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Abstract. The study is aimed at developing and empirically testing an intelligent invoice
processing procedure that integrates field extraction, discrepancy detection, explanation
generation, and document routing within a controlled accounting workflow. It is to be seen
whether the LLM-based approach gives better preliminary invoice verification than baseline
OCR/RPA logic.

It was developed through the results of empirical testing using a simulated corpus of 150
invoices and related control documents. Out of these, 90 had no discrepancies, while 60 were
deliberately made to have discrepancies: errors in the amount, missing or wrong purchase
order, supplier mismatch, date error, or currency error. Every document was processed by both
the LLM-based mechanism and the baseline OCR/RPA approach, after which their outputs were
compared with ground-truth annotation. The parameters for evaluation were accuracy,
precision, recall, and F1-score; additionally, the LLM explanations were analyzed for factual
consistency, clarity, and unsupported claims.

The LLM-based mechanism accurately classified 136 out of 150 documents as opposed to
116 documents correctly classified by the baseline. This translated to an accuracy of 90.7% as
opposed to 77.3%, precision of 87.1% as opposed to 73.2%, recall of 90.0% as opposed to
68.3%, and F1-score of 88.5% as opposed to 70.7%. The LLM-based mechanism missed 6 real
discrepancies; the baseline missed 19. The overall accuracy of field extraction and
determination was 93.8% for the LLM and 87.9% for the baseline. At the same time, it
confirmed 8 false risk flags and 8 incorrect explanations, thus underlining the need for human-
in-the-loop control.

The scientific novelty lies in the empirical justification of the LLM as a controlled semantic
layer. This layer exists between the invoice, ground-truth data, purchase order, approval
routing, and manual review. The practical value of the results is the possibility of using the
procedure proposed for preliminary screening of risky invoices, reducing missed
discrepancies, creating an audit trail, and supporting the work of financial controllers.

Keywords: invoices, financial control, OCR, RPA, purchase order, field extraction,
semantic validation, ground-truth annotation, human-in-the-loop, audit trail.

MexaHi3m aBTOMaTH3aLii Accounts Payable Ha 0CHOBi BeJIMKMX MOBHUX MOJeJiei

AHoTania. MeTow JocaifpkeHH € po3pobka Ta NpaKTU4YHE TeCTyBaHHHA
iHTesJIeKTya/IbHOI NpoLefypyu 00p0OKH paxyHKiB-QaKTyp, fiKa NOEAHYE BUIYYEHHS JeTaslel,
BUSIBJIEHHSl HEBIAINOBiIHOCTEeH, reHepalilo NOsCHEHb Ta MapUIPyTH3allil0 JIOKYMEHTIB y
paMKax KOHTPOJIbOBAaHOTO OyxrajaTepcbkoro mnpouecy. lle mociifxeHHs nepeBipUTb, YU
3abe3mneuye niaxia LLM kpaiy nonepezHio nepeBipKy paxyHKiB-paKTyp NOPiBHSIHO 3 6a30B0OI0
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jorikoto OCR/RPA. MeTopoJioris 6a3yBajiacs Ha eMIipUYHOMY TeCTyBaHHi 3M0/|eJIbOBAHOTO
kopnycy 3i 150 paxyHkiB-pakTyp Ta MOB'I3aHMX 3 HHMH KOHTPOJIbHUX JOKyMeHTiB: 90
JIOKyMeHTIiB 6e3 po36ixkHocTell Ta 60 i3 3M0/Jje/IbOBAHUMHU BUHATKAMU (OCTaHHI MaJid pi3Hi
TUIIA NOMUJIOK: HeNpaBUJbHA CYyMa, BiJICYTHE ab0 HelpaBUJIbHE 3aMOBJIEHHSI Ha KYIiBJIIO,
HEeBiANMOBiAHICTh MOCTavYa/IbHUKA, TOMUJIKA AAaTH a60 BasitoTH ). KoxkeH IOKyMeHT 06po6.JisiBCs
MexaHizaMoM LLM Ta 6a3oBuM nigxoaoM OCR/RPA; pe3yibTaTH NOpiBHIOBAIUCA 3 [J0BiITKOBOIO
po3MiTkow. OIjiHIOBaHHS MPOBOJMJIOCS HAa OCHOBI NMOKAa3HUKIB TOYHOCTI, MpelU3ilHOCTI,
noBHOTH Ta F1l-onjiHkY; nosscHeHHA LLM Takox nepeBipsivca Ha BifIOBIAHICTb peKBi3UTaM,
ACHICTB Ta BiJCYTHICTb HENMiATBEPAKEHUX TBEPAKEHb.

