~510% Responds only to large changes, off

o due to high variability or challenges
0, 0,
Very low sensitivity <70% >10% data acquisition

Online controlled experiments require a sufficient number of users to identify a
statistically significant result. If the number of users involved in the experiment is measured
in thousands or tens of thousands (which is typical for Ukrainian marketplaces) rather than in
hundreds of thousands or millions (as it natural for A/B testing in Amazon, eBay, Etsy,
Microsoft, Netflix etc.), larger effects easier to detect are needed, versus the small effects the
large sites are concerned about. For example, to increase the sensitivity of an experiment (i.e.,
to reduce the size of the detectable effect) by a factor of 10, e.g., from 5% to 0,5%, the
number of users needs to b&4100 times bigger [58].

As small treatment effects (uplift of 1-5%) are common [58], the metrics are the better
the less ATE they measure, thus they are to be capable of maximizing the statistical power. A
common technique for improving sensitivity is transforming the metric Y into Y* of lower
variance [59], which, with other factors being equal, leads to an estofiatevith lower
variance. The metrics in AB tests are numerous and differ in their properties, making it almost
impossible to define a single universal transformation. Popular transformations for metric
sensitivity improvement consist in binarizing count and continuous metrics as well as in
changing the way aggregation is performed [23, 49]. If metric tends to be skewed and prone
to outliers, trimming (capping, i.e. excluding extreme metrics over the threshold before
calculating the mean) and winzorization (replacement of the excluded values by the most
extreme retained ones or by using percentiles of data) techniques [83, 86] can be applied.
Popular approaches to increase the sensitivity include different variants of pre- [19, 24], in-
[20] and postexperimentation processing such as sample stratification and variance reduction
techniques, e.g., CUPED [19, 24], triggering [53], their combination [25, 75] and shrinkage
[26], widely applied in Microsoft, Netflix [87], Booking [44], Meta [60, 88], Linkedin [48]

Uber [40], Airbnb [25], DoorDash [89], Faire [75]. Ratio metrics and per-user aggregation are
also proposed [58] as such that can reduce the variance arising from skewed distribution.

The noise level determines the robustness of a metric to random influences. It
correlates with the metric's variance across the sample, which is caused by the nature of the
metric [17]. Variance (dispersion) shows the degree to which a data point deviates from the
mean value in the dataset, thereby reflecting the spread of the data relative to the centre
(sample span). A metric is highly dispersed if the data from individual users vary widely, such
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as RPV or AOV. A large dispersion makes it difficult to detect small changes trustworthily,
requiring a larger sample size or longer test duration to detect meaningful differences. The test
result turns out to be more “noisy”.

The noise (level) of a metric is the degree of its stability when measured on different
samples of users, i.e. a kind of estimate of the probability of random fluctuations of the metric
regardless of the changes under test, under the influence of random factors. The noise is
estimated by the variance D of the metric values for individual users (or other indicators taken
as the unit of the experiment) compared to the average value m for the sample:
CV=DY4m=a/m, whereCV — coefficient of variation (estimated noise level of the metric); m
— estimated average value of the metric for the samplep B, variance and standard
deviation, respectively. A high variance is typical for metrics with a large spread of values
across the sample, such as RPV or AOV. The largeCthis, the greater the noise level, the
less stable and suitable the metric is for testing, and the longer the minimum acceptable test
duration to detect a true treatment effect (Table 7).

Table 7- Estimating the noise level of a metric by CV values [24, 58, 81]

CVv Noise level Interpretation (metric stability, risks of using in a test)

<0,3 Low Metric is stable, recommended for AV testing
03-10 Medium A_cce_ptable for tests, stability decreases, predicted test duration increag

with increasing CV

Hazard: test is long or unstable. If the time of the experiment is limited,
>1,0 High there is a high probability of long-term effects of factors outdide
experiment, replacement with a surrogate metric is recommended

Low-noise metrics mainly include metrics that are calculated as the ratio of the sum of
the results of actions to the total number of actions, for example, conversion rates CR, CTR,
Onboarding completion rate (Number of users who completed onboarding / Total number of
users who started onboarding). Metrics with a high level of noise and variance include mainly
metrics with high variability across users and random outliers (e.g., RPV, LTV, Session
duration, NPS). These metrics converge to the mean more slowly and generally reach
statistical significance with larger sample sizes and longer terms of testing.

