0 0

The object of this study is the process that generates machine-read-
able Country-by-Country reports in XML format using large lan-
guage models. This paper addresses the task related to the current
dependence of the process that generates these reports on specialized
software, which leads to additional financial costs.

The research and analysis of the effectiveness of publicly avail-
able large language models for generating Country-by-Country
reports with new data showed high results, provided that an exam-
ple model of such generation was prompted. Three large language
models out of nine studied yielded results close to ideal (obtained by
manual preparation or specialized systems), namely 96 points out
of 100 according to the devised evaluation methodology. Four other
studied models demonstrated slightly lower efficiency, but their level
is also sufficient for practical use. At the same time, the resulting
average cost of generating one report (US cents 4.2) is significantly
lower than in the case of using specialized systems.

Regarding the effectiveness of general-purpose large language
models for generating Country-by-Country reports in the absence of
a generation example, it is currently insufficient for practical use. In
this case, all of the models studied showed results close to 0 points,
i.e., completely incorrect reports were obtained. Such results are
attributed to the insufficient amount of sample data during training
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Thus, publicly available large language models could in practice
replace specialized software systems designed to generate Country-
by-Country reports in XML format, at least in the case of generating

Keywords: transfer pricing, transfer pricing documentation, large

Yakiv Yusyn

PhD

Department of Computer

Systems Software

National Technical University of Ukraine
"Igor Sikorsky Kyiv Polytechnic Institute”
Beresteiskyi ave., 37, Kyiv, Ukraine, 03056
E-mail: yusyn@pzks.fpm.kpi.ua

Received 29.05.2025

Received in revised form 17.07.2025
Accepted 11.08.2025

Published 29.08.2025

1. Introduction

The rapid spread of artificial intelligence (AI) technologies
has affected all areas of human professional activity, including
traditionally conservative areas such as finance, accounting,
and tax accounting. Basic Al technologies such as classification,
clustering, and regression analysis have already become wide-
spread in these areas [1]; the emergence of generative artificial
intelligence has further accelerated their modernization [2]. This
is because, unlike other AI technologies, generative artificial
intelligence (primarily large language models (LLMs)) allows
a wide range of tasks to be solved using a single software tool. One
of the most common tasks is working with text documents - in-
formation extraction, transformation, generation, etc. — which is
very valuable for the finance, accounting, and tax industries [2].

An example of such a task in practice is the task of preparing
transfer pricing documentation. Defined as part of the action
plan to combat base erosion and profit shifting (BEPS) [3, 4],
this documentation consists of the following layers [5, 6]:

1. Country-by-Country (CbC) report in native and ma-
chine-readable (XML) formats [7].

2. Master file in native text format.

3. Local file in native text format.

According to estimates from 2016 (after the implementa-
tion of this framework), the costs of preparing documentation
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in Austria were EUR 165,000 per company, EUR 140,000, and
EUR 155,000 per company, respectively, for each level [8].
Taking into account inflation, these estimates in 2025 corre-
spond to costs of EUR 214,000, 182,000, and 200,000. These
costs consist of salaries of specialists involved in the prepa-
ration of documentation, licenses, and software maintenance
costs, etc. Any opportunities to reduce these costs, including
through the latest advances in the field of AI development,
are of significant practical and, accordingly, scientific interest.
At the same time, the need to prepare transfer pricing doc-
umentation under this framework is not limited to OECD
member countries, as many other countries have also adopted
it and adapted it into their legislation. For example, accord-
ing to the State Tax Service, in Ukraine an average of more
than 2400 reports are submitted annually, for an average of
UAH 2.4 trillion per year [9].

The use of generative artificial intelligence could signifi-
cantly reduce the costs of preparing such documentation of
any level by automating its preparation and partial generation
based on semi-structured input data. In addition, the use of
a single software tool (SST) to solve many different tasks could
reduce dependence on specialized software tools, respectively,
also affecting the reduction of costs. Therefore, research on
automating the preparation of transfer pricing documentation
using large language model technology is relevant.




