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Abstract
Data extraction in systematic reviews, maps, and meta-analyses is time-consuming and prone to human error
or subjective judgment. Large Language Models offer the potential for saving time, yet their performance has
been evaluated in a limited range of platforms, disciplines, and review types. We assessed the performance of the
Elicit platform across diverse data extraction tasks using journal articles from seven systematic reviews in life
and environmental sciences. Human-extracted data served as the gold standard. For each review, we used eight
articles for prompt development and another eight for testing. Initial prompts were iteratively refined to exceed
87% accuracy or up to five rounds. We then tested extraction accuracy, reproducibility across user accounts,
and the effect of Elicit’s high-accuracy mode. Of 90 considered prompts, 70 exceeded the 87% accuracy when
compared to gold standard, but tended to be lower when tested on a new set of articles. Repeating data extractions
with different Elicit user accounts resulted in 90% agreement on extracted values, though supporting quotes and
reasoning matched in only 46% and 30% of cases, respectively. In high-accuracy mode, value matches dropped
to 77%, with just 10% quote matches and 0% reasoning matches. Extraction accuracy did not differ by data
types. Elicit also helped identify eight (<1%) errors in the gold standard data. Our results show that Elicit can
complement, but not replace, human data extractors. Elicit may be best used for sanity checks and to evaluate the
clarity of data extraction protocols. Prompts must be fine-tuned and independently validated.

Highlights
What is already known?
Data extraction in systematic reviews is labour-intensive and prone to error. LLMs like Elicit are being explored
as tools to automate this step, though evaluations remain limited in scope and robustness.

This article was awarded Open Data and Open Materials badges for transparent practices. See the Data availability statement
for details.
A.M., K.M., P.P., L.R., and Y.Y. have contributed equally to this work and are listed in alphabetical order.

© The Author(s), 2026. Published by Cambridge University Press on behalf of The Society for Research Synthesis Methodology. This is an Open
Access article, distributed under the terms of the Creative Commons Attribution licence (https://creativecommons.org/licenses/by/4.0), which
permits unrestricted re-use, distribution and reproduction, provided the original article is properly cited.

https://doi.org/10.1017/rsm.2026.10080 Published online by Cambridge University Press

doi:10.1017/rsm.2026.10080
https://orcid.org/0000-0002-3993-6127
https://orcid.org/0000-0003-0822-5637
https://orcid.org/0000-0002-8610-4016
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1017/rsm.2026.10080


2 Lagisz et al.

What is new?
We assessed Elicit’s accuracy and repeatability across seven reviews in life and environmental sciences. While
Elicit achieved high accuracy for some variables, performance varied and was sensitive to prompt design, user
account, and algorithm change.

Potential impact for RSM readers
Elicit can support data extraction in systematic reviews, but should be used cautiously and with human
oversight. Our study offers practical guidance on integrating LLM tools, while highlighting current limitations
in replicability and reasoning.

1. Introduction

The use of AI in automating evidence synthesis is growing and is expected to bring transformative
changes to research evidence synthesis. Producing robust evidence synthesis of any type takes a
significant amount of time, sometimes years.1 This is due to the ever-expanding size of the evidence
base, and the labour required to maintain high standards of work across all stages of the process.

Large Language Models (LLMs), a type of AI that processes and learns from vast amounts
of data, have been proposed as a promising way to automate or semi-automate tasks across all
stages of systematic reviews. Application of increasingly efficient and sophisticated LLMs could
help researchers to keep pace with the growing demands of funders and end-users for timely and
efficient evidence syntheses.2,3 However, there are also concerns that the use of AI-based solutions
may be compromising the quality of evidence synthesis, potentially introducing errors and producing
biased and not reproducible systematic reviews, evidence maps, meta-analyses, and other forms of
evidence.3–5 To address these concerns and evaluate applications of AI and LLMs in systematic reviews,
case studies, and reviews are being published at a rapid pace.2,3,5–14

A recent scoping review8 based on 37 articles on LLMs use in health research, systematic reviews
suggested that LLMs have been applied mainly in the three key stages of the systematic review process:
literature searching (41% of articles), study selection (38%), and data extraction (30%). OpenAI’s
Generative Pre-trained Transformer (GPT) was the most frequently tested model, featured in 89% of
articles. Findings on LLMs’ performance were mixed, as around half of the studies viewed LLMs as
promising, a quarter were neutral, and one-fifth found them unhelpful.

Another recent systematic review10 based on 172 articles on the use of LLMs in evidence review
automation revealed similar trends. Most articles explored automation of a particular stage of review,
focusing mainly on literature searching (35%), screening (33%), and data extraction (31%). The
majority of articles expressed positive views on using LLMs in reviews (70%), while 43 articles
(25%) reflected mixed or cautious perspectives, and 9 articles (5.2%) reported negative experiences
with LLMs. Concerns included limited extraction accuracy for numeric data and low search and
screening accuracy for bibliographic data, potentially linked to high hallucination rates (generating
false references).

Over the years, studies and overviews on the use of AI in systematic reviews have consistently
highlighted the need for further investigation to keep abreast with the rapidly evolving landscape
of AI tools.2,3,5,8–10,14 More specifically, these publications emphasised the importance of evaluating
the effectiveness, accuracy, and validity of individual AI tools and how they change over time. It
is also critical to understand the limitations of these technologies and how they might influence the
outcomes of evidence synthesis. In particular, the need to assess the impact of AI on the reliability and
reproducibility of systematic reviews remains a key area for research.

