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Abstract


Large language models (LLMs) are increasingly applied across drug discovery, yet their role in analytical method development to support quality control in cell-based potency assays remains insufficiently explored. This study evaluates whether general-purpose LLMs can assess plate homogeneity and detect spatial bias using a half-maximal effective concentration (EC50) mapping approach implemented in a 96-well cell-based reporter gene assay. Four independent plates were generated by two analysts on different days and analyzed using a conventional spreadsheet workflow and three LLMs (Google Gemini, ChatGPT, and Microsoft Copilot Analyst) under identical prompt conditions. All approaches consistently identified a statistically significant row-wise positional effect with no significant column-wise effects, supported by one-way analysis of variance (ANOVA), confidence-interval summaries, and heat-map visualizations of raw signal and Z-scores. The dominant top-to-bottom signal gradient was reproducible across individual plates and the averaged dataset. While all LLMs reproduced standard plate quality control (QC) metrics, they differed primarily in workflow completeness, responsiveness to iterative prompting, and in the extent to which additional spatial diagnostics were proposed. Overall, these results suggest that general-purpose LLMs can reproduce conventional plate-effect analyses and may serve as practical analytical companions when guided by structured prompts and complete datasets.
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1. Introduction


Drug discovery and development remain among the most resource-intensive pursuits in modern science. It is estimated that bringing a single pharmaceutical product to market can cost anywhere from $765.9 million to $2.8 billion depending on the therapeutic area [1] and takes between 10 to 15 years to complete [2,3]. Additionally, only a small fraction of drug candidates that enter clinical trials ultimately receive regulatory approval, with only 2.01% of compounds eventually reaching the market [4]. These substantial time and financial investments, coupled with high failure rates, create a need for innovative approaches to streamline and enhance the drug development pipeline.



In response to these ongoing challenges, large language models (LLMs) such as Generative Pre-trained Transformer (GPT)-4 have emerged as powerful tools to address the complexity of drug discovery and development. By processing large volumes of scientific literature, generating human-like text, and supporting data analytics and reasoning, LLMs leverage advanced natural language processing to assist tasks such as hypothesis generation, biomarker discovery, and target identification [5,6]. These capabilities enable applications including systematic literature review, knowledge mining, and support of experimental workflows, thereby facilitating the integration of computational and experimental research [7]. As a result, LLMs are increasingly being explored across the drug discovery and development pipeline, from mechanistic understanding of disease biology to aspects of clinical research. Zheng et al. provides a comprehensive review of available models and their applications in drug discovery [2]. For the purpose of applying LLMs in biomedical and pharmaceutical research, it is useful to distinguish between general-purpose and specialized LLMs. General-purpose LLMs, such as ChatGPT, Microsoft Copilot, Google Gemini, and GPT-4, are broadly trained systems that can support diverse tasks including literature review, technical writing, code generation, data exploration, and reasoning across scientific domains. Their accessibility and flexible interaction format make them particularly relevant for experimental scientists seeking practical support in data analysis workflows. However, because they are not specifically trained or validated for a single analytical task, their outputs require careful verification [2].



Specialized LLMs and related foundation models, in contrast, are developed or adapted for narrower scientific applications, such as nucleotide sequence analysis, protein structure prediction, molecular generation, or biomedical text mining. These tools may provide greater domain-specific performance within their intended application areas, but they are generally less flexible for broad, interactive analysis of experimental assay datasets. The present study therefore focuses on general-purpose LLMs, as these tools are readily available and can be applied directly to structured plate-reader datasets without model training or custom implementation [2]. Table 1 summarizes the main advantages and limitations of these two LLM categories.



Even though LLMs are advancing quickly and being widely used in drug discovery and development, to the best of our knowledge, we could not find any published studies where general-purpose LLMs were applied to assess data during analytical method development for drug release and stability support. Specifically, we looked for instances of LLMs being used to evaluate plate homogeneity (e.g., plate effect) in cell-based bioassays, which represent the cornerstone of drug development, especially in evaluating the biological potency of therapeutic candidates. Bioassays, by their nature, exhibit a higher degree of variability compared to purely chemical or physical analytical methods. This inherent variability arises from the use of living cells or biological systems as the measurement platform, making the results sensitive to a wide range of factors such as cell health, passage number, incubation conditions and reagent quality to name a few [8]. As such, bioassays are also highly affected by potential plate effects, location-based differences in temperature, evaporation, cell seeding, etc., of 96-well microtiter plates. Such positional biases can distort assay results, reduce reproducibility and inevitably lead to less accurate relative potency assessments [8,9,10]. For these reasons assessment of the presence of plate effects in cell-based potency assays during development is of great importance. To systematically evaluate and mitigate these effects, it is standard practice to assess plate homogeneity using EC50 mapping across the plate. This involves loading identical concentrations—often at the expected EC50—into all wells of one or more plates, then analyzing the distribution of responses. Deviations of responses measured across different plate regions can reveal positional biases, such as edge effects due to evaporation or temperature gradients. Statistical analysis is used to quantify and interpret these variations [8,9,10].



