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QUANTIFYING FINANCIAL AND REPUTATIONAL LIABILITY
OF Al HALLUCINATIONS IN LEGAL PRACTICE

The article examines the phenomenon of artificial intelligence (AI) «hallucinationsy within legal practice and
provides a quantitative assessment of the associated financial and reputational liabilities. The study s relevance is driven
by the rapid integration of generative Al into law firm workflows and the critical need for accountability mechanisms for
the inaccuracy of Al-generated content. Employing a mixed-methods research design, the study synthesizes qualitative
data from incident reports with quantitative metrics of financial losses and client trust levels. The author developed
and validated the Legal Al Hallucination Risk Index (LAHRI), a tool designed to forecast potential losses based on
incident frequency and severity. Findings indicate that risk concentration is highest in legal research and the drafting of
procedural documents. The study concludes with practical recommendations for implementing hallucination-detection
protocols, mandatory human-validation layers, and adapted risk-management strategies within hybrid human-machine

legal environments.
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Introduction. The integration of artificial intelligence
into legal services has accelerated significantly over the
past three years, driven by the expansion of large language
models, the automation of research tasks, and an industry-
wide pursuit of efficiency in document analysis, drafting,
and client management. Leading firms within the Am
Law 100 have already embedded generative Al into their
research processes, internal knowledge management, and
drafting support, reflecting a broader transition toward
hybrid human-machine workflows as documented by
Henry (2024). While the legal sector has traditionally
remained cautious regarding emerging technologies, it
is currently undergoing a rapid shift toward Al-assisted
practice. This transition is driven by advancements in
model reasoning capabilities, as described by Bommarito
and Katz (2022), as well as structural changes in legal
education and professional training, noted by Choi et al.
(2022). Such a shift coincides with a global increase in the
perceived economic value of generative Al, as outlined by
McKinsey (2023), and heightened attention to subsequent
ethical and operational risks, highlighted in the ABA’s
2024 ethics guidance.

However, the widespread diffusion of generative
Al has introduced significant challenges concerning
model reliability, most notably the phenomenon of «Al
hallucinations.» These are defined as outputs that are
factually incorrect, logically inconsistent, or entirely
fabricated, yet presented in a coherent and authoritative
manner. Ji et al. (2023) provide an extensive scientific
taxonomy of hallucination mechanisms in natural
language generation, while practitioners from MIT Sloan
and IBM describe how large models construct plausible
but inaccurate content when probabilistic prediction

substitutes for verified reasoning. In legal contexts, these
hallucinations manifest as fabricated case citations,
misapplied legal standards, incorrect interpretations of
statutory language, or invented factual assertions. As
Dahl et al. (2024) demonstrate, legal hallucinations can
occur even when prompts are precise and when models
demonstrate otherwise robust performance on benchmark
tasks.

The legal profession is uniquely sensitive to the
accuracy of information, as legal arguments and factual
statements must withstand rigorous judicial scrutiny and
adhere to professional standards of care. Errors produced
by Al systems can propagate through drafting workflows
and go undetected without stringent validation, posing
operational risks such as the need for corrective filings
or redundant research. These errors can escalate into
severe consequences, including malpractice exposure and
sanctions for violations of professional duties, as outlined
by the ABA and analyzed by Browning (2024). Beyond
legal and financial liabilities, the risk to reputational capital
is substantial; Edelman’s Trust Barometer (2024) indicates
that trust declines sharply in sectors where information
accuracy is compromised, suggesting that firms utilizing
Al without adequate safeguards may face a measurable
erosion of client confidence.

Despite substantial insights into the nature of
hallucinations in the existing literature, a structural gap
persists in their quantitative assessment. Current research
offers conceptual analyses, ethical discussions, and
case-based observations, yet lacks a unified quantitative
model to measure the financial and reputational impact
of hallucinations in legal practice. While studies such as
Weidinger et al. (2021) and Rahwan et al. (2019) emphasize
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systemic risk patterns in Al behavior, they do not translate
these insights into concrete incident cost models. Similarly,
industry reports from Deloitte (2023) and the Stanford Al
Index (2024) document adoption trends but fail to quantify
loss scenarios specific to legal workflows. The absence
of a structured analytical framework limits law firms’
and regulators’ ability to implement proportionate risk
mitigation strategies.

