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Artificial Intelligence as a Partner in Meta-Analysis—Research Agenda,
User Recommendations, and Speed–Accuracy Tradeoffs:

Commentary on Jansen et al. (2025)

Brooke N. Macnamara
Department of Psychological Sciences, Purdue University

Using a metascience framework for improving meta-analyses, Jansen et al. (2025) tested the accuracy and
efficiency of data extraction from primary studies used in meta-analyses with a range of large language
models. Efficiency was impressive: Across thousands of studies and hundreds of variables, eight large
language models took less than an hour combined to extract hundreds of thousands of data points—work
estimated to take a human coder >6,500 hr. Nevertheless, accuracy was inconsistent, ranging from high to
low depending on the variable. From these results, Jansen et al. recommended (a) a research agenda for
investigating the use of artificial intelligence (AI) for data extraction and (b) methods for using AI as a
partner for data extraction when conducting systematic reviews. This commentary expands on re-
commendations for the research agenda, such as investigating AI-induced bias, the illusion of exploratory
depth, and using AI to extract study quality data. This commentary also offers further considerations
regarding using AI as a meta-analysis partner, such as how iterative prompts might reduce coding
independence. Finally, the commentary discusses speed–accuracy tradeoffs in meta-analyses.

Public Significance Statement
This commentary evaluates the research agenda and use of artificial intelligence (AI) recommendations
for meta-analyses by Jansen et al. (2025). This comment adds to the proposed research agenda by
recommending investigations of AI-induced bias and AI-extracted study quality data and offers further
considerations for using AI as a meta-analysis partner before such processes have been tested and
evaluated. This comment contributes to improving meta-analyses in psychological research.
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Meta-analyses summarize findings, test theories, and provide a
framework for researchers to develop future investigations. High
levels of rigor during data extraction are needed to make valid
coding decisions, which, in turn, are necessary to produce reliable
and valid meta-analyses (Villiger et al., 2022). Nevertheless, high
levels of rigor are time consuming and costly. For example, in one
sample, Li et al. (2019) found that extracting variables from primary
studies took researchers anywhere from less than 1 hr to greater than
6.5 hr per article. With an aim of reducing the time needed for reliable
meta-analytic data extraction, Jansen et al. (2025) investigated the

accuracy of multiple large language models (LLMs) compared with
the data extracted by human meta-analysts.

Jansen et al.’s (2025) results suggested that using artificial intel-
ligence (AI) to extract data from primary articles compared with
human raters reflects a speed–accuracy tradeoff. Using LLMs was
substantially faster. However, the accuracy of those extractions varied
andwas consistently lower than human raters (assuming human raters
were accurate). Based on their findings, Jansen et al. recommended
(a) a research agenda for investigating the use of AI for data extraction
and (b) methods for using AI as a synthesis partner with an aim to
improve accuracy while maintaining high efficiency. This com-
mentary offers both an extension to Jansen et al.’s research agenda
and further considerations regarding some of the recommended
methods that have not yet been tested and evaluated.

Research Agenda for Investigating the
Use of AI for Data Extraction

Jansen et al. (2025) proposed a research agenda focused on
investigating efficiency and accuracy of AI for extracting data for
research syntheses. Specifically, they suggest that researchers examine
speed–accuracy tradeoffs of using AI in different roles during data
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extraction: as an assistant, an independent second coder, and a judge.
This commentary offers extensions to the proposed research agenda.
First, above all else, methodological rigor and accuracy are the

highest goals in conducting meta-analyses. To this end, several
avenues for research may be fruitful: examining AI-induced bias,
AI-induced complacency, and the illusion of exploratory breadth;
using AI to examine primary study quality; and research on AI
methodologies.

AI-Induced Bias, AI-Induced Complacency, and the
Illusion of Exploratory Breadth

Jansen et al. (2025) investigated the potential for systemic bias in
using LLMs for data extraction. Finding no differences in data
extraction accuracy depending on sociocultural context, they con-
clude that using AI for information retrieval, rather than generation,
is unlikely to suffer from bias embedded in the AI tool from training
data. However, there are other forms of bias, complacency, and
illusions that may be productive areas of investigation.