For different categories of metrics the characteristics differ in significance. Primary
metrics are intended to measure the main outcome or expected impact of an experiment and
are usually taken as criteria for launching a feature. They are be aligned with long-term
business goals or user satisfaction as well as with the proposed change, be statistically
sensitive (have small minimum detectable effect (MDE) under needed statistical power),
stable, interpretable and reproducible. Proxy metrics are to agree with primary, reflect the
funnel stage, be more short term and sensible. Guardrail metrics ensure non-deteriorating of
product, platform or UX value under treatment effect. These metrics should not worsen
beyond acceptable thresholds (e.g. “should not increase by more than X% or cross the value
Y”) regardless the treatment result for OCE. They are to be understandable, truthworthy,
business result sensitive, measure negative side effects such as latency, reliability, or churn.
The possibility of using metrics as surrogates should be confirmed by analytical and
correlation analysis or historical A/B tests, as well as by the reaction of guardrails apd sanit
checks to their changes.

Thus, the metric is selected in accordance with the purpose of testing from a set of
metrics that reflect changes in the business indicators aimed at improving. Based on the
existing work of many researchers, we can assume that the main parameters that are to be
taken into account when selecting metrics from the set of metrics that can assess the success
of the experiment are the following parameters: sensitivity, estimated through the MDE, noise
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and latency. The more the sensitivity and the less the noise are, the more short duration of
experiment and less sample size may be enough for A/B test. Metrics are considered as short-
term, if the needed for MDE achievement test duration does not exceed 1 week, medium-term
ones- 1-2,5 weeks and long term if are longer than 3 weeks. These limits are to some extend
floatable because of minimum recommended test duration (1-2 weeks) and metrics with test
valid term 30 days and more are considered very long. Proposed in [61] principles of A/B
metric design, though qualitative, allow formulating several practical tips for metric selection,
namely: metric’s movement should clearly reflects the desired change; as metric sensitivity
increases while getting closer to the reflected user action, it is advisable to favour intermediate
metrics to detect smaller, meaningful changes in user behaviour; for noisy metrics
stabilization should be applied (e.g., by CUPED or capping outliers); for keeping the
directionality short-term surrogates (proxies) are to be verified for correlation with long-term
top-level or primary metrics with casual interpretation of the dependencies observed.

The actual sensitivity of the metric also depends on the consistency of the metric's
change in the same direction as useful ATE, so the concept of relative sensitivity is
introduced. Statistical power reflects the likelihood that a movement can be detected. The
movement probability shows how likely an indicator movement in needed direction is to
occur. The relative sensitivity is expertly evaluated by a combination of metric’s ability to
detect a change in the feature under test and the probability of the metric's movement in the
direction of the desired change in the business indicators that the experiment is aimed at
improving.

Satisfying the directionality demand helps to exclude from the metric set so-called
“vanity metrics”. These are metrics that, while often visually striking, do not strictly align
with business goals. They can create a false sense of success and potentially confuse decision
makers [8]. Examples of such metrics are: Page Views (needs to have specified the reasons of
user engagement); Time on Site (does not always correlate with a better user experience, as an
increase in session duration can be the result of more effort to find the relevant information).
The application of these metrics requires identifying the context of user behaviour and
satisfaction and even such popular metric as Bounce Rate does not provide understanding the
reasons of leaving the page visited as well as insights in user behaviour or engagement
beyond this bounced page. These metrics can be used only if applied in one set other metrics
in which specify the real sense of vanity metrics change. While designing the metric portfolio
the role of the metric in the experiment should be considered and revised in case the metric’s
characteristics don’t correspond to the chosen role in the experiment (Table 8). When forming
a set of metrics for A/B testing, it is necessary to ensure its functional completeness and
consistency, i.e. the set should include metrics that perform different roles in the experiment
(are key indicators or primary metrics or their surrogates, auxiliary explanatory metrics and
security metrics) and do not contradict with each other in terms of reflecting the direction of
change of the primary metrics; furthermore, the roles of the metrics should not be duplicated
(i.e. the set of metrics should not be redundant) and the metrics should not conflict in
achieving the result (i.e. it is unacceptable to deteriorate one metric at the expense of another).