Elicit (elicit.ai; elicit.com) is one such technology that holds great promise for streamlining and
accelerating systematic reviews.13,15 It stands out from the generic tools like OpenAI ChatGPT,
Microsoft Copilot, or Google Gemini, because it has been designed specifically for academic use and
especially for evidence synthesis of published academic literature (notably, other similar platforms
are being rapidly created, e.g., SciSpace, PICOportal, Paperguide). Elicit draws its data from an
extensive Semantic Scholar database of over 100 M publications.16 Elicit also allows uploading and
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analysing PDF files of full-text documents that may not be available in its online database. A built-
in LLM algorithm evaluates the semantic similarity of publication texts to find and rank publications
for inclusion in a systematic review. Further, other LLMs that are trained on academic literature can
generate article summaries and extract data that is commonly collected for systematic reviews, for
example, on the study subjects, interventions, exposures, reported outcomes, and measurements.12

Importantly, Elicit has a user-friendly interface, which makes it easy to generate and refine search and
data extraction prompts.15

Despite its promise, two recent case studies point to limitations in the accuracy and repeatability
of Elicit-based literature searches and screening.12,17 For data extractions, one study deemed data
extraction from 33 papers on fisheries management to be on par with human ability, outperforming
two GPT models.18 Similarly, Elicit and ChatGPT (GPT-4o model) extracted the right data about 90%
of the time from 30 health-related research articles.11 In contrast, another study deemed almost half
of the values extracted by Elicit as valid but missing important details, and 4% as invalid, based on a
sample of seven variables and 20 healthcare-related studies.13 These case studies are limited by small
sample sizes, both in terms of numbers of tested variables and test articles, warranting more extensive
and in-depth exploration, especially outside medical fields.

This article explores the potential applications of the Elicit platform in evidence synthesis with two
specific aims:
1. To evaluate the effectiveness of LLMs integrated into Elicit for data extraction from full-text

published research studies in predefined formats, and to assess the feasibility of using Elicit as a
supplementary platform for data extractions for systematic review in ecology, evolutionary biology,
and environmental sciences.

2. To evaluate the repeatability and consistency of data extraction results when using an independent
Elicit user account or a different LLM algorithm.
We also provide recommendations on the use of this innovative technology.

2. Methods

We aligned our project with the recommendations on the responsible use of AI in evidence synthesis.19

Our project follows a protocol registered on OSF at https://doi.org/10.17605/OSF.IO/48PGE. Our
reporting of author contributions adheres to the MERIT framework,20 as feasible. We have considered
the practicality and affordability of the Elicit platform to a wider range of users globally when designing
our project. We conducted all statistical analyses in the R v.4.5.0 statistical environment.21

We set up the project to reflect Elicit functionality available via a Plus subscription plan (Elicit Plus
was 12 USD per month or 120 USD per year to subscribe, https://support.elicit.com/en/articles/471617,
as of 2024/09/30). The Plus subscription plan may be a relatively affordable option for researchers who
wish to evaluate the suitability of the Elicit platform for their data extraction (and other) needs before
committing to more pricey plans with greater allowances for data volumes, or even perform actual data
extractions on this plan. The Elicit Plus plan is sufficient for conducting one-off small- to medium-scale
evidence syntheses, with less than 300 PDFs to be extracted (ecological and evolutionary meta-analyses
may typically include a median of 23 studies22), 8 at a time, with up to 5 variables per extraction table.
Thus, we have explicitly tailored our study plan to match these user subscription plan specifications.

2.1. Datasets and variables

We based our project on the existing data from seven published systematic reviews and maps, umbrella
reviews, and meta-analyses (hereafter “systematic reviews” as they all belong to a “systematic reviews
family”)23 on diverse topics from life and environmental sciences (Supplementary Table S124–30; all
reviews were preregistered and published with accompanying data, which were either double-extracted
or cross-checked by a second researcher). The lead authors of these systematic reviews are co-authors of
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this project. They provided underlying extracted raw data and metadata for all full-text articles included
in their reviews and contributed to the study planning and evaluation phases of this project.

When planning our data re-extractions for evaluating the Elicit platform, we focused on variables
representing study scope, design, and reporting quality. This mainly included qualitative data (e.g.,
study species, locations, types of exposure/intervention) and some quantitative data (e.g., number
of included primary studies, chemical concentrations, and study durations), which are likely to be
explicitly reported as text in the included articles. We did not extract numerical values used to calculate
effect sizes because such values are often presented in figures or tables, and Elicit Plus currently does
not offer such extraction capabilities. We also considered variables related to reporting quality and
the presence of elements that could facilitate more detailed manual data extractions (e.g., presence
of funding statement, conflict of interest statement, supplementary materials, raw data, and analytical
code). If variables related to reporting quality were not extracted in an original systematic review or
meta-analysis, two researchers (M.L. and either A.M., K.M., L.R., P.P., S.N., or Y.Y.) independently
extracted them to create a gold standard answer for each additional variable. The overall accuracy
of these additional human-based data extractions was 98.6% (1.4% error rate, i.e., six mismatched
values between two human extractions out of 416 de novo double-extracted values for 26 variables
across all seven original systematic reviews—these were usually variables related to reporting quality—
presence of author contribution statement, conflict of interest statement, supplementary materials, data
availability). In two cases, one of the human extractors missed information on authors’ contributions,
in another two cases on data sharing, once on the presence conflict of interest statement, and once on
supplementary materials.

