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Abstract

Advances in Artificial Intelligence (AI) and Large Language Models (LLMs) have trans-
formed accounting by automating repetitive tasks and enhancing the efficiency of financial
reporting. However, their implementation raises challenges related to bias, reliability, and
professional adaptation. This article evaluates the comparative performance of three ap-
proaches to the vertical analysis of income statements: the traditional manual process, a
specialized GPT model, and an AI agent integrating GPT with no-code automation tools.
Using the Design Science Research (DSR) methodology, 150 experimental analyses were
conducted to measure the execution time, variability, and process scalability. The results
indicate that GPT substantially reduced execution time compared to the manual baseline,
but still required significant human intervention. The AI agent achieved the greatest gains,
reducing the average execution time by nearly 75%, while also demonstrating more stable
performance and minimizing the repetitive workload. These findings provide empirical
evidence that agent-based automation enhances both efficiency and reliability in accounting
workflows, reinforcing its potential to reshape professional practice by reallocating human
effort to validation and analytical tasks.

Keywords: Artificial Intelligence; Large Language Models; AI agents; accounting
automation; financial reporting; productivity

JEL Classification: M41; M15; 033; C33

1. Introduction
Technological advancements have significantly transformed the accounting paradigm,

particularly with the advent of Artificial Intelligence (AI) and Large Language Models
(LLMs). These technologies facilitate the automation of routine tasks and redefine the role
of accountants, thus necessitating the acquisition of new analytical and strategic compe-
tencies [1]. The integration of LLMs into accounting has markedly enhanced operational
efficiency, reshaping professionals’ interpretation of financial information and requiring
greater adaptation to emerging technological demands [2]. LLMs can automate processes
such as bank reconciliation, data analysis, forecasting, and the preparation of corresponding
reports [3]. However, their implementation poses certain challenges, including algorith-
mic bias (commonly referred to as hallucinations) and resistance from professionals [4].
While financial analysts and auditors tend to swiftly adopt these tools, accountants and tax
consultants exhibit greater resistance owing to a lack of training and concerns regarding
job displacement [5].
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The increasing application of AI in accounting has created ethical and operational
challenges. Some studies emphasize the responsible use of LLMs, aiming to mitigate risks
such as model hallucinations and lack of transparency in processes and data usage [4].
Continuous professional training for accountants is essential to ensure oversight and
regulatory compliance [5]. Digital transformation driven by LLMs represents not only
technological advancement but also a paradigm shift in the accountant’s role, making it
more focused on data analysis and strategic consulting [6].

Building on these advances, recent studies have also explored the use of chatbots
and AI agents in accounting, highlighting their potential to automate repetitive tasks and
support financial reporting [7–12]. Although these technologies have demonstrated signifi-
cant gains in efficiency and user acceptance, challenges such as data security, professional
resistance, and the need for continuous training remain [6,12].

Against this backdrop, AI agents have emerged as a promising development. By
integrating LLMs with no-code automation platforms, they enable end-to-end workflows
that minimize human intervention and significantly reduce execution time. The objective of
this article is to compare the efficiency and reliability of three alternative approaches to the
vertical analysis of income statements, manual execution, specialized GPT, and AI agent
automation. Using the Design Science Research (DSR) methodology and 150 experimental
cases, we measured execution time, process stability, and scalability across the three ap-
proaches. The results demonstrate that the AI agent achieved the greatest efficiency gains,
reducing the average execution time by nearly 75% relative to the manual baseline, while
also improving consistency and process scalability.

This article contributes to the literature in several ways. First, it empirically validates
the efficiency gains from integrating AI agents into accounting workflows, an area still
underexplored in prior research. Second, it highlights the organizational implications of
scalability, showing how automation can fundamentally reshape the economics of financial
reporting services. Third, it underscores the importance of professional adaptation, as
accountants must shift from manual execution to validation, interpretation, and advisory
tasks. By demonstrating the feasibility and advantages of agent-based automation, the
findings reinforce the strategic value of AI in enhancing both the productivity and pro-
fessional role of accountants. Although recent research has explored the impact of LLMs
and chatbots on accounting, empirical comparisons between manual, GPT-assisted, and
agent-based automation remain scarce. Most prior studies are conceptual or limited to
isolated tools, leaving a gap in the understanding of how fully automated agents perform
in realistic accounting workflows.