Accordingly, metrics with a significant or strong pairwise correlation of any sign
should not be included in the set. This suggests that the role of the metric and its rank should
be determined before including it in the set for evaluating the results of an AB experiment,
since evaluation by surrogate metrics of lower ranks is usually more short-term.
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Table 8- Properties of metrics with different role in AB testing (compiled by authors

based on data from [1, 2, 33, 35, 53, 54, 58])

Metric’s role | Functions Properties Consequences of Evaluation
P significant change approach
Primary Defining the success criterig) Aligned to the long-term goals Ship / not ship the teste| P-value baseg
(KPI) Detecting the results of of business or user feature or continue the | hypothesis
experiment (achieving Sensitive (small minimum experiment iterating its | testing
business goals), providing | detectable effect (MDE)) plan (frequenciest
the determining of MDE, Have small variance, be stabl or Bayesian)
experiment duration and interpretable and repeatable
sample size Be measurable and actionablé
Driver Ensuring a comprehensive | Short-term, more sensitive / | Stop or continue the P-value based
(secondary, | understanding of the less noisy than primary ones | experiment iterating its | hypothesis
surrogate) experiment’s impact Aligned to the funnel stage plan testing
Predicting the experiment’s Correlate with primary metrics| Reveal a reason of (frequenqlest
results in shorter time and | be directional to them and treatment effect and or Bayesian)
with less sample sizes surrogate predict experiment’s
Revealing probable false Significant impact on primary | results
positive (FP) in primary metric without changes in Reconsider evaluation
metric assessment secondary suggest FP for of experiment result
Substitute the long-term KP|| primary
Guardrail Monitoring the health, Directional and interpretable | Stop the experiment or | Binary
stability, and overall integrity revert the best point Threshold

of the system

Detecting unintended
negative impacts

Used as stop signals, triggel

Comprehensive, measure
negative effects (e.g., churn,
latency, errors, fraud rate,
unsubscribe rate)

Sensitive, interpretable and

achieved if degrades
Reconsider new feature
Simultaneously
implement new feature

based (must
not change in
any direction
or change not

alarms or filters for feature | visible; protective and non- | and protective changes| Mmore than A
adoption negotiable %)
Exploratory | Generating insights or Not enough sensitive and Investigate for new Descriptive
hypotheses directional for the decision features or metrics Qualitative or
Supporting hypotheses built| Making or evaluating Redesign metric quantitative
on results obtained for experiment results, but portfolio or change theifl accessed
primary / secondary metrics| Providing new hypotheses and design or method of | o
study consequences and experiment goals evaluating depending o experiment or
discover new ideas Mainly long-term, noisy and | the direction of change | ' historical
Redesigning metric portfolio| ambiguous, may require Evaluate the correlation data
layer or role in experiment | additional validation with other metrics from | Regression
Debugging May be quantitative or portfolio, implement or | modelled
qualitative, proxy-based change method of its Survive
May be proxy, but become | optimization modelled

primary / secondary in further
experiments

Change the metric laye

Composite

Combining several separate
metrics into one to capture g
diverse view of success

Reflect complex treatment
effect on different significant
features of the product or
process

Often have smaller sensitivity

Ship / not ship the teste|
feature

Redesign the metric if
too long experiment

time

P-value based
hypothesis
testing
Modelled

For the correct, fast and reasonable selection of metrics for evaluating a particular
experiment with further specifying the parameters of the latter, it is desirable to form a
database of metrics described through: their possible roles (functions) in the experiment;
characteristics affecting the parameters of the experiment (data type; sensitivity (estimated
through statistical parameters, MDE and direction of movement); noise, time horizon
(latency); connection with business indicators; possible surrogates; correlated metrics, etc.
The quantitative assessment of the metric's sensitivity depends on many factors, some of
which are uncontrollable, so to justify the choiee propose the “Relative Sensitivity Score”
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parameter, which takes into account both MDE, variance and probability of moving in the
correct direction and is assessed in points, from 1 (very low sensitivity) to 5 (very high).
Rating on an ordinal scale allows one to choose the best metric from several ones in terms of
sensitivity. The examples of ordinal estimates of these parameters for some metrics are shown
in the Table 9.

