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Abstract

Background and Objective: It is unknown whether large language models (LLMs) may facilitate time- and resource-intensive text-
related processes in evidence appraisal. The objective was to quantify the agreement of LLMs with human consensus in appraisal of sci-
entific reporting (Preferred Reporting Items for Systematic reviews and Meta-Analyses [PRISMA]) and methodological rigor (A MeaSure-
ment Tool to Assess systematic Reviews [AMSTAR]) of systematic reviews and design of clinical trials (PRagmatic Explanatory
Continuum Indicator Summary 2 [PRECIS-2]) and to identify areas where collaboration between humans and artificial intelligence (Al)
would outperform the traditional consensus process of human raters in efficiency.

Study Design and Setting: Five LLMs (Claude-3-Opus, Claude-2, GPT-4, GPT-3.5, Mixtral-8x22B) assessed 112 systematic reviews
applying the PRISMA and AMSTAR criteria and 56 randomized controlled trials applying PRECIS-2. We quantified the agreement
between human consensus and (1) individual human raters; (2) individual LLMs; (3) combined LLMs approach; (4) human—AlI collabo-
ration. Ratings were marked as deferred (undecided) in case of inconsistency between combined LLMs or between the human rater and the
LLM.

Results: Individual human rater accuracy was 89% for PRISMA and AMSTAR, and 75% for PRECIS-2. Individual LLM accuracy was
ranging from 63% (GPT-3.5) to 70% (Claude-3-Opus) for PRISMA, 53% (GPT-3.5) to 74% (Claude-3-Opus) for AMSTAR, and 38%
(GPT-4) to 55% (GPT-3.5) for PRECIS-2. Combined LLM ratings led to accuracies of 75%—88% for PRISMA (4%—74% deferred),
74%—89% for AMSTAR (6%—84% deferred), and 64%—79% for PRECIS-2 (29%—88% deferred). Human—AI collaboration resulted
in the best accuracies from 89% to 96% for PRISMA (25/35% deferred), 91%—95% for AMSTAR (27/30% deferred), and 80%—86%
for PRECIS-2 (76/71% deferred).

Conclusion: Current LLMs alone appraised evidence worse than humans. Human—AI collaboration may reduce workload for the sec-
ond human rater for the assessment of reporting (PRISMA) and methodological rigor (AMSTAR) but not for complex tasks such as PRE-
CIS-2. © 2024 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons.
org/licenses/by/4.0/).
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What is new?

Key findings

e Evidence appraisal tools (e.g., PRISMA, AM-
STAR, PRECIS-2) are often very resource inten-
sive. LLMs may assist human raters with these
tasks.

What this adds to what was known?

e Current state-of-the-art LLMs (Claude-3-Opus,
Claude-2, GPT-4, GPT-3.5, Mixtral-8x22B) alone
performed substantially worse than humans but
their combination with a consistency approach
improved performance.

What is the implication and what should change

now?

e Human—AlI collaboration may save time for a sec-
ond human rater for PRISMA and AMSTAR.

Many evidence appraisal tools are primarily text-based
and follow instructions of varying complexity, for example,
reporting checklists or clinical trial tools such as ‘““‘Preferred
Reporting Items for Systematic reviews and Meta-Analyses™
(PRISMA) [1], “A MeaSurement Tool to Assess systematic
Reviews” (AMSTAR) [2], and ‘“PRagmatic Explanatory
Continuum Indicator Summary 2’ (PRECIS-2) [3].

Traditional machine learning and natural language pro-
cessing methods have been explored for years to extract
for example ‘“‘population, intervention, control, outcome’
information or key elements used for “risk of bias™ assess-
ments from study reports [4,5]. More advanced deep
learning applications have been applied for automatically
assessing reporting on a large scale [6].

Large language models (LLMs) such as OpenAlI’s
ChatGPT have gained great attention due to their advanced
language-processing capabilities and presumed reasoning,
beating several artificial intelligence (AI) benchmarks
[7—9]. While their potential to facilitate systematic reviews
is generally acknowledged, there is an increasing discus-
sion of their limitations and of the need for caution in using
these tools [10]. The efficacy of LLMs for screening and
data extraction for systematic reviews has been highly
mixed, but there appear to be scenarios where they can help
with these tasks [11,12].

Our objectives were to quantify the agreement of 5 indi-
vidual LLMs with human consensus in the assessment of
evidence appraisal tools of different levels of complexity:
reporting (PRISMA) and methodological rigor (AMSTAR)
of systematic reviews, and degree of pragmatism of clinical
trials (PRECIS-2). We aimed to assess how much
complexity of assessment can be handled by current LLMs
and whether their combination increases accuracy. Finally,

we aimed to combine individual human raters with LLMs
and to evaluate whether such human—AI collaboration
might outperform a traditional consensus process of multi-
ple human raters in efficiency.

2. Methods
2.1. Selecting datasets and evidence appraisal tools

We selected datasets for which independent ratings from
2 human raters and their consensus were available. The in-
dependent assessment by at least 2 human raters is the stan-
dard in systematic reviews (eg, for Cochrane reviews [13]),
and is also commonly used to assess reporting and method-
ological rigor (eg, using PRISMA [14] and AMSTAR
[14,15]), or study designs (eg, using PRECIS-2 [16]).

For reporting and methodological rigor, we used human
assessments of PRISMA and AMSTAR for 112 systematic
reviews and meta-analyses in the field of pediatric surgery
(data kindly shared by Cullis and colleagues) [14]. PRIS-
MA contains 27 items and AMSTAR 11 items
(Supplement), rated as no/yes/not applicable (NA) [1,2].
The 2 raters were content experts (British pediatric
surgeons).