Bysi0 BusiBa€eHO, 10 MexaHi3M LLM npaBusibHO kaacudikyBaB 136 3i 150 jokyMeHTIB,
ToAl ik 6a30BuiM miaxig - 116. TouyHicTh ctaHoBuaa 90,7% npotu 77,3%, npeuusinHicTb —
87,1% mnpotu 73,2%, noBHoTa - 90,0% npotu 68,3%, Fl-ouinka - 88,5% mnpotu 70,7%.
Mexani3M LLM nponycTuB 6 peasibHUX p0o36ikHOCTEH, TOAi K 6a30BUH NiAxiA nponycTus 19.
3arajibHa TOYHICTb BUJIYYEHHA Ta BH3HA4e€HHS peKBIi3UTIB cTaHoBusa 93,8% pana LLM Ta
87,9% puis 6a3oBoro piBHs. BogHouac 6ys10 3adikcoBaHO 8 XMOGHUX MO3HAYeHb PU3UKY Ta 8
HeNpaBUJIbHUX NOSICHEHD, 1110 MiATBEPKYE HEOOXIAHICTh KOHTPOJIIO «JIIOJAUHHU B LIUKJIi».

Y uii craTTi npefcTaB/ieHO eMIipUYHO OOrpyHToBaHy LLM gK KOHTpOJIbOBaHUM
CEMAaHTUYHUHN AP MiXK paxyHKOM-(aKTypow, JOBiJKOBUMH [JaHUMH, 3aMOBJIEHHSIM Ha
KYNiBJIIO, MapUIPyTU3aLli€l0 3aTBepP/PKEHHA Ta PY4YHOI NepeBipkow. OTpUMaHi pe3yJbTaTH
MOXYTb OYTH NPAKTUYHO KOPUCHUMH NPU MOXKJIHUBOCTI 3aCTOCYyBaHHSl 3alpONOHOBAHOI
npoueaypyd JJisi TNONEPeAHbOTO Bij0OPY PU3UKOBAHUX paxyHKiB-GakTyp, MiHiMizanil
KiJIbKOCTi mponylleHux po36ixkHocTel, GopMyBaHHS ayAUTOPCHKOTO CJiAy Ta MiATPUMKH
po60oTH $piHAHCOBOTO KOHTPOJIEPa.

Kirouosi ciioBa: iHBoiicy, ¢piHaHcoBUM KOoHTpOJb, OCR, RPA, purchase order, Buny4deHHs
PEeKBi3UTIB, cCEeMaHTHUYHA IepeBipKa, eTaJoHHa po3MiTka, human-in-the-loop, ayaguTopcbkuit
Caif,.

Introduction

Relevance of the problem. The scope of Accounts Payable automation today is the
processing of the invoice from the time it is received in the finance department to the time it is
paid. This includes the receipt of the invoice from the supplier through different channels,
verification of the supplier, matching of the invoice with the purchase order, detection of
duplicate payments, and establishment of a proper control trail. The traditional OCR and RPA
solutions will reduce some manual work and do much of this but typically rely on relatively
stable document structures, fixed templates, and rules that must be predefined.

Large language models change this because they can perform not only data extraction but
also content interpretation of a financial document, explanation of discrepancies, and review
support for non-standard transactions. Therefore, LLM-based Accounts Payable automation is
relevant as an organisational and accounting mechanism that consolidates invoice processing,
internal control, the ERP environment, payment approval, and audit verification.

Analysis of recent research and publications. The study of the automation of financial
and accounting processes has developed several related approaches. The first approach treats
RPA as a tool that performs repetitive accounting tasks. L. Cooper et al. stress its capability in
reducing labour intensiveness in routine operations [1, p. 15]; RPA is associated with the
emergence of “digital labour” in accounting by J. Kokina and S. Blanchette [2]; and problems of
integration, data quality, and control over the outputs of smart RPA are drawn by M. Gotthardt
et al. [3, p. 90]. These studies mainly describe automation as the execution of predefined rules
and do not address fully semantic verification of financial documents.

