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Abstract

Small and medium-sized enterprises (SMEs) in Serbia often lack access to tools that enable them to interpret
basic financial statements independently, making it difficult to assess liquidity and debt levels. This paper
presents the ValidoAI system, which applies a Minimum Sufficient Quantity (MSQ) approach to automate
balance sheet analysis using real-world SME data. The core component, the AI Ledger module, transforms
unstructured accounting records into structured representations, visualizes asset and liability structures, and
generates narrative explanations of financial positions. Emphasis is placed on the relationship between short-term
liabilities, equity, and current assets, enabling the system to classify financial stability and highlight potential
risks. The methodology integrates a Python-based ETL pipeline, automated data anonymization, and GPT-driven
narrative generation, ensuring both transparency and accessibility for non-expert users. To evaluate the system,
we have created an example testing dataset was by extracting anonymized balance sheet and transaction data
from SME accounting software in both PDF and Excel formats. The data was standardized, categorized, and
structured to reflect typical SME financial records, enabling robust testing of the automated analysis pipeline. This
study is focusing on the potential of Al-driven, explainable systems that can support financial decision-making
in the SME sector, even in the absence of formal accounting expertise. Results demonstrate that a small set of
well-selected indicators can reliably identify liquidity risks and unbalanced capital structures, providing actionable
recommendations without manual intervention.
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1. Introduction

Small and medium-sized firms (SMEs) in Serbia frequently struggle to evaluate their own financial
accounts [1]. Primarily this is due to a lack of financial awareness, inadequate digital tools, and a
scarcity of competent labor. This is particularly true for small enterprises, which often operate without
structured finance departments or access to professional financial advisory services [2, 3].

According to recent reports from the Regional Cooperation Council [3, 4], small and medium-
sized enterprises (SMEs) in Southeast Europe continue to lag behind in digital adoption and the use
of analytical tools, call centers limiting their ability to make data-informed financial decisions and
hampering their growth potential [5, 6].

To address these limitations, the ValidoAI system with its various modules was developed as a
lightweight decision-support tool that interprets the balance sheet using a reduced but targeted set
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of financial indicators. In this study, transparency refers to a clear link between input data and final
interpretation, and accessibility means that the system can be used without prior technical or accounting
expertise. The system is inspired by the notion that a small, carefully selected set of financial indicators
such as current assets, short-term liabilities, and equity can provide sufficient insight into financial
stability without requiring full data granularity [7].

At the core of the platform is the Ledger module, one of several other modules that present the
structure of the balance sheet and generate step-by-step financial interpretations. This functionality
builds on the principle of progressive disclosure [8] and follows recent advances in structured data
processing [9]. Prior studies have shown that computational methods can reliably work with structured
accounting inputs [10]. In particular, large language models have been applied to financial text and
structured disclosures [11], and recent work has confirmed the effectiveness of XBRL formats for
Al-driven financial analysis [12].

The main contribution of this paper is the design, implementation, and evaluation of the Al Ledger
module within the ValidoAlI system (see Section 4), which enables automated, explainable, and accessible
balance sheet interpretation for SMEs using real accounting data. The Ledger module demonstrates how
a minimal set of structured financial indicators can be transformed into narrative insights through Al-
driven processing, supporting non-expert users in identifying key financial risks and making informed
decisions without manual intervention.

The creation and preprocessing of the evaluation dataset are detailed in Section 4.1, which explains
the step-by-step extraction, anonymization, and structuring of authentic SME accounting data. This
rigorous process ensures that the data used for system validation is both representative of real-world
accounting practices and fully compliant with privacy standards, laying a robust foundation for the
subsequent analysis and interpretation presented in this study. The research process and methodology
were guided by the application of the research questions listed within the section Section 2.2 Research
Questions.

This paper is organized to guide the reader through a logical progression of ideas and findings as
follows: Section 1 Introduction introduces the essential concepts and outlines the key challenges faced
by small and medium-sized enterprises (SMEs) in navigating today’s complex financial and regulatory
environment. It also defines the main contributions of this research within the broader context of SME
digital transformation.