2. Literature review and problem statement

In [10], the potential of generative artificial intelligence
for improving transfer pricing processes is considered and
analyzed. At the same time, generative artificial intelligence is
not considered as a universal solution but as one of many tools
for eliminating "wastes” — unproductive or excessively man-
ual steps in the process. In this case, critical aspects include
analysis and warnings about the shortcomings of generative
AT technology, which without human verification and partici-
pation could lead to the emergence of new types of errors and
even a general deterioration of the situation. Based on analysis
of the advantages and disadvantages of generative artificial in-
telligence, the paper proposes a three-stage approach "Define,
Discover, Solve” as a framework for integrating generative Al
into transfer pricing workflows. In general, in addition to the
proposed approach, the cited work is more overview and valu-
able precisely by analyzing the advantages and disadvantages
of generative artificial intelligence technology in the context of
transfer pricing, but without analyzing examples of specific ap-
plications. This is most likely due to subjective factors, namely
the definition of the target audience of the work as ordinary
tax specialists who are just starting their "acquaintance” with
generative artificial intelligence technologies.

Work [11] considers the possibilities and limitations of the
application of artificial intelligence technologies in the field of
transfer pricing in general; it also includes examples of such
specific applications. The work focuses on the capabilities of
artificial intelligence to quickly process large volumes of data for
the purpose of preliminary analysis of operations, identification
of risks and anomalies, filtering databases, etc. In the context of
working with documentation, the capabilities of Al are also em-
phasized both for automatically extracting key data from doc-
uments and for creating or filling in standard parts of transfer
pricing documentation. It is emphasized that any conclusions
of artificial intelligence are based on data, and not on economic
logic or legal context, therefore, for example, AI cannot correct-
ly assess the economic essence of transactions. Therefore, it is
concluded that artificial intelligence should act as a support
tool, not a replacement, including in the preparation of transfer
pricing documentation, but no specific examples are provided.

Paper [12] suggests that machine learning, predictive
analytics, and natural language processing are key artificial
intelligence technologies for the transfer pricing industry;
their advantages are discussed. Machine learning is consid-
ered a universal tool for data analysis to identify patterns
and anomalies, assess risks, and predictive analytics acts as
a decision support tool. The paper identifies the potential of
using natural language processing tools for working with doc-
umentation: data mining, monitoring legislative changes in
real time, and automating the preparation of documentation
according to OECD requirements. However, unlike the above
papers analyzed, this study does not provide an overview of
the possible disadvantages of implementing the technologies
described, focusing only on the advantages, such as reducing
costs, reducing effort, and time. In addition, the cited paper
remains at the overview level, not including empirical exam-
ples of implementing the described technologies, including
generating documentation. This could be explained by the too
broad context of the study, which does not focus on specific
artificial intelligence technology and its application.

In [13], the comprehensive application of artificial intelli-
gence technologies is considered, expressing the idea of a vir-
tually fully automated system for devising and monitoring the

implementation of transfer pricing strategies with the detection
of anomalies and risks. In addition, the idea is considered that
such a system could automatically adapt to changes in legisla-
tion through the use of natural language processing technolo-
gies. In the task of preparing transfer pricing documentation,
the idea of its automatic generation using language models is
also repeated, as well as the idea of their use to improve the style
of texts written by a person. At the same time, this issue is con-
sidered not only in the context of abstract documentation but
with direct mention of reports by country. However, the empir-
ical examples of application given in the work do not mention
the use of Al technologies in this area, focusing only on existing
applications for devising and optimizing transfer pricing strate-
gies. This is explained by both objective (the author’s lack of
data on cases of AI use in the context of documentation) and
subjective (focus on working with strategies) factors.

In [14], the entire transfer pricing process is represented as
a four-stage, twelve-step structure, in order to identify the possi-
bilities of implementing artificial intelligence at each step. These
stages include data preparation and integration, analytics and
modeling, strategy development and optimization, and imple-
mentation and monitoring, each of which is divided into three
separate steps. Documentation preparation is also highlighted
as a separate, 11th step of the last stage of the developed struc-
ture. As recommendations for implementing Al at this step, the
following two points are highlighted: automatic generation of
most of the documentation, and verification of the finished doc-
umentation for compliance with the regulatory requirements
of various jurisdictions. However, despite the visualization of
the process, these statements remain at the level of abstraction,
without technical or methodological details, which is most
likely due to the subjective limitations of the research context.

