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The purpose of the article is to theoretically substantiate a system of criteria for assessing the suitability of digital analytical information
for specific managerial decisions. The research employs comparative analysis of scientific approaches, conceptual modelling, logical deduction and
scenario analysis using hypothetical numerical data. General data quality, information suitability for a task and managerial decision performance
are distinguished. Information requirements are derived from the available courses of action, intended outcome, planning horizon, decision deadline,
opportunities to revise the decision and losses associated with errors. Universal requirements for information transparency are separated from task-
dependent criteria for information sufficiency. A matrix linking the criteria to four tasks is developed: inventory replenishment, marketing budget
allocation, investment project selection and an operational response to supply disruption. The matrix specifies the required timeliness, granularity,
scope, accuracy, explainability and stability of analytical conclusions. The scientific contribution consists in aligning these criteria with task
characteristics and with a procedure for examining whether information limitations can reverse the preference between alternatives. A numerical
example shows that highly accurate individual indicators do not necessarily justify a choice and that uncertainty does not always require postponing
action. The example examines a rule that minimizes the maximum loss in expected benefit and identifies an upper bound on the potential benefit of
obtaining more precise information. Information gaps are assessed in terms of their influence on the choice, the cost of obtaining additional
information and the consequences of delaying the decision. The practical significance lies in using the matrix to prepare analytical assignments,
review management reports and document the limitations of recommendations without developing a new software product. The study is theoretical;
the calculations illustrate the logic of the approach and are not based on observations of enterprises. Conditions for revising information
requirements following changes in objectives or available courses of action are specified. Future research should empirically examine agreement
between evaluators in applying the criteria, measure information acquisition and decision delay costs, and investigate changes in choices under
different characteristics of decision-support information.
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INTRODUCTION

Digital analytical systems provide managers with metrics, forecasts, and recommendations for
decision-making. However, the fact that a metric is calculated correctly does not necessarily mean it is
sufficient for selecting a specific course of action. The information may pertain to a different time period,
level of detail, or set of entities than those relevant to the decision at hand. For instance, average monthly
sales volume might be suitable for general planning but insufficient for the daily replenishment of an
individual stock-keeping unit (SKU). This gives rise to the challenge of ensuring that analytical information
aligns with the nature of the specific management task.

Information requirements vary depending on the objective, the timeframe for the decision, the
consequences of potential errors, and the feasibility of revising the decision later. In the context of long-
term investment, the validity of forecasting assumptions and the robustness of a project’s advantages
across various scenarios are critical. Conversely, when responding to supply disruptions, the timeliness of
data and the potential consequences of delayed action become paramount. In practice, the task involves
identifying the specific information characteristics required for a given decision and determining whether
further refinement of that information is warranted. From a research perspective, the task entails aligning
criteria for information sufficiency with the structure of available alternatives, potential losses, and the
costs associated with acquiring the information.

ANALYSIS OF RECENT RESEARCH AND PUBLICATIONS
The theoretical foundation of this study rests on the concept that data quality is multidimensional
and that its assessment depends on the needs of the user [1]. Contemporary research systematizes methods
for incorporating context into data quality management and confirms the necessity of defining information
requirements based on the specific conditions of use [2]. These approaches allow for viewing the suitability
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of information as its alignment with a specific task —a concept that requires further specification to guide
managerial decision-making.

Ukrainian literature explores the potential of business analytics, as well as the challenges associated
with integrating big data into enterprise operations [3]. Research into the methodological foundations of
business analysis underscores the need to define information requirements at the outset of analytical work,
align evaluation criteria, and standardize metrics [4]. This approach establishes a basis for setting
requirements for analytical outputs before they are utilized by managers.

A study focusing on digital innovations in support of strategic management decisions proposes a
model that integrates crisis-related constraints, information infrastructure, analytics, and the selection and
monitoring of outcomes for marketing startup projects [5]. This model centers on the organization of a
strategic management support system. The present article further develops these concepts by focusing on
the assessment of the information base underlying specific decisions.