This article is organized into five sections. Following this introduction, the second chap-
ter presents a literature review. The third and fourth chapters detail the methodology and
results, respectively, along with their discussion. The fifth chapter presents the main
conclusions, limitations, and suggestions for future research.

2. Literature Review and Hypothesis Development
The adoption of LLMs in accounting redefines accountants’ roles by automating

repetitive tasks and demanding greater analytical and strategic capabilities [1]. Artificial
Intelligence not only enhances operational efficiency but also transforms the interpretation
and use of financial information, requiring advanced technological skills and critical think-
ing [2]. LLMs have demonstrated significant potential in bank reconciliations, financial
reporting, and strategic and predictive analyses [3]. However, their implementation faces
challenges, such as lack of regulation, algorithmic bias, and resistance from professionals [4].
Beyond automation, LLMs assist in interpreting accounting standards and formulating
strategic insights, acting as support for professional judgment rather than replacing it [13].
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Nevertheless, a critical analysis of their outputs is essential because of the risk of algorith-
mic bias, which may compromise the reliability of collected data, analyses, and subsequent
decision-making [14]. During auditing, LLMs enhance the continuous analysis of financial
data, facilitating fraud detection and anomaly identification [15]. However, the opacity
of their decision-making processes raises concerns, highlighting the importance of frame-
works that incorporate human validation and security layers [2,4,16]. Continuous training
of accountants is crucial to ensure that they understand the potential and limitations of this
technology [4,16]. Based on this discussion, the first research hypothesis is proposed:

H1: GPT provides greater productivity than the manual process.

The application of LLMs in accounting has been analyzed with a focus on prompt
engineering techniques aimed at optimizing the performance of these models in complex
tasks. Three primary approaches stand out, one-shot prompting, Chain of Thought
(CoT), and Tree of Thoughts (ToT), each of which has different implications for the
effectiveness of LLMs. One-shot prompting involves presenting a single example before
requesting a response. Ref. [17] demonstrated that LLMs, such as GPT-3, can learn new
tasks without requiring parameter reconfiguration. In accounting, this technique is used
to automate classification processes, allowing a model to record transactions based on
a single example. Ref. [18] further highlighted its application in financial statement
analysis, reducing manual review time and delivering faster results. CoT prompting is
more effective for tasks that require structured reasoning. Ref. [19] demonstrated that
this technique breaks down problems into smaller steps, thereby improving the accuracy
of the results. CoT prompting guides the model through sequential reasoning steps
before presenting the final output. Refs. [20,21] emphasize that CoT is more appropriate
for structured problems, such as financial statement analysis, where each item must be
interpreted in relation to a total figure.

ToT prompting extends CoT by structuring reasoning into a tree format, thus enabling
the exploration of multiple hypotheses before reaching a final decision. Ref. [22] found that
this technique is particularly useful in forensic accounting and financial auditing, where
evaluating diverse scenarios enhances the detection of irregularities. Ref. [23] indicated that
ToT improves regulatory compliance accuracy by allowing models to adjust their responses
based on new information.

Thus, the adoption of chatbots in accounting has been growing, driven by advance-
ments in AI and LLMs. Ref. [24] emphasized that prompt engineering influences the AI
model’s response accuracy, impacting risk management and operational efficiency. Al-
though chatbots have reduced the time required for financial operations, challenges, such
as algorithmic bias, remain. Recent developments in the financial services sector show how
AI agents reshape customer interaction, risk management, and operational efficiency [25].
These dynamics are expected to influence accounting, whereby AI-driven agents can auto-
mate compliance monitoring, reporting, and decision support. From this perspective, the
following hypothesis was formulated:

H2: The agent provides greater productivity than the manual process.