In [15], a simulation model was proposed to assess the
impact of Al-based monitoring on profit distribution, audit
risks, and compliance with transfer pricing guidelines. The
goal of using such a model was to increase the accuracy,
transparency, and auditability of transfer pricing systems
in multinational companies. The model built represents
multinational companies as multi-layered networks (goods,
services, intangible assets) with an analysis of metrics such
as price deviation, profit distribution disparity, and network
centrality. Simulation using the developed model on artificial
data showed that firms using AI demonstrate higher accuracy
in pricing, especially in the areas of services and intangible as-
sets. It was also shown that the effect of using Al is enhanced
when it is applied to structurally central nodes of the network,
which reflects the structure of a multinational company. Other
tasks of operational transfer pricing, such as preparation of
documentation, are not considered in the work, although they
are mentioned as already reported in the literature.

In [16], the task of automating the process of preparing
comparative studies (benchmark study), which are then used
in the preparation of local files to justify the selected prices
and transfer pricing methods, is considered. The preparation
of such studies is a process that currently requires a lot of
human effort due to the need for a stage of manual selection
of companies for analysis from available databases. The study
proposes the use of artificial intelligence technologies at this
stage, reducing the number of companies for manual analysis
by automatically parsing company websites and classifying
them based on the received texts. According to the reported
results, the devised prototype makes it possible to automati-
cally screen out up to 80% of companies that were previously
screened out manually, respectively, reducing the overall effort



and time spent on preparing a comparative study. The use of
the described artificial intelligence technologies for prepar-
ing the other two levels of transfer pricing documentation
remained undisclosed in the work, which is likely due to the
limitations of the context and size of the study.

In [17], a wide range of applications of various artificial
intelligence technologies in the tax domain, which are already
implemented in practice or are at the prototype stage, is consid-
ered. In the context of transfer pricing, in addition to the already
mentioned automation of the preparation of comparative stud-
ies, the work also describes the automation of the generation of
other text components of the locale file based on the provided
input data. To this end, the prototype built uses a large language
model with pre-prepared prompts for generating a text descrip-
tion, along with stable rules for extracting information and
inserting it into a specific place. In this case, the LLM is used
without additional fine tuning and without providing examples
of generation. In addition to generating text content, the large
language model is also used in the prototype to automatically
translate the generated locale file in order to obtain it in En-
glish and German. Considering the development of the idea of
automating the preparation of comparative studies, it could be
noted that the cited work fully covers the task of automating the
preparation of local files using Al technologies, but the other two
levels are not disclosed. This is due to the argument presented
in the work that the preparation of local files is the costliest
one (in terms of time and money) of all three levels.

In summary, to date, the best represented in the literature
on the three levels of transfer pricing documentation is the
generation of local files using LLM, while the country-by-coun-
try report and master file remain poorly studied. However, the
approaches used to generate local files could also be applied to
master files, but the task of generating a country-by-country re-
port has its own specificity that differs from other levels. This es-
pecially applies to creating its machine-readable representation
in XML format, which is still an extraordinary task for ordinary
tax specialists. All this leads to the fact that in practice the task of
generating country-by-country reports in XML format is solved
using specialized software tools, such as "Aibidia TXM" [18],
"PwC CbC2Go" [19], "WTS CbCR-2-XML" [20] or "tpcbc” [21],
and many others. All these specialized software tools solve the
task of generation in the conventional way: by transforming the
collected data into the XML structure of the report using clear
rules defined by the developers based on the XSD schema [7].
At the same time, these tools either include this functionality as
a component of the preparation of the entire set of transfer pric-
ing documentation ("Aibidia TXM") or specialize only in gener-
ating this part of the documentation. However, the use of such
systems leads to dependence on another specialized software
tool, and, accordingly, to additional costs for its licensing and/or
maintenance, which increases the total costs of preparing the
documentation. Therefore, the use of large general-purpose
language models as a replacement for such specialized, conven-
tional systems looks attractive from an economic point of view.

All this allows me to argue that it is advisable to conduct
a study aimed at generating machine-readable CbC reports in
XML format according to OECD requirements using publicly
available large language models.

3. The aim and objectives of the study

The purpose of this study is to determine the conditions
under which it is possible to use large general-purpose lan-

guage models to generate machine-readable country-by-coun-
try reports in XML format. This would allow for the improve-
ment of the processes of digital preparation of transfer pricing
documentation, reducing dependence on specialized software
solutions, which could have a positive economic effect in the
form of a reduction in financial costs for the preparation of
documentation.

