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Avrtificial intelligence (Al) has become a key driver of analytical transformation in modern enterprises, redefining
the way organizations collect, process, and interpret financial information. Al tools such as machine learning, deep
neural networks, and predictive analytics provide businesses with the ability to detect early indicators of profitability
fluctuations, optimize pricing strategies, and identify inefficiencies in resource allocation. This study aims to explore
the main limitations and risks associated with applying Al for profit analysis, focusing on data quality, algorithmic bias,
model transparency, and compliance with ethical and regulatory standards. The research methodology combines
analytical review and comparative analysis of international and Ukrainian studies on Al-based financial decision-
making, emphasizing the technological, managerial, and ethical aspects of implementation.
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Y cyyacHux ymoBax BiliCbKOBOT arpecii, EKOHOMIYHOI HecTabifilbHOCTI, Ta BUCOKOI KOHKYpeHLi, 34aTHICTb nig-
MPVMEMCTBA He fi1LIe reHepyBaTy, asie i ONTUMasIbHO PO3MOAINSATV NPUOYTOK CTaE BUPILLA/IbHUM YMHHUKOM 0o
dhiHaHCOBOI CTIVKOCTI Ta iHBECTULNHOT NpMBa6NMBOCTI. Barato BITYM3HSAHKX NiANPUEMCTB, 30KpEMa Po34pPibHI Top-
rOBE/bHI Mepexi, 06MeXyTbCS TpagUUIiHMK Nigxo4amu 40 aHaslidy NpubyTKY, OPIEHTYHUMCh HA PETPOCMEKTUBHI
y3ara/ibHeHi MOKa3HWUKMU, LLIO HE A03BOSISIE 3AiCHIOBATM OMNepaTnBHE Ta CTpaTeriyHe ynpaBniHHSA peHTabenbHicTio Ha
PiBHI OKpEMUX CTPYKTYPHUX Nigpo34inis. LUTy4HWIA iIHTENEKT CTaB KNHOYOBMM (DakTOPOM aHaNiTUYHOT TpaHcdopMaLii
B Cy4YacHuX nianpumemcTeax, NepeocMuc/IMBLLIM CNocib, AKMM opraHisauii 36mpatoTb, 06po6NATb Ta IHTEPNPETYIOTh
hiHaHCOBY iHhopMaLlito. Voro iHTerpauis B cucTemm aHanisy npubyTKy [03BO/ISE KOMMNAHISM yNpaB/AaTU BeNnyes-
HUMKU o6caramun faHux, BUSBASATA NPUXOBaHi 3aKOHOMIPHOCTI B AMHAMILi BAUTPAT i AOXO0AIB, & TaKoX MPOrHo3ysaru
(hiHaHCOBI pe3ynbTaTy 3 PiBHEM TOYHOCTI, HEAOCSHKHMM 3a AOMNOMOTOK TPAAULIAHMX CTATUCTUYHWUX METOAIB. IH-
cTpymeHTK LUI, Taki SIK MalUMHHE HaBYaHHS, IMOOKI HEMPOHHI Mepexi Ta MPOrHo3Ha aHaniTMKa, HaaarTb Nignpu-
EMCTBaAM MOX/IMBICTb BUSBNSTU PaHHI 03HaKN KO/IMBaHb NPMOYTKOBOCTI, ONTUMI3yBaTW LjiHOBI CTpaTerii Ta BUABNATU
HeedheKTUBHICTb Yy po3nogini pecypcis. JocnimpkeHHs Wwoao BnposapkeHHs LI mae Ha meTi AocnignT OCHOBHI 06-
MEXEHHS Ta pU3VKY, NOB'A3aHi i3 3acTocyBaHHAM LUI ana aHanisy npmbyTkKy, 30cepemBLLNCE Ha AKOCTI AaHuX, aaro-
PUTMIYHI ynepemKeHoCTi, NPO30POCTi MoAeNne Ta AOTPMMAaHHI ETUMHUX | PEryNsiTOPHUX CTaHAapTiB. MeTogonoris
LOCNIMKEHHA MNOEAHYE aHANITUYHWIA OrNA4 Ta NOPIBHAMIBHUIA aHauTi3 MDKHAPOAHWX i YKPAIHCbKUX AOCTIKEHb WOA0
NPUAHATTS hiHAHCOBMX pilleHb Ha OCHOBI LU, aKLeHTYoumM yBary Ha TEXHOMOTYHMX, YNPaBAiHCbKMX Ta eTUYHUX ac-
nekTax BNpoBafKeHHs. Pe3ynstaTy AOC/IKEHHS NOKa3yHoTh, WO, xo4ya LI icTOTHO nigBuLLye TOYHICTb, WBMAKICTb
Ta 06'EKTUBHICTb OLiHKM NPUBYTKOBOCTI, NiANPUMEMCTBA BCE LLE CTUKATLCA 3 NPo6/eMamy HefloCTaTHLOT iHTerpadii
[aHuX, Hepo36ipNMBOCTI CKNaAHKX MoAenei Ta NOTEHLIHOTO pU3NKy.