Ref. [7] analyzed the application of AI in automated financial statement analysis and
concluded that model customization and human supervision are essential for ensuring
reliable analyses. The interpretation of highly specific accounting data remains a challenge
requiring continuous chatbot adjustments to prevent errors and inaccurate conclusions.
Ref. [8] specifically examines the impact of chatbots on accounting, highlighting their
usefulness in automating repetitive tasks, such as bank reconciliation and invoice process-
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ing. However, concerns about data security and professional resistance have hindered
their widespread adoption. Ref. [9] demonstrated that chatbots can automate tasks such
as tax calculations, bank reconciliations, and financial report generation, facilitating tax
compliance and improving financial management. Ref. [10] studied a chatbot application
for bank reconciliations and accounts’ payable/receivable management, revealing a posi-
tive user perception, with users finding the tool intuitive and effective in reducing their
manual effort. The authors estimated that automation could save up to 1500 working
hours per year. Ref. [6] highlighted that chatbots can revolutionize accounts’ receivable
and payable reconciliation and financial reporting, allowing accountants to assume more
strategic roles. However, professional resistance, data privacy, and regulatory constraints
remain obstacles to their adoption. Ref. [11] analyzed the use of ChatGPT plus, 4.0 model in
forensic accounting and demonstrated that AI can synthesize large volumes of information
and detect suspicious financial patterns. However, limitations, such as errors in financial
calculations and difficulties in interpreting accounting standards, reinforce the need for
human oversight to prevent decision-making failures. Ref. [12] warns of the challenges
faced by small and medium-sized enterprises in adopting new technologies, emphasizing
the role of accountants in this transition and the necessity of continuous training for these
professionals. Considering the relative performances of different AI-based approaches, a
third hypothesis is proposed:

H3: The agent provides greater productivity than GPT.

3. Methodology
This article adopted the DSR methodology to provide a methodological bridge be-

tween problem-oriented design and empirical validation. Originally developed in infor-
mation systems and software engineering, DSR emphasizes the creation and iterative
evaluation of technological artifacts to address practical problems. Its relevance to account-
ing research lies in its capacity to translate technical innovations, such as AI and automation,
into applied, measurable improvements in professional contexts. Following [26], this study
applies DSR through iterative cycles of design, implementation, and evaluation to en-
sure both technical rigor and professional relevance. The purpose of employing DSR is
twofold: (i) to design and implement technological artifacts that automate the vertical
analysis of income statements (see Figure 1) and (ii) to empirically evaluate their impact on
accountants’ productivity and accuracy. The methodological rigor of DSR ensures that the
proposed solutions are not only technically functional but also practically relevant to the
accounting profession.

Three alternative methods for conducting vertical analysis were examined:

• A manual method is used to represent the traditional approach;
• Specialized GPT is a tailored Large Language Model developed through prompt

engineering to support accountants in the preparation of executive summaries;
• An AI agent, which is a no-code workflow solution integrating GPT with automation

platforms, was designed to minimize human intervention in repetitive tasks.
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Figure 1. Income statement structure used as input.

3.1. Manual Method

The baseline process relies entirely on human effort. Accountants manually down-
loaded income statements in XLSX format, performed calculations in spreadsheets, drafted
the textual analysis, and prepared the executive summary for clients. For the present
article, this process was replicated 50 times to allow comparison with the other approaches,
controlled by the Customer Relationship Management (CRM) system.

3.2. Specialized GPT Method

The second method employed a customized GPT model developed using the OpenAI
environment. Accountants uploaded income statements in PDF format, which the model
processed to generate a structured executive summary. The accountant’s role was limited
to validating and, if necessary, correcting the draft before transmitting it to the client.

The GPT artifact was engineered using a structured prompt design based on CoT
logic encoded in XML blocks, enabling step-by-step reasoning and consistent narrative
generation. Prior to the experiment, the model was pre-tested to verify the accuracy,
reproducibility, and stability of the outputs. Its credibility was established by benchmark-
ing against manually computed vertical analyses and executive summaries prepared by
accounting professionals.

Although this method reduces the calculation and drafting time, it still requires
significant manual handling of inputs and outputs.

3.3. AI Agent Method

The third approach employs an AI agent built on the MAKE platform, which enables
the orchestration of multiple Google services in combination with OpenAI and Google
API. This configuration allowed for end-to-end automation of the vertical analysis process,
significantly reducing manual intervention.