The organizational prerequisites for data utilization are examined through the lens of an
enterprise’s analytical culture [6] and the quality of its internal information [7]. Prescriptive analytics and
decision-aware model training link forecasting with the selection of actions and the assessment of losses
resulting from errors [8; 9]. The theory of the value of information provides a rationale for evaluating
additional data based on its potential to improve decision-making [10]. These concepts form the basis for
determining whether refining information can alter a managerial choice and whether the expected
improvement justifies the costs incurred to obtain that information.

A distinct body of research focuses on the use of algorithmic recommendations. This includes the
division of authority between a manager and a system [11], the dependence of human-Al interaction
outcomes on the specific task at hand [12], and the evaluation of explanations and their impact on the user
[13; 14]. Consequently, it is necessary to verify that a recommendation aligns with managerial objectives
and to distinguish between the clarity of an explanation and the soundness of the proposed action.
Approaches to evaluating data-driven decisions also encompass process analysis and feedback following
the implementation of a decision [15].

IDENTIFICATION OF PREVIOUSLY UNRESOLVED ASPECTS OF THE OVERALL PROBLEM

The approaches examined encompass data quality, the organizational context of analytical
activities, the optimization of selection processes, and the evaluation of outcomes. Further specification is
required regarding how these elements are integrated into the procedure for verifying information prior
to making a specific management decision. In particular, it is necessary to determine how the characteristics
of a task dictate information requirements, what evidence confirms the sufficiency of that information, and
under what conditions an identified constraint might alter the preference between available alternatives.

In this article, this issue is explored by constructing a matrix that aligns information criteria with
four types of management tasks, and by defining the procedure for its application. The proposed approach
integrates the task profile, the evidence required to establish information sufficiency, an assessment of how
constraints affect decision-making, and an evaluation of whether further refinement is warranted. This
enables the prioritization of additional analytical work, taking into account management implications, the
cost of verification, and the timeframe for obtaining results.

RESEARCH AIM AND METHODOLOGY

The objective is to provide a theoretical substantiation for a system of criteria determining the
suitability of digital analytical information for specific management decisions. The study employs a
comparative analysis of purposefully selected publications from 2023-2026 alongside three foundational
works from earlier periods, utilizing conceptual modeling and logical deduction. The sources are compared
based on the subject of assessment, the decision-making stage, and the method of accounting for the specific
task. This selection does not constitute an exhaustive systematic review. A scenario analysis is conducted
using hypothetical numerical data; this serves to verify the logic of the procedure rather than its empirical
effectiveness. The documentation of limitations and authority aligns with the principles of Al risk
management [16].

PRESENTATION OF THE MAIN BODY OF THE RESEARCH
Digital analytical information consists of metrics, forecasts, explanations, and recommendations
derived from data processing within a digital environment. Its suitability is defined by whether it is
sufficient to compare specific alternatives against an agreed-upon objective within a set timeframe. Data
quality characterizes the information product itself; suitability refers to its alignment with the task at hand;
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and the effectiveness of a decision relates to the outcomes of the action taken. A positive outcome does not
negate an initial deficiency in the information, just as the realization of an anticipated adverse scenario does
not prove that the information was unsuitable.

The foundational document is the task passport, which outlines the objective, available
alternatives, the unit of action, the time horizon for consequences, the deadline for making a choice, the
scope for cancellation or revision, and the potential losses resulting from errors. For example, for the model
problem below, the passport records choice A or B for one period, net benefit estimate, demand probability
range 0.35-0.65, and one-time refinement cost 4 conventional units. The record must also identify the
manager in charge, the report version, and any revision events; these fields ensure the reproducibility of
the informational basis for the decision.