The second approach is smart document interpretation. R. Palm et al. introduced
CloudScan as one of the first systems for neuro-network-based invoice analysis [4, p. 406]; P.
Lai et al. built a special pipeline for commercial invoice data extraction and processing [5]. The
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further evolution of document Al includes BERT, BERTgrid, DocFormer, LayoutLMv3, and
models for parsing spatial dependencies, which allow consideration of text, context, visual
structure, and spatial relations in semi-structured documents [6, p. 4171; 7; 8, p. 993; 9, p. 4083;
10, p. 330]. This is very important for Accounts Payable because an invoice is not a classic
document consisting of a text only. It has requisites; it has the logic of a business transaction
and relates to a purchase order plus an approval path afterward.

The third approach relates to large and generative language models. T. Brown et al.
showed that LLMs could accomplish tasks in a few-shot learning setting [11]; Y. Fan et al. later
confirmed their promise for information extraction and warned against overly optimistic
evaluations of generative model outputs [12, p. 6409]. In other words, in the context of
Accounts Payable, we should think of an LLM not as an independent substitute for either an
accountant or an ERP system but rather as a semantic layer for explanation, classification,
exception checking, and human-in-the-loop control that it supports.

It is necessary to consider the organisational dimension of digitalisation. O. Edo et al.
demonstrate that the adoption of digital technologies is based not only on technical efficiency
but also on perceived usefulness, ease of use, and organisational support [13]. Ukrainian studies
also report changes in the professional requirements of accountants. M. Kulnych et al. note the
necessity of digital literacy [14, p. 216], while M. Petchenko et al. study practical trends in the
digitalisation of accounting in Ukraine [15, p. 105]. However, there is still no integrated model
of LLM-based Accounts Payable automation in the existing literature that would unite data
extraction, semantic verification, risk control, approval routing, and the creation of an audit
trail.

Unresolved issues of the problem. The substantial progress of RPA, document Al, and
generative language models aside, the integrated design of an Accounts Payable automation
solution has not been resolved. The large language models should be part of the integrated
mechanism as a controlled semantic layer between the invoice and the ERP system, as well as
three-way matching procedures, approval routing, internal control, and audit. In other words,
the large language models should not be implemented as just another isolated text recognition
tool.

Aim of the article is to develop an LLM-based mechanism for Accounts Payable
automation that combines intelligent extraction of data from financial documents, semantic
verification of transactions, risk control, approval routing, and the creation of an audit trail
within a controlled accounting process.

Results

The testing of the empirical Accounts Payable automation mechanism was performed on
a simulated corpus of 150 invoices: 90 of them were for standard AP cases without
discrepancies, and 60 were pre-modelled exceptions. Each of the documents went through the
processing by two approaches: the LLM-based mechanism and the baseline OCR/RPA logic. The
output of both approaches was compared with the reference markup, which contained correct
requisites, compliance status, type of exception, and recommended action.

The first evaluation stage dealt with the general classification of invoices into two
processing routes: either approval without exceptions or transfer for manual review. The
results of the classification are presented in Table 1.

Table 1
General invoice classification results of the LLM-based mechanism and baseline
approach
Indicator LLM-based Baseline
mechanism OCR/RPA
True positive 54 41
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False positive 8 15

False negative 6 19

True negative 82 75

Correctly classified documents 136 116
Incorrectly classified documents 14 34

Share of documents transferred for manual 41.3% 37.3%
review

Source: calculated by the author based on the empirical testing of 150 invoices.

The data in Table 1 shows that the LLM-based mechanism correctly classified 136 out of
150 documents, while the baseline approach correctly classified 116 documents. The number
of real discrepancies missed was 6 cases for the LLM-based mechanism and 19 cases for the
baseline OCR/RPA logic. This tells us that the baseline approach more often approved
documents that should have been moved to manual review.

Based on the TP/FP/FN/TN matrix, accuracy, precision, recall, and F1l-score were
calculated. The summarised quantitative results are presented in Table 2.

Table 2
Quantitative metrics for classification performance
Metric LLM-based mechanism | Baseline OCR/RPA Difference
Accuracy 90.7% 77.3% +13.4 p.p.
Precision 87.1% 73.2% +13.9 p.p.
Recall 90.0% 68.3% +21.7 p.p.
F1-score 88.5% 70.7% +17.8 p.p.

Source: calculated by the author based on the TP/FP/FN/TN matrix of the empirical
testing.