We followed a predefined extraction process in Elicit across all seven reviews, as feasible. All data
extractions were based on the main full text of published articles uploaded as PDF files into the Elicit
user workspace. The Elicit workspace facilitates the processing of uploaded files and data extraction
via standardised input boxes (variable name, description, and answer structure), and we considered this
functionality when designing and recording our project workflow.

2.2. Project workflow

Our main study workflow is presented in Figure 1. In brief, from each of the seven original systematic
reviews, we randomly sampled eight included full-text studies for conducting prompt development
(training set) and another eight full-text studies for evaluation (test set). We used the training set
to create and iteratively refine data extraction prompts in Elicit for 10 variables per review that
exceeded 87% accuracy (i.e., 7/8 correct answers per variable; as predefined in the study protocol)
when compared to the gold standard answers, while allowing a maximum of five prompt development
iterations per variable. Data extraction prompts that exceeded 87% accuracy at this development phase
were then used to extract data from a new set of eight included full-text studies (TEST phase). We then
repeated the test extraction using a different Elicit user account (RETEST) and using Elicit in a high-
accuracy mode (HATEST).

We documented the prompt development process (DEV phase), noting any alterations to the original
metadata and data from the seven published systematic reviews (e.g., pooling or changing to a free text
option when the number of categories of a variable exceeded the limit of eight categories allowed in
Elicit) and other encountered issues (Supplementary Table S2). This documentation denotes the number
of prompt development iterations per variable, and lists variables that failed to reach the threshold
of 87% accuracy, as well as new variables that were considered as replacement of the unsuccessful
variables. The table also includes initial descriptions of the variables, based on the original metadata
from the reviews, as used to construct initial data extraction prompts in Elicit, and final prompts
developed using Elicit.

In the main testing phase (TEST), we used the test set of eight studies (different from the DEV phase)
per review to evaluate the accuracy of Elicit extractions using the final prompts from the development

https://doi.org/10.1017/rsm.2026.10080 Published online by Cambridge University Press

http://doi.org/10.1017/rsm.2026.10080
https://doi.org/10.1017/rsm.2026.10080


Research Synthesis Methods 5

Figure 1. Diagram of our approach used to develop and evaluate data extractions on the Elicit
platform. We started the project with seven systematic reviews (systematic maps, meta-analyses, and
umbrella reviews) representing different topics in ecology, evolution, and environmental sciences.
We used human-extracted values from these reviews as our gold standard data and metadata as
a starting point for developing data extraction prompts in Elicit. From each review, we randomly
selected eight included articles for the prompt development phase (DEV) and another eight for the three
testing phases (TEST, RETEST, and HATEST). During the prompt development phase, we iteratively
refined this prompt until reaching >87% agreement with the gold standard data or fifth iteration.
We replaced extraction variables that did not reach this criterion with new variables until we had
ten sufficiently accurate variables per review. Selected variables coded study design and methods,
presence of supplementary materials, contributorship and conflict of interest statements, and other
review-specific information. In the TEST phase, we evaluated the accuracy of Elicit extractions on the
set of eight studies (per review) that were not used for prompt development. In the RETEST phase, we
re-ran the test using the same prompts and studies, but with a different Elicit user account to test the
replicability of the extractions. In the HATEST phase, we ran another test using high-accuracy mode
to assess whether it improved the accuracy of the data extractions. For a detailed description of the
underlying datasets and workflow phases, see the Methods section.
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phase for 10 variables per review. Here, again, we compared the answers provided by Elicit to human-
extracted gold standard data.

In order to evaluate the repeatability of extractions across user accounts in Elicit, we repeated
extractions from the TEST phase using their separate Elicit user accounts. This re-testing phase
(RETEST) allowed us to compare extractions conducted by two different Elicit users using the same
set of studies (full-text PDF files) and data extraction prompts (TEST–RETEST comparison).

However, before we analysed our data, Elicit upgraded its underlying algorithm, resulting in our
TEST results potentially not being representative of Elicit’s performance and how it changes over time
(we note that Elicit does not publicly share technical details of their models). In order to evaluate
repeatability between different versions of Elicit algorithms, we repeated all extractions from the TEST
phase. This high-accuracy-testing phase (HATEST) allowed us to compare extractions conducted by
two different versions of the Elicit algorithms using the same set of studies (full-text PDF files) and
data extraction prompts (TEST–HATEST comparison).

We exported tables with data extracted by Elicit as CSV files and manually compared them with the
human-extracted values from the completed systematic reviews (gold standard). We did not automate
these comparisons because it was necessary to account for deviations from the data formats, typos,
partial matches, and semantically equivalent answers (e.g., “not reported,” “not explicitly mentioned,”
“none,” “no,” “-”) and to interpret free-text answers provided by Elicit. We recorded the number of
matching (equivalent) answers for each combination of variable and systematic review. We then used
“Supporting quotes for . . .” and “Reasoning for . . .” fields from Elicit to elucidate the reasons for any
discrepancies between Elicit extractions and the human-extracted gold standard data. If we detected
actual errors made by human extractors, we corrected the gold standard data, as necessary, and adjusted
our assessments of extraction accuracy accordingly.