The AI agent reproduced the same reasoning framework as the GPT artifact through
embedded XML-structured CoT prompts, while integrating automated validation loops
and error-handling routines. Before deployment, the workflow was tested in a controlled
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environment to ensure that the automated operations produced outputs consistent with
GPT and manual benchmarks. This preliminary validation confirmed functional reliability
and reduced the likelihood of execution errors during the experimental phase.

The workflow was divided into two automated flows:
Flow 1—Analysis and Archiving (Figure 2)

 
Figure 2. Automated workflow for analysis and archiving implemented in MAKE. The process
triggers AI-based vertical analysis and saves outputs to Google Sheets.

1. Income statements in PDF format were uploaded to a designated Google Drive folder;
2. The AI agent automatically detected each new file, processed it sequentially, and per-

formed a vertical analysis using structured prompts via OpenAI and Gemini’s model;
3. The resulting executive summaries were generated and stored in Google Sheets

for verification;
4. At this stage, the accountant reviewed and, if necessary, corrected the summaries to

ensure accuracy and compliance with the professional standards.

Flow 2—Client Communication (Figure 3)

 
Figure 3. Automated client communication workflow. Once validated, summaries are formatted and
sent automatically via Gmail, with logs recorded in Google Sheets.

1. Once validated, the summaries were formatted in Markdown and converted to client-
ready reports;

2. The system automatically triggered Gmail to dispatch the reports directly to the
respective clients;

3. Simultaneously, Google Sheets was updated to register the completion status of
each case.
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This dual-flow design not only automated the analytical and reporting tasks but also
introduced a high degree of scalability, as multiple files could be processed in batches
without additional human effort. To ensure comparability, the same prompt engineering
strategy applied in the specialized GPT method was reused within the MAKE workflows.
This allowed for direct benchmarking of outputs and processing times between the GPT-
only and AI agent configurations.

By integrating data storage, analysis, validation, formatting, and communication
into a seamless pipeline, the AI agent method minimized repetitive tasks and reduced
cognitive fatigue. Thus, the accountant’s role was concentrated on higher-value activi-
ties, validation, and professional judgment, whereas the system handled operational and
logistical processes.

3.4. Application of the DSR Framework

The DSR methodology was applied in five iterative phases, adapted to the accounting
context to ensure both technical rigor and professional relevance. The experimental cases
are drawn from 50 Portuguese firms operating across a variety of sectors. These include
professional and technical services (accounting, design, event organization, and topogra-
phy), financial and insurance activities (insurance mediation), industrial and maintenance
services, hospitality and food services (restaurants and coffee bar), and commercial and
construction activities, encompassing retail and wholesale trade, real estate transactions,
commission-based trade, wine and domestic goods sales, and building materials com-
merce. Based on the NACE Rev. 2 classification, approximately 64% of the firms belong to
service-related activities—categories M (Professional, Scientific and Technical Activities), N
(Administrative and Support Services), K (Financial and Insurance Activities), Q (Health
Services), and I (Accommodation and Food Services)—while 36% operate in commerce and
construction, corresponding to categories G (Wholesale and Retail Trade), F (Construction),
and L (Real Estate).

All firms qualify as small or medium-sized enterprises (SMEs) under the European
definition, with fewer than 50 employees and either less than EUR 10 million in annual
turnover or under EUR 2 million in total assets. Each company applies the Portuguese
Accounting Standardization System (SNC), which is IFRS-based, to ensure consistency
in accounting treatment across cases. Although statistical representativeness was not the
primary goal of this study, the sample reflects a realistic distribution of small and medium-
sized enterprises across service and commercial sectors. Given their operational diversity
and shared IFRS-based reporting framework, the sample can be considered methodologi-
cally representative for evaluating and comparing process efficiency among the three tested
approaches. This homogeneous regulatory context, combined with organizational diversity
in size and sector, allows for the robust testing of workflow automation while maintaining
the external validity of the findings:

1. Problem Identification: Analysis of CRM logs revealed that a manual vertical analysis
of income statements required approximately 10 min per report. This highlights
a clear opportunity for automation that aims to reduce repetitive effort and allow
accountants to focus on value-added tasks.