Table 9- Parameters of A/B testing metrics (built by authors based on data from [3, 4,

20, 21, 23, 42, 44, 52, 58, 64, 68, 72, 87])

Sensitivity
Aggregation (assessed by | Relative Noise Time horizon
Metric Abbr Data type o CV, MDE, stat. | Sensitivity (Latency, Test
P power) Score Duration), Days
Continuous | Aggregated Medium . Long- Very
GMV (monetary) (Sum) Low — Low High Long (30+)
. . . Long- Very
Net Revenue Continuous Composite Low Medium High Long (30 —
(monetary) (Sum) — Low 304)
Continuous Composite Medium— High— | Long- Very
CLTV (Sum), Low :
(monetary) Single Avg Low Medium | Long(30— 30+)
Net Promoter Ordinal (G- g?i??gggﬁt' Low Low — High Long (21— 30)—
Score (NPS) 10) based) Medium 9 Very Long 31+)
Revenue per Usel Continuous %Z?Iﬁt':gg’ Medium Low — Medium | Medium (14—
(RPU) (monetary) Avgg Medium | —High | 21)
. Single Avg .
Average Order Continuous ; ' . Low — Medium .
Value (AOV) (monetary) X\(/e;ghted Medium Medium | — High Medium (7-21)
Proportion .
Conversion Rate | Ratio of /SDIr(])%ISIe High Medium | Low — Short- Medium
(CR) sums, binary | " 9 “High | Medium | (7-14)
derived 9,
Rato of | Sindle High (for big | Medium
Add to Cart Rate : /Double L= ) Low Short (7— 14)
sums, binary AV initial values) | — High
derived 9,
Ratoof | Sindle High (for big | Medium
Checkout rate , /Double L= . Low Short (7- 14)
sums, binary AV initial values) | — High
derived 9,
Proportion
Bounce Rate Ratio of Single Low — Low — Low — Short— Medium
sums, count | /Double Avg Medium Medium | Medium | (7 -21)
derived
Proportion
Ratio of
Click-Through sums, binary | .. . . Low —
Rate (CTR) derived Single Avg, High High Medium Short (5-7)
. Proportion _
Retention Rate Ratio of Sinale Av Low — Low — Medium Lon
(Day 30) sums, count 9 9 Medium Medium | — High 9
derived
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(Print)

Proportion

. : Single Avg, .
Retention Rate Ratio of D03b|e A\?g Medium Medium Meqhum Short- Medium
(Day 7) sums, count — High
derived
Proportion Single Avg
Returning Users | Ratio of Double AV(_‘:] Medium Low — Medium | Medium- Long
Rate sums, count Medium | —High | (10-30)
derived
Proportion
% Buyers with Ratio of Single Avg, Low Low — High Long- Very
Repeat Purchase | sums, count | Double Avg Medium Long (21— 30+)
derived
Cart Proportion ' _
Ratio of . . Low — Medium | Short— Medium
Abandonment Single Avg Medium . )
Rate sums, count Medium | —High | (7-21)
derived
Ratoof || SngeAv, | o,
Churn Rate Double Avg . Low Medium | Long
sums, count Medium
derived
Single Avg,
Time on Site Continuous Dou_ble Medium Low_— Me(_jium Short— Medium
(temporal) /Weighted Medium | —High | (14-21)
Avg,
Single Avg,
Session Length Continuous Dou_ble Medium Low_— Me(_jium Short- Medium
(temporal) /Weighted Medium | —High | (14-21)
Avg,
Scroll Depth Continuous glngle Avg, High Medium | Medium | Short (7- 14)
ercentile
Proportion Single Avg
Task Completion | Ratio of Double Avé High Medium Low Short— Medium
Rate sums, count — High (7-14)
derived
Aggregated . Low — Low — Short- Long
DAU/WAU/MAU | Count (Sum) Medium Medium | Medium | (14— 30+)
. Continuous . . . Low — Short- Long
Page Load Time (temporal) Median Medium Medium Medium | (14— 30+)
Proportion
Match Rate Ratio of Ratio Medium Medium | Medium Medium-—Long
sums, count (10-30)
derived
Proportion
Fill Rate Ratio of Ratio Medium Medium | Medium Medium-—Long
sums, count (10-30)
derived
Proportion
| Ratio of . . Low — . Medium
Supply Coverage sums, Ratio Medium Medium Medium (10— 21)
continuous
derived
Proportion
Fulfilment Rate Ratio Of. Ratio Medium Medium | Medium Medium
sums, binary (10-21)
derived
I Proportion . . Low — . Medium
Utilization Rate Ratio of Ratio Medium medium Medium (10— 21)
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sums,
continuous
derived

