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Background

Statistical power analysis is essential for clinical trial design but remains a technical barrier for many researchers
due to the complexity of statistical test selection and sample size estimation'-2, Traditional tools, while widely used,
often require substantial statistical knowledge and lack flexibility for non-standard designs**. Moreover, limited
access to statistical expertise further hampers timely and accurate trial planning. Recent advances in artificial
intelligence—particularly large language models (LLMs)—offer opportunities to simplify complex analytical
workflows through natural language interaction>’. However, general-purpose LLMs have shown limited reliability
in specialized statistical applications, highlighting the need for domain-specific solutions.

Methods

We developed PowerGPT, an open-source, agent-based system that integrates large language models (LLMs) with
statistical engines (R/Python), external APIs, and domain-specific data to automate test selection and sample size
calculation through natural language prompts. PowerGPT comprises a dynamic architecture combining user
interfaces, computational layers, short- and long-term storage, and external libraries. As shown in Figure 1, users
interact with the system via conversational input, while PowerGPT selects appropriate statistical methods, performs
computations, and returns results in plain language. To evaluate its effectiveness, we conducted a stratified
randomized trial with 36 participants from the University of Pennsylvania and UTHealth, equally divided by
statistical expertise. Participants used either PowerGPT or conventional tools to complete eight common clinical
power analysis tasks. Primary outcomes included task completion rate, accuracy, and time spent. Comparisons
across groups assessed PowerGPT’s ability to improve efficiency and reduce performance gaps between statisticians
and non-statisticians.

Results

PowerGPT significantly outperformed conventional methods across all evaluation metrics (Figure 2). Participants
using PowerGPT achieved higher task completion rates for both test selection (99.3% vs. 88.9%) and sample size
calculation (99.3% vs. 77.8%). Accuracy was also improved in the PowerGPT group for test selection (95.6% vs.
83.6%) and sample size estimation (94.1% vs. 55.4%, p < 0.001). Average task completion time was reduced by
more than half (4.0 vs. 9.3 minutes, p < 0.001), with reduced variability across test types. Performance gains were
consistent across all eight statistical scenarios and particularly notable in complex analyses such as Cox models and
log-rank tests. Stratified analysis (Figure 3) demonstrated that PowerGPT effectively closed performance gaps
between statisticians and non-statisticians, enabling comparable levels of accuracy, completion, and efficiency.
Notably, non-statisticians using PowerGPT performed on par with statisticians, highlighting its potential to
democratize access to high-quality statistical design.

Conclusion

PowerGPT substantially improves the accuracy, efficiency, and accessibility of statistical power analysis. By
enabling natural language interaction and closing expertise gaps, it offers a scalable solution to support rigorous and
timely clinical trial design across diverse research settings.
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outputs in a user-friendly format.
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Figure 2. Evaluation results of PowerGPT. (a) Task completion rate and accuracy for test selection and
sample size calculation in the PowerGPT and reference groups. PowerGPT users exhibited significantly
higher completion rates and accuracy across both tasks. (b) Time required per question for both groups.
PowerGPT substantially reduced the time required to complete statistical tasks compared to traditional
methods. (¢) Task completion rate and accuracy across different statistical tests. While PowerGPT
maintained high performance across all tests, the reference group exhibited substantial variability,
particularly in more complex tests. (d) Time required per question across different statistical tests. The

reference group showed greater variability and longer completion times. PowerGPT provided more
consistent and efficient performance across all scenarios.
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Figure 3. Stratified analysis of PowerGPT’s impact by domain of expertise. (a) Task completion rate
and accuracy stratified by expertise level. In the reference group, non-statisticians had significantly lower
accuracy and higher incompletion rates compared to statisticians. PowerGPT improved performance
across both groups and reduced the performance gap. (b) Time required per question stratified by
expertise level. In the reference group, non-statisticians took significantly longer to complete tasks, with a
long-tailed distribution indicating extreme delays for some participants.
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