The major difference between the two approaches was in recall. The LLM-based
mechanism detected 90.0% of all simulated exceptions, whereas the baseline approach
detected 68.3%. This holds true for Accounts Payable because a missed discrepancy would
create higher operational risk than the misfiling of a document for further review.

The second block of results concerned the accuracy of extracting and determining invoice
requisites. For each invoice, nine fields were checked: supplier name, invoice number,
document date, amount payable, currency, tax requisites, purchase order number, compliance
status, and recommended action. In total, 1,350 values were evaluated. The results are
presented in Table 3.

Table 3
Accuracy of extracting and determining requisites by field type
Document field LLM-based LLM-based Baseline Baseline
mechanism, mechanism, % OCR/RPA, OCR/RPA, %
correct correct
Supplier name 145 96.7 140 93.3
Invoice number 147 98.0 143 95.3
Document date 141 94.0 139 92.7
Amount payable 144 96.0 141 94.0
Currency 148 98.7 147 98.0
Tax requisites 132 88.0 121 80.7
Purchase order 139 92.7 126 84.0
number
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Compliance 136 90.7 116 77.3
status
Recommended 134 89.3 113 75.3
action
Total 1266 93.8 1186 87.9

Source: calculated by the author based on the comparison of output data with the
reference markup.

As shown in Table 3, the LLM-based mechanism correctly extracted or determined 1,266
out of 1,350 values, while the baseline approach correctly processed 1,186 values. The highest
LLM scores were obtained for currency, invoice number, supplier name, and amount payable.
The lowest values were recorded for tax requisites, compliance status, and recommended
action. In the baseline approach, the most problematic fields were recommended action,
compliance status, and purchase order number.

The third stage of evaluation examined the ability of both approaches to detect specific
types of exceptions. The corpus contained 60 documents with discrepancies. Their distribution
and detection results are presented in Table 4.

Table 4
Detection of exceptions by discrepancy type
Type of exception Number in the Detected by Detected by
corpus LLM baseline
Incorrect amount 14 13 11
Missing or erroneous 16 14 10
purchase order

Supplier mismatch 12 10 8
Date error 10 9 7
Currency error 8 8 5
Total 60 54 41

Source: prepared by the author based on the processing of 60 invoices with simulated

exceptions.

The LLM-based mechanism correctly detected 54 out of 60 exceptions. Six cases remained

undetected: two concerned supplier mismatches, two related to purchase order issues, one
concerned an amount error, and one concerned a date error. The baseline approach missed 19
exceptions, most often in cases where the purchase order number was placed in an atypical
location or where the discrepancy required several requisites to be compared at the same time.

The fourth block of results concerned the structure of errors. Since one document could
contain several types of deviation, the number of recorded errors does not coincide with the
number of incorrectly classified documents. The summary is provided in Table 5.

Table 5
Types of errors during invoice processing
Type of error LLM-based Baseline OCR/RPA
mechanism

Incorrect extraction of a requisite 5 11
Missed discrepancy 6 19
Erroneous risk identification 8 15
Incorrect recommended action 16 37

Incorrect or incomplete explanation 18 Not generated

Overconfident response 7 Not assessed

Source: systematised by the author based on qualitative error analysis.

5




AKAJIEMIYHI BI3II

Bunyck 37/2024

The major problem for the LLM-based mechanism turned out to be not the extraction of
requisites but the quality of the recommended action or explanation. In 16 cases, the
recommended action did not fully correspond to the reference decision. In 18 cases, the
explanation was incomplete or contained an inaccuracy. The baseline approach suffered from
an incorrect recommended action most typically since rule-based logic did not take into
account the substantive context of the document.

The fifth block of results concerned the explanations generated by the LLM-based
mechanism. The evaluation was conducted according to three criteria: consistency with factual
requisites, clarity for a financial controller, and absence of unsupported claims. The results are
presented in Table 6.

Table 6
Quality of explanations generated by the LLM-based mechanism
Explanation category Number Share
Fully correct explanation 118 78.7%
Partially correct explanation 24 16.0%
Incorrect explanation 8 5.3%
Total 150 100%

Source: assessed by the author according to the criteria of consistency with requisites,
clarity, and absence of unsupported claims.

Among the partially correct explanations, 11 contained an incomplete justification of the
recommended action, 7 did not take into account one relevant requisite, and 6 described the
risk too generally. Among the incorrect explanations, 5 referred to a requisite that was not
present in the invoice, while 3 incorrectly explained the reason for transferring the document
for manual review.