To achieve this aim, the following objectives were accom-
plished:

- to analyze the effectiveness of publicly available large
language models in generating CbC XML reports in the ab-
sence of an example of the expected result for the model;

- to analyze the effectiveness of publicly available large
language models in generating CbC XML reports in the pres-
ence of an example of the expected result for the model.

4. The study materials and methods

4. 1. The object and hypothesis of the study

The object of this study is the process of generating ma-
chine-readable Country-by-Country reports in XML format
using large language models.

The principal hypothesis of the study is built on the
assumption that publicly available large language models
could cope with the task of generating an XML report based
on semi-structured input of entity data, without the need for
additional training.

The following additional assumptions were also accepted:

- the principal hypothesis of the study could be corrobo-
rated at least when providing an example model of the ex-
pected result;

- the results for large language models with and without
reasoning should be approximately the same.

The main simplification that was adopted in the study is
to consider only the task of generating a Country-by-Country
report, which contains only new data and is transmitted to the
tax authorities for the first time. The XML report standard [7],
in addition to such a case, also describes cases of correction
and deletion of previously transmitted reports by generating
a new report with a reference to the old one. The generation
of such reports was not considered in this work, since, in addi-
tion to information about entities, the process of their creation
also requires consideration and analysis of a previous report
in XML format.

4. 2. Large language models under study

Based on ChatBot Arena [22], the state-of-the-art large
general-purpose language models at the time of the study are
shown in Fig. 1.

Based on the data analysis illustrated in Fig. 1, the follow-
ing large language models from various vendors were selected
for this study:

- GPT-40 by OpenAl (gpt-40-2024-11-20);

- GPT-4.1 by OpenAl (gpt-4.1-2025-04-14);

- 03 by OpenAl (03-2025-04-16);

- DeepSeek-V3 by DeepSeek (deepseek-v3-0324);

- DeepSeek-R1 by DeepSeek (deepseek-r1-0528);

- Claude Sonnet 4 by Anthropic (claude-sonnet-4-20250514);

- Claude Opus 4 by Anthropic (claude-opus-4-20250514);

- Gemini 2.5 Flash Preview by Google (gemini-2.5-flash-pre-
view-05-20);

- Gemini 2.5 Pro Preview by Google (gemini-2.5-pro-pre-
view-06-05).



Input/Output Cost Ratio: e——— @ Style Control

Confidence Intervals: Arena: language ~  Category: Overall -

14607
Organization
Google
1,440 Gemini-2.5-Pro-Preview o3 @ n OpegAI
DeepSeek
114201 Gemini-2.5-Flash-Preview GPT-4.5-Preview @ Qr;ttrgiroplc
1,400 W Alibaba
GPT-4.1 @ mo1Al
- W Amazon
1,380+ DeepSeek-RI 04-mini @ ® GPT-40 ol ® B Other
1,360 Lliama-4-Maverick ol-preview @
@ GPT-4.1Mini Claude 3.7 sonnet
G -Gemni 2.0 Flash Qwen2.5-Max @
13407 em‘m‘a R DeepSeek-V3
Q Gemini 2.0 Flash-Lite 03-mini ® Gemini 1.5 Pro
9 1320
& Yi-tightning @ lama3i4o58 0 ©® @
9 1300- Tt m Claude 3 Opus
s Gemini 1.5 Flash L I °
< 1,280+ °
NovaPro @
1,260 °
L °
1240 Beviakiée208 . L
1220 Nova Mickffstral 8B
1400 Llama 3.1 88
ama 3. . .
oo Imarena.ai/price
——— 02 r — 3 T ———r P T o 250

Cost ($/IM Tokens)

Dark Mode

Fig. 1. Price-performance plot for large general-purpose language models [22]

4. 3. Experimental design

To solve the tasks set in my study, a single experimental
design was developed (Fig. 2), which is common to both tasks.

Fig. 2 shows that the experiment consists of the follow-
ing stages:

1. The initialization stage, during which the system prompt
and input data for the large language model are generated.

2. The system prompt and input data are passed to the
large language model, receiving an XML file with the gener-
ated report at the output.

