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ABSTRACT

Aim: We aimed at comparing data extractions from randomized controlled trials by using Elicit and human reviewers.
Background: Elicit is an artificial intelligence tool which may automate specific steps in conducting systematic reviews.
However, the tool's performance and accuracy have not been independently assessed.

Methods: For comparison, we sampled 20 randomized controlled trials of which data were extracted manually from a human
reviewer. We assessed the variables study objectives, sample characteristics and size, study design, interventions, outcome measured,
and intervention effects and classified the results into “more,” * “partially equal,” and “deviating” extractions. STROBE
checklist was used to report the study.

2

equal to,

Results: We analysed 20 randomized controlled trials from 11 countries. The studies covered diverse healthcare topics. Across all
seven variables, Elicit extracted “more” data in 29.3% of cases, “equal” in 20.7%, “partially equal” in 45.7%, and “deviating” in 4.3%.
Elicit provided “more” information for the variable study design (100%) and sample characteristics (45%). In contrast, for more
nuanced variables, such as “intervention effects,” Elicit's extractions were less detailed, with 95% rated as “partially equal.”
Conclusions: Elicit was capable of extracting data partly correct for our predefined variables. Variables like “intervention
effect” or “intervention” may require a human reviewer to complete the data extraction. Our results suggest that verification by
human reviewers is necessary to ensure that all relevant information is captured completely and correctly by Elicit.
Implications: Systematic reviews are labor-intensive. Data extraction process may be facilitated by artificial intelligence tools.
Use of Elicit may require a human reviewer to double-check the extracted data.

1 | Introduction policy, clinical guidelines, and primary research [1]. The time

required for a full systematic review, which is often more than
Systematic reviews are considered the most reliable method for 2 years after the publication of a protocol, represents a signifi-
synthesizing evidence, as they adhere to a structured, rigorous, cant obstacle for both author teams and decision-makers [2].
and transparent research process. Due to their thoroughness, Artificial intelligence (AI) tools have the potential to streamline
systematic reviews have long been pivotal in shaping health the process of conducting systematic reviews, thereby reducing
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the time required and the number of errors [3]. In the study by
Affengruber et al. [1], the use of various tools, including Plot
Digitizer, ChatGPT, ExaCT, Dextr, and DAA, was evaluated for
their effectiveness in accelerating data extraction from studies.
Manual data extraction by two reviewers, supplemented by the
Plot Digitizer, exhibited comparable agreement with the origi-
nal data, with slightly higher concordance achieved using the
Plot Digitizer compared to manual extraction alone. In total,
87% of manually extracted data elements aligned with ExaCT,
leading to altered outcomes in meta-analyses. ChatGPT dem-
onstrated consistent agreement with human researchers across
various parameters, including language, target disease, natural
language processing model, sample size, and performance
metrics, with moderate to fair agreement observed for clinical
tasks and clinical implementation. User-friendliness was eval-
uated for DAA and Dextr, with both tools rated as highly user-
friendly; however, DAA scored lower on feature-based assess-
ments, while Dextr was noted for its flexible interface [1].

2 | Background

There is an Al research tool called “Elicit” which, in compari-
son to manual data extraction by trained research staff, dem-
onstrated an accuracy that was 13%-26% higher (Elicit).
However, this accuracy data were conducted and reported by
Elicit and there is—to the best of our knowledge—no full
independent research report on Elicit's accuracy. Elicit le-
verages large language models, including GPT-3, to automate
research workflows. As the accuracy data are derived from the
developers of Elicit and no alternative data are available, there
is a need to evaluate its data extraction capabilities against
human reviewers for a more robust assessment of its perform-
ance. Therefore, the aim is to evaluate and compare the data
extraction capabilities of Elicit with those of a human reviewer
to assess the accuracy and completeness of the data.

2.1 | Design

To compare the data extraction from Elicit with human ex-
tractions, we compared 20 studies of which data were extracted
manually by a human reviewer from FIT-Nursing Care versus
Elicit. This procedure was undertaken to evaluate the compar-
ative efficacy of the predefined variables (see below). FIT-
Nursing Care is a nursing knowledge platform providing study
summaries. These German summaries are developed by health
researchers using predefined data extraction fields in an online
platform [4].