To categorize A/B testing metrics, we use ordinal descriptors: from very low to very
high, values of which are derived from experimental and theoretical assumptions. To assess
the statistical behaviour of marketplace A/B testing metrics, we applied ordinal qualitative
estimates- low, medium, and high for three key properties: noise, sensitivity, and latency
(i.e. expected test duration). These estimates are based on a generalisation of empirical studies
[3, 4, 44, 52, 64, 68] and theoretical developments under absence of publicly available unified
guantitative estimates. E.g., [20] presents quantitative results (test durations, variances, MDEs
etc.) of 141 experiment on Airbnb’s experimentation platform; results and parameters of
online marketplace pricing A/B test ran from September 28, 2018 to October 31, 2018 on a
population of 4557234 listings, are given in [42]; data from five A/B tests concerned the
manipulation of user interface elements and search engine algorithm are reflected in [64]. The
diversity of organisations, platforms, and methods of metrics assessment makes it difficult to
obtain accurate quantitative estimates; however, aggregating the results of a number of studies
allows for a qualitative ordering of metrics by key indicators [20, 21, 23, 42, 58, 72, 87, 90].
Moreover, appealing to the sensitivity dependence on experiment duration, we sometimes
assessed sensitivity comparing test durations with different test durations and similar sample
sizes (traffic) [42

Noise is assessed by the normalized metric stability indicator, the coefficient of
variation (CV), defined as the ratio of the standard deviation to the mean. According to [81]
and taking into account the specifics of AB testing metrics we propose treating results with a
CV < 0,5 as low noise, with a CV of 0;3.,5 as medium noise, and with a CV > 1,5 as high
noise. This framework correlates with [58], which document typical high variance in skewed
metrics. Binary or binary-derived proportion metrics (e.g., CR, CTR-clicked at the uségr level
tend to have low to medium noise (CV = 0,2 - 0,6), while count-derived ratio or long-tail
continuous metrics (e.g., RPU, GM\fypically present high noise (CV > 1,5 -2) [24,58].

Sensitivity in terms of MDE inversely corresponds to noise and reflects the MDE at a
fixed power and confidence thresholds: high CV leads to a high MDE and diminished power.
According to this, we classify marketplace metrics, such as: CR (low noise, high sensitivity),
CTR (medium noise), RPU (high noise, low sensitivity) and GMV (very high noise),
providing a systematic framework for metric selection in experimental design. Metrics with
high variance or rare events require much larger differences in the value of the treatment
effect, resulting in low sensitivity. The actual sensitivity of the metric also depends from the
stability of the metric's directionality reflected via probability of metric movement and is
estimated from the historical data for each experimentation platform and organisation. We
have based the estimates of Relative Sensitivity Score on the data from numerous studies and
our own research on the casual hierarchical relationships of the metrics.

