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Abstract

Corporate reporting suffers from two distinct failures: errors, which arise from the volume and complexity of transactions
and are largely unintentional, and manipulation, which is intentional and concealed. Artificial intelligence addresses the first
by detecting anomalies and automating reconciliation; blockchain addresses the second by making records tamper-evident.
This paper examines the two technologies separately and in combination in a simulation of 50,000 transactions with 2%
containing errors and 0.1% subject to manipulation. Al-assisted reporting reduces residual errors by 83% and halves the
close cycle but leaves 71% of manipulation undetected; blockchain-anchored records reduce undetected manipulation by
93% and halve audit hours but leave errors untouched; the integrated configuration achieves both reductions, cuts the close
cycle by 60% and audit hours by 65%, at 43% higher cost than conventional reporting. The paper develops an integration
architecture in which blockchain provides the immutable transaction layer, Al provides the intelligence layer that validates,
reconciles and explains, and reporting draws on both, and discusses implications for auditors, regulators and the governance
of the combined system. The contribution is a clear account of what each technology does for reporting, why their benefits

are complementary rather than overlapping, and how the combination changes the economics of assurance.
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Introduction

Corporate reporting converts millions of transactions
into statements that investors, regulators and
managers rely on. The process 1s slow, since period-
end closes take days or weeks; costly, since audit
effort scales with the volume and opacity of records;
and imperfect, since errors survive into statements
and manipulation sometimes escapes detection until
it is too late [1]. Two technologies promise to change
this. Artificial intelligence, applied to transaction
data, can detect anomalies, automate reconciliations
and flag unusual entries at a scale no human team can
match [2]. Blockchain, applied to the record itself,
can make every entry tamper-evident and visible to
auditors in real time [3], [4].

The two are often discussed together but address
different problems. Errors are unintentional and
arise from process complexity; they are detectable
by pattern analysis and are the province of Al.
Manipulation is intentional and concealed; it is
detectable only if the record cannot be silently altered,
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which is the province of blockchain. A reporting
system that adopts one without the other addresses
one failure and leaves the other. This paper makes the
distinction explicit, examines the two technologies
and their combination in simulation, and proposes an
architecture for integrated transparent and intelligent
reporting.

Background

Reporting failures

Studies of restatements and accounting fraud
distinguish unintentional errors, arising from
misapplication of standards, system failures and
process complexity, from intentional misstatement [1].
Errors are frequent and mostly small; manipulation
is rare and large. Audit addresses both through
sampling and testing, at a cost that rises with
transaction volume and that leaves a residual risk of
undetected misstatement.
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Al in accounting and audit

Machine learning applied to journal entries can
identify anomalous entries, reconcile accounts
automatically and predict which transactions warrant
review [2], [5]. The techniques reduce error rates
and audit effort by concentrating attention where it
is needed. They are, however, built on the records as
they stand; an entry that has been altered to appear
normal is normal to the model.

Blockchain in accounting

Distributed ledgers have been proposed as the basis
for triple-entry accounting, in which each transaction
is recorded on a shared ledger that neither party can
alter, and for continuous audit, in which auditors read
the ledger directly [3], [4], realising the continuous-
assurance vision set out earlier [6]. The guarantee
is integrity after entry: records cannot be changed
without detection. It says nothing about whether the
record was correct when entered.

Complementarity

The two technologies are complements because each
supplies what the other lacks. Al validates entries
at the point of recording, so that the immutable
record is also a correct one; blockchain preserves the
validated record, so that AI’s analysis is performed
on data that cannot have been tampered with after
the fact. The integrated system should therefore
reduce both errors and manipulation, whereas each
alone reduces one.

Integration Architecture

The architecture has three layers. The transaction
layer records entries on a permissioned ledger shared
with auditors and, where appropriate, regulators;
each entry is signed by the originating system and
time-stamped, and the ledger anchors to a public
chain periodically for independent verification. The
intelligence layer runs validation models at entry,
which check entries against expected patterns,
reconcile across sources and flag anomalies for
review before they are committed, and runs
analytical models on the committed ledger for
reporting, continuous monitoring and audit support.
The reporting layer generates statements from the
ledger with Al-produced explanations of movements,
exceptions and judgements, and provides auditors
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with query access to both the ledger and the model
outputs.