2. Design of the Solution: Two artifacts were developed: (i) a specialized GPT model,
configured through structured prompt engineering, and (ii) an AI agent, implemented
through no-code automation (MAKE) integrated with the OpenAI API. Both artifacts
were designed as follows:
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a. Extract relevant parameters from standardized income statement.
b. Execute vertical analysis by calculating each item as a percentage of total revenue.
c. Produce an executive summary structured into three parts: overall vertical

analysis, detailed item-level analysis, and an integrated summary with recom-
mendations. The CoT prompting strategy was adopted to ensure step-by-step
reasoning, consistent with accounting logic and numerical interpretation.

3. Validation of the Design: Validation focused on ensuring both computational accuracy
and interpretive consistency. Outputs from the GPT and AI agent were benchmarked
against manually calculated cases to verify adherence to accounting principles and
the reliability of the generated executive summaries.

4. Implementation: Specialized GPT was deployed through XML-based structured
prompts with embedded Python code execution capabilities (OpenAI Code Inter-
preter environment, Python 3), whereas the AI agent leveraged MAKE workflows
to orchestrate Google Drive, Google Sheets, Gmail, Gemini, and OpenAI services.
This dual implementation enabled a systematic comparison between semi-automated
(GPT) and fully automated (AI agent) workflows.

5. Evaluation: To ensure robustness, each of the three methods (manual, GPT, and AI
agent) was executed 50 times across different companies over three months, resulting
in 150 experimental cases. The execution time, stability, and accuracy of the outputs
were systematically measured. Human validation remains mandatory in all work-
flows to safeguard their professional reliability. This phase also served as a practical
test of implementation, capturing not only statistical differences but also qualitative
impacts on accountants’ workload and scalability.

4. Results and Discussion
The execution time and stability data were automatically recorded using the CRM

system logs used during the experimental runs described in Section 3.4. These logs capture
the start and end timestamps for each accounting report. The exported datasets were
processed using JAMOVI (2.6.44) statistical software to compute descriptive statistics and
perform comparative analyses across the three approaches.

4.1. Graphical Analysis

Figure 4 shows that the graphical analysis highlights the distinct performance profiles
across the three approaches. The manual method exhibited a gradual upward drift in the
execution time, reflecting the cumulative burden of repetitive tasks and the influence of
human fatigue. Specialized GPT reduced execution times considerably, but retained a mild
drift, as accountants were still required to upload, copy, and dispatch reports manually.
By contrast, the AI agent delivered the lowest and most stable execution times, showing
no significant signs of drift or fatigue. This stability reflects a higher level of process
automation and a reduction in repetitive human tasks, enabling accountants to concentrate
primarily on validation and professional judgment.
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Figure 4. Graphical analysis highlights distinct performance profiles across the three approaches.
Source: experiment log data extracted from the CRM system, processed and created in Microsoft Excel.

4.2. Qualitative Assessment of Methods

Beyond the quantitative gains, qualitative insights further differentiate the approaches.

4.2.1. Specialized GPT Method

• Strengths: Reduced drafting time and summaries passed verification.
• Limitations: A high degree of manual work remained (uploading, copying, and

sending each report individually), and full human presence was required throughout
the process.

4.2.2. AI Agent Method

• Strengths: Substantial reduction in manual workload; reports uploaded collectively to
a single folder; lower fatigue; greater focus on analysis and validation; and elimination
of human intervention in two of the most repetitive and time-consuming phases.

• Limitations: Manual uploading of financial statements into Google Drive folder is still
required. Future integration with the TOConline ERP platform (cloud-based SaaS,
versioning not applicable) could eliminate this residual step.

4.3. Descriptive Statistics

Table 1 reports the descriptive statistics of execution times across the three process
configurations. The manual workflow required, on average, 622.4 s (≈10 min 22 s) per
analysis, whereas the specialized GPT reduced this to 281.2 s (≈4 min 41 s). The AI agent
achieved the lowest mean execution time of 153.5 s (≈2 min 33 s). The median values closely
matched the mean values in all three cases, confirming the absence of strong asymmetries
in the distributions.
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Table 1. Description of the sample.