3. The stage of technical validation of the received XML
file using the XSD schema [7]. Any errors detected at this
stage, if the stopping criterion has not been reached, are re-
turned to the large language model together with a prompt
asking them to correct them and re-generate the XML report.
If the stopping criterion has already been reached, then the
execution of the experiment is stopped.

4. In the case of successful completion of the technical
validation stage, the generated XML report is addition-
ally checked manually by an expert whose role was as-
signed to me.

As a stopping criterion for the technical validation stage,
a simple counter was used, the maximum value of which
was set to 10. Thus, each large language model was given
10 attempts to correct all the errors found and successfully
complete this stage.

Errors

{

LLM

System prompt +
data

Init

>

Stopping
criterion

Fig. 2. Schematic showing the experimental design

The experiments performed under this statement, for the
two tasks, differed only in the system prompt generated at
the initialization stage, namely the presence or absence of an
example for the model. This example, if present, contained an
instance of the input data (covering most of the capabilities
of the report standard) and a manually generated CbC XML
report corresponding to them.

The following test cases were selected as input data for the
experiments (from simplest to most complex):

1. One entity, without additional information.

2. One entity, with additional information.

3. Several entities from one country, without additional
information.

4. Several entities from one country, with additional in-
formation.

5. One entity from several countries, without additional
information.

6. One entity from several countries, with additional in-
formation.

7. Several entities from several countries, without addi-
tional information.

8. Several entities from several countries, with additional
information.

The input data corresponding to the test cases were fed
to the input of the language model in a semi-structured for-
mat, namely in the form of a simple text description of each
entity and information about it. If additional
information was available, it was added to the
input after the entity description, also in the
form of a textual semi-structured description.

Manual
validation 4. 4. Developed software
l In order to automate the execution of
— a fairly large number of experiments during
Finish this study, software was developed, which was

termed "CBC XML AI". That allowed me to
significantly reduce the human factor and the



amount of human effort, leaving human intervention in the
course of experiments only at the stage of manual validation
of the received report.

The software was developed using the .NET 8 platform [23]
and the C# 12 programming language [24]. "CBC XML AI"
has a console interface with the transfer of all input data in
the form of launch parameters, for the implementation of
which the "System.CommandLine" library was used [25].
As a result, the software provides the following functional-
ities, which are regulated by the corresponding parameters:

- reading input data from a text file (parameter --in);

- generating a system prompt for the LLM, without or
with a report example (parameter --add-sample);

- connection to the selected large language model using the
API with the passed key (parameters --model and --api-key);

- automatic validation of the generated XML report ac-
cording to the XSD schema, using the built-in APIs of the
.NET platform, with re-generation in case of errors (parame-
ters --xsd-max-steps and --xsd-delay);

- logging of the generation process to the console (re-
ceived XML, XSD validation errors), with the ability to turn it
off (parameter --silent);

—in the case of successful completion of the technical valida-
tion stage, saving the received XML at the specified address (pa-
rameter --out) and setting a successful exit code (exit code);

- saving the entire history of communication with the
LLM (parameter --dump);

- setting an incorrect exit code if no valid XML was re-
ceived for the specified number of XSD validation steps.

To work with the API of large language models, the devel-
oped software uses the "LimTornado" library [26]. This library is
a gateway that provides a single, harmonized API for working
with models from different vendors, including those selected for
the study, which accelerated the development of the application.

4. 5. Principles of evaluating the results of experiments

The results of the experiments performed according to the
scheme described above were evaluated in this work accord-
ing to the following principles:

1. The range of scores is from 0 to 100.

2. Each unsuccessful attempt to pass the report validation
according to the XSD schema reduces the maximum score by 10.

3. If actual discrepancies between the input and the data
obtained in the XML report are detected at the manual valida-
tion stage, 0 is accepted as the final score.

4.1If other errors are detected at the manual validation
stage, the final score is reduced by the value determined by
the expert depending on the criticality of the error, with an
indication in the protocol.

Thus, perfect generation results receive a score of 100, ob-
viously incorrect (according to XSD schema or manual valida-
tion) generation results receive a score of 0. Any other scores (in
the range from 0 to 100) correspond to generation results that
successfully passed technical validation not on the first attempt,
and/or contain errors of a non-factual nature.