Literature review. The adoption of artificial
intelligence in legal services has expanded in both scope
and sophistication as firms increasingly incorporate
generative Al into research, drafting, and review processes.
Henry’s (2024) empirical reporting on Am Law 100 firms
demonstrates that nearly all major organizations have
initiated pilot programs or implemented structured
use of generative Al for document creation, internal
knowledge retrieval, and preliminary legal research. These
developments align with broader global trends documented
in the Deloitte (2023) State of Al in the Enterprise
report, which identifies professional services as one of
the fastest-growing sectors for Al integration. Surden
(2019) highlights that while Al tools initially focused on
classification and predictive tasks, the rise of language
models has accelerated adoption by enabling complex
reasoning and sophisticated text generation. The Stanford
Al Index (2024) further confirms that legal practitioners
increasingly rely on generative systems due to efficiency
gains and the expanding capabilities of models across
various jurisdictional contexts. These trends illustrate a
fundamental shift toward hybrid workflows where Al acts
as an initial analysis layer followed by essential human
validation.

Hallucinations represent one of several critical
categories of errors in natural language generation. Ji et
al. (2023) provide a detailed taxonomy that distinguishes
between intrinsic hallucinations, which arise from
model architecture, and extrinsic hallucinations, which
occur when the model invents information absent from
the input or training data. Dale (2021) emphasizes that
generative models often conflate probabilistic fluency
with factual accuracy, leading to coherent but incorrect
content. Bias constitutes another major error category,
resulting from skewed training data or misaligned
optimization objectives, as described by Weidinger et
al. (2021). Furthermore, misinterpretation occurs when
models incorrectly apply legal standards or misread the
underlying structure of a prompt. Dahl et al. (2024) show
that legal hallucinations may take unique forms, including
fabricated cases, incorrect citations, and misapplied
doctrinal rules. Educational materials from MIT Sloan
and technical descriptions from IBM reinforce that the
mechanisms underlying hallucinations are structural rather
than incidental, underscoring the urgent need for robust
validation procedures in legal workflows.

Professional services operate under heightened
expectations of accuracy, confidentiality, and fiduciary
reliability. Risk management literature identifies three
major risk categories applicable to this domain, namely
operational, financial, and reputational risks. Deloitte
(2023) notes that AI adoption increases dependency
on automated systems and introduces new operational
vulnerabilities, particularly when outputs are not fully
validated. McKinsey (2023) similarly argues that while

generative Al can expand productivity, it requires
significant investment in risk governance to offset the
propagation of errors. In legal practice, operational
risks linked to Al usage can create downstream financial
consequences, including costs for corrective research,
re-filing, and client remediation. Surden (2019) further
observes that professional judgment cannot be fully
delegated to an algorithmic system, implying that
traditional risk controls, such as quality assurance and
escalation processes, must be specifically adapted to
account for Al-generated outputs.

Legal liability frameworks are increasingly addressing
the responsibilities and risks associated with Al use in legal
practice. Case law in the United States has begun to surface
incidents of fabricated citations submitted by practitioners
who rely on unverified Al-generated content, leading to
judicial sanctions and highlighting professional obligations.
The ABA’s 2024 ethics guidance clarifies that lawyers
retain full responsibility for the accuracy of any materials
submitted on behalf of clients, regardless of whether Al
tools were used in drafting. Malpractice risk arises when
inaccurate or misleading information generated by Al
influences client advice, litigation strategy, or contract
drafting. Browning (2024) emphasizes that disciplinary
authorities treat reliance on Al as an extension of legal
research and drafting duties, meaning that failures in
supervision may constitute ethical violations. Additionally,
contract law offers a further dimension as some firms have
begun incorporating disclaimers and indemnity clauses
into client engagement letters to clarify the scope of Al
use, although the enforceability of such clauses remains
context-dependent.

Reputational risk is essential to assessing the
consequences of Al errors in legal practice. Foundational
theories conceptualize reputation as an intangible asset
linked to stakeholder trust, credibility, and perceived
competence. Edelman’s Trust Barometer (2024) provides
empirical evidence that trust is highly sensitive to
information accuracy, especially in sectors where clients
rely on expert judgment. Deloitte (2023) identifies
reputational damage as a primary concern for organizations
implementing generative Al, as errors can rapidly
circulate through digital channels. In the legal profession,
reputational decline may influence client retention,
pricing power, and competitive positioning. Rahwan et al.
(2019) introduce the idea of machine behavior as a factor
shaping public perception, which reinforces the argument
that systemic Al errors can produce broader reputational
consequences beyond isolated incidents.