Section 2 Materials and Methods surveys the existing literature, highlighting competing perspectives
and emerging themes related to financial constraints, interpretive opacity, and regulatory friction that
continue to affect SMEs.

Section 3 Literature Review presents the methodological framework of the study, combining qualita-
tive and quantitative techniques. This approach is grounded in a real-world case study based on an
authentic financial statement, provided with informed consent by a professional accounting agency
client.

Section 4 Results focuses on the technical core of the project, detailing the architecture and operational
flow of the Ledger module and the ValidoAI system. It explains how unstructured accounting data is
processed into structured, actionable outputs through a layered workflow.

Section 5 Discussion analyzes the results in light of the research questions, discussing both the
strengths and limitations of the proposed approach.

Finally, Section 6 Conclusion summarizes the main findings and outlines directions for future devel-
opment, including data verification and broader system adaptation.

2. Materials and Methods

This study applies a structured mixed-methods approach that combines qualitative reasoning, quanti-
tative data processing, and empirical evaluation. The methodological framework is based on a single
case study conducted in a real-world setting, using actual financial documents provided by the Valido
accounting agency.



To support transparency and reproducibility, the research team intends to release a portion of the
anonymized dataset and preprocessing scripts under an open-source license (CC BY 4.0). All identifying
elements, including company names, tax numbers, and account references, were removed or irreversibly
hashed using the SHA-256 algorithm in accordance with data protection standards.

2.1. Dataset and Preprocessing Pipeline

The dataset consists of CSV exports derived from accounting software at the end of the 2023 fiscal
year. It includes balance sheet data from two representative small businesses that were used as starting
points in our research. Each file contains between 80 and 120 entries with columns such as item name,
monetary value in RSD and EUR, share percentage, and a group classification label.

The data was processed using a Python-based ETL (Extract, Transform, Load) pipeline built with
Pandas and NumPy. The process includes the following steps:

1. Extraction: CSV files were loaded automatically, without manual input or correction.

2. Transformation: Column headers were standardized, missing hierarchical values were forward-
filled, and Serbian-style numbers (e.g., “1.234.567,89”) were converted to international decimal
format (e.g., “1234567.89”). Non-analytical entries such as totals, section labels, and metadata
were excluded.

3. Classification: Each entry was mapped to one of four core categories, defined in the balance
sheet: fixed assets, current assets, equity, or liabilities, using rule-based keyword detection applied
to the item descriptions.

4. Loading: The final structured dataset includes the following fields: item name, amount in RSD,
amount in EUR, share percentage, financial category, and group label.

This structured format serves as the analytical foundation for generating financial indicators and
supports subsequent narrative interpretation of the company’s balance sheet.

2.2. Research Questions

The methodology was shaped by the following research questions:

1. Can a small set of carefully selected indicators support reliable balance sheet interpretation for
SME users without financial expertise?

2. Can structured financial logic and automated narrative generation produce interpretations that
are consistent with standard accounting conventions?

3. What are the practical benefits and limitations of applying the MSQ methodology to automated
financial analysis, particularly in terms of scalability, transparency, and SME-level usability?

3. Literature Review

This section, as an introductory part, reviews the main challenges SMEs face in financial data interpreta-
tion, summarizes recent advances in explainable Al and structured reporting, and discusses regulatory
and security requirements relevant to automated financial analysis systems. Previous research and
institutional reports by organizations such as the OECD, the World Bank, and the National Bank of
Serbia emphasize the limited availability of analytical tools and the generally low level of digital literacy
within the SME sector. At the same time, a gap persists between the complexity of advanced Al systems
and their practical usability in resource-constrained environments.

A study on explainable AI (XAI) covered in this section with structured financial reporting underlines
the importance of transparent and flexible solutions. The European regulatory environment requires
high criteria for data protection, monitoring, and interpretability, creating further barriers to Al adoption
in financial applications. Our results highlight the necessity for SME-specific systems that strike a
compromise between technical efficiency, regulatory compliance, and practical application.