5. Results of the study on generating CbC XML reports
using large language models

5.1. Analyzing the effectiveness of publicly available
LLMs in the absence of an example of the expected result
Analysis of the effectiveness of large general-purpose
language models in the absence of an example of the gen-

eration result was carried out using the developed software
"CBC XML AI" (parameter --add-sample = false), for each of
the formulated test cases. The results obtained, evaluated in
accordance with the evaluation principles described above,
are given in Table 1.

Table 1

Results of analyzing the effectiveness of selected large
language models in the absence of an example

Model Casel 1 1ol 3lals|e|7]s
gpt-40-2024-11-20 ojofo0fo0fo0fO0Ofj0OfO
gpt-4.1-2025-04-14 ofolo|lo|o|o|oO]oO
03-2025-04-16 0O|0|O0O[OfO|O|O]O
deepseek-v3-0324 0jlo0(O0O|O|O]|]O|O]|O
deepseek-1r1-0528 0jlojfo0|O|O]|]O|O]O
claude-sonnet-4-20250514 0O|0[O0O[Of[O]|O|O]O
claude-opus-4-20250514 72/ 00| 0|12/ 0| 0] O
gemini-2.5-flash-preview-05-20 | 0 [ 0 | O | O | O[O [0 | O
gemini-2.5-pro-preview-06-05 |32( 0| 0|0 |0 |[0[O0]| O

Note: light orange corresponds to a failed technical validation stage;
light gold corresponds to a failed manual validation stage; green
corresponds to a successful completion of both validation stages

Table 1 demonstrates that none of the studied large lan-
guage models was able to achieve a stable positive result on
all test cases:

- seven models out of nine were unable to generate a cor-
rect report for any of the cases: neither technical (light orange
color) nor manual (light gold color) validation was passed;

- the Claude Opus 4 model was able to generate a correct
report for two test cases out of eight (1% and 5), passing tech-
nical validation on the third and ninth attempts, respectively;

— the Gemini 2.5 Pro model was able to generate a correct
report only for a single, 1st test case, spending six unsuccess-
ful attempts at technical validation on this.

At the same time, in the case of three correct reports,
the manual check revealed the following non-critical errors,
which also affected the final score:

- incorrect timestamp of report generation in the Time-
stamp element (-4 points) - all three reports;

-lack of role designation (Role element) for the en-
tity selected as the reporting entity (-4 points) — Claude
Opus 4/5™ case and Gemini 2.5 Pro/1% case;

- lack of postal code (PostCode element) in the entity ad-
dress (-4 points) — Claude Opus 4/1% case.

5. 2. Analyzing the effectiveness of publicly available
LLMs in the presence of an example of the expected
result

Analysis of the effectiveness of publicly available large
language models in the presence of an example of the ex-
pected result was carried out using the developed software
"CBC XML AI" (parameter --add-sample = true), for each of
the formulated test cases. The results obtained, evaluated in
accordance with the evaluation principles described above,
are given in Table 2.

Table 2 demonstrates that most of the studied large lan-
guage models successfully generate a CbC report for all test



cases (green color) if there is a generation example. The only
exception is Google’s LLM: Gemini 2.5 Pro was able to gener-
ate a correct report only for the first test case, and the results
of Gemini 2.5 Flash never failed to pass technical validation.
The best results were shown by the OpenAlI 03 model and
both models from Anthropic - these three models scored the
highest among those obtained for all eight test cases. At the
same time, two of these three models are models with reason-
ing support (03 and Claude Opus 4).

Table 2

Results of analyzing the effectiveness of selected large
language models with an example

Model Casel 1 1o l3lals|e|7]s
gpt-40-2024-11-20 92192(92(92]192(92|92 |87
gpt-4.1-2025-04-14 96|96 |96 | 96 | 92 | 96 | 96 | 96
03-2025-04-16 96 (96 [ 96 |96 |96 | 96 [ 96 | 96
deepseek-v3-0324 9219296 (96|96 |96 |96 | 96
deepseek-r1-0528 96 |96 | 86 |96 | 92 | 96 | 96 | 96
claude-sonnet-4-20250514 96 (96 [ 96 |96 | 96 | 96 | 96 | 96
claude-opus-4-20250514 96 |96 |96 (96| 96 | 96 | 96 | 96
gemini-2.5-flash-preview-05-20 ( 0 [ O [ O (O [ O | O [ O [ O
gemini-2.5-pro-preview-06-05 (52 0 [0 [ O[O | O[O |O