Despite growing academic and industry attention,
the quantitative assessment of financial and reputational
costs associated with Al hallucinations remains limited.
Existing works highlight risks and adoption trends but
do not translate these insights into incident-based cost
frameworks. While Dahl et al. (2024) provide detailed
documentation of legal hallucinations, they do not extend
their analysis to economic modeling. There is a clear
absence of tools that enable firms to estimate direct costs,
such as remedial legal work, and indirect costs, such as
diminished trust and the long-term erosion of reputation.
This gap limits law firms, corporate legal departments,
and regulators’ ability to assess the proportionality of
interventions and investments in governance mechanisms.
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Methodology. This study utilizes a robust mixed
methods research design, integrating qualitative and
quantitative analytical frameworks to encapsulate the
multifaceted nature of artificial intelligence hallucination
risk within the legal domain. The epistemological
justification for this dual approach lies in the fact that
algorithmic hallucinations catalyze both quantifiable
financial outcomes and intricate reputational shifts that
necessitate nuanced contextual interpretation. Qualitative
data elucidate the specific manifestations of hallucinations
within high-stakes legal workflows, while quantitative
modeling facilitates the derivation of the Legal Al
Hallucination Risk Index (LAHRI). The overarching
methodological architecture is informed by established
empirical evaluations of model behavior, notably the
frameworks proposed by Bommarito and Katz (2022),
Choi et al. (2022), and Dahl et al. (2024).

Sampling Strategy and Participant Profile

The empirical foundation of the study is based on a
structured, stratified sample of legal organizations and
practitioners operating within the United States. The
cohort includes 45 law firms, ranging from boutique
practices to global enterprises, and 20 in-house corporate
legal departments characterized by high-volume contract
synthesis, compliance auditing, and regulatory reporting.
Furthermore, over 300 attorneys participated in a
diagnostic survey designed to evaluate practical exposure
to Al-generated inaccuracies, validation protocols, and
perceived risk thresholds. This participant matrix reflects
the heterogenous contexts of Al adoption identified in
recent industry analyses by Deloitte (2023) and Henry
(2024).

Data Synthesis and Source Categorization

A comprehensive data triangulation strategy was
employed, using four primary information sources.
Incident reports from participating entities provide
granular documentation of case-specific errors in judicial
filings, internal memoranda, and contractual instruments.
Professional liability data, derived from anonymized
malpractice insurance claims, serve as a proxy for
direct economic impact by detailing financial liabilities
associated with substandard legal output. Client churn
metrics from both law firms and corporate departments
provide empirical indicators of how informational
erosion influences stakeholder retention, in line with the
trust-based frameworks outlined by Edelman (2024).
Finally, anonymized case studies—developed through
expert interviews and internal workflow audits—provide
qualitative depth, uncovering systemic patterns often
obscured by aggregate data and guided by Surden’s (2019)
conceptualizations of legal reasoning complexity.

Quantitative Instruments and Modeling Frameworks

To facilitate the transition from qualitative observation
to structural metrics, two specialized quantitative
instruments were deployed. Financial cost modeling was
utilized to estimate direct economic losses through the
integration of variables such as remedial labor hours,
litigation expenditures, and administrative overhead. This
methodology aligns with the economic risk-assessment
protocols advocated by McKinsey (2023). Concurrently,
a reputational impact scoring system was established by
mapping incident taxonomies to trust-related indicators.
This instrument quantifies the reputational dimension of

the LAHRI by assigning weighted coefficients to variables
including client grievances and shifts in engagement
behavior. This scoring mechanism is grounded in
reputational risk theory and the governance standards for
Al reliability proposed by Deloitte (2023).

Methodological Limitations and Boundary Conditions

Critical academicrigornecessitates theacknowledgment
of several methodological boundary conditions. First, the
geographical concentration on U.S.-based organizations
may constrain the generalizability of these findings to
international jurisdictions characterized by divergent
regulatory regimes, as discussed by Bakht Munir (2024).
Second, the reliance on self-disclosed incident reporting
introduces a potential selection bias attributable to
reputational sensitivity. Third, the inherent confidentiality
of malpractice claim data limits the granularity of
financial analysis. Fourth, reputational scoring remains
partially contingent on perception-based metrics which,
while empirically grounded in the Edelman model, may
be susceptible to extraneous socioeconomic variables.
Notwithstanding these constraints, the integrated mixed
methods design provides a scientifically valid foundation
for the LAHRI model and offers a practical heuristic for
evaluating Al-driven risks in legal practice.