3.1. SME limitations in financial data interpretation

Reflecting on the literature, it becomes evident that SMEs face persistent barriers in developing financial
capabilities and the right software solutions [13]. World Bank [14] highlights the lack of analytical
tools and internal expertise as a fundamental obstacle to independent assessment of liquidity and
solvency. This observation is echoed by OECD [2], who point to broader structural limitations, such as
low financial literacy and limited digital engagement, which often render available tools ineffective.
The regional perspective provided by the Regional Cooperation Council [4] further reinforces this
view, noting a digital divide in the Western Balkans that continues to hinder the adoption of financial
management software.

In considering the Serbian context, the National Bank of Serbia [15] identifies high transformation
costs and a shortage of skilled personnel as key barriers to digital modernization, suggesting that
awareness alone is insufficient for meaningful change. Bruegel [16] adds that institutional fragmentation
and regulatory uncertainty further complicate technology adoption in transitional economies.

Fiagborlo and Kudo [17] observe that most accounting software for SMEs remains limited to static
outputs, offering little interpretive guidance. Their findings, along with those of the OECD [18] and the
World Bank [14], emphasize that high costs, weak infrastructure, and a lack of accessibility continue to
impede effective use.

Recent advances in explainable Al offer a potential remedy. Liao and Varshney [9] argue that inter-
pretability is not merely a technical feature but a user-centered necessity, with structured narrative
outputs shown to improve comprehension for non-experts. Kim et al. [10] demonstrate that large
language models can generate balance sheet summaries that align with human reasoning, thus sup-
porting better decision-making. Celik et al. [12] extend this by showing how structured XBRL data
can be processed through Al models to produce narrative financial insights, thereby enhancing both
accessibility and regulatory compliance.

Taken together, these studies suggest that the next generation of intelligent systems must move
beyond automation to provide transparent, interpretable outputs that empower users—especially those
without specialized financial backgrounds—to make informed decisions.

3.2. Financial data interpretation and structured reporting techniques

Kim et al. [10] examine the application of large language models (LLMs) in the context of financial
disclosures. Their study demonstrates that such models can improve the consistency of interpretation,
especially in environments where manual review is resource-intensive or unreliable. They argue that
LLMs offer scalable solutions that can be embedded in automated financial analysis systems.

Celik et al. [12] demonstrate how machine learning techniques can be effectively applied to XBRL-
based financial data for tasks such as fraud detection and pattern recognition. Their findings support
the view that structured formats like XBRL significantly enhance the ability of automated systems to
generate consistent, interpretable, and regulation-aligned financial outputs, particularly in resource-
constrained or manual-review—limited environments.

Liao and Varshney [9], from the perspective of explainable Al, emphasize the importance of trans-
parency in algorithmic decision-making. They highlight that systems relying on narrative interpreta-
tions must be grounded in high-quality data and supported by clear, rule-based logic to be effective for
end users.

These methodological principles are reflected in the ValidoAI system, which applies a structured,
rule-based approach to the classification and interpretation of balance sheet items. By mapping data to
predefined explanatory templates, the system generates consistent outputs that remain understandable
to non-expert users. A detailed overview of the architecture and implementation is provided in the
results section.



3.3. Regulatory and security perspectives in financial systems

European institutions have increasingly emphasized the importance of transparency, accountability,
and data protection in the use of intelligent systems within the financial sector. The European Commis-
sion introduced the Artificial Intelligence Act (Regulation (EU) 2024/1689) [19], which outlines clear
requirements for oversight, interpretability, and the ethical handling of sensitive data, as detailed in its
2023 policy framework. Similarly, the European Securities and Markets Authority (ESMA), in its 2025
guidelines [20], calls for financial systems that support auditability, human supervision, and predictable
decision-making processes.

Research in this domain highlights that small and medium-sized enterprises face notable challenges
in aligning with such standards. Limited technical resources and infrastructure often prevent SMEs
from implementing features such as audit trails, data minimization techniques, and transparent decision
logic. Within this context, system behavior that is both explainable and consistent becomes essential
not only for meeting compliance requirements but also for maintaining user trust.

3.4. Security practices in Al-based financial systems

Security requirements for artificial intelligence in financial systems have become increasingly rigorous,
especially concerning data protection and responsible automation. The European Commission, through
the AI Act, together with the provisions of the General Data Protection Regulation, establishes key
principles such as data minimization, auditability, and mandatory human oversight in automated
decision-making [19].