For pragmatism in clinical trial design, we used human
ratings of PRECIS-2 for 56 randomized controlled trials
within the PragMeta database [16,17]. PRECIS-2 contains
nine domains (Supplement), rated ordinally from 1 (very
explanatory) to 5 (very pragmatic) or NA [3]. Human rater
1 was an experienced systematic-reviewer and metare-
searcher. Human rater 2 was either 1 of 2 experienced post-
graduate MSc students in epidemiology with special
training in PRECIS-2 assessment or a senior clinical epide-
miologist and expert in pragmatic trial design. In case hu-
man raters 1 and 2 rated differently, they discussed the
item and agreed on a consensus on equal terms.

2.2. LLMs

We used 4 proprietary LLMs (Anthropic’s Claude-3-
Opus and Claude-2 [18,19] and OpenAl’s GPT-4 and
GPT-3.5 [20,21]) and 1 open-source LLM (Mistral AI’s
Mixtral-8x22B [22]), Table 1. As of June 2024, Claude-3-
Opus and GPT-4 are among the best-performing LLMs ac-
cording to the popular Chatbot Arena [23]. To estimate the
performance gap compared to the last generation of com-
mercial ‘“flagship” LLMs, we also included the older,
smaller, and cheaper models Claude-2 and GPT-3.5. Mistral
AD’s Mixtral-8x22B is fully open source, meaning the
model can be downloaded and run locally, provided the
right hardware is available.

Claude-3-Opus was the only multimodal model we em-
ployed. To fully take advantage of the multimodality, we
converted PDF files to plain images (one PNG file per page)
for this model. This way, it processed the normal page
layout, including all figures and tables alongside the full
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Table 1. LLMs used: name, context length, timeframe of queries and API used, median cost and response time per publication.

Context length,
n tokens (words)

200k (~150k)

Median cost (IQR) and response
time per publication

$ 0.40 (0.14-0.78) ~1-2 mins

Company: LLM name (exact version identifier) Time of queries and API used

April 2024 via Anthropic

Anthropic: Claude-3-Opus
(claude-3-opus-20240229)

Anthropic: Claude-2 (claude-2.0) 100k (~75k) September 2023 via OpenRouter $ 0.19 (0.09-0.81) ~1 minute
OpenAl: GPT-4 (gpt-4-32k-0613) 32k (~24k) September 2023 via OpenRouter $ 1.15 (0.65-1.98) ~2 mins
OpenAl: GPT-3.5 (gpt-3.5-turbo-16k-0613) 16k (~12k) August 7, 2023 via OpenAl $ 0.06 (0.03-0.10) ~10's

Mistral Al: Mixtral-8x22B 64k (~48k) April 2024 via OpenRouter $ 0.012 (0.010-0.017) ~ 1-2 mins

(Mixtral-8x22b-instruct-v0.1)

API, application programming interface; LLM, large language model.

text, which it extracted itself by implicitly performing opti-
cal character recognition. The 4 other models could only
process full text (extracted by us) and no images. While
later versions of GPT-4 were also multimodal, the version
we used (gpt-4-32k-0613) had no vision capabilities yet.
Details on LLM queries, prompt engineering, and the

Bootstrapping with 1000 resamples on the publication-
level was performed to derive 95% Cls.

We performed 4 analyses for each of the 3 evidence
appraisal tools (PRISMA, AMSTAR, PRECIS-2) (Fig 1)
while also quantifying resources used for LLMs (costs
and time effort).

extraction of ratings and quotes can be found the

Supplementary Methods. (1) Human consensus vs individual human raters

(2) Human consensus vs individual LLMs (Claude-3-
Opus, Claude-2, GPT-4, GPT-3.5, Mixtral-8x22B)
(3) Human consensus vs combined LLMs: consistency
approach
Combining multiple assessments from LLMs in a
“consistency” approach improves performance in
biomedical and general contexts beyond using only
a single assessment [24,25]. We combined a total of
nine LLM assessments: 2 X Claude-3-Opus,
2 x Claude-2, 1 x GPT-4 (due to high costs),
2 x GPT-3.5, 2 x Mixtral-8x22B [26].
Inconsistent responses without alignment among 5
to nine out of the nine LLM assessments (the

2.3. Analyses and outcomes

2.3.1. Agreement with human consensus

Our main outcome was agreement with human
consensus measured by accuracy (agreement fraction, i.e.,
the proportion of identical ratings between rater and human
consensus) and Cohen’s kappa. For the ordinal PRECIS-2
ratings, responses 1 and 2 (“very” and ‘“mostly explana-
tory’’) were pooled to “1/2” and responses 4 and 5 (*‘very”
and “mostly pragmatic’’) to “4/5” and a weighted version
of Cohen’s kappa was used (Supplementary Table I).