In this manuscript, we address this gap by exploring how general-purpose LLMs could be utilized to evaluate and identify the presence of plate effects in cell-based assays. We present a conceptual framework and practical examples of how three different LLM applications (ChatGPT, Google Gemini and Microsoft Copilot Analyst) can be applied to analyze assay data and identify positional biases. Our aim is to demonstrate that LLMs can offer a novel, data-driven approach to evaluating plate layout effects in cell-based potency assays or similar techniques.




2. Materials and Methods


2.1. Experimental Setup for Plate Homogeneity Evaluation


A reporter gene assay (RGA) was conducted to evaluate plate homogeneity. Briefly, target cells and effector cells harboring a luminescent reporter gene were combined with the test compound to induce interactions between the two cell types; this interaction subsequently triggers the activation of the reporter system in the effector cells in a manner dependent on the concentration of the test compound. Effector and target cells were mixed at a 1:1 ratio, and 60 µL of this suspension was dispensed into each well of a sterile, flat-bottomed 96-well plate (rows A1–H12). 60 µL of a working solution containing the EC50 concentration (3 ng/mL) of the test compound was prepared in assay medium and added to all wells. Plates were shaken for five minutes at 600 rpm, followed by centrifugation at 50× g for two minutes to ensure uniform distribution of cells and reagents. Subsequently, plates were incubated overnight at 37 °C in a humidified atmosphere containing 5% CO2 to enable drug-induced activation of the reporter system. After incubation, luminescence in each well was measured using a microplate reader. In total, four plates were prepared, with the procedure independently executed by two analysts on separate days, thereby accounting for both inter-analyst and inter-day variability. Raw luminescence data from all four plates can be found in the Supplementary Information (Table S1).




2.2. Large Language Models for Plate Homogeneity Assessment


To evaluate the performance of LLMs for plate uniformity assessment, three different LLMs were applied to the same dataset: (1) Google Gemini 2.5 Pro (free account), (2) OpenAI ChatGPT-GPT-5.1 (free account), and (3) Microsoft Copilot Analyst Agent GPT-5 (Enterprise Copilot). The dataset was provided as an Excel file, containing four sheets, which was attached to the prompt for each model. Each sheet contains raw luminescence data from one microtiter experiment (Supplementary Table S1: Raw luminescence data from plate homogeneity assessment). Identical prompts were submitted to all three LLMs to ensure consistency in input conditions. Model outputs were compared and summarized in a tabular format. When additional analyses were suggested or when figures were not generated in a downloadable format, further interaction was performed through iterative prompting to obtain the required outputs.




2.3. Prompt Design for LLM-Based Assessment


To ensure consistency across LLMs, the same prompt was used for all analyses. The prompt included a clear description of the dataset, the analytical objectives, and any specific requirements for output formatting (e.g., tables, figures, code or averaging of data). The Excel file containing four sheets was attached to the prompt in each case (Supplementary Table S1). Initially, no model-specific tuning or additional context was provided beyond the standardized prompt. This approach allowed for a direct comparison of model performance under identical input conditions. However, limited iterative prompting was applied after the primary prompt only to obtain missing outputs, not to change conclusions. The primary prompt used can be found in Supplementary Text S1.




2.4. Conventional “Manual” Approach to Plate Homogeneity Assessment


The raw luminescence data obtained was initially averaged across all four plates to generate a consolidated dataset. Subsequently, each of the five datasets was individually analyzed using Microsoft Excel M365 to assess potential plate effects. Multiple methods were employed in this evaluation, including calculation and graphical representation of Z-scores (subtracts the mean of a plate from each plate well and divides it by the plate standard deviation), mean luminescence values, and 95% confidence intervals for distinct regions of the plate—namely, the entire plate (96 wells), inner plate (60 wells), column 1, column 12, row A, row H, and edge wells (A1, A12, H1, H12). Analyses also extended to individual rows (A through H) and columns (1 through 12). Comparative differences among these averages were examined utilizing analysis of variance (ANOVA). Manual analysis was treated as the reference workflow for comparison.