These frameworks define not only legal obligations but also design expectations for Al systems
intended for financial applications. ESMA [20], in its 2025 guidelines, reinforces this perspective by
calling for transparent and accountable architectures, particularly in domains handling sensitive user
information.

Kim et al. [10], in their analysis of large language models, raise concerns regarding the risk of
unintended data retention and leakage when models are trained on non-anonymized datasets. Their
findings emphasize the importance of controlling how data is processed and stored, particularly in
models capable of producing human-like outputs that may inadvertently reveal private information.

This line of concern is echoed in studies that promote privacy-preserving design patterns, particularly
those based on transient input processing. Researchers argue that such architectures, which avoid
retaining user-level information, offer a practical compromise between interpretability and compliance.
For SMEs, however, implementing these safeguards is often difficult due to constrained technical
capacity and infrastructure, which further justifies the development of lightweight solutions that embed
security principles without increasing complexity.

4. Results

The results presented in this section illustrate how the Al Ledger module within the ValidoAI system
processes real-world accounting data and produces interpretable outputs for small and medium-sized
enterprises. Emphasis is placed on the transformation of raw financial records into structured represen-
tations that reflect the company’s financial position across key indicators such as liquidity, equity, and
debt structure.

The following content is organized according to the system’s operational flow, beginning with data
ingestion and preprocessing, followed by categorization and anonymization steps, and concluding
with the generation of narrative summaries. All outputs are visualized and contextualized to enable
interpretation by non-expert users, ensuring practical applicability within resource-constrained business
environments.

The system currently uses the gpt-4-0125-preview model via the OpenAl API, which requires
internet access and is hosted as a cloud-based service. However, the architecture of the Al Ledger
module is modular and does not rely on any model-specific features. This means that the narrative



generation component can be replaced with a smaller, local large language model (LLM), provided
that it supports structured prompt handling and coherent financial interpretation. While the output
quality may vary depending on the model used, the overall process is adaptable to different deployment
environments, including on-premise setups.

The main limitation of this study is the potential lack of generalizability, as the evaluation is based
on data from small and micro enterprises in Serbia. Local regulatory and infrastructural conditions may
influence the applicability of results in other regional or economic contexts. Future research should
involve a broader and more diverse sample, including cross-border data, to validate the approach across
different environments.

4.1. Dataset and Preprocessing
In accordance with the presented previous content, we create the following items in data processing:

1. Dataset origin and content
Al Ledger was developed to automatically process real-world financial reports generated by small
and medium-sized enterprises using standard accounting software. The system was tested on
both PDF and Excel documents without requiring manual formatting or data cleaning. Each file
contained between 80 and 120 rows with fields such as RSD and EUR values, percentage shares,
and item classifications. This structure allowed the system to operate consistently across firms
and reporting periods, without human intervention.

2. Preprocessing pipeline
To ensure numerical accuracy, a locale-aware parser was implemented to automatically detect
Serbian-style number formatting (e.g., 1.234.567,89) and convert values into standard international
decimal notation. This prevents parsing errors and enables consistent processing across data
sources.
In addition, the system forward-fills missing hierarchical labels based on prior entries and
standardizes column headers to ensure structural uniformity across documents.
This preprocessing stage serves as the foundation for all downstream analysis. It allows Al Ledger
to process heterogeneous data inputs in a uniform way, without requiring manual adjustment.
As a result, the system functions reliably even in real-world SME environments with minimal
setup or technical supervision.

3. Balance sheet categorization
Each entry in the report was automatically assigned to one of four core balance sheet categories:
fixed assets, current assets, equity, or liabilities. This classification was performed using keyword
detection within the item descriptions. For example, terms such as “equipment” and “buildings”
were categorized as fixed assets, while “cash” and “receivables” were recognized as components
of current assets.
This step established the structural basis for all subsequent interpretation performed by the
system. By organizing data into logical categories, the module enables users to understand
complex financial information through a familiar and accessible structure, even without formal
financial training.