The value of the latency (by which we mean the duration of the test required to
achieve sufficient statistical power) depends on the sensitivity and noise of the metric, the
initial value of the metric (in the case of ratio metrics), and the sample size which is limited
by the amount of traffic on the website. We classify the expected duration as very short (up to
1 week), short (up to 1,5 weeks), medium (15 weeks), long (3-4 weeks), and very long
(4+ weeks) based on typical sample size requirements and event frequency reported in
industry case studies [3, 4, 20, 39, 44, 52, 64, 68]. For example, short to medium duration
tests are mainly enough for conversion rate (CR) metrics due to limited variance and frequent
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user events, while continuous revenue-based or combined metrics (e.g., GMV, ARPU) often
require longer periods to stabilise noisy estimates. Considering the heterogeneity of platforms
and data patterns, these ordinal mappings seem to be rather guidelines than fixed thresholds
and should be tested using variance and power analysis on a historical basis in each
experimental system.

As metric’s data and aggregation type significantly impact on metric parameters,
when selecting metrics matching the experiment goals we should consider these types as well
as possibilities of metric improvement by changing the aggregation type.

As Table 9 shows, binary-derived ratio metrics expose the best combination of
characteristics, but, as it is shown in [58, 69] the design and application of these metrics can
generate many problems. Firstly, with a low baseline, a few percent increase may be
immeasurable, so the use of these metrics at the session level is not recommended. Secondly,
the change in the indicator depends on changes both in the numerator and denominator of the
ratio, which makes the interpretation of the change in the metric ambiguous for all cases
except those with an unchanging denominator. Therefore, it is advisable to handle the
numerator and denominator as debugging metrics for a rate metric; also when choosing a rate
metric as a success one, the metric relatively more stable denominator is to be chosen [23].
Moreover, the relative sensitivity and bias of the ratio metric strongly depend on the type of
aggregation: Single Avg (computed as ratio of averages, i.e. as total sum of numerator values
for all users divided by total sum of denominator) vs. Double Avg (computed as average of
ratios, i.e. average of individual user ratios). They differ primarily in the way in which users
are weighted. In the case of the average of ratios, users have the same weight in the final
metric because each user has a single value for the ratio [17, 18, 23]. For the ratio of averages,
the weight is proportional to the denominator value for each user, e.g., a user with more page
views will have a greater impact on final metric, e.g. CTR. Because of the difference in
weights, Simple Avg (average ratio) ratio appears to give more importance to heavy users,
while Double Avg (average of ratios) optimisation treats all users as equally valuable.

In order to design a valid metric set the causal interdependences between metrics of
different ranks, e.g., key business and proxy metric, is to be clearly outlined. To achieve that a
metric hierarchical tree reflecting the hierarchical casual dependencies and pathways of
influence between metrics of different ranks is to be built. Arranging the metrics structure of
any business, for example, a marketplace is convenient to do by constructing a tregfike gra
of metrics, which, along with hierarchical relationships, will also display functional
relationships of metrics belonging to the same level of the tree. In addition, the presence of
casual links of a lower-level metric with several higher-level metrics leads to the fact that a
child metric may have several parent metrics. Building such a metrics tree requires:

— developing a comprehensive set of indicators reflecting business goals and the
means to achieve them;

— identifying the metrics reflecting the state of these indicators, sufficiently sensitive
to their change and measurable/determinable during A/B testing in a reasonable time;

— identifying the highest (zero rank) metrics directly reflecting the achievement of
strategic business goals and adopting them as the top of the highest level. The peculiarity of
building a hierarchical metrics tree is the presence of several key metrics (interrelatedl roots o
the tree), the evolution of which reflects the main goal of each busirgsstainable growth
of the business value;

— determining the functional significance (ranks) of selected metrics and functional
interdependencies between them;

— figuring out the distribution of selected metrics by tree levels;
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— highlighting the hierarchical relationships between metrics of different levels,
pointing out the potential surrogacy of lower level metrics in regard to influenced metrics;

— revealing interrelations derived correlation dependencies between metrics, which
may result from both casual dependencies and subjection to the influence of the same factors.