3. Results


3.1. Overview of Analytical Outputs Across Models


Table 2 provides a consolidated overview of the outputs generated by the three evaluated large language models (Google Gemini, ChatGPT, and Microsoft Copilot Analyst). The table summarizes the types of statistical analyses, visualizations, and supporting materials produced in response to an identical primary prompt and dataset, serving as a high-level comparison across all three model workflows. References to Table 2 are therefore made throughout the following subsections to contextualize model-specific results within this broader comparison.




3.2. Google Gemini Results


Google Gemini response was composed of three parts (Figure 1). The first part provided detailed analytical reasoning, describing each step of the analysis from data loading and exploration to function definition and report generation. This was followed by a sequence of generated figures which contained raw signal and Z-score heat-maps as well as column-wise and row-wise trend plots, showing mean signals and confidence intervals. The last part was the executive summary and analysis results. Google Gemini provided all the output information requested in the prompt as reviewed in Table 2. Notably, it didn’t suggest any additional prompt ideas or avenues for further analysis beyond those explicitly requested. While no downloadable links to all data (graphics and tables) were provided, each figure was easily downloadable and spreadsheet data exportable into Google sheets. One additional prompt was needed to generate the R-code for download.



Google Gemini’s analysis of the four 96-well plates and their average dataset revealed a strong and statistically significant row-wise plate effect. For each plate and the averaged plate, one-way ANOVA produced highly significant p-values for row effects of <0.000001, demonstrating that signal intensity was systematically influenced by row position. Row A consistently exhibited the highest mean signal (averaged plate: 37,099.40), while Row H showed the lowest (averaged plate: 29,864.25), confirming a pronounced edge effect. In contrast, column-wise ANOVA p-values were not significant for any plate (plate 1: p = 0.460404, plate 2: p = 0.271906, plate 3: p = 0.562144, plate 4: p = 0.417925 and averaged Plate: p = 0.764544), indicating no systematic column effect. Subset statistics further supported these findings, with interior wells (rows B–G, columns 2–11) providing a stable baseline and the outer rows deviating markedly. Z-score analysis showed that no wells exceeded the threshold of ∣Z∣ > 3.0, indicating the absence of isolated anomalies. These results were visually corroborated by heatmaps and trend plots, which clearly depicted the spatial signal gradient across rows and the uniformity across columns. Table 3 provides an overview across all four evaluation procedures for easy comparison.




3.3. ChatGPT Results Overview


The workflow with ChatGPT was characterized by an interactive, multi-step process rather than a single prompt-and-response exchange. The initial ChatGPT response was composed of two parts. The first part provided a short reasoning step of tool limitations and the provision of both Python-based results and a reproducible R script. This was followed by an overview of analysis performed, files generated, key findings and a list of suggestions for next steps. ChatGPT provided all the output information requested in the prompt, as reviewed in Table 2 including the average signal intensities with 95% CI for rows A and H, columns 1 and 12 as well as all 96 wells and inner 60 wells (Figure 2). No graphics were generated directly in the initial response that would be available for download. However, with additional prompting steps, ChatGPT provided a link to a downloadable ZIP file containing both graphics and any relevant statistical results. Notably, as a result of the first prompt, it suggested additional steps or analyses (such as two-way ANOVA, advanced spatial modeling, and local autocorrelation mapping). Figure 2A displays the multi-step process exchanged with ChatGPT to adapt the analytical scope as proposed by ChatGPT and obtain new figures, tables, and code files tailored to evolving needs.



Using the same dataset and prompt, ChatGPT reproduced the same core findings as Gemini, identifying a highly significant row-wise plate effect across all individual plates and the averaged dataset, with no statistically significant column-wise effects. Mean signal intensities for Rows A and H, as well as summary statistics for interior and edge wells, were numerically consistent with those obtained using Google Gemini and the manual analysis (Table 3). Linear spatial modeling further supported these findings, with significant negative row coefficients and minimal column influence. Spatial autocorrelation analyses, including Moran’s I and Local Moran’s I (LISA), revealed systematic gradients along the rows and identified specific wells with significant local spatial clustering, though no isolated anomalies were detected by z-score analysis. These results were visually corroborated by heatmaps, bar plots of mean signals with 95% confidence intervals, and spatial autocorrelation maps.




3.4. Microsoft Copilot Analyst Result Overview


The workflow with Microsoft Copilot Analyst was also characterized by an interactive, multi-step process. The initial Copilot response was short and concise, briefly describing the analyses performed by the R script and key findings of the preliminary analysis. No graphics were provided and the mean raw signal with 95% CI for the different parts of the microtiter plate was calculated for plate 1 only. Copilot did offer three suggestions for next steps which included providing the R code, generating heatmap images and summary tables and additional analysis such as (Moran’s I, interaction ANOVA and bootstrap CIs). With additional prompt, we were able to acquire heatmap images for raw signals and Z-scores as well as tabular data on average raw signal and 95% CI for the different microtiter plate parts, for all four plates and the averaged plate (Figure 3). Additionally, results for Moran’s I, interaction ANOVA and bootstrap CIs were provided by Copilot but only in tabular format. Overview of requested outputs is provided in Table 2.



