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Executive Summary 

This report evaluates the effectiveness of three leading large language models (LLMs) for 
SQL-based business analytics: GPT-5.2 Plus (OpenAI), Gemini 3 Pro (Google), and Claude 
Sonnet 4.6 (Anthropic). The analysis was designed from the perspective of a private 
organization seeking to understand whether modern AI tools can support common data 
analysis tasks and whether premium models provide meaningful advantages over free 
alternatives. 

An experiment was conducted using a structured sales dataset representative of data 
commonly analyzed within business environments. Each model was given identical 
prompts and asked to generate SQL queries and interpret the resulting outputs across 
several analytical scenarios. These tasks included identifying top-performing product 
lines, determining the highest-value customers, and evaluating revenue by geographic 
region. Model responses were evaluated using a standardized scoring rubric that assessed 
SQL correctness, logical accuracy, query efficiency, schema understanding, and usability. 

The results show that all three models were able to successfully complete the tasks and 
generate valid SQL queries that produced accurate analytical outputs. Differences 
between the models were relatively small. GPT-5.2 Plus consistently generated reliable 
queries and concise business explanations. Gemini 3 Pro demonstrated strong SQL 
reasoning but occasionally required minor adjustments to align with the dataset structure. 
Claude Sonnet 4.6 performed comparably to the premium models and often provided 
detailed interpretations of the results. 

A key finding from the experiment is that the free-tier model performed competitively with 
the paid tools. This suggests that organizations may not always need the most advanced or 
expensive models to support routine SQL-based analysis. However, premium platforms 
may still provide advantages in reliability, governance, security features, and enterprise 
integration. 

Beyond performance, the report also evaluates privacy considerations, operational 
limitations, and cost factors associated with adopting LLMs for analytics workflows. 
Because these tools typically operate through cloud-based systems, companies must 
consider how data is shared, stored, and protected. Enterprise versions of these platforms 
often provide stronger data governance controls and may be better suited for organizations 
handling sensitive information. 

Overall, the findings indicate that modern LLMs can be effective assistants for SQL-based 
business analysis. While no single model clearly outperformed the others, each 
demonstrated the ability to support common analytics tasks. As a result, organizations 
should base adoption decisions not only on technical capability but also on factors such 
as privacy protections, operational cost, and compatibility with existing analytics 
processes. 
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Large Language Models (LLMs) 

Organizations increasingly rely on data analysis to support strategic and operational 
decision making. Many business analysts use Structured Query Language (SQL) to retrieve, 
summarize, and interpret data stored in organizational databases. However, writing SQL 
queries can be time consuming and requires technical expertise, particularly when 
analysts are exploring unfamiliar datasets or attempting to answer complex business 
questions. As large language models (LLMs) have advanced, many companies have begun 
experimenting with using these systems to generate SQL queries and assist with data 
analysis tasks. This raises an important question for businesses: which LLMs are most 
effective for supporting SQL-based analytics workflows? 

Three leading LLMs were selected for this analysis: GPT-5.2 Plus from OpenAI, Gemini 3 
Pro from Google, and Claude Sonnet 4.6 from Anthropic. Two of the models (GPT-5.2 Plus 
and Gemini 3 Pro) represent premium, paid versions of their respective platforms, while 
Claude Sonnet 4.6 represents a widely available free-tier model. Including both paid and 
free models allows the experiment to evaluate whether higher-cost premium models 
provide a meaningful advantage when performing SQL-based data analysis tasks. From a 
private business perspective, this distinction is important because organizations must 
weigh the benefits of more advanced paid tools against the cost savings of using free or 
lower-cost alternatives. 

 

Experiment 

To evaluate the effectiveness of large language models for SQL-based data analysis, an 
experiment was conducted using a real-world sales dataset commonly used for business 
analytics. The dataset contains transactional sales records including product information, 
customer data, geographic attributes, and revenue fields, enabling realistic analytical 
queries similar to those performed in private organizations. 

Three large language models were tested. Each model received the same dataset and the 
same prompt describing a business analytics task in order to evaluate how effectively the 
models could analyze the data and answer business questions using SQL. 

Multiple analytical scenarios were included to better reflect real-world business analysis. 
These tasks included identifying top-performing product lines by revenue, determining the 
highest-value customers, and analyzing sales performance across geographic regions. 
Using several tasks provides a broader assessment of how well each model supports 
common business intelligence workflows. 

