Step-specific challenges: search string
The foremost issue arising from this step was the failure of a true zero-shot, zero-optimization GPT-generated search string. Boolean queries produced by GPT suffered from the incorporation of incorrect, or “hallucinated” database-specific keywords, punctuation and syntax, which produced invalid search strings. This phenomenon stems from GPT, and all LLMs being natural language generators, which may fail to comply with the highly stringent and formalized use of language demanded by databases for functional queries1. Moreover, these models, being probabilistic engines of token generation, do not possess a world model which allows for abstract understanding of the concepts required for search string production2. Another problem is the performance of these search strings, when valid, which were alternatively far too sensitive or specific, rendering them useless. This issue is mostly predictable, since the human process of search string development is one of iterative refinements with feedback, taking as input the results from each previous database query. Both language and performance issues were addressed by either manual correction or re-prompting by specifying the error or the optimization required.
Minor concerns regarding pre-processing and statistical analysis should also be underlined. As cited previously, manual oversight was performed for fuzzy reference matches, but some errors might have occurred, nonetheless. Furthermore, we extracted references which were only available up to the original authors’ last query date. However, databases do not keep day and month of registration data, which might have slightly increased the number of references from the GPT dataset, artificially decreasing the specificity of its search string performance. Lastly, SRMAs sometimes rely on grey literature to include references after the database query has been made, corresponding to references captured outside the standard search string procedure. Effectively, this decreases the sensitivity of database queries using GPT-generated search strings, when using original authors’ included articles as a reference.

Step-specific challenges: article screening
Prompt engineering issues arose in a similar fashion to the previous search string step in that a true zero-shot strategy utilizing PICOS-based screening criteria performed poorly. We opted for a human-analog prompt design, where GPT screening criteria for both abstract and full text screening were identical to the original human authors’ criteria. This required collecting additional data from authors for their exact human decision-making screening algorithms, which were markedly different based on the design of each SRMA and their included studies. As such, a “single-size fits all” approach to article screening prompt development seems inappropriate, requiring a certain level of tailoring to every SRMA. Specific examples can be cited, such as the poor sensitivity of full text screening for the “Epidural SRMA” articles, which retrospectively arose from the non-formalized definition of what is considered presence and absence of data for an epidural hematoma in each instance. Empirically, we also underline the importance of having to comprehensively specify the exclusion criteria, especially regarding improper formats such as letters to the editor, editorials, conference summaries etc. All the latter exclusion criteria are not necessarily understood from context, any may be a source of erroneously included articles.
User experience for ChatGPT interface is also not without its impediments. While all abstracts of each SRMA could be screened using a single prompt, full text articles had to be screened in batches of 10, maximum. This required constant interaction with GPT 5.2 Pro throughout the sub-step. Additionally, the context window being quite large, the LLM would sometimes provide screening decisions for previously screened batches and not the current uploaded one. This “context window polluting” effect called for the regular creation of new conversation windows. Output formats were also inconsistent, marked by unreadable csv files, or outputs in simple text format that had to be manually converted. Anecdotally, many abnormally prolonged runtimes (> 20 minutes) were at least partially due to these formatting issues, where the LLM had difficulty fitting screening decisions into a usable output. This effect was observed through the GPT 5 Pro series’ chain of thought reasoning process.

Step-specific challenges: data extraction
Contrarily to relatively “prompt-dependent” steps such as search string generation and article screening, where minor changes to prompts greatly affect performance, GPT data extraction is truly zero-shot. The prompt must only contain strict descriptions of each datapoint to be extracted, and in what format the output should be provided. Virtually no human oversight, tuning or re-design of prompts are necessary to generate useable results. However, a few minor issues must be underlined from the  reference standard development process. The first being the risk of error in datapoint adjudication from the human experts, which, although unlikely, may both have made concordant errors in their final decisions. The second being the risk of data input errors in handling the adjudication and reference standard data, which were manually produced, and therefore prone to minor mistakes.

Step-specific challenges: ROB assessment
Similarly to the data extraction step, ROB assessment was performed using a true zero-shot approach. GPT required only a prompt containing instructions for ROB domain assessments, along with full text articles and edited domain-specific ROB tools. Again, issues discussed in the “Step-specific challenges: data extraction” section arose, involving the ChatGPT interface’s limited article batching capabilities, “context window pollution” effects and output errors. The consequence of which, as previously stated, is the hidden increase in human workload. Furthermore, the  reference standard development process carried the same risk of erroneous expert reviewer decisions, especially considering the poor performance of human ROB assessments. The risk of concordant assessment errors from two reviewers is indeed much reduced, but nonetheless possible. Lastly, manual production of the ROB assessment adjudications and reference standards is subject to minor data input errors.

Step-specific challenges: data synthesis
Again, true zero-shot prompting was feasible for the data synthesis step, requiring both instructions for “reading” the provided raw data tables, as well as a specific description of the statistical analyses to be performed in each case for every outcome. Our main locus of concern for this step is that, for the same raw data and mathematical formulas, GPT’s meta-analytical results were, while meaningfully identical to the original authors, not always strictly identical. Of the factors which might explain the slight differences observed, foremost is the issue of missing or ambiguous data interpretation. Errors can indeed be introduced by GPT’s handling of certain datapoints, where more events occur than there are number of patients for instance, or where GPT might exclude from analysis studies with non-estimable data in a manner discordant with the RevMan software. Our prompt did not contain specific instructions for handling missing or ambiguous data, and GPT’s chain-of-thought did not provide any information regarding manipulation of such data. As such, we regard it as a plausible major factor in contributing to the non-determinism of GPT’s outputs. Additionally, computing mathematical operations relies on floating point arithmetic, which is subject to rounding errors3, order of operations and associativity errors4 and Monte Carlo errors in imputation of missing data5. All these previous errors compound and propagate forward, especially meta-analytical results calculated sequentially from previous other meta-analytical results. While the impact of these latter errors is less significant in terms of scale, going forward, we strongly suggest detailing missing and ambiguous data handling in data synthesis prompts for optimal results.
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