Note: light orange color corresponds to a failed technical validation
stage; light gold color corresponds to a failed manual validation
stage; green color corresponds to a successful completion of both
validation stages (the darker the color, the better)

The main errors detected by manual verification are:

- incorrect report generation time stamp in the Time-
stamp element (-4 points) - this error is inherent in all reports
that were generated;

—lack of role designation (Role element) for the entity
selected as the reporting entity (-4 points) - GPT-4o for all
cases, GPT-4.1/5" case, DeepSeek-V3/1% and 2" cases, Deep-
Seek-R1/5™ case, Gemini 2.5 Pro/1% case.

For GPT-4o0, a specific error was also received in the eighth
test case (-5 points): inclusion of correct country information
in additional information that was not directly available in
the input data.

Most of the correct reports were successfully generated on
the first attempt, the only exceptions being DeepSeek-R1/3™ case
(on the second attempt) and Gemini 2.5 Pro/1% case (on the
fifth attempt).

6. Discussion of results related to the study
on generating CbC XML reports using large
language models

The results obtained show the possibility of using pub-
licly available large language models to generate CbC XML
reports, but only if they are provided with an example of the
expected result.

The results of analyzing the effectiveness of the state-of-
the-art models when generating reports in the absence of an
example (Table 1) demonstrate that none of these models is
able to cope with this task. This is explained by the fact that

the task of generating CbC XML reports is quite niche, so
publicly available large language models did not have enough
examples related to this task during their training. Therefore,
the reports generated in this way, with a general "understand-
ing" of the task, contain a large number of structural errors,
including "fictional” XML elements. As an example of such
"fictional” elements, I can note various variants of the root
element obtained during the research - CountryByCoun-
tryReport, CbCReport, CBCR_OECD - with models from
different vendors being prone to different variants. Even with
feedback from the XSD validation system, currently available
LLMs were unable to correct all structural errors within a cer-
tain number of attempts, or as a result of the corrections they
introduced factual errors.

The easiest way to significantly improve the efficiency of
publicly available large language models in the task of generat-
ing CbC XML reports is to provide an example of input data and
the generation result, showing the results obtained (Table 2).
This is explained by the fact that in this case the generation
task is reduced to the task of converting input data from one
format to another - a task in which large language models
conventionally show high efficiency.

It should be noted that the results shown in Tables 1, 2
are influenced by the way the experiments were performed,
namely, access to the models using the API, and not the
chat user interface. This fact explains the lack of a correct
generation time stamp in all reports generated by the studied
models, since this information was absent from the system
prompt provided to them by the developed software. When
accessing language models through a user chat window,
most providers automatically add a system prompt contain-
ing the current date and time, which makes it impossible for
this error to occur with such access. Therefore, it could be
assumed that with this use case, all the "green” results from
Tables 1 and 2 would have a score that is 4 points higher than
the one obtained in this study. In this case, three of the nine
models studied would receive perfect, 100-point results on
all test cases, which should fully correspond to the results
of existing conventional systems, which confirms the main
hypothesis of the study.

The results reported in this study fit into the twelve-step
structure of the transfer pricing process described in [14] and
could also be integrated into the automated system given
in [13]. However, unlike existing studies [16, 17], which deter-
mine the conditions and effectiveness of Al in the preparation
of local files, this study determines the conditions and effec-
tiveness of LLM in the preparation of the report by country.

In this case, the total cost of the study for generating re-
ports was USD 39.33, which was enough to obtain 935 reports,
i.e., the average cost of generating one report was USD 0.042.
The total number of reports includes not only obtaining the
results reported in this work but also additional generation
during prototyping and debugging of the developed soft-
ware. It could be argued with a high degree of probability
that these economic indicators significantly exceed the in-
dicators that could be achieved using existing conventional
systems for generating CbC XML reports, with the same
performance indicators. In the case of such systems, the cost
of generating a report is defined as the distribution of total
licensing/maintenance costs between individual generated
reports. For systems that specialize only at the country level
(such as the aforementioned "PwC CbC2Go" [19], "WTS
CbCR-2-XML" [20], "tpcbc” [21]), these costs could amount
to hundreds or thousands of US dollars, and for systems that