For each task, the dataset was uploaded to the model and the prompt was used without 
modification. The models were asked to generate the SQL required to answer the question 
and produce the resulting output from the dataset. The generated queries were then 
reviewed and tested where possible to confirm that they would run successfully and return 
the intended results. 
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Model outputs were evaluated using criteria relevant to real business usage: SQL 
correctness, logical accuracy, query efficiency, schema understanding, and usability. SQL 
correctness evaluates whether the query is syntactically valid and executable. Logical 
accuracy measures whether the query correctly answers the business question. Query 
efficiency considers whether the SQL is structured clearly and avoids unnecessary 
complexity. Schema understanding evaluates whether the model correctly uses existing 
dataset fields without inventing new ones. Usability assesses whether the query and 
results are organized in a way that a business analyst could realistically use. 

To ensure consistent comparison, outputs were scored using a standardized rubric. Each 
criterion was rated from 1 to 5, with higher scores indicating stronger performance. Scoring 
was conducted manually using the same rubric across all models to maintain consistency 
and reduce subjectivity. 

Finally, the experiment was designed to be reproducible. By using the same dataset, 
prompts, and scoring framework, the evaluation can be replicated with additional models 
in future analyses. 

 

Analysis 

The results of the experiment show that all three large language models were capable of 
generating logically correct SQL queries and producing accurate outputs from the dataset. 
Across the tasks, each model correctly interpreted the business questions and 
constructed appropriate aggregation queries using grouping, ordering, and limiting. The 
overall performance comparison is summarized in Table 1, while detailed scoring for each 
model and task can be found in Table 2 through Table 10. The corresponding model 
outputs are shown in Figure 1 through Figure 9. These results indicate that modern LLMs 
are generally reliable for basic analytical SQL tasks such as ranking, summarizing, and 
identifying top performers within a dataset. 

ChatGPT consistently produced queries that executed correctly without modification and 
clearly aligned with the structure of the dataset (see Figure 1 through Figure 3 and Table 2 
through Table 4). In addition to generating valid SQL, it also provided concise explanations 
of the results and highlighted the key business implications. This made the outputs 
particularly useful from a business perspective because the model did not only perform 
the analysis but also translated the findings into insights that a decision maker could 
understand quickly. 

Gemini also demonstrated strong SQL reasoning and produced logically correct queries 
for each task (see Figure 4 through Figure 6 and Table 5 through Table 7). However, it 
repeatedly referenced a slightly different table name than the one used in the experiment. 
While this was a minor issue that could easily be corrected, it does indicate a small 
reliability gap when compared to the other models. In practical settings, this type of 
mismatch could require an analyst to make adjustments before executing the query. 
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Gemini’s explanations were also somewhat less detailed in some cases, which slightly 
reduced the usability of the output. 

Claude Sonnet performed at a similarly high level to ChatGPT (see Figure 7 through Figure 
9 and Table 8 through Table 10). The model generated correct SQL queries that worked 
with the dataset and provided detailed interpretations of the results. In several cases, 
Claude expanded on the implications of the analysis, such as identifying revenue 
concentration among top customers or geographic dependence on specific markets. 
These types of observations are valuable in a business environment because they move 
beyond raw numbers and help identify potential strategic considerations. 

An interesting outcome of the experiment is that the free-tier model (Claude Sonnet 4.6) 
performed as well as the premium models in terms of SQL accuracy and analytical 
usefulness (see Table 1 for comparative totals). This suggests that organizations may not 
necessarily need the most advanced paid models to perform routine SQL-based analysis. 
While premium models may still offer advantages in more complex analytical or technical 
scenarios, the results here indicate that a well-performing free model can still deliver 
strong analytical outputs. 

Overall, the experiment demonstrates that large language models can be effective tools for 
supporting SQL-based data analysis. All three systems successfully completed the 
assigned tasks, though small differences emerged in reliability and clarity of interpretation. 
These findings suggest that LLMs can serve as useful assistants for analysts, particularly 
for generating queries and summarizing results, while still benefiting from human review to 
ensure accuracy and execution compatibility. 

