Search string step
We developed a straightforward prompt, around simple design guidelines(1), containing contextual information of the task, the clinical question each SRMA is attempting to answer, and the database-specific keyword format required. An individual search string was generated for each database each SRMA had originally queried, which in total were Medline, Embase, PubMed, Web of Science and CENTRAL. Multiple prompt layering(2), or many-shot iterative prompt development strategies(3) exist for search string production, and while perhaps more effective, did not lend themselves to the current study’s “copy-paste, user-friendly" objective.

GPT 5 Pro’s outputs (the latest version available at the time of this step) were complete search strings, specific to each SRMA and database, which were used to query each database, yielding medical article references as results, exported as raw csv files. We authorized a minimal level of troubleshooting regarding erroneous keywords or search strings yielding amounts of references in orders of magnitude above or below what would be commonly expected of a human query (approximately 200 to 2000 references). All original human and LLM-generated data were then subjected to pre-processing, or “cleaning”, involving merging and systematizing of dataframes, removal of articles after last human query date, and deduplication using a multi-level matching Python script. All code is available in Supplementary Materials 1.3.

We performed two separate analyses, comparing GPT 5 Pro’s search strings’ results with the original full human search strings’ results, as well as with the original authors’ included articles (whether they were included in the final analysis or not). While the first case allows direct comparison between both queries’ raw results, only a median of 2.9% of all extracted references end up being included in final SRMAs(4). We concluded that the primary metric should be whether the LLM produces a search string that captures the references ultimately included in the final review, rather than one that is similar to the original human search string regardless of it yielding the limited number of pertinent articles. The second comparison, between GPT 5 Pro’s search string results and the articles included in the final human SRMAs, addresses this specifically.

Evaluation of GPT 5 Pro’s performance was conducted by matching its outputs, in the form of a post-processed csv dataframe of medical article references, with a structurally identical pre-processed csv dataframe of human-generated medical article references. This was done using a multi-level matching Python script, according to identical doi, pmid matching, and fuzzy title, author, year and journal matching, producing confusion matrices, absent of true negatives data (which represent the articles not captured by both human and LLM search strings, i.e. the quasi-entirety of each database). SRMA-specific and pooled performance metrics including sensitivity, specificity, and F1 scores were calculated using a specific Python script.

Figure 1.1: Full search string step workflow for GPT search string generation, data processing and performance evaluation.
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Article screening step
The article screening step was subdivided into two steps, analogous to the human process: a first abstract-based screening, followed by a second full text-based screening. Prompt design in both cases incorporated contextual information of the task, inclusion criteria, exclusion criteria, and a decision rule, identical to those human reviewers used, both during their abstract-based and full text-based screening sub-steps, as well as instructions for the output format(5). GPT 5 Pro was used for the abstract-screening sub-step, while GPT 5.2 Pro was used for the full-text screening sub-step, as they were respectively the latest available versions at the time.

For the abstract screening sub-step, Rayyan data containing all human references exported from the original human database query was extracted for all pertinent SRMAs as raw csv files. Raw csv files were further processed into clean dataframes, by removing corrupted data and systematizing formats for later analysis. GPT 5 Pro’s outputs were csv files containing each included article’s reference, associated with pertinent metadata to allow for easier subsequent matching during comparison analysis. For the full text screening sub-step, full data distinguishing human abstract and full text screenings was unavailable, and as such we could not retrieve the full texts of human included abstracts. We instead manually retrieved all available full text articles, in pdf format, included as abstracts by GPT 5 Pro during the previous abstract screening step. The LLM outputs were simply csv files containing the pdf file names of included articles, which were manually concatenated with the corresponding pertinent metadata for later analysis.

Evaluation of GPT’s performance was conducted by matching its output to a newly constructed dataframe from Rayyan reviewer decision data, containing only articles included in the final human SRMA. Matching was performed by use of Rayyan “keys”, unique numerical identifiers for each article reference imported into the platform, which allow for error-free matching of both LLM-generated and original human datasets. Performance metrics were selected based on our best appreciation of the current literature(6,7), consisting of SRMA-specific and pooled accuracy, sensitivity, specificity, precision, F1 scores, Cohen’s kappa and PABAK, calculated from confusion matrices with specific Python scripts.