The metrics tree developed on the basis of the ranking the e-marketplace metrics
(Table 1) is shown in Fig. 1. It is reasonable to use this tree when forming a set of metrics for
a particular A/B test by selecting a subtree with a root node corresponding to the primary
North Star metric of test success to identify a set of secondary, exploration and guardrail
metrics and their surrogates.

| v 1 v v
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Figure 1- Hierarchical tree of metrics for A/B testing of marketplaces
(developed by authors)

The constructed hierarchy is a sketch of a logical model of the metrics’ database,
which can be transformed into a real database scheme after determining the attfibutes o
metrics involved in the search algorithm. Aggregating the Tables 1, 2 and Figure 1 provides a
catalogue of metrics, which can be used for metric set design. When choosing a metric from
the catalogue, a matrix of indicative assessment of the metric parameters (Table 10) is
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suggested to be used for selecting the metric from a set of metrics of the same functional
purpose.

In this matrix score 1 is assigned to very bad values (low for sensitivity and relative
sensitivity, high for variance and noise, very long for test duration)ta2bad ones (medium
—low [ for sensitivity and relative sensitivity, mediunthigh for variance and noise, long for
test duration); 3- to medium, 4- to good (medium- high for sensitivity and relative
sensitivity, medium low for variance and noise, long for test duration) antb%ery good
ones (high, low, very short), where ordinal estimates correspond to Table 9 and are figured
out after data published in numerous research reports of such companies as Airbnb, Microsoft,
Amazon, Netflix etc. and articles after the results of such studies [3, 4, 20, 21, 23, 42, 44, 52,
58, 68, 72, 87, 90].

Table 10- Matrix of comparative assessmaeifiinetric parameters (developed by authors)

Parameter| Sensitivity (assesse| Varian@ Relative Sensitivity (MDE, statistical|l Noise Latency (Time
by MDE) (CV) power X movement probability) horizon)
5 5 5 5 5
4 4 4 4 4
Score 3 3 3 3 3
2 2 2 2 2
1 1 1 1 1

Thus, the total score serves as an average indicator of the metric's quality: metrics with
all parameters equal to 1 (the bottom row of the matrix) are unacceptable (total score =5), 5 is
ideal (total score = 25), which is unattainable in practice. Estimated values of the CR metric
parameters for sufficiently large baseline values and sample sizes are highlighted in grey.
After filling in the matrix for each candidate metric, they can be compared and the best one
selected. If there is a shortfall in a particular parameter, the possibility of applying
improvement methods [19, 20, 23, 24, 25, 26, 49, 53, 75, 83, 86] should be examined.

Relying on the built tree of metrics and the assessment of their parameters, the
following workflow can be proposed to build an efficient initial set of primary, secondary and
guardrail metrics for a particular A/B test:

1) define the strategic objective of the experiment;

2) define the desired test duration and sample size limits;

3) define the North Star metric appropriate to experiment goal and tested feature;

4) define the business funnel stage and category of object or process the treatment
effect on which is to be evaluated by metric;

5) activate the metric tree and select from chosen category the KPI metrics which can
be used as primary metrics considering directionality and interpretation;

6) choose from metric catalogue a single or a multiple metric as OEC,;

7) estimate category of metric test durations and compare it to the desired one;

8) select metrics with appropriate latency or look for more short-term surrogates from
the metric catalogue and metric tree;

9) activate the meit catalogue and define functionally linked to KPIs’ candidates for
secondary driver, exploration and guardrail metrics;

10) identify composite metrics, decompose them if possible referring to calculation
formula; substitute complex metrics by their constituents to avoid unambiguity of
interpretation;

11) estimate the metrics’ parameters: data type, aggregation type, sensitivity (MDE,
statistical power), movement probability, noise etc. given in catalogue. Power estimation
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should be MDE based; movement probability assessed by one of the methods proposed in
[72, 92] applied to historical data. Relative sensitivity score is to be assessed by identifying
the metric sensitivity parameters (MDE, statistical power xmovement probability);

12) stepby-step check if metrics’ parameters match to test duration for planned
statistical power and uplift; use check results for data type and aggregation type as gates;

13) select metrics most appropriate to test conditions. If latency and sensitivity / noise
parameters are unacceptable, define the set of surrogate metrics;

14) repeat analysis of metric parameters for each surrogate metric taking into account
possibilities and method of parameter improvement;

15) identify correlated metrics in each category (driver, exploration etc.) and compare
metrics’ parameters within each category; the matrix of parameter score may be used;

16) if possible, apply Pareto optimization to metric set;