 

Privacy and Data Use Policies 

When evaluating large language models for business analytics tasks, organizations must 
consider how each platform handles privacy, data usage, and security. While GPT-5.2 
Plus, Gemini 3 Pro, and Claude Sonnet 4.6 are capable of performing SQL-based analysis, 
their data handling policies play an important role in determining whether they are 
appropriate for real business environments. 

Because these tools operate through cloud-based systems, datasets and prompts 
submitted for analysis may leave a company’s internal infrastructure. For organizations 
working with proprietary or customer information, this raises concerns about data 
retention, access, and whether submitted information could be used to improve future 
versions of the models. Companies therefore need to carefully review provider policies and 
determine whether the level of protection aligns with their internal data governance 
requirements. 

One practical solution is to use business or enterprise versions of these platforms rather 
than consumer tools. Enterprise offerings from providers such as OpenAI, Google, and 
Anthropic generally provide stronger controls around data retention, administrative 
access, and model training. In many cases, commercial plans specify that customer data 
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is not used to train models by default and may include additional options such as limited 
or zero retention, encryption controls, and administrative governance features. For smaller 
organizations, these plans can provide meaningful privacy protections without requiring 
the company to build its own internal AI models. 

Beyond vendor agreements, companies can further reduce risk through operational 
practices. Analysts can limit the amount of information shared with a model, remove 
personally identifiable information, or use sampled or synthetic datasets during 
exploration. Another common approach is to have the model generate SQL queries while 
the actual database execution remains inside the company’s secure environment, 
preventing the AI system from accessing the full underlying dataset. 

In this experiment, privacy concerns were limited because the dataset used was publicly 
available and contained no sensitive information. However, the workflow closely 
resembles how analysts might interact with these tools in a real business context. As 
organizations increasingly integrate AI into analytics processes, careful vendor evaluation, 
internal governance policies, and responsible data handling practices will be necessary to 
ensure that sensitive information remains protected. 

Overall, while GPT-5.2 Plus, Gemini 3 Pro, and Claude Sonnet 4.6 demonstrate strong 
analytical capabilities, privacy and security considerations remain an important factor 
when deciding how these tools should be used within a business environment. 

 

Caveats and Concerns 

While the experiment provides useful insights into how large language models perform 
SQL-based analytics tasks, several limitations should be considered when interpreting the 
results. 

First, the dataset used in the experiment was relatively clean and structured. Real 
business datasets are often significantly more complex, containing missing values, 
inconsistent formatting, multiple related tables, and evolving schemas. Because the 
models were tested using a single structured dataset, the results may represent a best-
case scenario compared to real organizational data environments. 

Second, the evaluation relied on a limited number of analytical tasks. Although the tasks 
were designed to reflect common business questions such as identifying top product 
lines, customers, and geographic performance, they do not capture the full range of SQL 
problems analysts face. More complex tasks involving joins across multiple tables, nested 
queries, or data cleaning may produce different performance differences between the 
models. 

Another caveat is that the scoring process involved manual evaluation. While a 
standardized rubric was used to maintain consistency, some level of subjective judgment 
is unavoidable when assessing factors such as usability and query structure. Different 
evaluators may assign slightly different scores even when reviewing the same outputs. 
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There are also limitations related to how large language models operate. LLMs generate 
responses probabilistically, meaning the same prompt can occasionally produce slightly 
different outputs across runs. In a production environment, this variability could affect 
reliability if organizations rely heavily on automated query generation without verification. 

Additionally, the models did not directly connect to a live database environment. Instead, 
they were asked to analyze an uploaded dataset and generate SQL-style solutions. In real 
business workflows, models may interact with database tools, dashboards, or analytics 
platforms, which could influence both the accuracy and usefulness of the generated 
queries. 

Finally, the comparison included two premium models and one free-tier model. While this 
allowed the study to explore potential differences between paid and free tools, pricing tiers 
do not perfectly represent capability differences across all use cases. Model performance 
may vary depending on updates, configuration, or the specific interfaces through which 
organizations access the systems. 

Despite these caveats, the experiment still provides a practical comparison of how 
modern large language models can support SQL-based business analysis tasks and 
highlights areas where human validation and governance remain important. 

 

Cost Analysis 

Cost is another important factor for organizations considering whether to use large 
language models for business analytics. While the experiment compared model 
performance, companies must also evaluate how much these tools cost per user and 
whether premium or enterprise offerings provide sufficient value. 