2.3. Analyses and reporting

We summarised results overall and for each of the seven original systematic reviews or meta-analyses
used in this project. Further, we also considered results across the type of extracted data (Yes/No,
number, categorical, or free text string answers) and by the category of extracted information (study
scope/design vs. reporting practice assessment).

We expressed “Accuracy” of extractions by Elicit as the percentage of the matching pairs of values
out of the total pairs of values used in a given comparison (Elicit vs. gold standard). For the prompt
development phase, we expressed “Success” as instances where accuracy exceeded the threshold of
87% (i.e., at least 7 out of 8 values per variable were extracted correctly by Elicit). For the testing phase
(TEST) and the two re-testing phases (RETEST, HATEST), we reported accuracy as well as reasons
for potential mismatches.

2.4. Deviations from the protocol

Our project deviated from the registered protocol in five ways, as outlined below.
First, we intended to implement Elicit extraction as two tables with five columns for each systematic

review. However, in practice, it was more convenient to use one table with one column to work on the
extraction variables one at a time and to export results for a single variable after each iteration of testing.
This procedural deviation from the protocol does not influence the premise of the project or its results.

Second, we excluded studies where the PDF failed to parse on upload to Elicit. These were usually
old studies stored in PDF files containing scanned text or text in other non-parsable formats.

Third, rather than rating data extracted by Elicit as either match (fully matching human-extracted
data), partial (matching some but not all available information extracted by humans), or mismatch
(completely different answer from human-extracted data), we simplified the coding to binary values
(match = 1) and (mismatch = 0). This change was necessary for interpreting free-text answers from
Elicit and the cases where Elicit provided multiple answers instead of a required single answer for
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some of the categorical variables (this feature appeared to be outside of the user’s control in Elicit). For
variables with more than eight categories in the original studies, we had to pool some of the categories
together during prompt development, because Elicit allows defining up to eight categorical answer
options. Depending on the variable, partial matches were still informative (i.e., could be considered
as a match), but not for others (mismatch), depending on the context. We documented such special
considerations as comments on variables during prompt development (Supplementary Table S2).

Fourth, on 16 May 2025, Elicit announced that all columns would now default to “high accuracy” to
provide “the most reliable paper extractions across all plans.” Previously, Basic/Plus Elicit plan users
had limited access to high-accuracy columns (one per table). A change to a high-accuracy algorithm can
be expected to significantly influence the accuracy of data extractions. To test this expectation, on 26
June 2025, we repeated all extractions from the testing phase (HATEST phase; with the high-accuracy
algorithm) and compared the results to the earlier extractions from the testing phase (TEST; without
the high-accuracy algorithm) and against the human-extracted gold standard answers.

Fifth, we had to exclude from our analyses three variables that failed in RETEST and HATEST
phases due to human error in prompt specifications (misspecified answer structures). This deviation
reduced our total sample sizes to 536 (out of the planned 560) answer values for analyses in these two
project stages only.

3. Results

3.1. Prompt development effort and success rates in Elicit

The overall prompt development success rate was 78% (70 out of 90 considered variables reached
accuracy >87% within five iterations). Per review, this success rate varied from 71% to 91%
(Supplementary Table S3). In other words, we had to try 11–14 variables per review in order to
get 10 “Successful” variables. While this was achieved within the first iteration for 30 of the 90
tested variables, 28 of the successful variables took 2 iterations, and the remaining 12 variables were
successful after 3–4 iterations. In contrast, we ran five iterations of prompt refinement for each of
the 20 “non-successful” variables that failed to reach the desired accuracy level. This means that 100
iterations of data extractions did not lead to success, out of a total of 231 iterations run across the whole
development phase (i.e., 43% of effort or time was wasted).

Next, we categorised all our variables into four types, based on the expected structure of the answer
(data type) (Figure 2). Variables that required a Yes/No answer comprised 49% of our dataset in this
phase (44 tested variables) and had an overall success rate of 82%. We had 27 variables with predefined
categorical answers (2–11 categories, e.g., sex or age class of study subjects, and type of study design),
which had an overall success rate of 70%. We had 13 variables that required Elicit to extract names
or answer with other non-predefined text (“any answer” option in Elicit; e.g., used to extract species,
database or software names, or measures with their measurement units), achieving an overall success
rate of 92%. We also had six variables that required extraction of a single number only (e.g., number
of included primary studies, number of species, number of experimental doses, or cues), but they
succeeded only half of the time. There was no statistically significant relationship between variable
type and its chance of success or failure during the prompt development phase of the project (Pearson’s
Chi-squared test; Chi-squared = 5.54, df = 3, p = 0.14).

The majority (37 out of 50) of the variables we attempted to extract were specific to only one of
our seven systematic reviews. We applied the remaining 13 variables in more than one review, with
exactly the same initial prompt. Of these, we had four variables that were used and were successful
across all seven reviews (Figure 3). These four variables coded whether a study explicitly stated
authors contributions, authors conflict of interests (or lack of such conflict), registered protocol, and
supplementary materials (all as a Yes/No answer).