1) Human Raters = Consensus 2) Individual LLMs = 3) Combined LLMs 4) Human-Al Collaboration

&&= | HERELE-dmgE: SELE=>E:
Item1l Yes Yes Yes 1 Yes Yes Yes Yes Yes 1 Yes Yes Yes
Item2 Yes No No 2 NA No Yes Deferred Deferred 2 Yes NA Deferred
Item3 NA No NA 3 NA No No No Deferred 3 NA NA NA
Item4 Yes NA Yes 4  Yes NA  Yes Yes  Deferred 4 Yes Yes Yes

Z@Xﬁ% 50% 100% Z@375% 50% 50% 67% 100% Z@75% 75% 100%

Agreement w/ human consensus Agreement w/ human consensus Agreement w/ human consensus

25% 75% 25%
Deferring fraction Deferring fraction

Figure 1. Schematic overview of the main outcome accuracy (agreement with human consensus, in blue) for a hypothetical tool with 4 items in a
single publication. (1) Two human raters independently rate each item and agree on a consensus. (2) Three individual LLMs independently rate
each item and are compared to human consensus. (3) They are combined using a consistency approach, using either all responses consistent in at
least 2 out of 3 LLMs or all 3/3 LLMs. The proportion of inconsistent ratings is the deferring fraction and agreement is only calculated on the consis-
tent ones. (4) A human rater is combined with an LLM: only items consistent between human and LLM are compared to human consensus and the
remaining ones are deferred. LLM, large language model.
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Figure 2. Confusion matrices for “‘agreement’ (blue) and “‘disagreement” (red) with human consensus for the three tools (in rows). For 3) and 4),
“‘deferred’” (gray) refers to the proportion of responses inconsistent between LLMs or between human and LLM, which are thus considered unclear
and deferred to a (second) human rater. Accuracy is only calculated for consistent responses, which thus represent a hypothetical workload reduc-
tion. AMSTAR, A MeaSurement Tool to Assess systematic Reviews; PRECIS-2, PRagmatic-Explanatory Continuum Indicator Summary-2; LLM,
large language model; PRISMA, Preferred Reporting Items for Systematic reviews and Meta-Analyses.

““consistency-threshold’”) were considered uncertain
and thus ‘““deferred to human raters”. In a practical
application of this approach, human raters would then
have to decide through their normal consensus pro-

increase with increasing consistency thresholds at
the cost of higher deferring fractions, that is, higher
proportions of deferred responses among all re-
sponses (as seen by others, e.g., Figure 3 in [24]).

cess.
We assumed that agreement with human
consensus of the nondeferred responses would

(4) Human consensus vs human—AI collaboration
We combined ratings of individual human raters

1.00 A

: Consistency
O 5/9 consistent

6/9 consistent

0.75 4

7/9 consistent

8/9 consistent

X + D> o

0.50 o 9/9 consistent

Tool
~o~ PRISMA

0.25
—o— AMSTAR

Agreement with human consensus

—o- PRECIS-2

0.00 4

050
Deferring fraction
Figure 3. Combined LLMs through consistency approach. Combining all 12 LLM ratings per tool and using only the responses that are consistent

among 5-9 out of nine ratings led to increasing performances for all 3 tools measured by accuracy. This comes at the cost of an increasing ‘‘defer-
ring fraction”, comprising the inconsistent responses. Combining LLMs thus allows an estimation of uncertainty.
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with individual LLM ratings for each of the three
tools. Items where the LLM aligned with the human
rater were compared to human consensus. Inconsis-
tent items were considered uncertain and thus ‘““de-
ferred to a second human rater”. In a practical
application of this approach, the first and second hu-
man rater would then have to go through their normal
consensus process.

For both (3) and (4), accuracy and kappa have to be in-
terpreted in combination with the deferring fraction.

2.3.2. Reliability

We performed LLM prompts twice (ie, in duplicate for
Claude-3-Opus, Claude-2, GPT-4 [only 25% of publica-
tions, due to high cost], GPT-3.5, Mixtral-8x22B) and
compared the ratings of each of the 2 runs. Due to the na-
ture of LLMs, these duplicate runs are not independent,
which is why we consider their agreement “intrarater reli-
ability”. All application programming interface (API)
queries were performed with minimal randomness (‘‘tem-
perature” 0) to allow the highest possible intrarater

reliability. We compared LLM intrarater reliability with hu-
man inter-rater reliability.

2.3.3. Code and data availability

API querying, extraction of ratings, fixing minor format-
ting issues, and quantification of quote accuracy were per-
formed in Python 3.11.4 using the parasail and rapidfuzz
libraries [27,28]. Statistical analyses and visualizations
were performed in R 4.3.

Codes and data are openly available on GitHub [29]. All
prompt templates are in the Supplement. We provide a web
dashboard which allows interactive exploration of results
[26].

3. Results
3.1. Agreement with human consensus

3.1.1. Individual human raters
Accuracies of human raters 1 and 2 were 89% and 90%
for PRISMA, 89% and 89% for AMSTAR, and 75% and

Table 2. Comparison of agreement between human consensus and (1) individual human rater 1; and (2) individual LLMs (Claude-3-Opus, Claude-2,

GPT-4, GPT-3.5, Mixtral-8x22B) and their reliability

Agreement with human consensus

Reliability

Rater Cohen’s kappa (95% CI)

Agreement (%, 95% CI)

Cohen’s kappa (95% CI) Agreement (%, 95% CI)

PRISMA (27 items x 112 publications = up to 3024 ratings)

0.84 (0.80—0.88)°

(1) Human Rater 1
(2) Claude-3-Opus
(2) Claude-2

(2) GPT-4

(2) GPT-3.5

(2) Mixtral-8x22B

0.81 (0.78-0.83)
0.51 (0.47—0.55)°
0.51 (0.47—0.55)
0.45 (0.42—0.48)°
0.40 (0.37—0.44)°

0.42 (0.37—0.47)°

2686/3024 (89%, 87%—90%)
2073/2943 (70%, 68%—72%)"
2116/3024 (70%, 68%—72%)
2018/2943 (69%, 66%—71%)°
1868/2943 (63%, 62%—66%)"

1922/2997 (64%, 61%—67%)"