Microsoft Copilot Analyst produced results that were directionally consistent with both Google Gemini and ChatGPT. Across all analyses, Copilot identified the same dominant spatial pattern: higher signals in the upper rows and lower signals toward the bottom of the plate, with minimal column-related variation. Spatial autocorrelation metrics (Moran’s I), provided in tabular form, further supported the presence of clustered spatial structure consistent with a global row effect. Table 3 provides an overview of Copilot Analyst numerical results.




3.5. Manual Plate Effect Analysis Overview


The manual plate effect analysis was performed in Excel for Microsoft 365 (Microsoft Corporation) for each plate and the average dataset. Average raw signal, coefficient of variation (CV) and the 95% confidence interval were calculated for each row, each column, whole plate (96 wells), center plate (60 wells) and corner wells (A1, A12, H1 and H12). Additionally, Z-score and one-way ANOVA were performed for the whole plate and rows and columns respectively. Bar plots of average raw signal with 95% CI and heat-maps of raw signal and z-scores were generated as shown in Figure 4. To show a consistent trend across all plates, each plate was normalized to their individual maximal raw value. These normalized values were then plotted side by side to show a consistent row gradient (Figure 4F).



Analysis across the four independent plates and the averaged dataset revealed a consistent spatial pattern in signal intensity. Row-wise means exhibited a pronounced gradient, decreasing from the top to the bottom of the plate, with Row A showing the highest average signal (37,099) and Row H the lowest (29,864). In contrast, column-wise averages were comparatively uniform. One-way ANOVA confirmed a robust row effect on every plate (p-values ranging from 1.81 × 10−24 to 9.57 × 10−27) and in the averaged dataset (p = 4.31 × 10−37), whereas no significant effect was detected across columns (p = 0.27–0.76). Taken together, the spatial analysis—summarized by average raw signals (with 95% confidence intervals in the figures) and supported by Z-score-based comparisons—demonstrates a strong row-dependent bias and only minimal column-related variation across plates.



While Table 2 focuses on the availability and type of analytical outputs generated by each model, Table 3 summarizes the corresponding numerical results obtained from the averaged plate dataset. Specifically, Table 3 compiles key statistical metrics—including mean signal intensities, confidence intervals, ANOVA p-values, and spatial analysis outputs—derived from manual analysis and from each LLM-assisted workflow. This table enables direct, side-by-side comparison of calculated values across approaches.





4. Discussion


This study assessed plate homogeneity in a 96-well reporter gene assay dataset, consisting of four independently generated plates, by comparing a manual approach (Excel for Microsoft 365) with three LLM-based analytical workflows (Google Gemini, ChatGPT, and Microsoft Copilot Analyst). In all analyses, one-way ANOVA revealed a consistent and significant row-wise position effect, while column-wise effects were inconsistent and not statistically significant. Notably, the convergence extended beyond significance testing to include consistency in summary statistics (means and 95% confidence intervals calculated for predefined plate regions) and visualization outputs, such as heat maps of raw signals and Z-scores.



While all three LLMs often arrived at the same conclusion, they differed in “how” they supported it. Gemini produced a structured “end-to-end” analysis in one pass, including requested ANOVAs, heatmaps (raw and Z-score), and row/column trend summaries with confidence intervals. Its output closely matched the prompt requirements. Notably, however, Gemini did not proactively expand into additional analyses beyond the explicit request. An approach of this kind is consistent with instruction-following systems tuned to maximize direct compliance and minimize speculative elaboration. Such behavior can reduce the risk of unsupported inferences, a known concern in LLM-generated scientific text and analyses (i.e., “hallucination”), but it may also limit exploratory statistical diagnostics unless explicitly requested [11,12,13,14]. ChatGPT on the other hand met the requested outputs and additionally proposed and, after iterative prompting, delivered more advanced spatial assessment. In particular, spatial autocorrelation methods (e.g., Moran’s I and local indicators) and surface fitting (LOESS) complemented heatmaps by quantifying whether observed patterns depart from spatial randomness and by separating broad spatial trends from local deviations. This is consistent with instruction-aligned models, which often attempt to be maximally helpful by proposing “next steps”. The benefit is that exploratory methods can translate qualitative impressions (“the heatmap is structured”) into quantitative evidence (spatial autocorrelation; modeled trend surfaces). The trade-off, however, is that these expansions require careful verification, e.g., method choice, assumptions and correctness of implementation must be checked to avoid overconfident but incorrect conclusions [11,12,13,14,15,16]. Copilot Analyst initially provided a more minimal response (limited visualization and partial summary calculations) but suggested next steps. With further prompt, it generated the requested heatmaps, Z-scores, and summary tables across all plate regions, and it also pointed toward advanced spatial and inferential extensions (e.g., Moran’s I, interaction ANOVA, bootstrap CIs). This indicates that Copilot can reach comparable depth but may require more iterative steering to achieve a complete analysis package. From a model-level perspective, this pattern is compatible with differences in alignment objectives affecting how much initiative the model takes on first response versus deferring depth until the user confirms scope [13,14].