For individual users, the pricing across the major platforms is relatively similar. OpenAI’s 
ChatGPT Plus subscription is approximately $20 per user per month, or about $240 per 
year. Google’s Gemini Advanced offering is priced at roughly $19.99 per month, which 
results in a similar annual cost of around $240 per user. Anthropic’s Claude Pro plan is 
also typically priced at about $20 per month. At the individual level, this means that the 
three major providers fall into a similar pricing range, making cost differences between 
premium subscriptions relatively small for a single analyst. 

However, businesses typically do not rely on individual subscriptions when adopting AI 
tools at scale. Instead, companies often use team or enterprise versions that include 
administrative controls, security features, and collaboration capabilities. These plans 
generally cost slightly more per user but provide stronger governance and privacy 
protections. ChatGPT Team plans are commonly reported in the range of about $25 to $30 
per user per month. Claude Team offerings are typically in a similar range. Google’s 
enterprise-oriented Gemini tools vary more widely depending on the specific product and 
environment, but reported pricing often ranges from roughly $20 to $55 per user per 
month. 
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When scaled across an organization, these costs can increase quickly. For example, a 
team of ten analysts using a $20 per month plan would cost roughly $2,400 per year. If the 
organization instead adopted enterprise-tier tools at $30 to $50 per user per month, the 
same team could cost between approximately $3,600 and $6,000 annually. While these 
costs are not extremely high compared to many enterprise software platforms, they are 
still significant enough that companies must consider whether the productivity benefits 
justify the expense. 

It is also important to note that subscription pricing does not always represent the full cost 
of using large language models. Many companies integrate these systems through APIs, 
where pricing is based on usage rather than fixed monthly subscriptions. In those cases, 
costs depend on the volume of prompts, size of datasets analyzed, and how frequently 
automated workflows call the models. Organizations performing large-scale analytics 
tasks may therefore experience higher operational costs than what simple subscription 
pricing suggests. 

Overall, the pricing across OpenAI, Google, and Anthropic related offerings is relatively 
comparable at the individual level, while enterprise deployments introduce additional 
variation depending on governance, security, and usage requirements. As a result, 
businesses evaluating these tools must balance performance, privacy protections, and 
operational cost when deciding which platform to adopt. 

 

Recommendation 

The results of this experiment suggest that modern large language models are broadly 
capable of supporting SQL-based business analysis. Across all three tasks, GPT-5.2 Plus, 
Gemini 3 Pro, and Claude Sonnet 4.6 were able to correctly interpret the dataset, generate 
functional SQL queries, and produce meaningful analytical results. While minor 
differences appeared in formatting, explanation depth, and structure, the overall analytical 
accuracy was consistently strong across the models. This indicates that basic business 
intelligence tasks such as aggregations, rankings, and exploratory data analysis can be 
effectively supported by a range of current LLM platforms. 

One of the most notable findings from the experiment is that the free-tier model performed 
competitively with the premium offerings. Claude Sonnet 4.6, despite being used in a free 
configuration, produced results that were comparable to those generated by GPT Plus and 
Gemini 3 Pro. In several cases it also provided detailed interpretations of the results that 
resembled the type of reasoning a business analyst might include in a report. This suggests 
that organizations may not necessarily need the most expensive tools to benefit from AI-
assisted analytics, particularly for relatively straightforward SQL tasks. 

At the same time, premium models still offer advantages that may be important in a 
business setting. Paid versions of these platforms typically provide higher usage limits, 
faster responses, more consistent performance, and access to enterprise features such as 
administrative controls, security configurations, and integration with other tools. For 
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companies planning to integrate AI into regular analytics workflows, these operational 
benefits may justify the additional cost even if raw SQL performance is similar across 
models. 

From a private business perspective, the decision of which model to adopt should 
therefore not rely solely on query accuracy. Instead, organizations should evaluate the 
broader ecosystem surrounding each platform, including privacy protections, governance 
capabilities, reliability, and cost. The experiment demonstrates that multiple models are 
capable of producing accurate analytical outputs, meaning that factors such as data 
security policies, enterprise integration, and overall workflow compatibility may ultimately 
be more important than small differences in SQL generation. 