AMSTAR (11 items x 112 publications = up to 1232 ratings)

(1) Human Rater 1
(2) Claude-3-Opus
(2) Claude-2

(2) GPT-4

(2) GPT-3.5

(2) Mixtral-8x22B

0.80 (0.76—0.83)
0.56 (0.52—0.60)°
0.39 (0.34—0.43)
0.45 (0.40—0.51)°
0.27 (0.22—-0.32)
0.34 (0.29-0.39)°

1096/1232 (89%, 87%—91%)
888/1199 (74%, 72%—76%)"
777/1232 (63%, 60%—66%)
836/1199 (70%, 67%—73%)"
652/1232 (53%, 50%—56%)
726/1221 (59%, 56%-63%)"

PRECIS-2 (9 items x 56 publications = up to 504 ratings)

1) Human Rater 1
2) Claude-3-Opus
2) Claude-2

2) GPT-4

2) GPT-3.5

(
(
(
(
(
(2) Mixtral-8x22B

0.57 (0.48-0.65)
0.12 (0.06—0.19)
0.01 (—0.08 to 0.08)
0.02 (—0.04 to 0.08)

0.04 (—0.05 to 0.12)°

0.05 (-0.03 to 0.13)

379/504 (75%, 70%—80%)
225/504 (45%, 40%—49%)
222/504 (44%, 39%—49%)
193/504 (38%, 33%—43%)
265/486 (55%, 50%—58%)"
244/504 (48%, 43%—54%)

0.68 (0.64-0.71)°
0.83 (0.80—0.85)
0.80 (0.72—0.86)°
0.90 (0.87—0.93)°

0.46 (0.40—0.52)°

0.77 (0.72—0.82)°
0.68 (0.63—-0.72)°
0.91 (0.87—0.94)
0.79 (0.68—0.87)°
0.79 (0.73-0.83)
0.44 (0.38-0.50)°

0.29 (0.20-0.37)
0.65 (0.57—0.71)
0.71 (0.63—0.77)
0.68 (0.52—0.80)°
0.62 (0.52—0.71)°

0.40 (0.29-0.50)

2384/2619 (91%, 89%—93%)"
2318/2889 (80%, 78%-82%)"
2695/3024 (89%, 87%—91%)
677/756 (90%, 85%—93%)°

2762/2943 (94%, 92%—96%)"

1997/2997 (67%, 63%—70%)"

936/1067 (88%, 85%—90%)°
947/1177 (80%, 78%—83%)°
1163/1232 (94%, 92%—96%)
274/308 (89%, 83%—94%)°

1067/1232 (87%, 83%—90%)
784/1221 (64%, 60%—68%)°

288/504 (57%, 51%—63%)
364/504 (72%, 68%—77%)
384/504 (76%, 71%—81%)
80/126 (63%, 52%—75%)°

370/477 (78%, 71%—84%)°

305/504 (61%, 54%—67%)

AMSTAR, A MeaSurement Tool to Assess systematic Reviews; LLM, large language model; PRECIS-2, PRagmatic Explanatory Continuum In-
dicator Summary 2; PRISMA, Preferred Reporting Items for Systematic reviews and Meta-Analyses.

@ For human rater 2 ratings for 15 publications missing for PRISMA and AMSTAR.

b Responses for 1-3 publications unsuccessful and thus missing.

¢ GPT-4 intrarater reliability based on 25% of publications (28 for PRISMA & AMSTAR, 14 for PRECIS-2).
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System prompt

User prompt

This is the full text to be assessed: <722.txt>

1. Extract 1-3 relevant quotes from the full text.
2. Explain your reasoning in 1 paragraph.

Response (3 of 9 domains)

1. Eligibility criteria

hydrochlorothiazide 12.5 mg."

- Score [4].

2. Recruitment

January 2010 and May 2012."

- Score: [NA]
3. Setting

intervals thereafter."

- Score [5].

Box 1 Prompt and example response for GPT-4 / PRECIS-2

You are an expert in clinical trial design and are tasked to assess the PRECIS-2 scores of a trial based on the full text
of its publication. You have the briefing in the attached "Loudon 2015 shortened.txt" and "PRECIS Toolkit page 4.txt".
<Loudon 2015 shortened.txt> <PRECIS Toolkit page 4.txt>

For each of the nine domains of PRECIS-2, perform the following steps.

3. Give a score X from 1 (very explanatory) to 5 (very pragmatic) in square brackets like this: "Score: [X]". If the full
text does not contain enough information to assess a specific domain, report "Score: [NA]".

Do not provide a final summary paragraph in the end.

- Quote: "Participants had established CVD or an estimated 5-year CVD risk of 15%, with indications for antiplatelet,
statin and 2 blood pressure lowering drugs (‘combination treatment’). Participants randomized to the ‘polypill-based
strategy’ received a polypill containing aspirin 75 mg, simvastatin 40 mg, lisinopril 10 mg and either atenolol 50 mg or

- Reasoning: The trial includes participants with established cardiovascular disease or a high risk of cardiovascular

disease, which is a broad and inclusive group. However, the trial does exclude individuals who do not have indi-
cations for the combination treatment, which is a somewhat restrictive criterion.

- Quote: "A total of 623 participants were randomized from 33 centers (12 Aboriginal Medical Services) between
- Reasoning: The trial recruited participants from a variety of centers, including Aboriginal Medical Services, which

suggests a pragmatic approach to recruitment. However, the text does not provide detailed information about the
recruitment process, such as whether participants were recruited through usual appointments or other methods.