KniouoBi cnoBa: wryyHwii inTenext, WI, npubyTok nignpuemcTsa, aHasni3, (piHaHCOBe ynpaBniHHSA, Lndposa
TpaHcopmauis.
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Statement of the problem. In the digital
economy, enterprises are becoming increasingly
dependent on data-driven decision-making
processes that determine their competitiveness
and long-term sustainability. Artificial intelligence
(Al) offers advanced capabilities for analysing
financial results, including profit dynamics, cost
structures, and predictive modelling of future
performance. Through machine learning, neural
networks, and natural language processing,
Al systems can identify subtle patterns and
correlations that remain invisible to traditional
analytical tools. However, despite these
advantages, the integration of Al into enterprise
profit analysis faces a range of methodological,
ethical, and technical barriers. These include
issues of data availability and quality, algorithmic
bias, lack of transparency in decision-making
models, and potential risks related to data
privacy and security. Moreover, many companies
struggle to align Al-driven insights with
existing accounting frameworks and corporate
governance standards. Addressing these
challengesis crucial to ensure that the application
of Al not only improves analytical accuracy
but also strengthens trust, accountability, and
transparency in enterprise financial management
under conditions of constant market uncertainty.

Analysis of recent research and
publications. The growing integration of artificial
intelligence (Al) into financial management
has been widely examined in global academic
discourse. Scholars such as Brynjolfsson and
McAfee and Davenport argue that Al technologies
are reshaping the analytical landscape of modern
enterprises by enhancing data interpretation,
improving forecasting precision, and reducing
the influence of human error in financial decision-
making[6]. Béhme further emphasize the role
of algorithmic governance in strengthening
financial transparency and accountability [1].
At the same time, other studies — particularly
those by Li and Chen and Kshetri — highlight
unresolved issues related to data integrity,
algorithmic opacity, ethical considerations, and
the need for regulatory frameworks capable of
controlling the use of Al in financial analytics
[3]. Recent literature also points to the problem
of “explainability,” where even highly accurate
models fail to provide transparent reasoning
behind their outputs, posing risks for managerial
accountability. In the Ukrainian context, research
on Al in financial analysis remains at an early
stage and primarily focuses on the automation
of accounting processes, digitalization of
reporting, and business intelligence systems.

Consequently, the practical and methodological
aspects of applying Al for profit analysis —
particularly its integration with corporate financial
systems and decision-support tools — are still
underexplored, creating a clear research gap
that this article aims to address.