AI-Induced Bias

Automation bias occurs when users favor information coming
from an automated system over a human expert, even when it is less
accurate (Manzey et al., 2012; Mosier et al., 1997). Automation bias
can influence how users assess a situation, search for patterns, or the
frequency with which they cross-check information (Manzey et al.,
2012; Rezazade Mehrizi et al., 2023; Smith et al., 1997).
Notably, the types of systems studied when initially identifying

automation bias are rudimentary compared with AI. Non-AI auto-
mated systems are governed by nonadapting rules where the same
input produces the same output from the system in each instance. In
contrast, AI systems dynamically assess and conform to new inputs,
with many designed to mimic expert knowledge and decision
making. For these reasons, people may be especially susceptible to
AI-induced bias—overconfidently favoring information coming from
an AI over a human, even when it is less accurate (Horowitz & Kahn,
2024; Jones-Jang & Park, 2023).
Just as automation bias can influence how users assess a situation,

search for patterns, or the frequency with which they cross-check
information, AI-induced bias may influence the user’s attention and
decision making without the user’s awareness (Macnamara et al.,
2024; Wang et al., 2023). For example, even using AI to locate key
information in an article for the human to extract may bias the
researcher to prioritize the information highlighted by an AI over
unhighlighted information. This bias may be compounded when
asking an LLM to go one step further and extract the key information
for a researcher to evaluate, further removing the researcher from the
source material. Of note, the more beneficial that users perceive the
AI system to be, the more likely they are to agree with inaccurate
information presented by the AI (Küking et al., 2024).
To extend Jansen et al.’s (2025) proposed research agenda, one

recommendation is to examine how AI-induced bias affects meta-
analytic decisions differently depending on the AI’s role as an
assistant, an independent second coder, or a judge. By definition, an
assistant helps a more senior person, typically with greater decision-
making power and expertise (here, the meta-analyst). The more
domain expertise an individual has, the less they are likely to rely on
algorithms and decision aids (Parkes, 2017). As such, themeta-analyst

may be less likely to defer to an AI assistant over a higher ranking
human independent coder or their own judgment.

In contrast to an assistant, the other two proposed roles—AI as an
independent coder or as a judge—imply greater authority and
responsibility. As such,meta-analystsmay bemore prone to deferring
to the AI’s decisions, reducing the time spent on their own search
process, or limiting cross-checking. Jansen et al. (2025) provided
clear and strong recommendations for meta-analysts to take
responsibility for all final decisions in their work, regardless of the
AI’s role. Though an agreeable aim, counterintuitively, some research
has shown that the more people feel responsible for the outcome of a
task, the more they rely on an algorithm’s decisions over their own
(Van Dongen & Van Maanen, 2013).

The hypothesis that deference may depend on the AI’s role could
be tested by randomly assigning multiple skilled human researchers
to use LLMs in one of four capacities: AI as an assistant, AI as a
judge, AI as an independent second coder, and noAI. The researchers
could work independently on a new systematic review or seek to
replicate the coding of an existing systematic review that was
(presumably) originally coded by humans. Researchers working with
AI would record time durations, their prompts for the AI, the AI
output, the steps in their own search, and the source of each data point.

If AI-induced bias is an issue, then researchers working with an
AI, perhaps particularly as a judge or an independent coder, will
have more inaccuracies in their decisions compared with the no-AI
group. To help ensure that the no-AI group is the “gold standard” for
accuracy, the extracted information could be compared with the
original meta-analysis if conducting a replication or submitted to an
additional evaluation where independent researchers attempt to
uncover errors and verify decisions of the original no-AI group.
Only by empirical investigations can we determine (a) if AI-induced
bias exists in this process, and for which roles, (b) other influential
factors, and (c) best practices to mitigate AI-induced bias.

AI Aversion

On the other side of automation bias is algorithmic aversion.
Algorithmic aversion occurs when people avoid relying on algo-
rithms even when algorithms outperform humans (Dietvorst et al.,
2015; Promberger & Baron, 2006). Algorithmic aversion occurs for
multiple reasons, such as that humans, unlike most algorithms, can
explain their decision process, aim to be accurate to protect their
reputation, and are viewed as capable of taking responsibility
(Castelo et al., 2019;Önkal et al., 2009; cf. algorithmic appreciation:
when people prefer algorithmic outputs over humans; Logg et al.,
2019). Trust in algorithms depends on the algorithms’ performance,
beliefs about the algorithm’s performance, and general comfort with
using an algorithm for a task typically and historically carried out by
humans (Castelo et al., 2019). Like automation bias, algorithmic
aversion can be extended to AI—when people distrust, reject, or
avoid using AI even when the AI outperforms humans.