Figure 1.2: Full article screening step workflow for GPT abstract and full text screening, data processing and performance evaluation.
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Data extraction step
GPT 5 Pro’s input was developed with the same general design in mind as for previous steps, containing task-specific contextual information, instructions identical to those humans used for extraction of each individual datapoint, a template output format, and full text articles. Outputs were raw csv files containing all LLM-extracted data for each SRMA which underwent minimal post-processing, mainly involving dataframe systematizing.

We calculated a required sample size of 384 datapoints, based on the standard formula for sample size calculation for estimating a single proportion with a specified margin of error(8):

Where Z is 1.96 for a 95% confidence interval, P is the prevalence (expected agreement between LLM and humans at 0.90(9–11)), d is the precision (0.05 generally, 0.03 in this case to ensure lower marginal error and higher power). To this effect, a Python script was developed to randomly sample studies across all SRMAs. We also considered a datapoint to be the value of a cell in an Excel data table, whether string (roughly equivalent to text), integer (whole number) or a float (number with decimal points).

Human data extraction accuracy is reported abundantly in medical literature, with rates spanning on average from 66 to 86%(12–17). While error rates remain substantial for database queries and article screening as well(18–20), development of gold-standards for these steps was beyond the scope of this current study. However, based partly on the methodology of Cao et al.(21), we developed a human-LLM hybrid data extraction data table gold-standard, to be used as reference for evaluating GPT 5 Pro’s performance. To this effect, we developed a Python script to match all identical datapoints between the original human and the LLM-generated data extraction data tables, and retrieve only discordant datapoints. These discordant datapoints were adjudicated by two blinded expert reviewers (VB and SW), none having participated in the SRMAs included within the current study. Disagreements between reviewers were resolved by consensus, and the newly adjudicated datapoints were merged with the previous concordant datapoints, to form a gold-standard data extraction data table.

Comparison of GPT 5 Pro’s performances with our novel gold-standard was first performed by reporting the directionality of the human expert reviewers’ adjudication decisions. For all human-to-GPT discordant datapoints, we therefore reported the proportion of adjudicated values correctly extracted by GPT, the proportion of adjudicated values correctly extracted by the original authors, and the proportion of adjudicated values incorrectly extracted by both GPT and original authors. Subsequently, after minimal data cleaning of human and LLM data tables, we calculated GPT 5 Pro-to-gold-standard performance metrics by running the csv files through a strict concordance matching Python script, producing both SRMA-specific and pooled accuracies, Cohen’s kappas and PABAKs with 95% confidence intervals.

Figure 1.3: Full data extraction step workflow for GPT data extraction, gold-standard dataset creation, and performance evaluation.
[image: ]

Risk of bias assessment step
We prompted GPT 5.1 Pro in a similar manner to previous steps, with task-specific contextual information, instructions for risk of bias (ROB) assessments and output format. Furthermore, inputs also contained templates for output formats, corresponding ROB assessment tools (ROB 1, ROB 2 and ROBINS-I), and full-text articles. Exception was made for the “Overall judgement” domains, where the inputs were specifically tailored prompts, along with ROB tools and GPT 5.1 Pro’s concatenated risk of bias assessments for all previous domains for each article. Outputs were raw csv data tables presented with studies as rows and columns as bias domains. Owing to lengthiness and implementation complexity of the ROB tools’ decisional algorithms, we sequentially prompted GPT 5.1 Pro to separately assess risk of bias for each domain across all studies. Post-processing therefore consisted mainly of concatenating ROB assessments across all domains for all studies. Human data underwent minimal pre-processing, including csv conversion and standardization.

We calculated a required sample size of 384 datapoints, based on the same formula as used previously(8), albeit with differing parameters such as expected agreement between LLMs and humans at 0.5(22–25) and precision at 0.05. While we recognize all risk of bias assessments may not be truly independent, use of the design effect formula for clustered trials was not feasible due to lack of intraclass correlation coefficient data in the literature(26–28).

Human interrater reliability (IRR) of ROB assessments has been reported in the current literature as slight to fair, with Cohen’s kappa coefficients spanning 0.06 to 0.37(29–31), while proportion of agreement for ROB assessments using the ROB 1 tool has been reported by Bertizzolo et al. at 57 to 81%(32). To this effect, we developed a novel human-LLM hybrid ROB assessment gold-standard, to be used as reference for evaluating GPT 5.1 Pro’s performance, in the same manner as previously described in the “Data extraction step” section. Both expert human reviewers (RH and SW) had previous ROB assessment experience in multiple anesthesia-related SRMAs and performed blinded adjudications of human-to-GPT 5.1 Pro discordant datapoints, resolving discrepancies through consensus, to produce the final gold-standard ROB assessment table.