- Quote: "Participants attended the primary health-care centers for trial assessments at randomization and 12 month

- Reasoning: The trial was conducted in primary health care centers, which is a typical setting for the delivery of the
intervention in usual care. This suggests a pragmatic approach to the setting.

73% for PRECIS-2, respectively (Table 2, Fig 2,
Supplementary Figs 1-6).

3.1.2. Individual LLMs

For PRISMA, individual LLM accuracies ranged from
63% (GPT-3.5) to 70% (Claude-3-Opus), for AMSTAR
from 53% (GPT-3.5) to 74% (Claude-3-Opus), and for
PRECIS-2 from 38% (GPT-4) to 55% (GPT-3.5) (Table 2,

Fig 2, Supplementary Figs 7-21). The Box 1 shows an
exemplary GPT-4 prompt and response for PRECIS-2.
While differences in the prompts used complicate com-
parisons between individual LLMs, averaging their perfor-
mance nevertheless gives a broad overview: The best
average accuracy was achieved by Claude-3-Opus (63%),
followed by Claude-2 (59%), GPT-4 (59%), Mixtral-
8x22B (57%), and GPT-3.5 (57%). This ranking is also
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reflected by their average kappas: 0.40, 0.30, 0.31, 0.27,
and 0.24, respectively.

3.1.3. Combined LLMs: consistency approach

All nine LLM assessments were combined using only
ratings consistent in a majority of LLM assessments. Re-
sponses without such a consistent majority would be de-
ferred to human raters. This approach led to substantial
improvements with accuracies ranging from 75% to 88%
for PRISMA (while deferring 4%-74% of ratings), from
74% to 89% for AMSTAR (while deferring 6%-84% of rat-
ings), and from 64% to 79% for PRECIS-2 (with deferring
fractions from 29% to 88%) (Fig 2, Supplementary Figs 22-
36). By consecutively increasing the consistency threshold

from >5/9 to finally 9/9, accuracies and deferring fractions
increased gradually (Fig 3). The performance of combined
LLMs at high-consistency thresholds (9/9 for PRISMA and
AMSTAR and >8/9 for PRECIS-2) was statistically indif-
ferent from human performance, evidenced by overlapping
CIs for both accuracy and kappa, Table 3.

3.1.4. Human—AlI collaboration

For PRISMA, combining human rater 1 with individual
LLMs by only considering ratings consistent between hu-
man and LLM led to accuracies ranging from 89% (GPT-
4) to 96% (Claude-2) while deferring 25% and 35%
of responses to the second human rater, respectively.
Conversely, this would spare the second human rater 65%

Table 3. Comparison of agreement between human consensus and (3) combined LLMs (consistent in 5 to 9 of 9 LLM ratings), (4) human-Al
collaboration for each of the 3 tools. The confidence intervals of bold cells are not overlapping with those of the human rater alone (compare Table 1)

Rater Cohen’s kappa (95% Cl)

Agreement (%, 95% Cl) Deferring fraction (%, 95% CI)

PRISMA (27 items x 112 publications = up to 3024 ratings)
(3) Combined LLMs (consistent in 9/9) 0.77 (0.72—0.81)
(3) Combined LLMs (consistent in 8/9) 0.76 (0.72—0.79)
(3) Combined LLMs (consistent in 7/9) 0.71 (0.68-0.74)
(3) Combined LLMs (consistent in 6/9) 0.65 (0.62—0.68)
(3) Combined LLMs (consistent in 5/9) 0.59 (0.55-0.62)
(4) Human Rater 1 & Claude-3-Opus 0.90 (0.88—0.93)"
(4) Human Rater 1 & Claude-2 0.92 (0.90—-0.94)
(4) Human Rater 1 & GPT-4 0.81 (0.78-0.83)°
(4) Human Rater 1 & GPT-3.5 0.91 (0.88—0.94)°
(4) Human Rater 1 & Mixtral-8x22B 0.92 (0.89—0.94)°

AMSTAR (11 items x 112 publications = up to 1232 ratings)
(3) Combined LLMs (consistent in 9/9) 0.82 (0.75-0.89)
(3) Combined LLMs (consistent in 8/9) 0.73 (0.66—-0.79)
(3) Combined LLMs (consistent in 7/9) 0.68 (0.63—0.73)
(3) Combined LLMs (consistent in 6/9) 0.62 (0.58-0.66)
(3) Combined LLMs (consistent in 5/9) 0.56 (0.52—0.60)
(4) Human Rater 1 & Claude-3-Opus 0.92 (0.89—0.94)°
(4) Human Rater 1 & Claude-2 0.88 (0.85—-0.91)
(4) Human Rater 1 & GPT-4 0.83 (0.80—0.87)°
(4) Human Rater 1 & GPT-3.5 0.93 (0.90—0.96)

(4) Human Rater 1 & Mixtral-8x22B 0.91 (0.87—0.94)°

PRECIS-2 (9 items x 56 publications = up to 504 ratings)

(3) Combined LLMs (consistent in 9/9) 0.49 (0.20—-0.73)
(3) Combined LLMs (consistent in 8/9) 0.32 (0.04—-0.57)
(3) Combined LLMs (consistent in 7/9) 0.22 (0.05—-0.40)
(3) Combined LLMs (consistent in 6/9) 0.17 (0.04—-0.32)
(3) Combined LLMs (consistent in 5/9) 0.11 (0.01-0.22)
(4) Human Rater 1 & Claude-3-Opus 0.73 (0.62—-0.83)
(4) Human Rater 1 & Claude-2 0.56 (0.35—-0.76)
(4) Human Rater 1 & GPT-4 0.63 (0.49-0.76)
(4) Human Rater 1 & GPT-3.5 0.68 (0.49—-0.83)°