Overall, the study demonstrates that LLMs can reproduce standard plate analyses and, in some cases, extend beyond typical spreadsheet workflows toward spatial statistics. Importantly, the numerical results reported in Table 3 are effectively identical across all analytical approaches wherever values were explicitly provided. Mean signal estimates, confidence intervals, and statistical conclusions were reproduced consistently by all three LLMs and closely matched the manual Excel-based analysis. These findings reinforce a key conclusion emerging from this comparison: the differences between LLMs were driven less by “fundamental calculations” and more by workflow behavior such as completeness in the first response, degree of exploratory expansion, and the extent of user prompting needed. Gemini and ChatGPT returned more comprehensive first-round outputs aligned with the prompt requirements, whereas Copilot’s first response was comparatively abbreviated and incomplete. In addition, ChatGPT was the most proactive in proposing additional analyses and, after additional interaction, provided deeper spatial diagnostics. Moreover, recent investigations into chain-of-thought behavior indicate that models differ substantially in the transparency and faithfulness of their intermediate reasoning [17,18]. More transparent or reasoning-optimized agents (like Copilot Analyst) behave as iterative problem-solvers that test/refine hypotheses (“more iterative steering”), while front-ends emphasizing concise answers may stay closer to exactly requested outputs (Gemini result). Collectively, these findings underscore that the heterogeneity we observed is not incidental but consistent with well-established model- and system-level differences reported in current scientific research.



An important distinction should be acknowledged when interpreting these findings. The analytical framework applied in this study was largely predefined by the investigators through a structured prompt describing the dataset, analytical objectives, and expected outputs. Consequently, the present work is best viewed as an evaluation of how different LLM systems execute, support, and extend an established analytical workflow rather than a direct assessment of autonomous scientific reasoning. The observed differences between Gemini, ChatGPT, and Copilot primarily reflected variation in workflow behavior, prompt responsiveness, completeness of outputs, and willingness to propose additional analyses, while the underlying statistical framework remained largely defined by the user. Future studies involving more open-ended analytical challenges may provide further insight into the extent to which LLMs can independently formulate, select, and justify analytical strategies.



In addition to the standard statistical methods utilized in this study, the spatial diagnostics recommended by ChatGPT and Copilot—specifically Moran’s I and LOESS surface modeling—offer a scientifically robust extension for assessing microplate heterogeneity. Moran’s I serves as a classical measure of global spatial autocorrelation, quantifying whether adjacent spatial units (in this context, wells) exhibit more similar intensities than would be anticipated under spatial randomness. While sensitive to factors such as the specification of spatial weights and data standardization [19], Moran’s I is widely recognized as an effective tool for identifying spatial clustering across diverse biological datasets, including gene expression, species abundance, cell density, and high-throughput assays [20,21,22,23,24,25]. In our analysis, the significant values observed both across individual plates and on the averaged plate, indicate that the detected spatial pattern corresponds to global positional drift rather than isolated anomalies within specific wells. Two forms of Moran’s I are used in spatial statistics: the global Moran’s I, which provides an overall assessment of whether spatial autocorrelation is present in the entire study area, and the local Moran’s I (LISA), which gives a detailed view of where and how spatial clustering or spatial outliers occur [19]. Local Moran’s I was additionally proposed by ChatGPT to evaluate our data but did not reveal strong local anomalies beyond the global row effect, which aligns with the absence of extreme Z-score outliers. This suggests that while LISA adds granularity, its benefit is likely highest in case of localized artifacts.