2.2 | Methods and Materials
2.2.1 | Eligibility Criteria and Data Source

We considered individual and cluster randomized controlled
studies (RCTs) indexed in FIT-Nursing Care. We used the
platform-specific filter for “Intervention studies” which displayed
518 studies. We then purposively selected 20 studies which were
published on the platform after 2015 as a convenience sample.

2.2.2 | Data Comparison

2.2.2.1 | Elicit Extractions. We uploaded the studies as
PDFs into Elicit and extracted the following variables: study
objectives, sample characteristics, study design, participant
count, intervention, outcome measured, and intervention ef-
fects [5]. Two variables of Elicit were manually adjusted so that
the results could be compared with those of FIT-Nursing Care.
The commands behind the columns from Elicit are shown
in the Appendix. To examine the demographic characteristics
of the participants included in the study, the “sample char-
acteristics” column was derived from the “Population Char-
acteristics” column. We extended the command so that Elicit
also extracts, total size of the final sample and a demographic
description. Also, to extract the control intervention, we adap-
ted the “Intervention” column so that Elicit also extracts
information on the control intervention. We downloaded the
data extracted from Elicit in a Comma-Separated Values (CSV)
file and subsequently opened it in an Excel spreadsheet. We
conducted the data extraction over a 2-week period between
mid-August and September 2024.

2.2.2.2 | Human Extractions (Reference). FIT-Nursing
Care follows a defined methodological approach. Two reviewers
extract the relevant information for the variables described here
and more. The first reviewer fills in all predefined study fields
(such as background, study design, etc.) and a second reviewer
double-checks all the information. All reviewers are trained
nursing or health researchers [4]. We compared the variables
listed in Table 1. The German variables from the RCTs extracted
by a human reviewer in the FIT-Nursing Care platform were
manually transferred to the same Excel spreadsheet.

2.2.2.3 | Data Analysis. We analyzed the combined data
set from data extractions using Elicit and FIT-Nursing Care. One
person (J. B.) assessed data completeness and accuracy and clas-
sified to: “more,” “equal to,” “partially equal,” and “deviating.”
The category “more” meant that Elicit extracted more information
than a human reviewer which the human had omitted but was
correct. The second category “equal to” meant that Elicit extracted
equal information to the human reviewer. “Partially equal” meant
that Elicit extracted some equal information, but some important
data is missing. The fourth category “deviating” meant that Elicit
extracted different/wrong information than a human reviewer.
The categories were defined within the study team in a prelimi-
nary assessment of five trials which were included in the final
sample. The classification was verified by a second person (J. V.).

”

TABLE 1 | Variables of Elicit and FIT-Nursing Care.

Variables in Elicit Variables in FIT-Nursing Care

Study objectives Fragestellung/Zielsetzung

Sample characteristics Stichprobenbeschreibung
Participant count Stichprobengrosse
Study design Design
Interventions Intervention und Kontrolle
Outcome measured Primires Zielkriterium

Intervention effects Ergebnisse
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FIGURE 1 | Heatmap of the 7 variables across 20 RCTs compared
with the data extraction of Elicit versus human reviewer. Blue =*
more,” green = “equal to,” orange = “partially equal” with less infor-
mation, and red = “deviating.”

Finally, J. B. and J. V. discussed the “deviating” and “partially
equal” categories to assess the extent of the deviation. During the
peer review of our article, the fourth category, described as
“more,” was established. One author (J. B.) adapted the data ex-
traction table and the results tables. These adjustments were then
reviewed by another reviewer (J. V.). We narratively and visually
summarized the result (Figure 1). To enhance the transparency of
our results, we created a table (see Supporting Information S2:
Appendix 2: Table 2 [6-18]), which presents the categories with
one to two examples of each.

3 | Results

We compared data extractions from N =20 RCTs from 14 dif-
ferent countries (Germany, Argentina, Brazil, South Africa,
Austria, Australia, United States of America, England, Norway,
Turkey, China, Switzerland, New Zealand, and Italy), published
between 2016 and 2021. The topics of the included studies were
diverse: maternal, infant and child health, vaccination and

infection prevention, mental health and psychoeducation,
nurse-led interventions and self-management, cancer care and
survivorship, therapy and rehabilitation in older adults, symp-
tom management and patient comfort, and health decision-
making and screening. The details of the individual studies are
shown in Supporting Information S1: Appendix 1.