(4) Human Rater 1 & Mixtral-8x22B 0.61 (0.45-0.77)

6791776 (88%, 85%—90%)
1216/1416 (86%, 84%—88%)
1627/1958 (83%, 81%—85%)
1941/2449 (79%, 78%—81%)
2180/2899 (75%, 73%—77%)
1878/1989 (94%, 93%—96%)"
1883/1970 (96%, 94%—97%)
1955/2194 (89%, 87%-91%)"
1653/1740 (95%, 93%—97%)"

1715/1801 (95%, 94%—97 %)*

2248/3024 (74%, 72%—77%)
1608/3024 (53%, 50%—56%)
1066/3024 (35%, 33%—38%)
575/3024 (19%, 17%—21%)
125/3024 (4%, 3%—5%)
954/2943 (32%, 30%—34%)"
1054/3024 (35%, 33%—37%)
749/2943 (25%, 23%-28%)°
1203/2943 (41%, 39%—43%)*

1196/2997 (40%, 37%—44%)?

173/194 (89%, 85%—94%)
342/410 (83%, 79%—87%)
528/654 (81%, 78%—84%)
713/921 (77%, 75%—80%)
863/1164 (74%, 72%—76%)
798/837 (95%, 94%—97%)°
703/753 (93%, 92%—95%)
793/872 (91%, 89%—93%)?
563/587 (96%, 94%—97%)
643/679 (95%, 93%-96%)°

1038/1232 (84%, 82%—87%)
822/1232 (67%, 64%—70%)
578/1232 (47%, 44%—50%)
311/1232 (25%, 23%—28%)
68/1232 (6%, 4%—7%)
362/1199 (30%, 28%—33%)®
479/1232 (39%, 36%-42%)
327/1199 (27%, 25%—30%)"
645/1232 (52%, 49%—56%)
542/1221 (44%, 41%—48%)"

49/62 (79%, 67%—89%)
79/106 (75%, 65%—83%)
116/163 (71%, 64%—78%)
164/239 (69%, 63%—74%)
266/415 (64%, 58%—69%)
106/127 (83%, 77%—90%)
101/126 (80%, 72%—88%)
98/123 (80%, 72%—87%)
119/139 (86%, 79%—91%)"

123/149 (83%, 76%—89%)

442/504 (88%, 84%—91%)
398/504 (79%, 74%—84%)
341/504 (68%, 62%—73%)
265/504 (53%, 47 %—58%)
89/504 (18%, 14%—21%)

377/504 (75%, 72%—78%)
378/504 (75%, 71%—79%)
381/504 (76%, 72%—80%)
347/486 (71%, 68%—75%)°

355/504 (70%, 66%—75%)

AMSTAR, A MeaSurement Tool to Assess systematic Reviews; LLM, large language model; PRECIS-2, PRagmatic Explanatory Continuum In-
dicator Summary 2; PRISMA, Preferred Reporting Items for Systematic reviews and Meta-Analyses.

@ Responses for 1-3 publications unsuccessful and thus missing.
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of responses when accepting 96% accuracy, that is, 1 wrong
response for every ~25 responses spared. Human—AlI
collaboration with Claude-3-Opus, Claude-2, GPT-3.5,
and Mixtral-8x22B led to significantly more accurate re-
sponses than either human rater 1 or 2 alone (8 of 10
possible human—AI pairs, Table 3, Figure 2,
Supplementary Table 2, Supplementary Figures 37-41).

For AMSTAR, human—AI collaboration led
to accuracies ranging from 91% (GPT-4) to 95% (Claude-
3-Opus) while deferring 27% and 30% of responses,
respectively. Conversely, this would spare the second hu-
man rater 70% responses when accepting 95% accuracy,
that is, 1 wrong response for every ~20 responses spared.
Human—AI collaboration with Claude-3-Opus, Claude-2,
GPT-3.5, and Mixtral-8x22B led to significantly more accu-
rate responses than either human rater 1 or 2 alone (8 of 10
possible human—AI pairs, Table 3, Figure 2,
Supplementary Table 2, Supplementary Figures 42-46).

For PRECIS-2, accuracies were ranging from 80%
(GPT-4) to 86% (GPT-3.5) while deferring 76% and 71%
of responses, respectively. Conversely, this would spare
the second human rater 29% of responses when accepting
86% accuracy, that is, 1 wrong response for every ~7 re-
sponses spared. Only the combination of human rater 2
with GPT-3.5 led to significantly more accurate responses
than human rater 2 alone (1 of 10 possible human—AI
pairs, Table 3, Figure 2, Supplementary Table 2,
Supplementary Figures 47-51).

In all cases, median agreements with human consensus
and deferring fractions for individual publications and for
individual items were very similar to the overall metrics
(Supplementary Figures 1-51).

3.2. Reliability

Human inter-rater reliability measured by agreement
was 91%, 88%, and 57% and by kappa 0.84, 0.77, nd
0.29 for PRISMA, AMSTAR, and PRECIS-2, respectively.

For PRISMA, intrarater reliability of LLMs was similar
to human inter-rater-reliability for Claude-2, GPT-4, and
GPT-3.5 but worse for Claude-3-Opus and Mixtral-
8x22B. For AMSTAR, it was better than humans for
Claude-2, similar for GPT-4 and GPT-3.5, but worse for
Claude-3-Opus and Mixtral-8x22B. For PRECIS-2, it was
better than humans for Claude-3-Opus, Claude-2, GPT-4,
and GPT-3.5, and similar for Mixtral-8x22B (Table 2).