Methods N Min. Max. Average Median Standard Deviation

Manual method 50 00:09:52 00:11:00 00:10:22 00:10:20 00:00:17

Specialized GPT 50 00:04:36 00:04:46 00:04:41 00:04:41 00:00:02

AI agent 50 00:02:27 00:02:42 00:02:33 00:02:34 00:00:03
Time values format (hh:mm:ss).

Regarding variability, the manual process had the highest standard deviation
(SD = 17.4 s), indicating greater inconsistency across repetitions. The GPT exhibited
markedly greater stability (SD = 2.4 s), whereas the AI agent achieved both low mean
times and consistently stable performance (SD = 3.3 s). These results suggest that automa-
tion accelerates execution and improves the reliability of repetitive accounting tasks.

The observed ranges reinforce this pattern. The manual method varied between
00:09:52 and 00:11:00, whereas GPT narrowed this range considerably (00:04:36 to
00:04:46). The AI agent further compressed it (00:02:27 to 00:02:42). This tightening
of the range underscores the superior predictability of automated methods compared
with manual procedures.

Pairwise comparisons highlight the scale of these improvements. Transitioning from
the manual to the GPT workflow yielded a mean saving of 341.3 s (≈5 min 41 s), repre-
senting a 55% reduction. Moving from GPT to the AI agent provided an additional gain of
127.7 s (≈2 min 08 s), which was equivalent to a further 45% reduction. In total, the AI agent
reduced the execution times by 468.9 s (≈7 min 49 s), corresponding to a 75% improvement
compared to the manual baseline.

Finally, the normality of the distributions was assessed using the Shapiro–Wilk test.
The results were as follows: manual (W = 0.954, p = 0.051), GPT (W = 0.984, p = 0.722), and
agent (W = 0.982, p = 0.644). In all cases, the p-values were above the threshold of 0.05,
indicating that none of the datasets showed significant deviations from normality. Therefore,
the assumption of normality was accepted, supporting the application of parametric tests,
such as the paired-samples t-test, in subsequent analyses.

4.4. Analysis and Discussion of Results

Table 2 presents the results of parametric t-tests for the three hypotheses. In all cases,
the results are highly significant (p < 0.001), providing strong statistical evidence to support
the proposed hypotheses.

Table 2. Hypothesis testing results.

Hypothesis Parametric t-Statistic Gl p-Value

H1. GPT provides greater productivity than the manual process. 153 49 <0.001

H2. The agent provides greater productivity than the manual process. 223 49 <0.001

H3. The agent provides greater productivity than GPT. 192 49 <0.001

For H1, comparing the manual process with the specialized GPT, the test produced
a t-statistic of 153 (df = 49, p < 0.001). This confirms that GPT substantially increases
productivity relative to manual execution. The effect size is extremely large, indicating
that the observed improvement is not only statistically significant but also of practical
importance for accounting operations.

For H2, the comparison between the manual method and the AI agent yielded the
largest difference, with a t-statistic of 223 (df = 49, p < 0.001). This demonstrates that the
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AI agent delivers the most pronounced efficiency gains, reducing both execution time
and human workload. This result underscores the transformative potential of full process
automation for routine accounting tasks.

For H3, the head-to-head comparison between the GPT and AI agent resulted in a
t-statistic of 192 (df = 49, p < 0.001). This strong significance confirms that the AI agent
outperforms the GPT, validating the expectation that integrated automation (AI agent)
provides greater productivity than a semi-automated, GPT-only workflow.

Taken together, these results provide robust support for all the three research hy-
potheses (H1–H3). Importantly, the consistently high t-values indicate that the differences
between the methods are not marginal but rather substantial.

The shift toward AI-augmented workflows implies that accountants increasingly
require hybrid competencies, combining analytical reasoning, data interpretation, and AI
oversight. Continuous professional education and curricular integration of automation
tools are essential to ensure that practitioners can critically evaluate outputs and uphold
ethical and regulatory standards.