Universal requirements apply to all tasks; however, the depth of their substantiation depends on
the consequences of the decision. These requirements encompass provenance, semantic definiteness — the
unambiguous meaning of an indicator — and the transparency of constraints. Task-specific criteria are
presented in Table 1. Scope is distinguished from transferability: the former relates to the representation of
relevant objects, while the latter concerns the applicability of a conclusion to target conditions. The
robustness of a preference implies that the chosen alternative remains valid even when initial assumptions
undergo permissible changes.

Evidence serves as the basis for assessment, while a criterion represents a specific property being
verified. These should not be replaced by an arbitrary aggregate score. Permissible deviations are
established prior to analysis, based on their potential consequences — such as shortfalls, cost overruns, loss
of benefits, or expiration of validity periods. To ensure explainability, the intended use of the conclusion
and the verifiable assumptions must be documented; however, a clear verbal explanation is not a substitute
for substantiating a causal effect. If a quantitative limit is unknown, the relevant professional judgment
should be documented rather than an arbitrary indicator of precision.

Table 1.
Criteria and indicators of information sufficiency

Criterion Evidence to Check Assessment Rule

Provenance (Universal) Source, time of generation, model version, or | The origin of the result can be established
transformation

Semantic definite-ness | Definitions, units, basis of comparison, | The meaning of the indicator is consistent with the

(Universal) aggregation rules decision objective

Transparency of | Assumptions, missing data, uncertainty | Material limitations are explicitly documented

limitations (Universal) ranges

Timeliness Observation dates, rate of change, validity | Information is available before the opportunity to
period choose is lost

Granularity Unit of analysis and unit of management | Aggregation does not conceal differences that would
action change the action

Scope Represented objects, segments, and scenarios | Missing data that could change the preferred alternative

have been checked

Transferability Comparison of source and target conditions | Differences are accounted for, or the scope of
applicability is restricted

Accuracy adjusted for | Error range and consequences of errors in | Errors are assessed against the agreed acceptable loss
losses different directions

Explanatory adequacy Forecast boundaries; basis for conclusions | For forecasts, conditions of applicability are disclosed;
about causal effects for interventions, causal assumptions are justified

Robustness of preference | Thresholds at which the preferred alternative | The choice remains stable, or any potential loss from a
changes and sensitivity analysis results change is acceptable under a defined rule

Source: author's own work.

Four tasks have been selected to compare information requirements across operational forecasting,
changes in managerial action, long-term commitments, and urgent responses. They differ in their planning
horizons, decision deadlines, consequences of error, and opportunities to revise an action after
implementation. The matrix in Table 2 translates these differences into task-specific assessment
requirements. It identifies what should be examined under each criterion and what evidence can support
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the use of information in a particular decision. The matrix does not assign a universal level of importance
to the criteria, since their significance depends on the objectives and constraints of the task. For example,
timeliness becomes particularly important when a delay would remove an available course of action,
whereas the sensitivity of projected benefits requires closer attention when a decision creates substantial
irreversible commitments. Across all four tasks, the data sources, indicator definitions, calculation
methods, and limitations must be specified. These common requirements provide a consistent basis for
assessment, while the remaining requirements are adapted to the circumstances of the decision.

Regarding inventory, precise sales records may fail to capture unmet demand resulting from
stockouts. In marketing, the correlation between advertising and sales might simply reflect seasonality; it
does not prove that an increased budget yields incremental gains. For investments, it is necessary to
determine which shifts in cash flows alter the ranking of projects and whether a phased commitment is
feasible. Conversely, in the event of supply disruptions, a delay in verification could eliminate the
opportunity to secure a resource. These distinctions determine what evidence must be obtained before
taking a specific action.