4. Data protection and reproducibility
All identifying information, including company names, tax numbers, and account references, was
removed or pseudonymized using the SHA-256 hashing algorithm. This approach ensured that
the dataset retained its structural integrity while complying with data protection standards.
By applying this method, the Al Ledger system guarantees user privacy without compromising
analytic value. Furthermore, the anonymized dataset and preprocessing scripts are prepared for
public release on an open-access repository to support transparency, reproducibility, and further
research.

5. Narrative prompt generation
After the categorization process, the financial values were aggregated and transformed into a



structured natural language prompt. This prompt was submitted to the GPT model in order to
generate a financial explanation that mimics expert-level reasoning.

The design of the prompt aimed to produce concise, context-specific output rather than generic
Al text. The implementation logic behind this transformation is illustrated in Listing 1, which
shows how categorized data is converted into an interpretable narrative structure.

A structured balance sheet with important financial categories that we previously described in the
preceding paragraphs is displayed in Table 1, which was processed by the AI Ledger module. This
includes property, plant, and equipment, which are examples of fixed assets. Thus, in this instance, we
have: amount of 2,201 RSD (18,809.57 EUR), or 28.36% of the balance sheet overall. Current assets come
next, which total 3,400 RSD (29,067.80 EUR), or 43.82%, and are mostly cash and bank accounts. Retained
earnings-driven equity comes in second at 1,500 RSD (12,830 EUR), or 19.35%. At 8.47%, short-term
liabilities total 650 RSD (5,560.50 EUR). Clear financial analysis is made possible by this breakdown,
giving stakeholders a better understanding of how to use the system and plan their next course of
action.

Table 1

Structured balance sheet entries processed by the Al Ledger module across key categories.
Code Item Description RSD EUR Share (%) Category
A. Fixed Assets 2,201.00 18,809.57 28.36  Fixed Assets
1. Intangible Investments - 0.00 - Fixed Assets
V. Property, Plant, Equipment  2,201.00  18,809.57 28.36  Fixed Assets
B. Cash and Bank Accounts 3,400.00 29,067.80 43.82 Current Assets
C. Retained Earnings 1,500.00  12,830.00 19.35 Equity
D. Short-term Liabilities 650.00 5,560.50 8.47 Liabilities

Using a GPT model, the given code snippet displayed on Listing 1 creates a financial story by
processing categorized balance sheet data. It compiles information from a DataFrame, classifying it
according to “Kategorija” (category) and adding up the values of "RSD” (Serbian Dinar) to create a
dictionary (suma).

To ensure proper formatting with commas for readability, the prompt forms the essential balance
sheet items of fixed assets, current assets, equity, and liabilities using the summed values. The OpenAl
API is used to send this prompt to the GPT-4 model, which is defined as a senior financial advisor by
a system role. For stakeholders, the model produces a concise, complete-sentence explanation of the
balance sheet. This reasoning highlights the company’s financial health and important KPIs while
converting organized financial data into a logical story.

Listing 1: Core logic for generating a GPT-based financial narrative from categorized balance sheet data

1 |suma = df.groupby("Kategorija")["RSD"].sum().to_dict()

2

3 |prompt = f"""

4 |Balance sheet as of 31.12.2024:

5

6 |Fixed assets: {int(suma.get("Stalna imovina", 0)):,} RSD

7 |Current assets: {int(suma.get("Obrtna imovina", 0)):,} RSD
8 |Equity: {int(suma.get("Kapital", 0)):,} RSD

9 |Liabilities: {int(suma.get("Obaveze", 0)):,} RSD

10

11 |Please explain the balance sheet clearly and in full sentences.
12 ("

13

14 |response = openai.ChatCompletion.create(

15 model="gpt-4-0125-preview",

16 messages=|[




17 {"role": "system", "content": "You are a senior financial advisor."},
18 {"role": "user", "content": prompt}

19 ]

20 |)
21
22 |text = response["choices"][0]["message"]["content"]

This code represents a key component of the Al Ledger module automated generation of narrative
explanations based on raw financial data. It begins by aggregating all RSD (Serbian dinar) values across
four main balance sheet categories: fixed assets, current assets, equity, and liabilities. These values are
then embedded into a structured textual prompt, simulating a balance sheet summary as of a given date.