A goal is to find a balance between AI bias and AI aversion: where
humans rely on AI when it meets or exceeds the accuracy of humans
and refrain from using AI when it is less accurate than humans, at
least for tasks where accuracy is paramount, such as meta-analyses.
When the goal is to produce valid and reliable syntheses, accuracy
needs to be prioritized over efficiency. As methods are developed to
improve data extraction accuracy, such as those suggested by Jansen
et al. (2025), LLM data extraction may meet or exceed the accuracy
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of human coders in the future. In this case, a research agenda for
reducing AI aversion might prove beneficial.
One approach may be to ask AI to provide a detailed explanation for

decisions and portions of the article searched, as the decision process is
often obscured, leading to distrust (Cadario et al., 2021; Morewedge,
2022). That said, while more detailed explanations promote trust, they
can also lead to overreliance: Less detailed explanations can prompt
people to question a system’s reliability (Bussone et al., 2015). Future
researchers may seek to determine the optimal level of detail in an
explanation to promote use without overreliance.
Another approach may be to develop ways to disambiguate

evaluation criteria (Morewedge, 2022). Clear, objective evaluation
criteria reduce algorithm aversion (Cadario et al., 2021; Castelo et
al., 2019; Morewedge, 2022). Furthermore, clear, objective eval-
uation criteria—ideally determined a priori and preregistered—have
the additional benefit of potentially increasing accuracy, regardless
of whether raters are human, AI, or a combination.

AI-Induced Complacency

Related to automation bias, automation complacency occurs when
users rely on an automated systemwhile failing to adequately evaluate
the system’s performance (Risko & Gilbert, 2016). Automation
compliance can lead to the introduction of undetected errors and
anomalous conditions. Though relying on a trusted system has
benefits, research suggests that people may learn to become careless
(Saadeh et al., 2025), relying on automated systems even when doing
so increases errors (Parasuraman&Manzey, 2010;Wickens&Dixon,
2007). Like with AI-induced bias, people may be especially sus-
ceptible to AI-induced complacency—relying on AI while failing to
adequately evaluate the system’s performance (Saadeh et al., 2025).
Further, reliance on AI may hamper one’s skills even when not using
the AI, further reducing the user’s ability to evaluate a system and
detect its errors (Macnamara et al., 2024).
Jansen et al. (2025) took care to encourage meta-analysts to take

responsibility for the AI’s output. A direction for research may be to
develop methods for engaging in meaningful human control. For
example, future research directions may test ways for the user to
evaluate a system and detect its errors and omissions. As another
example, future research directions may include investigating how
meta-analysts can optimize iterative prompts to increase accuracy and
limit bias. Likewise, another direction is to develop guidelines for
transparency and reproducibility in this process. Though initial re-
commendations are beginning to take shape (see Thomas et al., 2025),
methods for how best to take responsibility for the AI’s outputs have
yet to be evaluated and are an excellent avenue for investigation.

Illusion of Exploratory Breadth

The rise of AI use in science has enormous potential for accel-
erated productivity; nevertheless, accelerated processes carry a risk
of decreasing scientists’ understanding of those processes and the
ultimate outcomes. The illusion of exploratory breadth is a type of
metacognitive error stemming from an incorrect belief that one has
explored the full problem space, when they have actually explored a
narrower space presented to them by the AI (Messeri & Crockett,
2024). In particular, using AI for data extraction may make meta-
analysts vulnerable to believing they are considering all possible
information rather than only what is available through the LLM.

A careful meta-analyst who is searching for information in a
primary study will read not only the primary study article but also the
supplementary materials to ensure they are aware of the entire
knowledge set associated with the primary study. Further, they may
follow links in the article to repositories that contain preregistrations,
data, or studymaterials for further information. Theywill cross check
with other versions of the primary study text, such as preprints or if
the study was originally reported in a dissertation that may contain
more details. In contrast, an LLM extracting from only the primary
study pdf can give the illusion that it has considered the whole
knowledge set for that study. An extension to Jansen et al.’s (2025)
proposed research agenda may be to measure this illusion and its
impact and then to develop methods for evaluating auxiliary study
content in conjunction with AI extraction.

Assessing Risk of Bias and Evaluating
Primary Study Quality

Another potential extension to Jansen et al.’s (2025) proposed
research agenda is to investigate how AI might be able to assess
primary study quality. Though Jansen et al. utilized risk of bias criteria
in the meta-analyses, this information was used to help extract
the timeframe, outcomes, population, interventions, context, study
design, and moderators from the primary studies—evaluating risk of
bias was outside the scope of the investigation.