cover all three levels (such as "Aibidia TXM" [18]) - tens of
thousands. The use of existing conventional systems could
still be economically justified in more advanced scenarios
that include not only generation but also, for example, joint
collection and preparation of data for it. But in the baseline
scenarios tested in the study, the use of large general-pur-
pose language models that could be used to solve many
other tasks is more cost-effective than existing conventional
systems. It also makes it possible to reduce the dependence
of the transfer pricing documentation preparation process
on these systems or completely replace them with a large
language model if the coverage of the baseline scenarios is
reasonable. The only condition for such use without loss of
efficiency, as this study has shown, is to provide an initial
prompt model with an example of input data and the result-
ing XML report.

When comparing existing specialized systems and large
language models, one should also remember the limitations
of this study, namely that analysis of the ability of the LLM
to generate only new reports (OECD1) was carried out. Ed-
iting (OECD2) and deletion (OECD3) of transmitted data is
supported by most existing systems, and analysis of the effec-
tiveness of large language models in handling these cases is
a promising area for further research.

A disadvantage of this study is the general variability of
the field of large general-purpose language models, in which
new models from different vendors appear every few months.
At the same time, as the latest available data already show,
new models are not always more effective than previous ones,
for example, they may increase the level of hallucinations.
All this may lead to the fact that the results obtained using
new models may differ from the results reported in the study,
which operates on the state-of-the-art ones available at the
time of writing. At the same time, deviations are possible both
in the greater and lesser direction, but to a greater extent this
may concern the efficiency of large language models in the
absence of an example of the expected generation result. The
results obtained in the presence of an example of the expected
generation result should be more resistant to model updates
due to the nature of the task of converting data from one for-
mat to another.

Another promising area to build on the current research
is to improve the feedback system between the XSD validation
system and large language models. As analysis of report gen-
eration logs in the absence of an example reveals, the devel-
opment of a special format for schema error messages could
improve the results obtained to the level of obtaining correct
reports for all test cases. For example, the OECD XSD schema
requires a strict order of elements, and if it is violated, large
language models remove "extra” elements instead of changing
the order due to incorrect validation errors of the type "invalid
element A". When replacing such errors with correct messag-
es of the type "invalid order of elements A and B", one should
expect a significant improvement in the correctness of reports
in the absence of a generation example.

One more area of further studies is to determine the abil-
ity of publicly available large language models to generate
CbC XML reports taking into account the specific, more strin-
gent requirements of individual countries, since the OECD
requirements are only a mandatory minimum. In practice,
most countries develop their own requirements based on
them, which are more stringent regarding the content of in-
dividual elements. In addition, in the case of some countries
(for example, Germany [27]), separate APIs are available for

transferring CbC reports to the relevant authorities, which re-
quire the OECD report to be embedded in their own schema.
However, in this case, with a high degree of probability, one
could expect results that will be close to the results reported in
this study that are given in Table 1 and Table 2.

7. Conclusions

1. Analysis of the effectiveness of publicly available large
language models for generating CbC XML reports in the ab-
sence of an example of the expected result has revealed their
insufficient effectiveness in such an application. None of the
selected modern models from different vendors was able to
show stable positive results in all test cases: out of 72 gen-
eration results, only 3 turned out to be positive. Such results
significantly lose in efficiency to existing conventional spe-
cialized systems and cannot be applied in practice. This is ex-
plained by the narrow specialization of the task of generating
CbC XML reports, which led to a lack of examples of results
when training publicly available language models.

2. Analysis of the effectiveness of publicly available large
language models for generating CbC XML reports in the pres-
ence of an example of the expected result has revealed their
high effectiveness in such a use scenario. Two models with
reasoning support and one without it were able to achieve
a result close to ideal in all test cases, which corresponds
to the efficiency of existing traditional systems based on
hard mapping of data into XSD schema. Four more models
studied have shown slightly lower efficiency, but its level is
also sufficient for practical application. Such a high level of
efficiency of LLM in this task is explained by the fact that
if there is an example of generating a CbC XML report, the
generation is reduced to converting data from one format to
another. At the same time, the average cost of generating one
report (USD 0.042) is significantly lower than in the case of
existing specialized systems, for which the cost of generation
consists of distributing licensing/maintenance costs among
generated reports.
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