Data extractions were “more” by Elicit compared to human
extractions in 29.3% of the 7 variables over all 20 studies, “equal
to” in 20.7%, “partially equal” in 45.7%, and “deviating” in 4.3%
(see Figure 1 and Supporting Information S1: Appendix 1).

For the variable “study objectives,” Elicit extracted “more”
compared to human extractions in 15% (3/20 studies), “equal
to” in 45% (9/20 studies), “partially equal” with less information
being provided in 40% (8/20 studies).

Regarding the variable “sample characteristics,” Elicit was
found to have extracted “more” than a human reviewer in 45%
(9/20 studies), “equal to” in 5% (1/20 studies), “partially equal”
in 40% (8/20 studies), and in 10% of studies (2/20 studies) the
data were “deviating” from that extracted by human reviewer.

For the variable “participant count,” Elicit extracted “more”
than a human reviewer in 20% of studies (4/20 studies). In 40%
(8/20), “equal to” information was provided by Elicit. In 35% of
studies, the data extracted by Elicit was “partially equal” with
less information and 5% (1/20 studies) was “deviating” from the
data extracted by the human reviewer.

For the “study design” variable, Elicit extracted “more” in all
studies (100%) than a human reviewer.

For the variable “Interventions,” Elicit's data extraction was in
5% (1/20 studies) “more” than by the human reviewer, “equal
to” in 10% (2/20 studies), “partially equal” with less information
in 70% (14/20 studies), and in 15% (3/20 studies) “deviating.”

For “outcome measured,” the results demonstrated that in 20%
of studies, Elicit extracted “more” data than that by the human
reviewer. In 40%, the data were found to be “equal to” and in
40%, the data were found to be “partially equal” with less
information available.

For the variable “intervention effects,” 5% of the studies (1/20
studies) “more” data were extracted by Elicit than by human
reviewer; the remaining 95% were “partially equal” with less
information.

4 | Discussion

Our aim was to compare data extraction from Elicit versus a
human reviewer from FIT-Nursing Care. Overall, in just below half
of the variables which were compared Elicit extracted data that was
“partially equal.” In one-third of the data extraction, Elicit extracted
“more” than the human reviewer. Only 4.3% of the extracted data
from Elicit “deviated” from the human reviewer.

The process of extracting data from full texts is inherently labor-
intensive. Furthermore, the inconsistent application of extraction
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criteria across studies and human reviewers represents another
source of variability. Additionally, the process of information
retrieval is subject to variability in interpretation, which may also
impact the accuracy of reported effects. As with any process
involving human input, there is always the potential for human
error to negatively impact the results [3]. If an AI tool could
efficiently, accurately, and completely extract the data required it
could facilitate the review process. Several scoping reviews have
highlighted the potential of generative Al to assist in the data
extraction process [19-22]. However, Elicit has not been inde-
pendently evaluated before. Elicit has demonstrated that for
certain variables, the information can be extracted accurately, for
example, for the study design of RCTs. Elicit demonstrated pro-
ficiency, accurately extracting data and providing sufficient
information in 100% of the studies. However, this needs to be
tested for other study designs in further research. Overall, Elicit
extracted 29.3% more than humans across all 7 variables and
20 trials. This may indicate a higher sensitivity and possibly
consistency of the system in identifying information. However,
this result should be interpreted with caution, as extracting
“more” does not necessarily equate to extracting better or more
accurate information. It is questionable if the additional infor-
mation was always needed or indeed relevant. Therefore, further
studies should focus on the qualitative evaluation of the extracted
content and assess the precision and relevance of the additional
data provided by Elicit.

For the variables sample characteristics, interventions, interven-
tion effect, Elicit extracted “partially equal” with less information
than human reviewer. However, it is questionable whether a less
detailed extraction, as observed for the “intervention effect” var-
iable with only 5% complete agreement, should be rated as
“poor.” It is important to note that discrepancies in the extraction
process do not necessarily indicate inaccuracy in the results.
Rather, they suggest that Elicit has likely prioritized different
aspects than the human reviewer. It is essential to consider the
context and the specific objective of Elicit's intended use to
ascertain its suitability. It is also conceivable that the reviewer
responsible for data extraction on FIT-Nursing Care may identify
information of greater relevance than that extracted by Elicit. It is
also the case that, even with systematic reviews, different authors
extract the data differently, and the level of detail must therefore
be determined beforehand.