In the same manner as for the data extraction step, comparison of GPT 5.1 Pro’s performances with our novel gold-standard was first performed by reporting the directionality of the human expert reviewers’ adjudication decisions. For all human-to-GPT discordant risk of bias assessments, we therefore reported the proportion of adjudicated assessments correctly generated by GPT, the proportion of adjudicated assessments correctly generated by the original authors, and the proportion of adjudicated assessments incorrectly generated by both GPT and original authors. Subsequently, after minimal data cleaning of human and LLM ROB assessments tables, we calculated GPT 5.1 Pro-to-gold-standard performance metrics by running the csv files through a strict concordance matching Python script. We produced SRMA-specific, domain-specific and pooled performance metrics such as accuracy, Cohen’s kappa and PABAK with 95% confidence intervals. We also report sensitivity, specificity and F1 scores with 95% confidence intervals for dichotomous low versus non-low (i.e. medium and high) ROB assessment decisions. An alluvial diagram reporting differential classification of ROB assessments across all domains for all studies in each of the original authors’, gold standard and GPT datasets was generated using Claude Sonnet 4.5. For the purpose of this diagram, ROB assessments were systematized in the following manner: “Low” corresponding to ROBINS-I and ROB 2’s “low” assessments, “Medium” corresponding to ROBINS-I and ROB 2’s “some concerns” and “moderate” assessments, and “High” corresponding to ROBINS-I and ROB 2’s “high”, “serious” and “critical” assessments.

Figure 1.4: Full risk of bias assessment step workflow for GPT risk of bias assessment, gold-standard dataset creation, and performance evaluation.
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Data synthesis step
GPT 5.2 Pro’s input for this step was a prompt containing step-specific contextual information and detailed instructions for reading attached data tables as well as for producing or calculating pooled outcomes, in terms of specific models and metrics to be used(33). Full human data tables for each SRMA were provided, as well as a template outcome table for output format. Outputs for numerical-based data were pooled statistical analyses, for selected primary and secondary outcomes of each SRMA, with 95% confidence intervals, as well as heterogeneity metrics. Outputs for text-based data, in the case of the “LLM study”, were both pooled text-based and numerical non-statistical results (e.g. total number of studies where LLMs perform similarly to humans in answering patient FAQs).

Data collection essentially involved selection of outcomes and corresponding data for which full original human extracted data was available, i.e. the entirety of data necessary to be able to reproduce the exact same results, if the same calculations were applied. The outcomes which met these requirements were all primary outcomes, 95% confidence intervals and heterogeneity for all SRMAs, as well as all or most secondary outcomes. Human data tables were exported into Excel format and underwent systematization for easier “readability” by GPT.

Assessment of GPT 5.2 Pro’s performance was conducted by comparing its pooled results outputs to the original human-published pooled results, using the exact same human datasets. Unfortunately, the scarcity of literature concerning the data synthesis step of SRMAs provides little framework for statistical analysis. We did not calculate any performance metrics by use of statistical testing, opting for a descriptive analysis, similarly to a previous paper on network meta-analysis automatization(34). In this instance, statistical testing would have been inappropriate, since the data synthesis step seeks to investigate whether GPT 5.2 Pro can apply the correct formulas to the correct data. It constitutes a set of single calculations from the same dataset, without any sampling variability or any hypothesis testing about a sample, whose results are deterministic given the same data and calculation. Hence, sample size could not be calculated for this step either.

Lastly, results from the “Epidural”, “TIVA” and “VR” studies were numerically based, e.g. pooled incidences, risk and odds ratios, standardized mean differences, heterogeneity metrics etc., whose comparison with study and step specific GPT outputs was descriptive, and performed directly without adjudication. Conversely, the “LLM” study did not provide meta-analytics, focusing instead on text-based results, i.e. study summaries, GPT-to-human performance comparison and answering high-level questions. Such interpretative text-based results required adjudication from a blinded expert reviewer (SW), assessing the meaningful equivalence or difference between both human and GPT’s results. Assessments were reported in terms of directionality of adjudication decisions, alongside raw results.