Table 2.
Alignment of criteria with the management task
Criterion Inventory Marketing Budget Investment Project Disruption Response
Replenishment

Timeliness Order cycle, deli-very | Customer response | Cash flow horizon Update Dbefore the op-
lead time period, seasonality portunity to act is lost

Granularity Product, ware-house, | Channel, segment, | Project, stage, cash flow Failure point, available
period incremental margin resource

Scope Shortages and unmet | Material target segments | Demand and cost scenarios | Critical dependencies and
demand reserves

Transfer-ability | Changes in product | Transfer of effects to a | Relevance of comparable | Relevance of  pre-vious

range and season new segment projects to project | disruptions to the current
conditions situation
Accuracy and | Consequences of | Error in incre-mental | Range of cash flows near | False alarm and missed
losses overstocking and | margin estimates the decision threshold disruption
shortages
Explanatory Demand forecast | Evidence  of  budget | Cash flow assumptions Rationale for a speci-fic
adequacy limitations impact response measure

Robustness ~ of | Change in  order | Change in  channel | Change in project ranking | Reversal of a reversible
preference quantity preference measure

Source: author's own work.

The procedure consists of six steps. The first is the approval of the task specification and the
preference criterion. A recommendation to maximize sales, for instance, does not automatically apply to a
task focused on maintaining liquidity.

The second step involves creating an information profile: for each criterion, the required evidence,
permissible deviation, and the person responsible are defined. The third step entails comparing
requirements against existing reports and documenting any constraints. For every gap, it is noted whether
it affects the potential benefit, the availability of an alternative, or the timeline for its implementation. An
unknown value is not equated to having zero impact.

The fourth step is sensitivity analysis—checking whether the chosen option changes when
underlying assumptions are varied. The ranges for these variations are justified based on known margins
of error, historical observations, or scenario-based assumptions. The fifth step involves weighing the
potential value of further refinement against its cost and the consequences of any resulting delay. In the
absence of a probability distribution, upper bound on the potential benefit or a qualitative rationale is
provided, rather than a fabricated "expected value."

The sixth step is the documentation of the chosen option, the specific version of the data used, any
remaining constraints, and the review event. This summary is recorded in the format: "constraint —
potential impact — action taken — condition for re-evaluation." The analyst validates the data
characteristics, the manager approves the objective and the acceptable level of loss, and the system manages
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version control and performs calculations. This framework also applies to recommendations generated by
AL

The hypothetical problem involves choosing between two options, A and B, for a single period.
The objective is to obtain the expected net benefit; both high and low demand scenarios are considered.
The benefits already account for implementation costs; no other objectives, states, or alternatives are
included. The probability of high demand is an unknown parameter. The input values and results are
presented in Table 3.

Table 3.
Estimated benefits and sensitivity analysis results
Indicator Option A Option B
Net benefit under high demand, in conventional units 100 70
Net benefit under low demand, in conventional units 60 80
Expected net benefit at a probability of 0.50 80 75
Expected net benefit at a probability of 0.35 74 76,5
Expected net benefit at a probability of 0.65 86 73,5
Maximum loss of expected net benefit in the 0.35-0.65 range 2,5 12,5

Source: author's own work.

At a probability of 0.50, Option A yields 80 units, while Option B yields 75 units. For Option A, the
expected net benefit is 60 plus 40 multiplied by the probability of high demand; for Option B, it is 80 minus
10 multiplied by the same probability. Equality is reached at a probability of 0.40, where both outcomes
equal 76. Therefore, the assessment of accuracy should focus on the likelihood of crossing this threshold.

The initial range of 0.35-0.65 is a scenario-based assumption rather than a statistical confidence
interval. At the lower bound, Option B outperforms Option A by 2.5 units, while at the upper bound,
Option A outperforms Option B by 12.5 units. When the probability is unknown, a manager might adopt
a decision rule to minimize the maximum potential loss in expected net benefit. Here, "loss" is defined as
the difference between the expected net benefit of the best available option and that of the chosen option,
given a specific probability value; it does not refer to the loss incurred under a specific realized state of
demand. Comparing the maximum losses — 2.5 versus 12.5 — favors Option A.