Elicit also successfully extracted mentions of the PRISMA flowchart in two reviews and mentions of
the use of reporting guidelines in one review, where this information was relevant (umbrella reviews,
i.e., overviews of reviews). Elicit did not perform well in extracting information on data availability
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Figure 2. Distribution and success of extraction variables by the type of expected answer during the
prompt development phase of the project. A variable was considered “Successful” if at least seven out of
eight answer values were extracted correctly in Elicit, that is, matched human-extracted gold standard
values, within a maximum of five iterations of data extraction prompt refinement. The data underlying
this prompt development stage comprise 90 variables considered across seven systematic reviews, with
eight studies extracted per review. The “Categorical” answer structure includes categorical variables
(e.g., “Tissue measured” variable being coded as Blood, Pineal, SCN, Urinary, Retina, and Water;
“Age” being coded as Juvenile, and Adult), except the binary Yes/No answers, which are shown
separately. We used a “Yes/No” answer structure to code the presence or absence of certain information
or practices in a study (e.g., the presence of a conflict of interest statement or whether raw data are
shared). The “Name/Other” answer structure includes variables where only a name (or names, if
relevant) had to be extracted (e.g., species, software, database used in a study), or other atypical data
(e.g., a measure and a unit quantifying exposure level or duration), which is equivalent to “free text”
extraction specified as “Any answer type” in Elicit. The “Number” answer structure includes numeric
variables (e.g., simple size, number of cues in a behavioural assay).

(only succeeded for two out of six reviews) and disclosure of funding sources (only succeeded for
one out of six reviews) (Figure 3). The remaining variables that we used were directly related to the
study scope or methods and were usually specific to a particular review (i.e., used only once) and
had a mixed success during the prompt development phase (Figure 3). Variables related to reporting
quality (authors contributions, conflict of interests statement, funding sources, supplementary materials,
registered protocol, PRISMA flowchart, reporting guideline, and data availability) were as likely as
variables related to study scope or methods (e.g., study species, location, sample size, exposure dosage
or duration, and study design type) to be successful during the prompt development phase of the project
(77% and 78% success rate, respectively; Chi-squared = 0, df = 1, p = 1).

3.2. Test phase success and accuracy of Elicit

During the main testing phase (TEST), we used Elicit to extract 70 variables that were deemed
successful during the development phase. We used a new sample of eight studies from each of the
seven systematic reviews, with 10 variables tested per review (successful variables from the prompt
development phase).

Overall, 48 out of the 70 tested variables (69%) reached the expected accuracy threshold of at least
87% at this stage (i.e., at least 7/8 Elicit answers assessed as matching human-extracted gold standard
answers). Across the seven reviews, the overall success rates ranged from 50% (Yang et al.30 and Ricolfi
et al.24) to 100% (Lagisz et al.29), and the extraction accuracy varied across the variables (Figure 4).
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Figure 3. Distribution and success of 90 considered extraction variables (y-axis) across seven
systematic reviews (x-axis) during the prompt development stage. The colour of cells in the grid
indicates whether a variable failed (orange) or succeeded (green) during the prompt development
phase of the project. A variable was considered “Successful” if at least seven out of eight answer
values were extracted correctly in Elicit, that is, matched human-extracted “gold standard” values,
within a maximum of five iterations of data extraction prompt refinement. White cells indicate that a
given variable was not used in each systematic review. Where variable names and initial prompts were
identical for different reviews, they are shown on the same line.

The overall extraction accuracy during the prompt development phase and test phase was positively
related (r = 0.38, t = 3.38, df = 68, p = 0.001), indicating that more accurate data extractions during
the development phase were also more likely to be accurate during the testing phase. Similarly to the
prompt development phase, there was no association between the type of extracted variable and its
success (i.e., extraction accuracy above 87%; Chi-squared = 3.88, df = 2, p = 0.275).

We compared the accuracy of Elicit’s data extraction with the accuracy of independent data re-
extractions by two human researchers for the 26 variables that were added to the reviews in this project.
Using the equivalent subsets of values from the main testing phase, we found that human extractors had
fewer mismatches with each other (4/208 = 1.9%) than Elicit had with human gold standard answers
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Figure 4. Accuracy of data extractions performed using the Elicit platform when compared to human-
extracted gold standard answers. We tested extraction variables that passed the prompt development
stage with at least an 87% accuracy (7/8 answers correct) rating (y-axis) for each of the seven
systematic reviews (x-axis) using a new test set of eight studies distinct from the prompt development
stage per review. The colour of cells in the grid indicates the accuracy (proportion of correct answers)
of Elicit data extractions during the testing stage of the project. White cells indicate that a given
variable was not tested for a given review.

(22/208 = 10.6%; Chi-squared = 11.856, df = 1, p = 0.0006). For 13 out of 26 variables, Elicit performed
as good as humans (no mismatches), for 12 variables it made more mistakes than humans, and for one
it performed better (detecting one mention of sharing study data in Mizuno et al.28 review dataset).

3.3. Repeating Elicit data extractions with independent user accounts

To test whether data extractions are repeatable in Elicit, we repeated all extractions from the test phase
(TEST) using a different Elicit Plus user account (RETEST phase). We found that almost 90% of the
RETEST-extracted values matched exactly the TEST-extracted values (476 out of 536; Figure 5a). Both
extraction rounds also failed to extract 10 values (2%), and RETEST missed another value (which was
correctly extracted in TEST).