It is important to note the possibility that the results could be
improved by adjusting the command or configuration of Elicit.
This is exemplified by the variable “Outcome measured,” where
in 20% “more” data were extracted and in 40% “equal to” and in
40% “partially equal” with less information. It is possible that
targeted adjustments to the command underlying the variable
“outcome measured” in Elicit could increase precision, thereby
significantly enhancing the utility of the tool. However, this was
not tested as part of our project. In their mapping review, Cierco
Jimenez et al. [22] describe various Al-supported tools that can
be used during the SR process. However, the evaluation of the
accuracy and precision of these tools is missing. Our findings
are similar to previous studies analyzing the performance of Al-
supported tools. Lieberum et al. [19] show in their scoping
review several tools, such as Generative Pretrained Transformer
(GPT) and Claude, to support the data extraction process.
Blaizot et al. [21] also demonstrated in their SR, several

Al-supported tools that could facilitate the creation of an SR.
For instance, the software SWIFT-Review is used for data ex-
traction, but the software was not able to automate all aspects of
data extraction. Consequently, individual variables, such as the
sample size, had to be entered manually. A manual review of
the automated processes was also necessary to identify any
missing information in the data extraction from the software
[21]. The results in the SR from Marshall and Wallace [20]
suggest that Al-supported data extraction tools for systematic
review—such as ExaCT and RobotReviewer—have made
notable progress, but are still at an early stage of development.
Although these tools have demonstrated encouraging accuracy
rates, they are not yet sufficiently accurate to fully replace
manual data extraction. The performance of these tools is
constrained by limited and often imperfect training data, which
can reduce accuracy and reliability [20].

Further, it is important to note that Elicit is currently unable to
extract information from figures, such as flowcharts, which
represents a significant limitation. Five of the involved studies
used visual data in the form of charts, graphs, or tables [23-27].
Consequently, data extraction must be conducted manually if
information from tables and figures needs to be extracted. It is
also important to note that Elicit is subject to ongoing devel-
opment, with new features being added frequently. Since
conducting our study, Elicit has added the following features
at the start of 2025: for example, extract data from tables in
papers with high accuracy columns and is likely to amend
their product continuously.

4.1 | Limitations

First, the studies from FIT-Nursing Care were used as a refer-
ence, having been extracted by different human reviewers. Even
though these humans were educated, and data were double-
checked, we cannot exclude that different reviewers extract
data in different levels of detail. It must be acknowledged that
human data extraction is not always flawless and needs to
be performed independently in a rigorous approach. Second,
the data from FIT-Nursing Care were in German and the data
from Elicit were in English. So, there was a comparison
between German and English data extraction which could have
led to translation errors which, however, is unlikely as the
native language of the authors is German and all are proficient
in English. Furthermore, we assessed a convenience sample of
20 RCTs and further studies need to confirm our results within
a larger sample size.

5 | Conclusion

Elicit was capable of extracting data (partly) correct for our
predefined variables, particularly for variables such as the study
design. However, it is important to consider the limitations of
the tool, particularly in terms of its ability to process detailed
data and visual information. In the extraction of more complex
data, such as the variables “intervention effects” or “interven-
tion,” Elicit demonstrated to have certain deficits. Thus, human
verification is necessary to ensure that all relevant information
is captured completely and correctly by Elicit but future studies
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are needed to confirm our results. The combination of auto-
mated data extraction and human control might enhance effi-
ciency while maintaining scientific accuracy.

6 | Implications

Systematic reviews are labor-intensive. The data extraction
process may be facilitated by AI tools. In 29.3%, Elicit ex-
tracted “more” data, and in 20.7%, “equal to” information
compared to a human reviewer. However also half of the data
showed “partially equal” data or “deviating” data. Use of Elicit
may require a human reviewer to double-check the extracted
data. AI tools may facilitate the data extraction process during
synthesis. Elicit may be an important tool for other research
fields than health.
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