3.3. Cost, effort, formatting, and quoting accuracy

Mixtral-8x22B was the most affordable model with a
median of $1.20 per 100 papers and GPT-4 the most expen-
sive one with a median of $115.00. Model response speeds
were ranging from ~10 seconds (GPT-3.5) to 2 minutes
(GPT-4) per paper (Table 1). Rarely, API rate limits
required a break until the end of the day to continue calling
Claude-3-Opus, Claude-2, and GPT-4.

Claude-3-Opus could persistently not process 3 of 112
(2.7%) publications for PRISMA and AMSTAR because
of the output being blocked by Anthropic’s content filtering
policy or being too long. Claude-2 was able to process all
publications. GPT-4 could not process 3 lengthy publica-
tions (2.7%) for PRISMA and AMSTAR combined due to
its context length. GPT-3.5 could persistently not process
3 of 112 publications (2.7%) for PRISMA and 2 of 56 pub-
lications (3.6%) for PRECIS-2. Mixtral-8x22B could
persistently not process 1/112 publications (1%) for PRIS-
MA and AMSTAR. Claude-3-Opus, GPT-3.5, and Mixtral-
8x22B had to be reprompted several times for up to 13% of
publications until success. Claude-3-Opus and Claude-2
rarely and GPT-3.5 and Mixtral-8x22B often exhibited mi-
nor automatically fixable formatting issues like forgotten
squared brackets around ratings or wrong responses like
“[Unclear]” (Supplementary Table 3).

All prompts required the LLMs to “‘extract 1-3 relevant
quotes from the full text” per item. For PRISMA (27
items), a median of 14 quotes (range 5-17) were provided
per publication, 0.5 quotes/item. For AMSTAR (11 items),
a median of 7 quotes (range 4-8) were provided per publi-
cation, 0.6 quotes/item. For PRECIS-2 (9 domains), a me-
dian of 10 quotes (range 9-10) were provided per
publication, 1 quote/domain. Claude-3-Opus, Claude-2,
and Mixtral-8x22B sometimes quoted from the provided
briefings instead of the full text to be assessed, which
was not part of the instructions, while GPT-4 and GPT-
3.5 rarely did this. The median quote similarity with the
original full text was 99%, with some quotes slightly short-
ened (eg, removing references or brackets) or rephrased
(Supplementary Table 3).

4. Discussion

This analysis of the agreement of LLMs with human
consensus in evidence appraisal of different levels of
complexity identified some areas where human—AI collab-
oration might outperform a traditional consensus process of
human raters in efficiency but also indicated clear
limitations.

Individual LLMs performed significantly worse than hu-
mans for all three evidence appraisal tools. They generally
performed best for reporting assessment with PRISMA, fol-
lowed by the assessment of systematic review methodolog-
ical rigor with AMSTAR. For the assessment of clinical
trial pragmatism through PRECIS-2, the accuracy was poor
and not useful in research practice. This graded perfor-
mance likely reflects the increasing complexity between
these tasks. Reporting assessment with PRISMA is almost
exclusively a task of text and language assessment, thus
an optimal scenario for LLMs. AMSTAR uses (like many
risk-of-bias tools) checklists and questions where specific
words and phrases are highly indicative of methodological
features (eg, ‘“‘systematic search™, ‘“‘gray literature™) and
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sufficient for a superficial categorization. Contrarily, prag-
matism of clinical trials (PRECIS-2) is determined by com-
plex features, and it requires more than a search for specific
signal words and phrases. This increasing complexity may
also be reflected by the decreasing human inter-rater reli-
ability with 91% for PRISMA, 88% for AMSTAR, and
57% for PRECIS-2.

Claude-3-Opus performed best for PRISMA and AM-
STAR, followed by Claude-2 and GPT-4, while the smallest
and cheapest models GPT-3.5 and Mixtral-8x22B per-
formed worst. Interestingly however, this ranking was
somewhat inverted for PRECIS-2: Claude-3-Opus,
Claude-2, and GPT-4 performed worse than GPT-3.5 and
Mixtral-8x22B. This highlights that newer and larger LLMs
do not always perform better. We believe this counterintu-
itive paradox can be explained by differences in prompts,
model “personality,” and class imbalance: The dataset used
to assess PRECIS-2 contained mostly pragmatic trials and
few explanatory ones. The smaller, simpler models might
somehow be biased toward more pragmatic scores,
compared to the otherwise better performing larger models
Claude-3-Opus, Claude-2, and GPT-4, which might be
trained to be more balanced. Of note, the fully open source
Mixtral-8x22B on average performed better than the pro-
prietary GPT-3.5.

Combining all LLM assessments led to increasing accu-
racies and deferring fractions with increasing consistency
thresholds. At the highest consistency-thresholds, perfor-
mance reached that of human raters, albeit only for few re-
sponses due to very high deferring fractions. Selecting only
consistent majority ratings and filtering out inconsistent
ones can also be regarded as a measure of uncertainty,
which is very important for AI algorithms [30]. The
increasing deferring fractions may also reflect the
increasing complexity between the 3 tools.

Overall, these levels of accuracy suggest that individual
and combined LLMs with our prompts are not yet good
enough to be used alone in these evidence appraisals, and
their performance is worse in more complex situations.