Most (36 out of 50) mismatched values were due to the Elicit interpretation error. These mismatches
occurred because the TEST extraction was correct, but the RETEST extraction was incorrect (19),
the TEST extraction was incorrect, but the RETEST extraction was correct (10), and both the TEST
extraction and the RETEST extraction were incorrect (6). The remaining 15 cases of mismatches were
due to differences in wording or formatting of the extracted values, but the answers could be considered
semantically equivalent and correct (Figure 5b).
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Figure 5. Comparison of results from using two different accounts in Elicit to extract 10 test
variables for each of the seven original systematic reviews (TEST–RETEST phases). Plots represent
exact matching of 536 extracted values (a), classification of the reasons of mismatched values (b),
comparisons of corresponding supporting quotes (c) and reasoning (d) provided by Elicit.

For the supporting quotes provided by Elicit to justify its extracted values, 200 of the quotes matched
between TEST and RETEST, but 248 did not (Figure 5c). Further, 88 of the data extractions had at
least one of the supporting quotes missing (18 in TEST and 16 in RETEST, and 54 both in TEST and
RETEST).

For the reasoning narratives provided by Elicit to justify its extracted values, 158 of the cases
matched between TEST and RETEST, but 377 did not (Figure 5d). Reasoning text was missing for
only one of the data extractions (TEST).

Finally, in the RETEST phase, overall accuracy was 85.6% across 67 variables and seven reviews,
when we compared Elicit-extracted data to human-extracted gold standard answers. This value was not
statistically different from the accuracy of the data extractions for the equivalent set of variables in the
TEST phase (86.6%, Chi-squared = 0.125, df = 1, p = 0.724).
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Figure 6. Comparison of results from re-running test extractions (10 test variables for each of the
7 original systematic reviews) in Elicit after the platform enabled a free high-accuracy mode for all
accounts and plans (TEST–HATEST phases). Plots represent exact matching of 536 extracted values
(a), classification of the reasons of mismatched values (b), comparisons of corresponding supporting
quotes (c), and reasoning (d) provided by Elicit.

3.4. Repeating Elicit data extractions in high-accuracy mode

To test whether using high-accuracy mode affected accuracy, we repeated all extractions from the test
phase (TEST) after all Elicit accounts were upgraded to free high-accuracy mode (HATEST phase).
We found that almost 77% of the values re-extracted after the change to high accuracy matched exactly
the values that were extracted earlier (412 out of 536; Figure 6a). Both extraction rounds also failed to
extract nine values (2%), and HATEST missed another two values (which were correctly extracted in
TEST).

Most (94 out of 122) mismatched values were due to Elicit interpretation errors. These mismatches
occurred because the TEST extraction was correct, but HATEST extraction was incorrect (60), the
TEST extraction was incorrect, but HATEST extraction was correct (26), and both the TEST extraction

https://doi.org/10.1017/rsm.2026.10080 Published online by Cambridge University Press

https://doi.org/10.1017/rsm.2026.10080


Research Synthesis Methods 13

and the HATEST extraction were incorrect (8). We further subdivided these mismatches into cases
where TEST extraction was correct, but HATEST extraction was incorrect (60), cases where TEST
extraction was incorrect, but HATEST extraction was correct (26), and cases where both TEST
extraction and HATEST extraction were incorrect (8). The remaining 28 cases of mismatches were due
to differences in wording or formatting of the extracted values, but the answers could be considered as
semantically equivalent and correct (Figure 6b).

For the supporting quotes provided by Elicit to justify its extracted values, only 51 of the quotes
matched between TEST and HATEST, while 412 did not (Figure 6c). Another 73 data extractions had
at least one of the supporting quotes missing (71 in TEST and one in HATEST, one in both TEST and
HATEST).

For the reasoning narratives provided by Elicit to justify its extracted values, none of the cases
matched between TEST and HATEST (Figure 6d). Reasoning text was missing for only one of the data
extractions (TEST).

Finally, in the HATEST phase, overall accuracy was 82.1% across 67 variables and seven reviews,
when we compared Elicit-extracted data with human-extracted gold standard answers. This value was
lower and almost statistically different (at p = 0.05 threshold) from the accuracy of the data extractions
for the equivalent set of variables in the TEST phase (86.6%, Chi-squared = 3.734, df = 1, p = 0.053).

3.5. Correcting gold standard values based on Elicit data extractions

Human-extracted data, even if double-extracted or cross-validated, can contain errors (e.g., due to
missing relevant information in the study text or coding errors). After cross-checking mismatches
between Elicit’s data extractions and our gold standard values, we detected a total of eight human-
made errors (<1%; Supplementary Table S4). We corrected these errors and accounted for them when
calculating accuracy scores for the data extractions using Elicit.

4. Discussion

4.1. Overview of results

Our work revealed four key aspects of using Elicit for data extraction for systematic reviews. First,
during the prompt development phase, we were unable to reach our extraction accuracy threshold (87%)
for 20 out of 90 tested extraction variables within five iterations of prompt refinement. Importantly,
we found that metadata (i.e., variable descriptions) from original reviews (conducted exclusively by
human reviewers) were often vague, requiring considerable effort to create clear and precise prompts for
Elicit. This raises some concerns about the reusability and repeatability of data from published reviews
and calls for more detailed documentation of data extractions performed by researchers. Second, the
accuracy of nearly one-third of the variables declined when we applied the same prompts to a new set of
studies during the testing phase using a new data subset. Third, when we repeated data extractions using
independent Elicit user accounts with identical prompts and source files, 90% of the extracted values
(476 out of 536) were consistent across accounts. However, supporting quotes and reasoning provided
by Elicit matched in only 46% and 30% of cases, respectively. Fourth, when using Elicit’s high-
accuracy algorithm mode, 77% of the extracted values (412 out of 536) exactly matched those from the
earlier test. Surprisingly, overall accuracy was slightly lower (82%). Supporting quotes matched only
10% of the time, and the wording of the reasoning behind the extractions changed completely, with no
textual overlap (0% match).