Formation of the objectives of the article.
The primary purpose of this paper is to identify,
classify, and systematize the key problems that
arise when implementing artificial intelligence
technologies in the process of enterprise
profit analysis. The study aims to reveal the
underlying causes of these challenges, including
data quality issues, algorithmic bias, lack of
interpretability, and insufficient integration with
traditional financial systems. Furthermore, the
article seeks to outline potential strategies and
methodological recommendations for mitigating
these problems — such as developing transparent
and explainable Al models, improving data
governance practices, and enhancing the digital
competence of financial analysts. By achieving
these objectives, the paper contributes to
forming a theoretical and practical foundation for
the effective and responsible application of Al in
enterprise financial management.

Highlighting previously unresolved parts
of the overall problem. A comparative analysis
revealed the absence of a unified conceptual
model for analysing enterprise profits using
digital solutions and artificial intelligence models
to ensure transparent and effective restoration
of economic potential after military aggression.

Summary of the main research material.
Artificial intelligence has become one of the
most transformative technologies in financial
analytics, allowing enterprises to process
enormous volumes of data and discover new
insights into their profitability structure. Machine
learning and neural network algorithms, in
particular, provide the ability to identify non-
linear relationships between revenues, costs,
and external market conditions. By analysing
real-time data from various sources — including
accounting systems, sales platforms, and
macroeconomic indicators — Al systems can
detect hidden patterns that indicate profitability
trends or early signs of financial risks. Such
analytical precision enables managers to make
better-informed decisions on pricing, investment
allocation, and operational optimization.

However, despite these promising benefits,
the practical application of Al in enterprise
profit analysis is accompanied by a wide range
of complex and interrelated challenges that
significantly influence the reliability, accuracy,
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and transparency of analytical outcomes. One
of the most fundamental and recurring problems
lies in data quality and bias, which serve as the
foundation of any Al-based decision-making
system [2]. Artificial intelligence models, no
matter how advanced, are only as effective as
the datasets they are trained on. In practice,
many companies face issues with fragmented
data infrastructures, incomplete historical
records, inconsistent data entry, and human
errors in financial reporting. These problems
often stem from outdated accounting practices,
insufficient automation, and poor coordination
between departments responsible for finance,
marketing, and operations. When Al systems
are trained on such imperfect or unbalanced
data, they can unintentionally learn and reinforce
existing biases, producing profit forecasts that
misrepresent actual financial performance. For
example, a model might overestimate future
revenue based on temporary seasonal trends or
underestimate risks due to missing cost-related
parameters. Therefore, ensuring high-quality,
unbiased, and regularly updated datasets is not
only a technical requirement but also a strategic
necessity for any enterprise seeking to rely on
Al-driven profit analysis.

Another major limitation relates to model
transparency, often referred to as the “black box
problem.” Many modern Al algorithms—especially
those based on deep learning architectures —
can achieve extremely high levels of predictive
accuracy but provide little or no insight into how
specific inputs influence the final output. In the
context of financial management, this opacity
poses serious challenges for compliance,
auditability, and managerial decision-making [6].
When an Al model predicts a decline in profit or
recommends resource reallocation, executives
and auditors must be able to understand the
rationale behind these suggestions. However,
the absence of interpretability prevents them
from verifying whether the algorithm’s reasoning
aligns with the company’s financial policies,
ethical principles, or legal obligations. This lack
of transparency also creates a psychological
barrier: managers tend to distrust Al outputs they
cannot explain, which leads to underutilization
of the technology. To overcome this limitation,
researchers and practitioners are increasingly
turning to Explainable Artificial Intelligence (XAl) —
a methodological approach aimed at making
algorithmic logic visible and comprehensible.
XAl provides visual explanations, decision
trees, and model interpretability layers that allow
stakeholders to trace how individual financial

indicators contribute to profit projections, thereby
enhancing confidence and accountability in
Al-assisted decision-making.