Researchers have recently begun testing LLMs for evaluating risk
of bias. In a study of randomized clinical trials, Lai et al. (2024)
found that two LLMs’ accuracy of risk of bias had a wide range
depending on the domain. ChatGPT ranged from 56.7% accuracy
for assessing random sequence generation to 96.7% accuracy for
assessing blinding clinicians to condition. Claude ranged from
80.00% for assessing random sequence generation to 98.3%
accuracy for assessing blinding patients to condition. Fifty-seven
percent of the evaluative errors were due to an erroneous judgment
despite correctly identifying the rationale; the remaining 43% of
errors were due to the LLM misidentifying or failing to identify the
critical evidence in the original study.

In an analysis of cohort studies, Xia et al. (2025) also found that
three LLMs’ (Moonshot-v1-128k, ChatGPT-4o, and DeepSeek-V3)
accuracy of risk of bias had a considerable range depending on the
domain. The models’ highest accuracies were 91.67%–93.33% for
assessing outcome confidence, outcome baseline, and the complete-
ness of cohort follow-up. Accuracy judgments for assessing coin-
tervention similarity, which is the ability to isolate the critical variable
of interest, was the poorest across all three models: 66.67%, 68.33%,
and 70.00%, respectively.

Related to assessing risk of bias is evaluating the quality of the
primary studies. Evaluating the quality of primary studies is a critical
step necessary for establishing the validity of the inferences drawn
from the meta-analysis (Scherer & Emslander, 2025; Tod et al.,
2022; Valentine, 2019; Valentine & Konstantopoulos, 2016). Yet,
this step is often neglected in meta-analyses from psychology.

One reason for this neglect may be due to how time consuming the
process of evaluating primary study quality can be. Another reason
may be due to the lack of guidance on how to identify and assess
primary study quality (Scherer & Emslander, 2025). Such guidance
is particularly difficult to generalize due to different standards in
study design, implementation, reporting, and aims across disciplines
and contexts (Hohn et al., 2019; Scherer & Emslander, 2025).
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If meta-analysts prioritize efficiency, then the additional time ded-
icated to assessing primary study quality, as well as development of
guidance for assessing primary study quality, may be further
disincentivized.
A program of research that incorporates AI could be developed to

establish, evaluate, and implement guidelines for assessing primary
study quality. As part of these investigations, researchers may need
to consider the following: First, how are the criteria justified and
what type of information is necessary to determine if a study has met
a particular quality criterion? Second, how will the information be
evaluated, ensuring valid and reliable decision making? Third, how
can the criteria and decision-making process be sufficiently trans-
parent? A lack of rigor in any stage or type of extraction can lead
to erroneous meta-analytic results or signal acceptance of low
standards in meta-analytic research (Villiger et al., 2022). Any
improvements in primary study quality evaluation in meta-analyses
advance metascience.
That said, LLMs’ assessment capabilities largely depend on the

clarity of the original text. They currently lack the ability to fully
consider context, draw on additional resources or professional
knowledge, or reason about unclear statements, leading to decision
errors (Tang et al., 2023; Xia et al., 2025). Descriptions in the
original text used to evaluate risk of bias and original study quality
may be more variable than descriptions of timeframes, outcomes,
populations, interventions, contexts, study designs, and moderators.
Any program of research for improving evaluations of risk of bias
and original study quality will need to consider potential limitations
of both human experts and LLMs.

Assessing User Recommendations for Extracting Data
With AI

Jansen et al. (2025) offered multiple recommendations for using
AI to extract data for meta-analysts. Several were based on their
findings. For example, they recommend using ensembles of LLMs
over single models, which, based on their results, demonstrated
higher accuracy. Metascience research may benefit from replica-
tions and tests with various models to confirm these results.
Other recommendations by Jansen et al. (2025) have yet to be

empirically tested. These recommendations may lead to improved
accuracy of extracted effect sizes and variables. Testing the sound-
ness of these recommendations offers a worthwhile direction for
implementing a research program on AI for data extraction. Next,
the untested recommendations are described, along with additional
considerations regarding implementing these practices before their
methods have been empirically supported.