The prompt is submitted to a gpt-4-0125-preview model that has been configured to act as a senior
financial advisor. Based on the categorized figures, the model generates a coherent narrative that
explains the company’s financial position in clear, connected sentences. This allows complex numerical
reports to be transformed into accessible interpretations for users without formal financial training.

This method aims to translate technical accounting outputs into useful business insights, not only
automate them. This allows for well-informed decision-making in settings with limited resources.

4.2. Interpretation with Al Ledger Module

The AI Ledger module converts raw balance sheet figures into clear insights that help users understand
the company’s actual financial position. Rather than presenting isolated amounts, the system generates
narrative explanations based on categorized data such as current assets, short-term liabilities, and equity.
These values are contextualized to indicate financial stability, highlight potential risks, and explain
the relationship between assets and obligations. The output is written in accessible language, free of
technical terminology.

This functionality is particularly valuable for entrepreneurs who lack access to financial analysts
but need to make informed decisions. The technology allows for prompt action by interpreting data in
addition to presenting it. In one instance, the algorithm identified a possible liquidity issue by detecting
an imbalance between current assets and short-term liabilities. It provided a particular proposal rather
than a general warning: investigate the working capital structure and think about extending the
maturity of short-term loans.

In another case, a financial structure heavily reliant on short-term liabilities was identified as in-
efficient. The system suggested reallocating internal costs and reducing dependence on short-term
financing. The strength of this module lies in its ability to transform technical data into actionable
business insight. In resource-constrained environments, such interpretability provides essential support
for managing financial risks effectively.

In addition, this mechanism is part of a broader functionality referred to as the AI Notebook, which
offers users a unified narrative and visual representation of asset and liability structure. Through this
component, users gain not only a technical interpretation but also a clear overview of the balance
between equity, liabilities, and liquidity status. Automated comments highlight financial imbalances
and propose concrete steps for improving the company’s financial health.

To further assess the reliability of the selected indicators (as stated in RQ1), a manual validation was
conducted using a representative case of a Serbian micro-enterprise. The balance sheet generated by
the system was compared with the professional opinion of a certified accountant who was familiar with
the firm’s real financial standing.

4.3. Al Ledger System Architecture Overview

The architecture of the Al Ledger module is built around six sequential layers (Figure 1), forming a
structured path from raw financial data to user-friendly interpretation. Each layer plays a specific role,
and the overall design ensures transparency, scalability, and ease of extension.




The first layer ingests data directly from real-world business documents—bank statements, invoices,
and payroll reports—without requiring manual formatting. The second layer immediately organizes
this input by classifying each entry into one of the main balance sheet categories while also checking
for inconsistencies.

After moving from structure to analysis, the third layer computes important metrics, including debt
levels, equity share, and liquidity. The fourth layer "speaks” to the user by producing a narrative
explanation that is clear and devoid of technical jargon, based on these measurements. The fifth
layer suggests practical next steps, such as enhancing short-term solvency or reevaluating the liability
structure, if imbalances are found. The sixth layer, which is available for use right now, provides the
whole interpretation through an interface that blends informative text with visual charts.

This multi-layered method makes analysis more comprehensible rather than just automating it. Al
Ledger provides structure, insight, and guidance to users who frequently function without professional
assistance, but it does not take the role of a human accountant. Figure 1 shows the functional links
between the processing layers of the system schematically. In this explanation, the system’s processing
levels are shown in schematic form, with their functional relationships and the dynamic data flows
between them elaborately mapped. The distinct roles that each layer plays in improving system
effectiveness and smooth interoperability are carefully outlined. This tiered design does more than
just automate analytical procedures; it turns intricacy into clarity, making the system’s functions both
effective and easily understood.

Assets & Liabilities
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Figure 1: Modular structure of the Al Ledger system, showing six layers from structured data input to final
user-facing interpretation.