The best performance and currently most promising
approach was human—AI collaboration: ratings consistent
between a human rater and LLMs showed significantly bet-
ter accuracies than human raters alone for 8 of 10 possible
collaboration-pairs for PRISMA and AMSTAR (up to 96%
accuracy for PRISMA and 95% for AMSTAR compared to
89% accuracy of human rater 1 alone). Approximately one-
third of the items would still need to be assessed by a sec-
ond human rater, but sparing them two-thirds of the items
might mean substantial workload reduction. Most models
could thus be used to identify high-certainty ratings by
the first human rater and filter out low-certainty ones to
be deferred and double-checked. The second human rater
would only have to rate these deferred items, leading to po-
tential workload reduction. For PRECIS-2, there was still
substantial improvement in accuracy but statistically signif-
icant in only 1 of 10 collaboration pairs and a large

majority of items would still need to be assessed by the sec-
ond human rater.

Today’s LLMs may thus already provide a viable
research partner for human raters for PRISMA and AM-
STAR, but the exact reduction in workload is difficult to es-
timate. We cannot exclude that the reduction may not be
that substantial, for example, if the context of the nonde-
ferred items needs to be read and understood anyway
before the deferred items are also appraised.

4.1. Limitations

First, there is a general concern about ‘‘train/test
contamination” or ‘“data leakage” with all LLM bench-
marks because of the extensive web scraping used for their
training. This refers to the risk of machine learning models
having seen and potentially memorized test-outcomes from
training-data. However, this typically affects popular data
found multiple times on the internet, as it has been shown
that "duplication encourages memorization" [31,32]. While
the human consensus datasets used as comparators in this
work are openly available on the internet, they can only
be found as tabular data (Excel/CSV). Tabular data are un-
likely to be part of an LLM training corpus, as they are not
useful in self-supervised training to predict the next word of
a sentence. Even if they were part of an LLM training
corpus, memorization would be highly unlikely because
of very low numbers of duplications. Nevertheless, only
prospective replication of these results with new human
consensus datasets would eliminate the risk of train/test
contamination.

Second, as discussed above, the dataset used in this
study to assess PRECIS-2 contains mostly pragmatic trials
and few explanatory ones. A more balanced dataset could
complement the current findings and challenge the surpris-
ing superiority of GPT-3.5 and Mixtral-8x22B compared to
larger models.

Third, 2 of the 3 tools used have seen updates in recent
years: PRISMA 2020 [33] and AMSTAR-2 [34], meaning
the current results might only partly apply to them. Howev-
er, differences between the versions used and the updated
versions are not major.

Fourth, except Claude-3-Opus, the LLMs used could on-
ly process text and were blind to images. Figures poten-
tially relevant for PRISMA, AMSTAR, and PRECIS-2
include flowcharts and sometimes tables are also presented
as images. Newer versions of GPT-4 released after our
assessment also allow multimodal prompts [20]. However,
the difference in average accuracy between Claude-3-
Opus (multimodal, 63%) and Claude-2 (text-only, 59%)
was not major, and only a part of this difference is due to
multimodality of the input data—the presumably bigger
part is due to LLM-properties.

Fifth, the presented datasets contain ratings from only
two human experts, whereas a higher number would make
the human consensus more robust and eventually
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approximate a ‘“‘ground truth” —a strong term which cannot
be claimed for the presented datasets. However, we believe
this imperfect benchmark does not bias our results in a
consistent way. Furthermore, 2 human raters present the
most common setting and thus reflect real research practice.

Finally, the presented datasets do not contain informa-
tion on how long it took the human raters to assess each
publication and item individually and how long the
consensus process took (“‘time on task’). This means the
efficiency and potential time savings cannot be quantified.
It is possible that a human has to read and process an article
in the same way looking at the whole paper, even if the
LLM has already arbitrated on some items. If so, there
would be no or little time savings for the human.

4.2. Outlook

To validate the utility of LLMs for assessing PRISMA
and AMSTAR in the human—AI collaboration approach
that we propose, they should be evaluated prospectively
against a traditional consensus process within the workflow
of a new review with a preregistered protocol in a confirma-
tory fashion. This future, prospective work would benefit
from having many human raters with the highest expertise
to maximize their accuracy. Time on task should be re-
corded precisely to allow quantification of efficiency and
potential time savings.

Moreover, we provide an open and reproducible bench-
mark that can be built upon by other groups. Testing more
diverse prompt engineering techniques may further
improve performance, ranging from minor variations in
wording to more sophisticated multiprompt techniques like
tree of thoughts and graph of thoughts [35,36]. Both indus-
try and academia have introduced multimodal LLMs fine-
tuned specifically for biomedical contexts, demonstrating
encouraging performance [37,38]. However, these models
are not generally available. We believe focusing on open
source models instead of proprietary ones will allow more
transparency and control in the future, aligning better with
scientific principles [39]. Meta’s flagship open source
model Llama-3 will be an exciting addition to this bench-
mark, once longer context windows are made available
[40]. Fine-tuning such open source models toward a single
evidence appraisal tool may yield the biggest benefits.

Finally, the presented framework can be extended to
other evidence appraisal tools like “CONsolidated Stan-
dards Of Reporting Trials,” for which a short report evalu-
ating ChatGPT was published [41], or “Risk of Bias,” for
which a protocol intending similar evaluations was pub-
lished [42].

5. Conclusion

Current LLMs alone appraised evidence substantially
worse than humans. Pairing a first human rater with an

LLM as human—AI collaboration may reduce workload
for the second human rater for the assessment of reporting
(PRISMA) and methodological rigor (AMSTAR) while
maintaining very high accuracy but not for more complex
tasks such as assessing pragmatism of clinical trials (PRE-
CIS-2).
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