LOESS modeling, as introduced by ChatGPT and Copilot, offers a nonparametric technique for fitting smooth spatial trends across the plate surface. Its value lies in its ability to model complex, nonlinear gradients and distinguish broad spatial drift from localized anomalies [26,27]. It has extensive precedent in microarray normalization, where it effectively removes spatial artifacts before differential expression analysis [20,28] and is also used for multi-well plate normalization to minimize plate effects and variability [20,29,30,31]. Given that our dataset exhibited a smooth, monotonic top to bottom gradient consistent across all plates, LOESS is conceptually well suited for describing and correcting such effects. Importantly, however, the current study focuses on diagnostic assessment, not normalization. From a diagnostic standpoint, LOESS helps visualize the underlying spatial surface and confirms that the observed pattern is global and structured, rather than an artifact of random variation.



Overall, these spatial methods complement—rather than replace—the classical analyses and reinforce the interpretation that the dominant plate effect arises from a reproducible, monotonic row trend. Their inclusion demonstrates the potential of LLMs to broaden exploratory statistical assessment while also highlighting the importance of transparent reporting and human verification when applying advanced spatial metrics in bioassay evaluation. Importantly, such integrated spatial assessments go beyond what can be practically implemented using conventional spreadsheet tools, underscoring the added value of LLM-assisted analysis of plate-level effects.



Beyond the analytical findings reported here, one aspect relevant to the practical use of large language models warrants brief clarification. A known characteristic of large language model-based systems is that repeated interactions using identical prompts and input data may not produce exactly identical intermediate outputs or response formulations. This behavior reflects the probabilistic nature of LLM inference and implementation-level factors rather than a change in underlying analytical intent [32,33]. In the present work, we did not specifically design experiments to systematically assess run-to-run reproducibility of LLM outputs, and such an evaluation was therefore outside the formal scope of this study. Nonetheless, during exploratory interactions with the models, we observed that while the structure of generated code, intermediate descriptions, or phrasing of responses could vary between runs, the overarching analytical outcomes and conclusions remained consistent across models and repeated use. Importantly, all core findings reported here are supported by fully reproducible, conventional statistical analyses and manual verification. A formal assessment of reproducibility and stability of LLM-assisted analytical workflows under repeated execution represents an important topic for future methodological studies.



Several limitations of the present study should be considered when interpreting these findings, while also highlighting important directions for future research. The present study was designed as a proof-of-concept comparison rather than a comprehensive validation exercise. Four independent 96-well plates, generated by two analysts on separate days using a single reporter gene assay, were used as a common benchmark dataset for both manual and LLM-assisted analyses. While sufficient to evaluate whether different approaches reached consistent conclusions regarding plate homogeneity, this design does not encompass the full diversity of assay formats, plate densities, detection technologies, or biological systems encountered in bioassay development. Therefore, the findings should be interpreted within the context of the specific real-world analytical dataset evaluated here, rather than as evidence of generalizability across the broader range of bioassay platforms and experimental scenarios encountered in practice.



Furthermore, the evaluated dataset represented a relatively clear and reproducible row-wise spatial gradient that was visually apparent and readily confirmed using conventional statistical approaches. More analytically challenging scenarios—including localized edge effects, mixed spatial artifacts, increased experimental noise, conflicting spatial trends, or intentionally introduced outliers—were outside the scope of the present study. Evaluation of LLM-assisted workflows under such conditions would provide a more rigorous assessment of robustness and generalizability.



Importantly, our conclusions relate specifically to the ability of general-purpose LLMs to reproduce established plate-homogeneity analyses when provided with a structured dataset and clearly defined analytical objectives. They should not be interpreted as a general endorsement of LLM reliability across all analytical applications, nor as evidence that LLMs can replace scientific expertise and statistical oversight. Rather, the observed agreement between manual analysis and the outputs generated by Google Gemini, ChatGPT, and Microsoft Copilot Analyst suggests that these tools may serve as useful analytical companions for well-defined quality-control tasks when their outputs are reviewed by trained scientists. Future studies should evaluate larger datasets, multiple assay formats, more complex spatial artifacts, and additional laboratories to determine the generalizability, robustness, and reproducibility of LLM-assisted analytical workflows.