Figure 1.5: Full data synthesis step workflow for GPT input, output and performance evaluations.
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Statistical analysis
All code for data processing and statistical analysis was written in Python 3.14 language(35), using the statistical software packages SciPy(36) and Scikit-learn(37), on Jupyter Notebooks(38) which were shared between authors with Google Colaboratory(39). Code was both manually written and generated using Claude Sonnet 4.5(40), which was subsequently manually reviewed. All code is available at the following link: https://doi.org/10.6084/m9.figshare.c.8518413. The statistical analysis metrics used in our study are listed below(41–49).

Sensitivity, or recall, as a performance metric of GPT 5 Pro, refers to its ability to correctly identify true positives in a binary classification model. It is especially crucial in search string and article screening steps, as high sensitivity corresponds to GPT’s ability to include all or most of the articles included by humans. This translates into a high rate of capture of pertinent literature for each SRMA.

Where TP are true positives and FN are false negatives.

Specificity as a performance metric of GPT 5 Pro, refers to its ability to correctly identify true negatives in a binary classification model. Although less crucial than sensitivity in search string and article steps, high specificity corresponds to GPT’s ability to exclude all or most of the articles excluded by humans. This translates to a high rate of exclusion of irrelevant literature, which is the most time-consuming aspect of human article screening.

Where TN are true negatives and FP are false positives.

Accuracy is the proportion of all GPT 5 Pro-generated classifications or datapoints that were correct, relative to all classifications or datapoints for a specific SRMA step. This is the most important metric for data extraction performance evaluation, and is crucial for ROB assessment as well, since these steps are not binary classification problems, and do not produce confusion matrices which allow for calculation of sensitivity and specificity. A high accuracy signifies GPT’s ability to generate correct datapoints and risk of bias assessments for example.


The F1 score as a performance metric of GPT 5 Pro, represents the model’s accuracy, especially useful in case of class imbalances. In the example of a heavily imbalanced dataset, such as article screening data, where included articles represent 1% of total articles, a model that predicts negative 100% of the time would score 99% on accuracy, despite being useless. Hence, the F1 score is calculated as the harmonic mean of sensitivity and precision, or positive predictive value (the amount of correctly identified true positives among all those identified as true positives by GPT), whose simplification is the following formula:

Where TP are true positives, FP are false positives and FN are false negatives.

Cohen’s kappa is a measure of interrater reliability, in this study, between GPT 5 Pro and original human publishers, between GPT 5 Pro and a novel gold-standard. The metric represents the extent to which GPT assigns the same value as its comparator, accounting for chance agreement. 0 represents the amount of agreement that can be expected by random chance, and 1 represents perfect agreement, with intermediate values interpreted as follows: 0.01-0.2 indicating none or slight agreement, 0.21-0.4 fair agreement, 0.41-0.6 moderate agreement, 0.61-0.8 substantial agreement, and 0.81-1.00 almost perfect agreement.

Where Po is the observed agreement and Pe is the chance agreement.

PABAK (prevalence-adjusted and bias-adjusted kappa) has been developed as a prevalence and bias adjusted kappa, for imbalanced datasets such as article screening data, since Cohen’s kappa, while chance-adjusted, does not account for bias between observers and the distribution of categories (or prevalence). Hence, PABAK assumes a 50% prevalence of the condition, and absence of any bias. PABAK values can be interpreted with the same scale used for Cohen’s kappa (see above).

Where Po is the observed agreement.

95% confidence intervals were calculated using the Wilson score method, for all performance metrics, aside F1 score, Cohen’s kappa, and PABAK, where the bootstrap method was used. We produced pooled performance metrics, by calculating the same metrics on the sum of all data, i.e. confusion matrices or datapoints depending on the SRMA step. The formula for pooled sensitivity is given as an example below, calculated for all confusion matrices combined.

Where ΣTP is the sum of all true positives across SRMAs for a single step, and ΣFN are the sum of all false negatives across SRMAs for a single step.
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*Allfinal analysis for data synthesis step is descriptive (see “Materials and methods”). Since the “LLM SRMA” results are interpretative and text-
based, meaningful differences in results were adjudicated by a blinded human reviewer.