The architecture’s defining feature is the ordering
of validation before commitment. Entries pass
through the intelligence layer before they reach
the ledger, so that the immutable record is also a
validated one; entries that fail validation are held for
review and, if corrected, re-submitted. This ordering
avoids the situation in which an immutable ledger
faithfully preserves an erroneous entry, and it means
that corrections appear on the ledger as explicit
reversing entries rather than silent amendments,
which preserves the audit trail of the error itself. The
intelligence layer’s post-commitment models then
operate on records that are both correct at entry and
unaltered thereafter.

Simulation Design

The harness simulates 50,000 transactions, of
which 2% contain errors and 0.1% are subject to
manipulation. Four configurations are compared.
Conventional reporting catches 50% of errors and
30% of manipulation, closes in 12 days, requires 800
audit hours and costs 1.0. Al-assisted reporting raises
error detection to 90% and manipulation detection to
50%, halves the close cycle and reduces audit hours by
30%, at cost 1.1. Blockchain-anchored records raise
manipulation detection to 95%, leave error detection
at 50%, reduce the close cycle by 20% and audit hours
by 50%, at cost 1.3. The integrated configuration
combines the detection rates and the cycle and audit
reductions, at cost 1.43. The parameters are design
values reflecting each technology’s mechanism; the
harness quantifies the resulting outcomes.

Results

Reporting outcomes

Table 1 and Figure 1 report outcomes. Conventional
reporting leaves 497 errors and 42 manipulated
transactions undetected. Al assistance reduces
residual errors to 85 (—83%) but undetected
manipulation only to 30 (—29%); blockchain
anchoring reduces undetected manipulation to
3 (-93%) but leaves residual errors at 497. The
integrated configuration achieves 85 residual errors
and 3 undetected manipulations, closes in 4.8 days
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Table 1: Reporting outcomes by configuration (50,000 simulated transactions; 2% error rate; 0.1% manipulation rate).

Configuration Residual errors Undetected manipulation Close cycle (days) Audit hours Relative cost

Conventional reporting 497 42 12.0 800 1.00

Al-assisted reporting 85 30 6.0 560 1.10

Blockchain-anchored records 497 3 9.6 400 1.30

Blockchain + Al integrated 85 3 4.8 280 1.43
Sensitivity

Reporting outcomes by configuration (50,000 transactions)
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Figure 1: Residual errors, undetected manipulation, close cycle and
audit hours by configuration, relative to conventional reporting.

against 12, and requires 280 audit hours against 800,
at a cost 43% above conventional.

Complementarity

The results show the complementarity directly.
AT’s contribution is almost entirely to errors and
the close cycle; blockchain’s is almost entirely to
manipulation and audit hours. Neither substitutes for
the other, and the integrated configuration’s outcomes
are approximately the union of the two, with the
close cycle and audit hours benefiting from both.
An organisation choosing one technology should
understand which failure it is addressing and which
it is leaving.

Economics of assurance

Audit hours fall by 65% in the integrated configuration,
because auditors read a verified ledger and review
Al-flagged exceptions rather than sampling and
reconstructing. The cost increase of 43% is in the
reporting organisation’s systems; the audit saving
accrues partly to the organisation through fees and
partly to the audit firm. Whether the integrated
configuration pays depends on the value of faster
close, fewer errors and lower manipulation risk,
which for listed companies and regulated entities is
substantial.
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The outcome pattern follows from the mechanism
assignments: Al acts on detection of errors,
blockchain on detection of manipulation, and both
on process effort. The magnitudes depend on the
detection rates assumed, which are illustrative;
lower AT detection narrows its error advantage, and
weaker ledger governance narrows blockchain’s
manipulation advantage. The complementarity
conclusion is robust, since it follows from the two
technologies acting on different failure types, and
would be overturned only if one technology detected
both failures, which neither does by its mechanism.