4.5. Ethical and Regulatory Considerations

The implementation of AI-driven workflows in accounting requires strict consideration
of data privacy, model transparency, and professional ethics. All experimental cases were
conducted using real but anonymized financial data, in which the names of companies
and any identifiable details were replaced with internal numeric identifiers to ensure
confidentiality. Data processing followed the organization’s internal privacy policy, aligned
with the principles of the EU General Data Protection Regulation (GDPR).

The AI tools employed in this study, OpenAI GPT and Google (via API), operate under
certified information-security frameworks. OpenAI’s API environment is covered by SOC
2 Type 2 reporting and supports customer compliance with the GDPR and CCPA, includ-
ing regular third-party penetration testing and a formal Data Processing Addendum for
enterprise clients. Similarly, for Google, Cloud services comply with multiple international
standards (ISO 27001, 27017, 27018, 27701; ISO 42001; SOC 1–3; HIPAA; CSA STAR; BSI
C5) [27], ensuring data protection and operational integrity.

From an ethical standpoint, this article acknowledges that algorithmic decision sys-
tems must be transparent and auditable. All AI-generated outputs were subject to human
validation before being accepted, thereby ensuring professional accountability and mitigat-
ing the risks of bias, hallucinations, or misinterpretation.

5. Conclusions
This article examines the comparative performance of three approaches to the vertical

analysis of financial statements: the traditional manual method, a specialized GPT model,
and a fully automated AI agent. The objective is to assess whether automation, particularly
through AI agents, can significantly improve efficiency, reduce human workload, and
enhance scalability in routine accounting tasks.

The results demonstrated substantial differences between the methods. The manual
process, which required approximately 10 min per analysis, reflected the cumulative
inefficiencies of the repetitive tasks. The introduction of a specialized GPT model reduced
this time to 5 min 41 s, yielding a 55% efficiency gain. The AI agent further reduced
average execution time to 2 min 08 s, a 45% reduction in relation to the GPT, and achieved
an overall improvement of approximately 75% relative to the manual baseline. Statistical
tests confirmed that these differences were highly significant, which was supported by the
three research hypotheses. Importantly, the AI agent not only accelerated processing, but
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also delivered greater stability, eliminating the drift and variability observed in manual
and GPT-supported workflows.

From a professional perspective, this article contributes to the accounting literature
by illustrating the tangible productivity benefits of integrating AI agents into the finan-
cial reporting processes. Beyond efficiency gains, a reduction in manual interventions
decreases cognitive load and fatigue, allowing accountants to focus on validation and
higher-value analytical tasks. Furthermore, the scalability of the AI agent introduces
transformative potential; batch processing enables firms to manage large client portfolios
without a proportional increase in manual effort, fundamentally reshaping the economics
of accounting services.

This article has some limitations. The experimental design was conducted in a con-
trolled environment using 50 Portuguese firms operating in the service and retail sectors,
which may limit the generalizability of the findings to other contexts, sectors, or regulatory
regimes. However, this controlled setup was necessary to ensure that all 150 analyses
were performed under identical accounting and reporting conditions, allowing a valid
comparison of the three methodological approaches (manual, GPT, and AI agent) with-
out introducing variability from heterogeneous data structures or firm characteristics.
Out-of-sample validation was not performed, and the analysis focused primarily on quan-
titative efficiency metrics, execution time, stability and scalability, rather than on broader
organizational or behavioral outcomes. Human validation was still necessary to ensure
compliance and contextual accuracy. The workflow was only tested for structured and
repetitive tasks. Additionally, current workflows still require manual uploading of financial
statements, indicating the need for future integration between AI agents and ERP or other
management platforms.

Future research should extend this line of inquiry by exploring the applicability of
agent-based automation to complex, judgment-driven areas of accounting, such as audit
analytics, fraud detection, and strategic advisory functions. It should also incorporate
out-of-sample validation to evaluate whether the observed efficiency and stability persist
when applied to unseen datasets or alternative financial statement formats across different
firms and sectors. Investigating the integration of AI agents directly into ERP systems
through APIs may further reduce residual manual steps, pushing automation closer to
real-time, end-to-end accounting solutions.
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