5. Conclusions


Within the scope of the reporter gene assay dataset evaluated in this study, all tested general-purpose LLMs successfully reproduced the results of conventional plate-homogeneity analyses and identified the same dominant row-wise spatial bias as the manual reference workflow. Differences between models were observed primarily in workflow behavior, prompt responsiveness, analytical completeness, and the extent of additional exploratory analyses proposed rather than in the final statistical conclusions. While additional validation using more complex datasets, assay formats, and experimental conditions is warranted, these findings suggest that general-purpose LLMs can serve as useful analytical companions for well-defined microplate quality-control tasks when applied with structured prompts, complete datasets, and appropriate scientific oversight.
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Figure 1. Workflow and key results from Google Gemini analysis of the averaged plate dataset. (A) Graphical timeline of user–model interactions, illustrating the sequence of prompt submission and result generation. (B) Column-wise mean luminescence signal with 95% confidence intervals. (C) Row-wise mean luminescence signal with 95% confidence intervals, demonstrating a pronounced top-to-bottom signal gradient. (D) Z-score heatmap for the averaged plate, illustrating standardized deviations across wells; no wells exceeded |Z| > 3.0. (E) Raw luminescence signal heatmap, visualizing the spatial distribution of signal intensity across the 96-well plate. 
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Figure 2. Overview of the ChatGPT analysis workflow for the averaged plate dataset. (A) Sequence of user prompts and ChatGPT responses, tracing the iterative multi-step analytical process. (B) Mean luminescence signals with 95% confidence intervals for key plate subsets (Row A, Row H, Column 1, Column 12, all 96 wells, and inner 60 wells). (C,D) Heatmaps of raw luminescence signal and Z-scores across the 96-well plate. (E) Moran’s I permutation test result, indicating significant global spatial autocorrelation (p = 0.001). (F,G) LOESS-fitted surface and corresponding residuals, highlighting broad spatial trends and local deviations from the fitted model. (H) Local Moran’s I (LISA) values across the plate. (I) Blue wells (High–High) represent regions with high luminescence surrounded by neighboring wells with similarly high signals, indicating positive local spatial autocorrelation. Red wells (Low–High) represent local spatial outliers with lower-than-average signal surrounded by higher-valued neighboring wells. Wells without significant local spatial autocorrelation are shown in white. (J) Wells exhibiting statistically significant local spatial clustering (black, p < 0.05). 
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Figure 3. Overview of the Microsoft Copilot Analyst workflow for the averaged plate dataset. (A) Sequence of user prompts and Copilot Analyst responses, illustrating the iterative prompting steps required to obtain the complete analytical output. (B) Raw luminescence signal heatmap for the averaged plate, visualizing the spatial distribution of signal intensity across the 96-well plate. (C) Corresponding Z-score heatmap, illustrating standardized deviations across wells. 
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Figure 4. Overview of the manual plate effect analysis performed in Microsoft Excel for Microsoft 365, shown for the average plate dataset. (A) Row-wise mean luminescence signal (±95% CI), demonstrating a pronounced decreasing gradient from Row A to Row H. (B) Column-wise mean luminescence signal (±95% CI), showing comparatively uniform signal distribution across columns. (C) Mean luminescence signal (±95% CI) for predefined plate regions: entire plate (96 wells), inner wells (60 wells), Row A, Row H, Column 1, Column 12, and corner wells. (D) Heatmap of mean raw luminescence signal across the average plate, where red indicates higher and blue indicates lower luminescence values. (E) Heatmap of Z-scores across the averaged plate, where positive Z-scores are shown in red and negative Z-scores in blue. (F) Stripe plots of normalized raw luminescence data for all four individual plates and the averaged dataset, demonstrating reproducibility of the row-wise signal gradient across plates and analysts; blue indicates below-average and red above-average normalized luminescence values. 
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Table 1. Overview of general-purpose and specialized LLMs relevant to drug discovery, including their main advantages and limitations.
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	Type of LLM
	Description
	Examples
	Key Advantages
	Limitations





	General-Purpose LLMs
	Trained on diverse datasets; highly versatile for tasks like literature reviews, summarization, and technical document understanding. Suitable for broad applications across domains.
	ChatGPT,

Microsoft Copilot,

Google Gemini,

GPT-4,
	
	−

	
Broad applicability




	−

	
Strong reasoning and language skills




	−

	
Multimodal capabilities (e.g., Gemini)




	−

	
Useful for literature mining, hypothesis generation, and workflow automation






	
	−

	
Limited domain-specific accuracy




	−

	
Risk of hallucinations




	−

	
Needs fine-tuning for technical tasks




	−

	
May lack interpretability for scientific data









	Specialized LLMs
	Designed for specific scientific purposes; trained on biomedical and pharmaceutical corpora. Optimized for domain-specific tasks such as functional genomics, protein interaction modeling, and drug-target discovery.
	DNABERT,

Nucleotide Transformer, HyenaDNA, Evo,

GenSLMsTran

ESM3, ESMFold,

AlphaFold2,

AlphaFold3,

MolGPT,

Molformer 1
	
	−

	
High accuracy in niche scientific domains




	−

	
Handles technical language and data




	−

	
Supports advanced research (e.g., protein folding, molecule generation)




	−

	
Enables in silico simulation and prediction






	
	−

	
Narrower scope




	−

	
Requires continuous updates




	−

	
Higher development and computational cost




	−

	
May lack general reasoning abilities













1 For an exhaustive list please refer to [2].













 





Table 2. Comparison of output data from the three respective LLMs.
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Requested Output

	
LLM




	
Google Gemini 1

	
ChatGPT 2

	
Microsoft Copilot Analyst






	
ANOVA to detect row-wise effects.