In addition to the sequential data flow, the internal structure of the Al Ledger module is illustrated
through a UML component diagram that shows the functional relationships among key modules. Figure 2
highlights three main segments: core processing, visualization, and Al-based interpretation. The core
processing module includes components for preparing the balance sheet and converting Serbian-style
number formats into standardized numerical values. Once processed, the data is forwarded to the
visualization module, which generates visual outputs such as pie charts representing the asset-liability
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Figure 2: UML component diagram of the Al Ledger system.

structure.

The Al interpretation module takes the aggregated financial data and produces narrative commentary
using a GPT model, triggered through an OpenAI API call. This allows the system to convert raw
financial figures into explanatory text that is accessible to users without formal accounting expertise.
Rather than serving as a purely technical overview, the diagram also illustrates the functional logic of
the system from structured data transformation to clear, user-facing financial insights.

5. Discussion

The results confirmed that the AI Ledger module delivers accurate, explainable, and practically relevant
interpretations of financial data using a limited set of structured inputs. The system successfully
identified key relationships related to liquidity, capital structure, and liability distribution.

Unlike traditional dashboard systems that provide only numerical outputs, Al Ledger generates
narrative explanations that clarify business implications. This enables users not only to detect problems
but also to receive concrete recommendations without relying on expert interpretation.

The generated narrative outputs, grounded in structured financial logic, directly address the research
questions and demonstrate the system’s value in SME contexts with limited analytical resources.

Based on the above, we provide the following findings:

RQ1. With respect to the first research question—whether a limited set of financial indicators could
support reliable balance sheet interpretation—the findings confirmed that four core indicators
(fixed assets, current assets, equity, and liabilities) were sufficient for detecting key risk and
stability signals.

RQ2. Regarding the second question, the GPT-4 model successfully generated narrative outputs that
were aligned with accounting conventions and were easily interpretable by non-expert users.

RQ3. Finally, the third question, which addressed the practical advantages and limitations of the
MSQ methodology, revealed that the approach was effective in constrained data environments
but should be extended to include other financial dimensions such as cash flow and revenue
segmentation in future iterations.



Despite promising results, small and medium-sized enterprises continue to face significant barriers
to digital transformation, including financial costs, system complexity, and limited digital literacy.
ValidoAlI addresses these challenges through a simplified architecture based on minimal input and high
interpretability, making it well-suited for environments with limited technical resources.

6. Conclusion

This study has shown that the Al Ledger module, created as a component of the ValidoAI system, offers
a useful and workable way to automate balance sheet analysis, especially for small and micro-businesses.
As we have discussed, the Al Ledger module has demonstrated its capacity to generate accurate insights
by processing balance sheet data to produce a clear financial perspective. Property and equipment
make up 28.36% of fixed assets, which total 2,201 RSD (€18,809.57). Cash and bank accounts make up
the majority of current assets, which total 3,400 RSD (€29,067.80), or 43.82%. The equity from retained
earnings is 19.35%, or 1,500 RSD (€12,830). The entire balance sheet showed 7,751 RSD (€66,237.87),
while short-term liabilities totaled 650 RSD (€5,560.50), or 8.47%.

The results provide affirmative answers to all three research questions. They show that a small
number of indicators can reliably assess liquidity and capital structure (RQ1), that the AI system
produces explanations aligned with standard accounting logic (RQ2), and that the proposed MSQ-based
approach is scalable, interpretable, and suitable for use in resource-constrained business environments
(RQ3). The system relies on a minimal yet targeted set of financial indicators, including fixed assets,
current assets, equity, and liabilities, to generate narrative insights from unstructured accounting data
using GPT-4. Evaluation on real SME financial records confirmed that the model successfully interprets
the company’s financial position without requiring manual input.

It can be concluded that the main contribution of this work lies in the development of a lightweight
and practical Al architecture. This empowers enterprises without dedicated financial expertise to
independently evaluate their financial stability. This opens the door for broader adoption of Al tools in
accounting and decision-making processes within the SME sector.

Future development will focus on expanding input data types, enabling multilingual support, and
incorporating additional modules. This is important in the future for cash flow interpretation, VAT
filing, and sectoral risk trends. The findings of this study demonstrate that well-designed, minimal-
input Al solutions can play a critical role in future democratization of financial analysis for small and
medium-sized businesses.
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