Once the range is refined to 0.52-0.60, Option A’s advantage becomes 6-10 units, persisting across
all values within this range. However, if the net benefit for Option A under low-demand conditions
decreases from 60 to 50 — while all other factors remain constant — the threshold of equality shifts from
0.40 to 0.50. Thus, the adequacy of a given probability estimate depends on the structure of the net benefits.
In the initial range, precise knowledge of the probability can improve the expected net benefit — compared
to choosing option A immediately — by no more than 2.5 units for any given value of the parameter.
Therefore, a one-time refinement costing 4 units cannot be justified solely by the improvement to this
choice. This represents the upper limit of the potential benefit derived from knowing the parameter, rather
than the expected value of a specific study or of having advance knowledge of future demand. This
conclusion assumes that net benefits remain constant, no new alternatives emerge, and the information is
not reused.

The scientific novelty lies in the specification of the evaluation procedure through the following
linkage: "task profile — criterion — evidence — impact of a constraint — method of information
utilization." Its concrete output is a matrix designed for four types of management tasks. Unlike a mere
characterization of data set properties, this verification process culminates in a conclusion regarding the
feasibility of a specific course of action. At the same time, contextual evaluation, sensitivity analysis, and
the assessment of the value of information serve as theoretical foundations rather than as new findings of
this work.

Additional information may refine the description of a situation without necessarily altering the
decision. Therefore, the priority for seeking further clarification is determined by the potential impact on
the choice made, as well as the cost-benefit ratio. In practice, the matrix can be incorporated into the
requirements for an analytical report, while the documentation of constraints can be included in a
manager’s explanatory note. Software implementation is not required for initial application.
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Based on the proposed procedure, a rule for prioritizing information refinements has been
formulated. For each identified constraint, it is necessary to determine which alternative’s evaluation is
affected, the range of permissible deviations that could trigger a revision of the choice, and the associated
loss of expected benefit. Priority should be given to refining information where uncertainty could lead to a
change in the chosen course of action or cause the loss to exceed the agreed-upon threshold. If an alternative
remains superior across the entire plausible range of values, then —all other factors being equal —refining
the corresponding metric is of lower priority. This assessment takes into account the cost of verification,
the time required to obtain results, and the feasibility of revising the decision. Applying the rule entails
examining the combined impact of interdependent constraints, as evaluating them individually might
mask shifts in decision-making. This approach utilizes a matrix to allocate analytical effort across various
information gaps, prioritized according to their managerial implications.

The limitations of this approach stem from the lack of empirical validation within enterprises, an
incomplete set of tasks, and the fact that acceptable loss thresholds depend on managerial judgment.
Stability within a defined range does not guarantee stability outside of it, nor does the method reveal
overlooked alternatives. For further verification, it is advisable to compare independent assessments made
by managers—using consistent criteria—while also analyzing shifts in choices, losses relative to an
established benchmark, and the time invested in refining the analysis.

CONCLUSIONS

A system for evaluating the suitability of digital analytical information has been developed, linking
universal requirements and task-specific criteria with the necessary evidence and the implications of
information limitations. A matrix details the verification process for applications such as inventory
replenishment, marketing budget allocation, investment selection, and response to disruptions.

A prioritization rule for information refinement has been formulated; it determines the sequence
for addressing limitations, taking into account the feasibility of altering a choice, the acceptable loss, the
cost of verification, and the time required to obtain additional data.

A model-based calculation demonstrates the threshold for changing an alternative, allowing for
the separation of the potential benefit of refinement from its associated cost. This approach is suitable for
structuring the preparation of analytical reports and documenting the rationale behind management
decisions. Future research should assess the consistency of applying these criteria, the utility of the
procedure, and the costs involved in its implementation within real-world processes.
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KPUTEPII TIPUIATHOCTI LIM®POBOI AHAJTTITYHOI IHOOPMALIIT U151 YTIPABITITHCBKMX
PIITEHDb

KAITYCTSIH Ipuna
Hartionasmsanit yHiBepcuTeT «OflechKa I0pUANYHa aKageMis»