Results. Analysis of incident reports across the
sampled organizations reveals that hallucinations manifest
consistently within specific categories of legal production
rather than as random anomalies. The highest frequency
of occurrence was observed in research memoranda,
where 28 percent of Al-assisted outputs contained at
least one unverifiable citation or doctrinal misstatement.
Drafting tasks, encompassing motions, briefs, and contract
clauses, exhibited hallucination rates of approximately
17 percent, primarily appearing as invented case law,
misquoted statutory language, or inaccurate paraphrasing
of precedent. Due diligence tasks showed lower overall
frequencies, averaging 11 percent, though errors in this
category tended to involve more structural inaccuracies
regarding corporate hierarchies or regulatory obligations.
These findings align with the taxonomies proposed by Ji
et al. (2023) and the empirical observations of Dahl et al.
(2024), confirming that legal hallucinations cluster around
workflows requiring the reconstruction of detailed legal
knowledge.

From a financial perspective, cost modeling indicates
that the average direct expenditure associated with a
hallucination-related incident ranges from 3,800 to
6,200 USD, depending on the complexity of the required
corrective actions. These costs encapsulate additional
research hours, re-drafting, filing corrections, and
occasional formal engagement with opposing counsel
or judicial bodies to rectify inaccuracies. Industry-
specific analysis shows that sectors with high regulatory
documentation requirements, such as healthcare and
financial services, experienced higher mean costs of
approximately 7,500 USD per incident due to compounded
internal compliance protocols. While litigation-heavy law
firms reported lower average costs per event at 3,900 USD,
they experienced a higher aggregate incident frequency
due to the sheer volume of research tasks. A strong
correlation exists between task type and financial impact,
with research-based tasks accounting for 42 percent of
total economic losses, followed by drafting at 37 percent




218 MignpMeMHMUTBO Ta iHHOBAaUi

ISSN-print 2415-3583; ISSN-online 2707-6237

and due diligence at 21 percent, reflecting the substantial
resource burden required to verify and remediate doctrinal
errors.

Reputational impact assessment, mapped to Edelman’s
trust indices, indicates that the discovery of an Al-generated
error precipitates an average 8-14% decline in client
trust scores, with the severity of the incident serving as a
primary multiplier. Repeated errors correlated with trust
erosion exceeding 20%, illustrating the compounding
effect of perceived professional unreliability. Beyond
individual client relationships, cases involving public
filings or judicial sanctions generated measurable negative
sentiment in digital media environments, with affected
firms experiencing sentiment declines of 15 to 28 percent
in the three-week period following disclosure. These
reputational shifts translated into tangible commercial
consequences, as firms with publicized incidents reported
a 6-10% decrease in new client inquiries in the subsequent
quarter. In-house departments similarly reported a marked
reduction in internal stakeholder confidence, manifesting
as decreased institutional reliance on Al-assisted drafting
and more stringent manual oversight requirements.

The Legal Al Hallucination Risk Index (LAHRI) was
rigorously tested by comparing predicted risk scores with
actual incident costs and reputational outcomes within the
sample, achieving predictive accuracy of 72 to 81 percent.
This demonstrates a robust relationship between the
frequency and severity variables and the measured economic
impacts, with the highest alignment observed in cases
with elevated severity scores. Sensitivity analysis further
confirmed the model’s stability under varying conditions:
while adjusting frequency weights by +20 percent resulted
in only modest fluctuations in predicted risk, modifications
to reputational weightings produced more significant shifts.
This outcome reflects the non-linear nature of reputational
harm and the sensitivity of trust-based metrics as described
in current research. Overall, the validation process
indicates that the LAHRI provides a reliable and consistent
structural framework for quantifying Al hallucination risk,
offering legal organizations a meaningful tool for assessing
and mitigating technological exposure.

The empirical evidence synthesized in this study
confirms that Al hallucinations are not merely incidental
technical glitches but represent a quantifiable, recurring
operational risk that is now structurally embedded within
the modern legal workflow. The concentration of these
incidents within research and drafting tasks — areas
where precise citation, doctrinal accuracy, and factual
verification are paramount — underscores a fundamental
tension between the probabilistic nature of large
language models and the deterministic requirements of
the law. As Ji et al. (2023) and Dahl et al. (2024) have
suggested from different disciplinary perspectives, these
errors are systematic manifestations of model behavior.
By successfully validating the Legal AI Hallucination
Risk Index (LAHRI), this research provides the
first comprehensive empirical framework that links
hallucination frequency and incident severity directly
to measurable economic loss and reputational erosion.
This shift in perspective allows for classifying Al-driven
misinformation as a distinct category of professional risk,
necessitating a move beyond anecdotal concern toward
structured actuarial and organizational management.