A third critical challenge involves integration
barriers betweenAl-based analytical systems and
existing enterprise infrastructures, particularly
legacy accounting and Enterprise Resource
Planning (ERP) systems. These traditional
platforms were primarily designed for manual
input, static reporting, and periodic financial
consolidation rather than for dynamic, data-
intensive processes required by Al solutions [4].
Asaresult,incompatibility betweenthese systems
often leads to duplicated data, synchronization
errors, or delays in data transmission.
Implementing Al within such environments
demands substantial investments — not only in
software upgrades but also in employee training,
data pipeline optimization, and the establishment
of secure interfaces for automated information
exchange. Moreover, Al-driven analytics require
continuous real-time data streams to function
effectively, which can only be achieved through
the modernization of IT architectures and the
adoption of interoperable standards. This
transition period, where human expertise must
coexist with automated intelligence, represents a
critical phase for most organizations. It demands
a rethinking of workflows, a reassessment of IT
budgets, and the creation of multidisciplinary
teams that bridge financial analysis, data
science, and system administration [1].

Lastly, ethical and regulatory considerations
represent a vital and rapidly evolving aspect of
Al implementation in enterprise profit analysis.
Financial data is among the most sensitive
types of information a company handles, and its
misuse can have far-reaching consequences —
from data breaches and reputational damage
to severe legal penalties. The use of customer
transactions, supplier contracts, or payrollrecords
in algorithmic training requires strict adherence to
data protection regulations such as the General
Data Protection Regulation (GDPR) within the
European Union and similar frameworks in other
jurisdictions. However, compliance involves
more than simply anonymizing data; it requires
companies to establish clear internal policies
regarding consent, storage, access control, and
algorithm auditing. Ethical concerns also arise
when Al systems are used to make financial
decisions that directly affect employees,
partners, or clients, such as performance
evaluations or resource allocations. In such
cases, maintaining human oversight is essential
to prevent potential misuse or unintended
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discrimination. Enterprises that integrate Al
responsibly must therefore cultivate a culture of
transparency and ethical awareness, ensuring
that all stakeholders — management, employees,
and clients — understand how Al is used, what
data it processes, and how its outputs influence
strategic and operational decisions.

As shown in Table 1, the implementation of
artificial intelligence in enterprise profit analysis
reveals a complex interplay of technical,
organizational, and ethical challenges that
collectively determine the success or failure of
Al-driven financial systems. The most critical
barrier — data quality and bias - forms the
foundation upon which all subsequent analytical
accuracy depends. Inconsistent or incomplete
datasets can distort the representation of a
company'’sfinancial position, leadingtoinaccurate
forecasts and misguided strategic decisions [6].
This issue often arises in enterprises that rely on
outdated data management systems or manual
entry processes, where information silos and
human errors are common.

By enforcing comprehensive data governance
policies, automating collection procedures, and
conducting regular quality audits, companies can
ensure that the datasets feeding their Al systems
are reliable, relevant, and representative.

Such measures not only improve predictive
performance but also reduce the risk of systemic
bias — a major ethical and operational concern
in Al analytics. Likewise, model transparency
remains a pressing issue [4]. Deep learning
models, while capable of identifying complex
non-linear relationships, often fail to provide
interpretable reasoning behind their predictions.
This lack of clarity undermines managerial trust
and complicates financial auditing processes.
Hence, the adoption of Explainable Al (XAl)
frameworks is vital to bridge the interpretability
gap, allowing decision-makers to trace how
specific variables influence profitability and to
validate the fairness and logic of algorithmic
outputs.

Integration barriers, ethical compliance, and
human-Al collaboration challenges form another
criticallayer of difficulty. Many companies continue
to operate within legacy ERP or accounting
systems that are not designed for real-time data
interaction, limiting the potential of Al-based tools
to deliver continuous insights. Overcoming these
technological limitations requires substantial
investments in infrastructure modernization,
application programming interfaces (APIs), and
staff retraining to cultivate digital literacy across
departments. Ethical and regulatory issues

Table 1

The main problems of using artificial intelligence in the analysis of corporate profits
and possible strategies for their mitigation

Problem Area

Impact on Profit Analysis

Possible Solutions |/ Mitigation
Strategies

Data Quality and

Distorted profitability models and
inaccurate financial forecasts due to

Implement strict data governance
policies, automate data collection,

Regulatory Issues

Bias - - ; and regularly validate datasets
incomplete or inconsistent datasets. for acc%racyyand representativeness.