4.2. Comparison with other studies of Elicit

Our findings are broadly consistent with other studies evaluating AI technologies for data extraction. In
particular, our work complements three recent studies that assessed the use of Elicit as a data extraction
tool for systematic reviews.
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Spillias et al. conducted a pilot data extraction from 33 papers on fisheries management using
11 questions (variables).18 Ten out of 11 data extraction questions solicited open-text answers from
Elicit, which were then subject to qualitative analysis in order to compare them with human-extracted
information. The remaining question was a categorical variable with a set of predefined categories. If
the questions could not be answered based on the content of the paper being extracted, the paper was
excluded from the evaluation pool, which differs from our approach (we allowed missing information).
The quality of information extracted from the remaining 33 studies was manually graded using a
three-point scale (Poor, Fair, and Good), potentially introducing subjective bias. Overall, this approach
revealed an acceptable level of performance of Elicit, similar to human ability. In line with our results,
extraction quality varied among variables. This variation was not associated with the question difficulty
as perceived by human extractors.

Bianchi et al. extracted seven variables from 20 randomised controlled trials across several
healthcare-related topics.13 They reported that Elicit significantly deviated from human extractions
in 4% of cases, while 46% were classified as “partially equal”—meaning they were generally valid
but missing important details. Accuracy varied across variables, with “Study design” with the best
performance, and “Interventions” and “Intervention effects” with the worst performance. The authors
emphasised that human verification remains essential when using Elicit for data extraction.

Helms Andersen et al. used Elicit’s high-accuracy mode to extract 180 values from 30 articles,
achieving an overall accuracy of 91%.11 Accuracy was highest for population characteristics (100%)
and study design variables (100%), but dropped to 73% for review-specific variables. The authors
identified five cases (6%) of “hallucinations,” where the LLM-generated values were not present in the
full text or Elicit misrepresented them through incorrect labelling or rounding.

Together, these independent evaluations, along with our study, highlight both the strengths and
limitations of using Elicit for research evidence synthesis. In our workflow, we encountered several
types of challenges, including those related to developing effective extraction prompts, assessing the
accuracy of extracted data, and identifying sources of error. Below, we outline concerns related to data
extractions in Elicit.

4.3. Potential hallucinations in Elicit

As noted above, Helms Andersen et al. have already reported cases of hallucinations in Elicit. 11 While
we did not explicitly track which mismatches were caused by hallucinations, we observed several
instances where Elicit extracted incorrect values that appeared to result from this issue. For example,
Elicit occasionally detected the presence of conflict of interest statements or author contribution
statements in studies in which such statements were absent.

4.4. Misinterpretations and overinterpretations in Elicit

Elicit may interpret available information differently from human extractors. For example, we observed
numerous cases where Elicit interpreted mentions of ethics approval as evidence of a registered study
protocol. However, human researchers typically treat these as distinct categories of documentation.
In most of the assessed studies, Elicit failed to identify funding statements, even though such
statements are usually standardised and easily recognised by human extractors. As an example of
overinterpretation, Elicit (in its high-accuracy mode) reasoned that if the methods section mentioned
two authors conducting screening or data extraction, this justified coding that the author contributions
were explicitly stated. However, this does not constitute a full author contribution statement covering
all aspects of the study (the intended meaning of the coded variable). Other extraction errors appeared
to stem from the complexity of the published studies themselves, particularly those with intricate
designs or multiple experiments reported within a single article. In such cases, Elicit often struggled to
determine which parts of the study met the inclusion criteria for a systematic review and to correctly
match relevant information across different sections (e.g., methods vs. results).
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4.5. Effects of answer structures and formats in Elicit

Elicit offers a range of default pretrained extraction variables that return short free-text summaries, as
well as options to define custom variables using one of three available answer structures: Any Answer
(free text), Yes/No/Maybe (fixed categorical), and Specified (categorical with a maximum of eight
answer options). While free-text answers provide flexibility, they are problematic for systematic maps
and meta-analyses, which require variables to be coded in strictly categorical or numeric formats to
support data analysis and visualisation. To achieve this, free-text responses must be either automatically
or manually parsed and re-coded, introducing extra steps and the potential for error. For example,
in our study, we extracted the names of software or databases used. These variables were coded
categorically in some of the reviews, but due to Elicit’s limitations (e.g., inability to specify more
than eight categorical options and naming variations in the studies), we had to switch to free-text
answer structures. We then manually matched the extracted free-text responses to the gold standard
data, accounting for partial matches, a process that introduced a degree of subjectivity. Additionally,
for multilevel categorical variables, Elicit does not allow restricting responses to a single value (i.e.,
Elicit’s answer can have one or more values per study, while it is possible to request from a human
extractor to only select one most representative or relevant value). This sometimes resulted in multiple
values being extracted by Elicit per variable per study, which increased the likelihood of partial matches
rather than exact matches with the gold standard data.