Overall, the findings indicate that GPT-5.2 Plus, Gemini 3 Pro, and Claude Sonnet 4.6 are 
all viable tools for SQL-based analysis. Businesses can successfully leverage any of these 
platforms depending on their budget, security requirements, and operational needs. 
Rather than there being a single “best” model, the results suggest that organizations 
should focus on selecting the platform that best fits their internal policies, data 
governance standards, and long-term analytics strategy. 
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Appendix A – Prompt Template for the Experiment 

You are a data analyst working for a private company. 

I have uploaded a dataset called sales_data_sample.csv. The dataset contains 
transactional sales data including customers, products, locations, and revenue. 

Using the dataset, write and execute SQL-style analysis to answer the business question 
below. 

Requirements: 

• Base your analysis only on the data provided. 
• Use the existing columns in the dataset. 
• Clearly show the SQL query used. 
• Provide the final result from the data. 

Business Question: 

[INSERT TASK HERE] 

 

Task 1 Prompt 

Business Question: 

Identify the top 5 product lines by total sales revenue in the United States. Show the 
product line, total revenue, and number of orders. Sort from highest to lowest revenue. 

 

Task 2 Prompt 

Business Question: 

Find the top 5 customers by total sales revenue. Return the customer name, total revenue, 
and number of orders. 

 

Task 3 Prompt 

Business Question: 

Calculate the total sales by country and return the top five countries by total revenue, 
sorted from highest to lowest. 
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Appendix B – Model Scoring 
Table 1: Comparative Performance of LLMs on SQL Analysis Tasks 

Model Task 1 Task 2 Task 3 Total Score (% of Maximum) 

GPT-5.2 Plus 25 25 25 75 100.00% 

Gemini 3 Pro 24 23 23 70 93.33% 

Claude Sonnet 4.6 25 25 25 75 100.00% 
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Appendix C – GPT-5.2 Plus Task Outputs 

 
Figure 1: GPT-5.2 Plus Output for Task 1 
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Table 2: SQL Task Evaluation Results for GPT-5.2 Plus (Task 1) 

Evaluation Factor Score 

SQL Correctness 5 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 5 

Total 25 
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Figure 2: GPT-5.2 Plus Output for Task 2 
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Table 3: SQL Task Evaluation Results for GPT-5.2 Plus (Task 2) 

Evaluation Factor Score 

SQL Correctness 5 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 5 

Total 25 
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Figure 3: GPT-5.2 Plus Output for Task 3 
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Table 4: SQL Task Evaluation Results for GPT-5.2 Plus (Task 3) 

Evaluation Factor Score 

SQL Correctness 5 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 5 

Total 25 
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Appendix D – Gemini 3 Pro Task Outputs 

 
Figure 4: Gemini 3 Pro Output for Task 1 



 21 

Table 5: SQL Task Evaluation Results for Gemini 3 Pro (Task 1) 

Evaluation Factor Score 

SQL Correctness 4 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 5 

Total 24 
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Figure 5: Gemini 3 Pro Output for Task 2 
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Table 6: SQL Task Evaluation Results for Gemini 3 Pro (Task 2) 

Evaluation Factor Score 

SQL Correctness 4 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 4 

Total 23 
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Figure 6: Gemini 3 Pro Output for Task 3 
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Table 7: SQL Task Evaluation Results for Gemini 3 Pro (Task 3) 

Evaluation Factor Score 

SQL Correctness 4 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 4 

Total 23 
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Appendix E – Claude Sonnet 4.6 Task Outputs 

 
Figure 7: Claude Sonnet 4.6 Output for Task 1 
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Table 8: SQL Task Evaluation Results for Claude Sonnet 4.6 (Task 1) 

Evaluation Factor Score 

SQL Correctness 5 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 5 

Total 25 
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Figure 8: Claude Sonnet 4.6 Output for Task 2 
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Table 9: SQL Task Evaluation Results for Claude Sonnet 4.6 (Task 2) 

Evaluation Factor Score 

SQL Correctness 5 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 5 

Total 25 
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Figure 9: Claude Sonnet 4.6 Output for Task 3 
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Table 10: SQL Task Evaluation Results for Claude Sonnet 4.6 (Task 3) 

Evaluation Factor Score 

SQL Correctness 5 

Logical Accuracy 5 

Query Efficiency 5 

Schema 
Understanding 5 

Usability 5 

Total 25 

 