Model Inability to explain Al-generated Introduce Explainable Al (XAl) methods,

Transparenc results, leading to reduced utilize interpretable models, and apply

(“Blacﬁ Box")y managerial trust and difficulties visualization tools to clarify algorithmic
in auditing decisions. logic.

: Fragmented analytical processes Modernize ERP systems, develop data
Integration and limited automation caused APIs, and provide cross-department
Barriers by incompatibility with legacy o SR

accounting systems. training to enhance digital literacy.
Potential violations of data : -
Ethical and protection laws and loss Ensure GDPR compliance, establish

of stakeholder trust due to poor

internal data ethics frameworks, and
conduct periodic algorithmic audits.

governance of sensitive information.

Human —
Al Collaboration
Gap

Over-reliance on automated outputs
or misinterpretation of results due to
lack of human control

and understanding.

Foster cooperation between data
scientists, financial analysts,

and executives to balance human
expertise with Al-driven insights.

Source: compiled by the authors
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further complicate implementation, as the use
of financial and personal data in algorithmic
models must fully comply with international
standards such as the GDPR. Establishing
internal data ethics policies, conducting regular
algorithm audits, and ensuring transparency
in data handling are essential for maintaining
stakeholder trust [5]. Finally, the human-Al
collaboration gap reflects an organizational
challenge: without adequate understanding of
Al mechanisms, managers may either over-rely
on automated systems or dismiss their outputs
entirely. The most effective approach is to foster
multidisciplinary cooperation between data
scientists, financial analysts, and executives,
ensuring that Al insights complement — rather
than replace — human judgment [5]. Ultimately,
addressing these five problem areas collectively
allows enterprises to develop a robust,
transparent, and ethically grounded framework
for Al-driven profit analysis, ensuring both
analytical precision and sustainable trust in
digital financial transformation.

Conclusions. Artificial intelligence represents
a revolutionary and transformative approach
to financial analytics, reshaping the way
enterprises evaluate profitability, forecast
performance, and make strategic decisions.
Despite its enormous potential, the adoption of
Al in profit assessment remains constrained by
several critical limitations related to data quality,
ethical considerations, and the interpretability
of algorithmic results. The findings of this study
highlight that while Al tools can significantly
enhance analytical precision and reduce

human error, their effectiveness ultimately
depends on the reliability of the underlying
data and the transparency of the models being
applied. Many enterprises still operate within
traditional frameworks that are not designed
to accommodate real-time data processing or
algorithmic reasoning, resulting in integration
difficulties and organizational resistance.
Moreover, the ethical dimension of Al use —
particularly regarding data privacy, fairness, and
accountability — poses an ongoing challenge that
must be addressed through strong governance
and regulatory compliance. Therefore, the future
of Al-driven profit analysis lies in the development
of hybrid analytical models that combine the
computational power of Al with the critical
thinking, intuition, and contextual understanding
of human experts. This collaboration between
human and artificial intelligence is essential
to ensure not only the accuracy of financial
insights but also their credibility and social
responsibility. Future research should focus
on designing explainable Al (XAl) systems
that make algorithmic logic transparent and
accessible, improving financial data governance
through  standardized data ~management
practices, and formulating clear industry-wide
guidelines for the ethical and methodological
application of Al in financial analysis. For
Ukrainian enterprises, these advancements
will be particularly important, as they can foster
digital competitiveness, strengthen decision-
making capacity, and support the broader
transition toward a sustainable, innovation-
driven economy.
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