4.6. Limitations in Elicit’s access to required data

In some cases, the information needed for extraction is not present in the main text of a study
or is located in parts of the document that are inaccessible to Elicit. For example, Elicit currently
cannot extract data from figures, and table extraction is unavailable to users on lower-tier accounts.
Additionally, relevant information may be contained in Supplementary Material, raw data files, or
metadata hosted on external platforms, which Elicit cannot access. Even when data are available,
they may require additional processing, such as filtering, calculations, or unit conversions, to produce
accurate values (e.g., effect sizes for specific subsets). Human extractors are generally better equipped
to locate, interpret, and process such obscure or complex information sources accurately. Using
LLM tools like Elicit requires uploading full-text PDFs, raising concerns around copyright, licensing,
and data privacy (e.g., for paywalled or proprietary content). While Elicit states that “all PDFs
you upload remain private to your account and are not shared or accessible to any other users”
(https://support.elicit.com/en/articles/723521), broader issues remain regarding long-term storage,
licensing terms, and ethical use.

4.7. Gaps in article metadata extracted by Elicit

Missing or incomplete metadata retrieval from uploaded PDF files is another noticeable issue. We
observed that Elicit often failed to extract key metadata from uploaded PDF files. In particular, it was
unable to retrieve DOIs or DOI links entirely and only partially extracted other fields such as journal
names, publication years, and, in some cases, even article titles. As a result, we had to rely on stored
file names to match data extractions to specific studies across all our trials in Elicit.

4.8. Older or less informative documents

Older articles are sometimes available in file formats that contain less structured or accessible
information. Over time, publication file standards, particularly PDF formats, have evolved to include
richer metadata and improved text structure. While Elicit can process most modern PDF formats, it
may struggle to extract information from older versions, such as scanned text-based PDFs. This can
compromise the completeness and accuracy of the extracted data. When conducting case studies on
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Elicit’s performance, image-only or scanned PDFs were excluded in our and other works11 and thus did
not contribute to the presented performance evaluation scores.

4.9. The trade-off of time investment

Our results indicate that setting up and testing data extractions is not always successful and can be
time-consuming. Some variables fail to reach the desired level of accuracy, while others require several
iterations to achieve satisfactory results. It is also difficult to predict in advance which variables will
perform well, necessitating testing across all variables under consideration and limiting the use of Elicit
to those yielding acceptable accuracy.

The key question, therefore, is whether using Elicit ultimately saves time in data extraction for
systematic reviews while delivering performance comparable to that of human reviewers. The answer
depends on the balance between the time invested in the setup and testing phases and the time saved
during the main data extraction phase. For instance, investing a week to optimise extractions in Elicit
is worthwhile if it reduces more than a week of manual labour during the main extraction stage, which
is an outcome that may be particularly relevant for large-scale systematic reviews involving hundreds
of studies, or more. It is noteworthy that Elicit can also reveal mistakes made by human extractors.
Moreover, human extractors also require time investment into process optimisation and training, which
needs to be considered when assessing the advantages of automated systems. Automated coding may
also be useful for the scoping of research questions and piloting data extractions.

4.10. Limitations and strengths of our study

Our study has limitations related to sample size and the selection of extracted variables. The number
of studies evaluated per review in each phase was relatively small, which limits the precision of our
estimates of success rates and extraction accuracy. Additionally, we did not attempt to extract numerical
values that represent (or that could be used to calculate) effect sizes, as these are often presented in
figures or tables, which Elicit currently cannot process. We could not compare extraction times between
automated and manual workflows due to a lack of timing data at the variable level for human extractors
in the original reviews.

The strengths of our study lie in its robustness and transparency. We followed a preregistered
systematic workflow, including detailed cross-validation and thorough documentation across all phases.
The systematic reviews used as the basis for our data extractions covered diverse topics and disciplines,
and the variables extracted varied in answer structure and the level of interpretation required.

5. Conclusions

Our study revealed that, in the Elicit platform, (1) developing prompts that reach a predefined level of
accuracy in data extractions requires considerable effort, (2) accuracy of extractions varies substantially,
(3) data extractions across user accounts are highly repeatable, and (4) distinct LLM algorithms for
data extraction produce different results. The variable descriptions intended for human researchers
(metadata) often require iterative refinement and testing in order to achieve accuracy on par with
human extractors, which imposes additional time cost and limits the use of Elicit for data extractions
in systematic reviews. Despite its shortcomings, Elicit offers accessible advanced functionalities for
extracting simple data from the full text of research studies and can offer some support at this
stage of the systematic review process, especially when simple data are extracted from hundreds or
thousands of studies. However, challenges remain in ensuring the quality and replicability of extracted
data, particularly when information is not explicitly reported, is presented in inaccessible formats, or
requires nuanced interpretation. Further, upgrades to the underlying algorithms implemented in the
Elicit online platform may affect performance and compromise reproducibility. Under these conditions,
we recommend integrating Elicit into a modified systematic review workflow for sanity checks or as a
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secondary extractor alongside a human reviewer for large-scale systematic reviews. A third reviewer
could then reconcile discrepancies between human- and Elicit-extracted data, thereby improving
efficiency while maintaining high accuracy.
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