Iterative Optimization

Though iterative optimization will almost certainly improve
accuracy (Jansen et al., 2025), iterative optimization could lead to
bias for some types of information extraction. By iteratively ad-
justing prompts based on the LLM’s output, the user may be training
the AI to agree with them, as LLMs can have tendencies to prioritize
user approval over objective truth (AI sycophancy; Turner &
Eisikovits, 2026).
Iterative prompts may also stray from recommendations of

having two independent coders (Cooper, 2017; Lakens et al., 2016;
Orwin & Vevea, 2009). Though some recommendations involve

the coders engaging in periodic discussions to reach consensus
(Orwin & Vevea, 2009), it is unclear if such discussions with an
LLM would produce the same results as it would among human
coders. For example, given potential AI sycophancy (Turner &
Eisikovits, 2026) and AI social desirability (Salecha et al., 2024), it
may be the case that when there is disagreement, the LLMwill seek
to conform over disagreeing with an idiosyncratic interpretation or
pointing out a detail the user has missed. If the AI is serving in the
role as a judge, iterative prompts to shape decisions may reduce the
validity of their role as an objective arbiter.

In addition, the user may shift their own perceptions and decisions
through an iterative process. The iterative process of reading outputs
and redescribing features for extraction could lead to unrealized
changes from initial definitions. Researchers implementing this rec-
ommendation may wish to identify and preregister specific definable
study characteristics and variables prior to beginning data extraction,
taking care to reference these definitions throughout the iterative
optimization process.

Using an Additional Coder Only When the AI and
Human Disagree

One approach offered for maximizing efficiency while im-
plementing human verification is to bring in a second human coder
only when the primary coder disagrees with the majority of LLMs
on a data point (Jansen et al., 2025). In addition to this approach not
yet being tested, two further considerations are offered.

First, there are multiple decision points for how to work with an
AI that might alter the effectiveness of this approach. One example
decision point is determining who is engaging with the LLMs. If the
primary human coder is also the person iteratively optimizing
prompts in the LLMs, the primary coder might be reinforcing
agreement with their coding rather than independently verifying it.
In this case, coding will primarily reflect the primary coder’s per-
spective rather than independent agreement between a human and
AI system. If only bringing in a second coder when the human and
AI disagree, an additional human coder’s perspective will rarely be
considered. An empirical question is how decisions differ depending
on the role of the person optimizing the prompts, as well as the role
of the LLMs: independent coder, judge, or assistant.

A second concern is related to the experience of the second
human coder who only steps in as needed. Coding is a technically
demanding step in a meta-analysis, where meta-analysts face
numerous decision points that affect model outcomes (Hunt,
1997; Villiger et al., 2022). If a second coder is only asked to
occasionally engage in extraction (when the coder and AI dis-
agree), the second human coder will have less experience with the
body of literature. Coders need ample experience with the liter-
ature to properly understand study content and how it should be
coded (Cooper, 2017; Lipsey & Wilson, 2001; Villiger et al.,
2022). A quirk found in one primary study (e.g., different de-
scriptions in different parts of the article, degrees of freedom that
do not match reported sample sizes) can lead to further investi-
gation for clarity and reinforce checking for similar quirks in other
articles. A coder who is fully engaged in the extraction process
may be more likely to develop a rigorous process to find, identify,
and verify data points than one who only engages when a coder
and AI disagree.
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Conclusion

This commentary describes potential extensions to Jansen et al.’s
(2025) recommended research agenda for using AI in meta-analyses.
These suggestions include investigating potential AI-induced bias,
AI-induced complacency, and the illusion of exploratory breadth.
Another suggestion is to investigate methods for assessing primary
study quality. Further, meta-analysts are encouraged to take part in the
research agenda put forth by Jansen et al., such as comparing time
savings and error rates of AI across different roles: as an assistant, an
independent coder, and a judge. Jansen et al. should be applauded for
promoting a research agenda for meta-analyses; a goal of this com-
mentary is to offer further avenues for such a program of research.
This commentary also offers additional considerations regarding

using AI as a partner in meta-analyses. For example, researchers may
need to consider how to iteratively optimize prompts without biasing
the AI and without biasing the meta-analyst. Likewise, researchers
may need to examine how a full-time human second coder compares
with a second human who only codes during AI-primary human
coder disagreements. AI may appear to promise improvements in
productivity and objectivity, but until methods have been validated to
meet (or exceed) the accuracy of current methods, great care is
warranted.
Meta-analyses are time consuming and involve large amounts of

work, but they also have impact: Meta-analyses can test theories,
guide research directions, and influence policy. For this reason,
meta-analysts’ highest responsibility is to produce accurate results.
To this end, when choosing methodological approaches for data
extraction that offer a speed–accuracy tradeoff, it is imperative that
rigor triumph over efficiency.
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