The sixth stage of evaluation concerned document routing. For Accounts Payable, it is
important not only to extract requisites correctly, but also to determine whether a document
may be preliminarily approved or should be transferred to the responsible person. The routing
results are presented in Table 7.

Table 7
Distribution of documents by routing outcome
Routing outcome LLM-based Baseline OCR/RPA
mechanism

Correctly transferred for manual review 54 41
Incorrectly transferred for manual review 8 15
Correctly approved without exceptions 82 75
Incorrectly approved despite an exception 6 19
Total 150 150

Source: calculated by the author based on the comparison of processing routes with the
reference markup.

The LLM-based mechanism transferred 62 documents for manual review, of which 54
actually contained exceptions. The baseline approach transferred 56 documents for manual
review, but only 41 of them contained real discrepancies. At the same time, the baseline
approach incorrectly approved 19 documents with exceptions, which represents the riskiest
type of error in the AP process.

Based on the empirical testing, a functional model of the LLM-based mechanism within
the Accounts Payable process was developed. It does not involve automatic payment execution,

6
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but ends with the formation of a document status, an explanation, and a route for further
review. The resulting model is presented in Table 8.

Table 8
Functional model of the LLM-based Accounts Payable automation mechanism based on
the testing results

Stage of the AP Input data Output of the LLM- Control action
process based mechanism
Invoice receipt Invoice text Preliminary reading of Verification of file
the document completeness
Requisite extraction Invoice fields Supplier, date, amount, Comparison with
currency, purchase order reference data
Semantic verification Invoice and Determination of Review of risky
control data compliance or exception documents
Recommendation Verification “Approve” or “manual Decision by the
generation result review” responsible person
Audit trail Requisites, Recording of the Preservation for
status, verification result further control
explanation

Source: developed by the author based on the empirical testing of the LLM-based
mechanism and process modelling of Accounts Payable.

Results show that the LLM-based mechanism achieved higher accuracy, precision, recall,
and F1-score than the baseline OCR/RPA logic. The most visible difference was in the ability
not to miss real exceptions: while the LLM-based mechanism failed to detect 6 discrepancies,
the baseline approach missed 19. Testing also revealed residual risks: erroneous risk labels,
partially incorrect explanations, and overconfident responses. So, the result of the study is not
a model of autonomous payment approval but a mechanism for preliminary invoice review,
explanation, and routing within a human-in-the-loop Accounts Payable process.

Conclusions

1. [t was established that the Accounts Payable automation mechanism based on a
large language model provided higher invoice classification accuracy than the baseline
OCR/RPA logic. The LLM-based mechanism correctly classified 136 out of 150 documents,
whereas the baseline approach correctly classified 116 documents. Overall accuracy was 90.7%
compared with 77.3%.

2. It was demonstrated that the main advantage of the LLM-based mechanism lies
in discrepancy detection. Recall reached 90.0% for the LLM-based mechanism and 68.3% for
the baseline OCR/RPA approach. This means that the LLM-based mechanism missed 6 real
exceptions, while the baseline approach missed 19, which is significant for reducing operational
risk in Accounts Payable.

3. It was found that the LLM-based mechanism performs more effectively with
requisites that require contextual verification, particularly compliance status, purchase order,
and recommended action. The overall accuracy of requisite extraction and determination was
93.8% for the LLM-based mechanism and 87.9% for the baseline approach.

4. It was confirmed that an LLM cannot be used as a fully autonomous tool for
payment approval. The testing recorded 8 erroneous risk labels, 6 missed discrepancies, and 8
incorrect explanations. Therefore, the appropriate model is one in which the LLM performs
preliminary review, generates explanations, and routes documents, while the final decision on
risky payments remains with the responsible person.



AKAJIEMIYHI BI3II

Bunyck 37/2024

5. The developed Accounts Payable automation mechanism should be used as a
controlled human-in-the-loop process that combines requisite extraction, semantic
verification, exception detection, recommendation generation, and preservation of an audit
trail. This model is suitable for preliminary automated invoice review, but it requires access
control, action logging, and protection of confidential financial data.

Future research should focus on testing the proposed mechanism on real anonymised
corporate invoices, assessing its performance in different ERP environments, comparing
several LLM architectures, and defining risk thresholds for automated document routing in
Accounts Payable practice.
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