The implications for legal practice are profound,
demanding a total reconfiguration of risk governance and
quality assurance protocols. As artificial intelligence moves
from the periphery to the core of legal services, firms can
no longer treat these tools as neutral entities; they must
be managed as risk-bearing artifacts within a formalized
governance system, as Deloitte (2023) advocates.
This study’s results strongly suggest that traditional
peer-review models are insufficient for detecting the
sophisticated, «plausible-sounding» fabrications typical
of generative Al. Consequently, firms must implement a
dedicated verification layer specifically designed to audit
Al-generated authority. Furthermore, the findings reinforce
the indispensable role of human oversight, providing
empirical support for Surden’s (2019) theoretical assertion
that legal reasoning involves context-sensitive judgment
beyond the reach of current automation. The documented
cost of oversight failures serves as a stark warning that
unsupervised reliance on Al is not only a financial liability
but, as Browning (2024) notes, a significant ethical breach
of the duties of competence and diligence.

This increased risk profile also signals an imminent shift
in the landscape of professional liability and insurance.
Malpractice carriers are likely to respond to documented
vulnerabilities in hybrid human-machine workflows by
recalibrating their risk assessment models, potentially
leading to tiered premium structures based on a firm’s Al
governance robustness. While contractual disclaimers and
indemnity clauses are becoming common in engagement
letters to allocate risk, this study emphasizes that they
offer no protection against disciplinary sanctions or the
erosion of the firm’s reputational capital. From an ethical
standpoint, the sharp decline in client trust following the
discovery of Al-assisted errors suggests that transparency
is not merely a matter of professional courtesy but a
strategic necessity. Following the trust recovery models
outlined by Edelman (2024), proactive disclosure of Al
use and the rigorous safeguards in place may be the only
effective way to mitigate the long-term reputational fallout
of an inevitable technical error.

By filling the quantitative gap identified in prior
literature, this study advances the academic discourse
beyond documenting adoption trends (Henry, 2024) and
model performance (Bommarito & Katz, 2022) to provide a
robust, multidimensional risk assessment tool. The LAHRI
framework enables law firms and regulatory bodies to
make data-driven decisions about the proportionality of
their technological investments relative to their governance
expenditures. Practically, this research recommends that
firms move beyond general policies toward specific, high-
fidelity detection protocols, including the use of automated
citation verifiers and the maintenance of comprehensive
audit trails for all Al interactions. These trails serve a dual
purpose: they act as a primary tool for internal quality
control and provide critical evidentiary support in the
event of malpractice allegations or insurance disputes.
Ultimately, the successful integration of Al into the legal
profession depends on an integrated management approach
that recognizes these models as dual agents of significant
commercial value and inherent, quantifiable risk.

Conclusion. This study establishes that Al
hallucinations constitute a substantial and quantifiable
source of operational, financial, and reputational risk
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within the legal profession. Empirical analysis of incident
reports indicates that these errors are most prevalent in
high-precision tasks, such as the development of research
memoranda and the drafting of contractual instruments,
where precise legal reasoning is non-negotiable.
Financial modeling reveals that each hallucination event
incurs significant direct costs stemming from corrective
labor and potential malpractice exposure. Furthermore,
reputational analysis confirms that even isolated Al-driven
inaccuracies precipitate a measurable decline in client trust
and a subsequent reduction in new client acquisition. The
successful development and validation of the Legal Al
Hallucination Risk Index (LAHRI) demonstrate that these
technological vulnerabilities can be managed through a
structured and consistent quantitative framework.

The primary theoretical advancement of this research
lies in the introduction of the first quantitative model
specifically designed to estimate the multi-dimensional
impact of Al hallucinations in a legal context. While
previous scholarship has focused on the qualitative nature of
model behavior, this study fills a critical gap by integrating
incident frequency, severity, and trust-related indicators
into a unified metric. By synthesizing the behavioral
insights of Ji et al. (2023) with the legal considerations
of Dahl et al. (2024) and the trust dynamics of Edelman
(2024), the LAHRI provides a systematic approach for
forecasting risk exposure and informing organizational
governance strategies. This shifts the academic discourse
from conceptual concern to empirical risk assessment and
provides a foundation for future comparative studies across
different professional sectors.