	
Yes (tabular data with p-values)

	
Yes (tabular data with p-values)

	
Yes (description of significance only)




	
ANOVA to detect column-wise effects.

	
Yes (tabular data with p-values)

	
Yes (tabular data with p-values)

	
Yes (description of significance only)




	
Raw luminescence signal heatmap visualization

	
Yes

	
Yes

	
Yes




	
Average signal with 95% CI 3

	
Yes

	
Yes

	
Yes




	
Z-score analysis

	
Yes

	
Yes

	
Yes




	
Spatial analysis

	
In the form of heat-maps not as Moran’s spatial analysis

	
Yes, Moran’s I, LOESS surface fit and two-way ANOVA (after additional input)

	
Yes, Moran’s I (after additional input)




	
Generated the averaged dataset

	
Yes

	
Yes

	
Yes




	
Generation of R-code

	
Yes

	
Yes

	
Yes




	
Generation of figures

	
Yes:



	-

	
heatmaps of raw signal and z-score




	-

	
bar chart for comparison of average signal with 95% CI







	
Yes:



	-

	
heatmaps of raw signal and z-score




	-

	
bar chart for comparison of average signal with 95% CI




	-

	
heatmaps of Moran’s and LOESS







	
Yes:



	-

	
heatmaps of raw signal and z-score










	
Download links to figures

	
No direct links provided; figures displayed and downloadable from chat window.

	
Yes (after additional prompting)

	
No direct links provided; figures available after additional prompting




	
Proposal for additional analysis

	
No

	
Yes, detailed analysis was done with additional prompt input based on provided ChatGPT responses.

	
Yes, detailed analysis was done with additional prompt input based on provided Analyst responses.








1 Google Gemini 2.5 Pro (free account); 2 OpenAI ChatGPT 4 (free account); 3 Comparison of average signal between: row A; row H; column 1; column 12; whole plate and inner wells only.













 





Table 3. Summary of key numerical results obtained from manual and LLM-assisted plate effect analyses (averaged plate dataset). Reported values demonstrate numerical equivalence across analytical approaches.
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	Metric

(Averaged Plate)
	Manual

(Excel M365)
	Google Gemini
	ChatGPT
	Microsoft

Copilot Analyst





	Row effect (one-way ANOVA p)
	Significant

p = 4.31 × 10−37
	Significant

p < 0.000001
	Significant

p ≈ 4.3 × 10−37
	Significant

p < 10−22



	Column effect (one-way ANOVA p)
	Not significant

p = 0.765
	Not significant

p = 0.765
	Not significant

p = 0.765
	Not significant

p ≫ 0.05



	Row A mean signal
	37,099.4

(95% CI: 36,338.63–37,860.16)
	37,099.4

(95% CI: 36,338.63–37,860.16)
	37,099.40
	37,099.40

(95% CI: 36,338.63–37,860.16)



	Row H mean signal
	29,864.25

(95% CI: 29,346.80–30,381.70)
	29,864.25

(95% CI: 29,346.80–30,381.70)
	29,864.25
	29,864.25

(95% CI: 29,346.80–30,381.70)



	Column 1 mean signal
	33,928.47

(95% CI: 32,166.13–35,690.81)
	33,928.47

(95% CI: 32,166.13–35,690.81)
	(Not explicitly stated)
	33,928.47

(95% CI: 32,166.13–35,690.81)



	Column 12 mean signal
	32,189.78

(95% CI: 29,988.53–34,391.03)
	32,189.78

(95% CI: 29,988.53–34,391.03)
	(Not explicitly stated)
	32,189.78

(95% CI: 29,988.53–34,391.03)



	Z-score outliers
	No wells with |Z| > 3.0
	No wells with |Z| > 3.0
	No isolated anomalies by Z-score analysis. Z-score heatmaps confirm absence of extreme outliers.
	No isolated anomalies by Z-score analysis. Z-score heatmaps confirm absence of extreme outliers



	Spatial autocorrelation

(Moran’s I/p)
	NA
	NA
	Moran’s I significant;

permutation test p = 0.001
	Moran’s I = 0.82



	Primary conclusion
	Strong row-wise gradient/edge effect, minimal column effect
	Same
	Same
	Same
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