Implications

For reporting organisations

Organisations should assess which failure dominates
their reporting risk. Those with complex, high-
volume processes and frequent restatements
should prioritise the intelligence layer; those with
concentrated control over records, weak segregation
of duties or heightened fraud exposure should
prioritise the transaction layer. Most will find that
both apply, and the architecture is designed so that
either can be adopted first and the other added.

For auditors

Continuous access to a verified ledger with Al-flagged
exceptions changes audit from periodic sampling to
continuous assurance. Audit methodology should
shift toward validating the integrity of the ledger and
the intelligence layer’s models, and toward judging
the exceptions they surface, which is higher-skill
work on fewer items. Audit firms will need data and
model assurance capabilities alongside accounting
expertise.

For regulators

Regulators gain the possibility of direct ledger access
and of standardised Al-produced explanations of

International Journal of RecentAdvancesin Science and Technology, 2026;12(2):97-104 99



International Journal of Recent Advances in Science and Technology, 2026; 12(2):97-104

reported figures. They should consider recognising
ledger-based evidence in reporting requirements
and should set expectations for the validation of
intelligence-layer models, since errors in those
models would propagate into statements at scale.

Governance of the integrated system

The system concentrates reporting integrity in
two components that must themselves be trusted:
the ledger’s governance, which determines who
can write and how disputes are resolved, and the
models’ governance, which determines what is
flagged and what passes. Both should be documented,
independently reviewed and subject to change
control, and the organisation should retain the ability
to explain any reported figure from the ledger without
reliance on the models, so that model failure does not
become reporting failure.

Adoption path

The integrated system need not be adopted at once.
Organisations can begin with the intelligence layer
on existing systems, which delivers the error and
close-cycle benefits without changing the record
infrastructure, and introduce the transaction layer
for the subledgers where manipulation risk or audit
cost is highest, such as revenue, intercompany and
treasury. Anchoring existing records to a ledger is
less disruptive than migrating them, and permits the
transaction layer to be extended as confidence and
partner participation grow.

Explanation and transparency

The reporting layer’s Al-produced explanations serve
transparency directly: a reader can see why a figure
moved, which exceptions were investigated and how
judgements were resolved. The explanations are only
as reliable as the models that produce them, which
is a further reason for model governance, and they
should be clearly distinguished in statements from
the audited figures themselves.

Interorganisational reporting

Many reporting figures depend on counterparties:
receivables, payables, intercompany balances and
supplier commitments. A shared ledger with those
counterparties makes these figures verifiable by
both sides, which removes a class of reconciliation

www.ijrast.in

InternationalJournalofRecentAdvancesinScienceand Technology,2026;12(2):97-104

that currently consumes close time and audit effort
and that is a common locus of manipulation. The
transaction layer therefore yields its largest benefits
where it is shared beyond the organisation, which
connects corporate reporting integration to the
consortium ledgers emerging in supply chains and
trade finance.

Limitations

The configuration parameters are design values
reflecting qualitative mechanisms rather than
measured performance; error and manipulation
rates and detection probabilities are illustrative.
Transactions are independent, model errors and
ledger governance failures are not simulated, and
implementation cost is a single multiplier. All
reported values are simulation outputs and are not
estimates for any organisation.

Conclusion

Blockchain and Al address different reporting failures:
Al reduces unintentional error and accelerates the
close, blockchain prevents undetected manipulation
and reduces audit effort, and in simulation neither
substituted for the other. The integrated architecture,
with an immutable transaction layer, an intelligence
layer that validates and explains, and a reporting
layer that draws on both, reduced errors by 83%,
undetected manipulation by 93%, close time by
60% and audit hours by 65%. Organisations should
adopt the technology that addresses their dominant
failure first, plan for both, and govern the ledger and
the models as the foundations of reporting integrity
they become.
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