For law firms and corporate legal departments,
the findings underscore an urgent need for structured
Al governance systems that define standards for
acceptable use, validation procedures, and supervisory
oversight. Managers must anticipate that reliance on
Al without robust control mechanisms will lead to
increased operational costs and expose organizations
to heightened liability. Insurance carriers may soon
adjust premium structures based on a firm’s adoption of
specific governance safeguards. From a legal standpoint,
practitioners remain fully responsible for verifying the
accuracy of Al-generated content. As emphasized by
the ABA and the ethical analysis by Browning (2024),
insufficient supervision of Al-assisted workflows may
constitute a fundamental breach of professional duties
regarding competence and diligence.

To address these emerging challenges, regulators should
consider developing guidelines that clarify the obligations
of attorneys who use Al tools, including minimum
validation requirements and recordkeeping rules for
Al-assisted work product. Insights from emerging global
discussions, including those noted by Bakht Munir (2024),
suggest that multi-jurisdictional coordination will become
increasingly necessary. Internally, law firms should adopt
compliance protocols mirroring data governance standards,
such as mandatory risk training and periodic audits of
Al-assisted drafts. These mechanisms, aligned with the
principles recommended in Deloitte (2023), ensure that Al
is integrated into the legal profession not as an unchecked
automation tool, but as a source of value managed through
rigorous risk-based oversight.
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JleminonT boraan
FOpuouuna ¢pipma «/Jemioonm ma napmuepuy,
TOB «KIII Jlexc»

KIJTBKICHA OLIHKA ®IHAHCOBOI TA PENIYTAIIIITHOI
BIAMOBIIAJBLHOCTI 3A TAJTIOLUHAILIT 1T B FOPUJAWYHIN NPAKTHUI

Y emammi Odocnidocyemovces npobnema 6uHuUKHeHHs «2anroyuHayiny wmyynozo immenekmy (L) 6 wopuduunii
npaKmuyi ma npo8oOUMbCs KibKICHA OYIHKA N08 A3AHUX 13 HUMU (IHAHCOBUX | penymayiinux pusuxie. AkmyanvHicme
00CNi0dCeHHsT 3yMOBNIeHA CMPIMKOIO [IHmezpayicio 2enepamuenozo LI 6 poboui npoyecu ropuduunux gipm ma
HeoOXIOHICMI0 PO3POOKU MEXAHI3MIE 8ION0GIOAILHOCMI 34 HeOOCMOGIPHICIb 2eHepO8aH020 KOHmenmy. Y pobomi
3ACMOCO8AHO OU3AUH 3MIWAHUX Memodis (mixed methods research), wo do3eonuno cunmesysamu AKICHI OaHi 36imis
npo iHYUOeHmuU ma KilbKiCHI NOKASHUKU (DIHAHCO8UX 30UmKI8 [ pieHié 008ipu Kiicnmis. Aémopom pospobieno ma
sanioogaro Inoexc pusuxy ropuouunux eamoyunayit LI (LAHRI), axuii 0038015€ npoeHo3yeamu NOMeHYIluHI 6mpamu
3ANEHCHO BI0 YACTIOMU MA MANHCKOCMI NOMUNOK. Pesynemamu ananizy ceiouams npo me, w0 HaubiIbuia KOHYeHmpayis
PU3UKI6 cnocmepieaemvcs y cghepi npagogux 00caiodicens ma nid2omoexu npoyecyanvrux ooxymenmis. Cpopmynosano
NpaKmuyHi pekomeHoayii oo 6npoBaAdI’CEHHA NPOMOKONI6 OemeKyil eanoyurnayil, 0008 a3K08UX PI6HIE TH0O0CbKOL
sanioayii ma adanmayii cmpameziii ynpaeiinHi pusUKamu 8 YMoeax 2iopuoHoi 83aemMo0ii opucma ma ancopummy.

Knrouoei cnosa: wumyunuil inmenexm, OPUOUYHI 2ATIOYUHAYLT, YPAGLIHHSA PUSUKAMU, PIHAHCOBA 8IONOBIOAILHICY,
penymayiunull pusux, ropuouyna npakmuxa, LAHRI, cenepamusenuii L1I1.

Jlama naoxooxcenmns cmammi: 25.01.2026
Jama npuiinamms cmammi: 16.02.2026
Hama ny6nixayii cmammi: 03.03.2026