17) assess possible improvement of metric parameters by different methods and revise
the matrix of parameter score;

18) exclude the worst (by parameter score) strongly correlated metrics, and select one
(up to two if correlation is weak) best metric for each category. Identify methods for each
metric parameters improvement;

19)validate metrics set according MECE principle (mutually exclusive and
collectively exhaustive)71]. Though this principle is recommended for validating the metric
decomposition we suggest it can be applied for validating the metric set considering KPlIs;

20) check the interpretations of metrics movement in certain directions for
contradictions concerning impact of movement directions on KPI change. If they exist,
construct a combo metric, e.g., as a weighted sum if the chosen metrics;

21) examine movement probability for each selected candidate experimentally by AA
test. If confirmed, define the final metric set. In case confirmation failed revise the metric set.

A slightly simplified algorithm for creating such a set of metrics is shown in Figure 2.

It is obvious that the formation of such a set requires valid data to confirm the
possibility of using surrogate metrics as key indicator substitutes, which requires
identification of casual and correlation dependencies between metrics derived from the
hierarchical tree of metrics and historical data. In addition, it is necessary to identify metrics
whose changes allow for ambiguous interpretation and formulate restrictions on their use.

Conclusions from this research and prospects for further developments in this
area. By analysing theoretical studies and previously accumulated experimental data, we have
expanded the field of classification features of metrics for their Istegtep selection in a
particular experiment, established quantitative estimates of sensitivity and noise parameters
for many metrics, and evaluated their correspondence tor the duration of the experiment. The
study of functional relationships between metrics gave the possibility of ranking them by
functional significance, with further building the hierarchical tree of metrics and justifying
recommendations for selecting a set of possible surrogate metrics for higher-ranked metrics.
Together with the results of the metrics parameter estimation, this allowed us to develop an
algorithm for selecting a set of metrics for testing in a particular experiment.
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Figure 2— A simplified algorithm for creating the initial set of A/B test metrics
(developed by authors)
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Further research should be devoted to refining quantitative estimates of metrics
parameters, expanding the scope of research on the correlation of metrics and the interaction
of their parameters, evaluating the effectiveness of using certain metrics for testing specific
features, and creating a database of metrics for AB testing based on the results of these
studies.
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Konmexcmmno-opienmoesanuii éudip mempux ¢ A/B mecmyeanmi.

Poboma npucesiuena 600CKOHANEHHIO MeMOOOJI02IUHOI OCHO8U 6ubopy mempux o A/B-
mecmy6ants 3a PaxyHoK pOWUPEHHS HAOOpY ampubymie Mempux, wjo 3acmoco8ylOmucs y AKOCHI
Kpumepiie eubopy mempux oasi A/B mecmy. [ocnioxceno eniue muny Oauux ma cxemu azpecayii
mempuxku Ha il egexmuenicmv Ona A/B  mecmyeanns, 3anponoHo8aHo SUKOPUCMOBY8AMU  Yi
napamempu npu NnepeuHHOMY 6i000pi Mempuk. 3a pe3yibmamamu y3a2albHeHHs pe3yibmamis
EeKCHepUMEHManbHux O00CHI0dNCEeHb BUSHAUEHT NOPAOKOGI 3HAUeHHA Kmovosux 0ns A/B mecmyeanms
napamempie Mempux, mMaKux AK UYYMAUGICMb, 3AUYMIEHICmb I HeoOXIOHa  mpuganicme
excnepumenmy. Ilobyooeano iepapxiuny mooens 83AEMO3ANEHCHOCMEN MIdHC MEMPUKAMU | 6USHAUEHO
npoyeoypy ¢hopmyeanna nabopy Konkpemuux mempuk Ona A/B mecmy ma ocnogi yici mooeri.
Kinyesum pesynvmamom 0ocniodcents € popmanizayis paunHix emanie naanyeanms A/B-mecmyeanns
3 10OY006010 BIONOBIOHO20 ANCOPUMMY.

Knrouosi cnosa: NB mecmyeanns, mempuxa, Oepeeo mempux, 4ymaugicms, 3aulyMaeHiCmb.
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