Memoto cmammi e meopemuune obrpynmybanna cucmemu kpumepii6 npudammnocmi yugppoboi anarimuunoi ingpopmayii oa
KOHKpemHux ynpabaincokux piutens. 3acmocobano nopibuaivnuil anaris Hayxobux nioxodi6, koHyenmyasvre MoOeA0B8anna, A02iuny 0edyky it
ma CyeHApHUNl aHAAi3 HA YMoBHux uuciobux danux. PosmexoBamo 3aeaivuy Axicmv Oanux, npudammuicms ingpopmayii do 3a60anus ma
pesyavmamubnicms  ynpabaincekoeo piuienns. 3anpononobano Busnauamu ingopmayiuni 6umoeu uepes asvmepHamubu Oii, UyiiboBuil
pesyavman, uacobutl eopusoHm, cmpox 6ubopy, Moxiubicms nepeeaady piuenns ma mpamu 6io nomusox. Buokpemaero yribepcasvri Gumoeu
0o nposopocmi iHgpopmayii ma cumyayinHo satexui kpumepii it docmamuocmi. Pospobaeno mampuyto Gionobionocmi kpumepii6 vomupsom
3a60annam: nonoBuennio 3anacié, po3nodiry mapkemuneoboeo 6100xenty, 6ubopy iHbecmuyiiinoeo nposkmy 1 onepamubHoMy peasybannio HA
nepeboi nocmauanua. Mampuys Konxpemusye nompibHy axkmyasvHicms, 0emaii3ayiio, 0XONAeHHA, MOUHICMb, NoAcHIoBanicmy i cmitikicns
Bucnobxib. Hayxoba noBusna nosaeae 6 y3e00xenni yux kpumepii6 i3 xapaxmepucmuxamu 3a60anus ma npoyedyporo nepebipxu moeo, uu 30ammui
iHghopmayitini oOMexeHHA 3MiHUMU nepeBacy MiX asvmepuamubamu. Ha modesvromy npuxaadi noxasano, wjo Bucoka mouHicims okpemoeo
noKasHuKa He eapanmye obrpynmobanocmi 6ubopy, a HebusHauenicms He 3a6x0u nompedye Gioxiadenns 0ii. Poseaanymo sacmocybanna npabuia
MiHiMizayil Haubisbuiol Bmpamu ouikyBaroi Bueodu ma BusHaueno bepxrio Mexy moxauboi xopucmi 6i0 dodamkoboeo ymoureHHA iHGPOpMayii.
Ingpopmayitini npoearunu sanpononobano oyinobamu 3 ypaxybannam ixnvoeo 6niuby ua 6ubip, bapmocmi ompumanns dodamkobux Gidomocmetl
i HAcAiOKi6 sampumku pivienua. Ipakmuuna sHauywicms noiseac y moxiubocmi Gukopucmanua Mampuyi 042 nideomobxu aHAATMUYHUX
3a60ans, nepebipxu ynpabaincekux 36imi6 i dokymenmybanua obmexeHs pexomeHOayin bes po3pobaeHHA HOB020 NpoepamHoe0 npooykmy.
JHocaidxenns mae meopemuunutl xapakmep; Habedeni pospaxyHku iAOCHpY0ms A02iKy nioxody ma He € pe3yAbMamamu Crocimepexents 3a
nionpuemcmbamu. Busnaueno ymobu nepeeasdy ingpopmayinnux umoe y pasi sminu yisetl abo arssmepramug 0ii. Ilepcnexmubamu € emnipuuna
nepebipka y3eo00xeHocmi 0yiHOK Kpumepiib, Gumipiobanns 6umpam ompuManHs iHpopMayii ma ampumKy piulenna, a maxox 00CAi0XKeHHA 3MiH
Bubopy 3a pisHux xapakmepucmux iHpopmayiiro2o 3abesnederns.

Kawouobi cro6a: menedimenm, yugppoba anarimuka, axicme ingopmayii, ynpabainceki piuiens, HeBusnauenicms, iHgopmayitini
Kpumepii, anaais wymaubocmi.
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