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Abstract

Cochrane systematic reviews evaluate the effectiveness and safety of medical interventions. Patients can benefit
from clinicians’ integration of outcomes of these reviews into their daily practices. However, systematic reviews are
usually long documents; even their abstracts can extend to 1000 words, making rapid appraisal challenging for busy
health professionals. Large language models (LLMs) offer potential to further distil these abstracts. Nevertheless,
generating high-quality, clinician-oriented summaries in this context is non-trivial. They must comprehensively
cover the original abstract, while remaining accurate and professionally acceptable, i.e., retaining all clinically
important details. To address this challenge, we have developed a novel dataset, PsycSumEval, comprising
summaries generated by four different LLMs for 115 Cochrane abstracts concerning mental health. Psychiatrists
evaluated each summary across nine content dimensions, assigning scores and providing free-text justifications
that highlight inaccuracies and missing details. The corpus provides fine-grained insight into how psychiatrists
assess professional acceptability of compressed medical evidence. Rather than treating agreement as a merely
statistical endpoint, we capture structured expert judgments alongside their rationales, enabling transparent
analysis of where professional norms are stable and where interpretive latitude persists. We contribute both a
rigorous evaluation dataset and an explicit model of expert acceptability criteria for medical evidence summarisation.
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1. Introduction

Systematic reviews are the cornerstone of
evidence-based medicine (Higgins et al., 2024,
Antes et al., 2022; Dickersin et al., 1994; Chalmers
and Altman, 1995; Needleman, 2002). By iden-
tifying, appraising and synthesising data from
multiple trials and observational studies, such
reviews provide reliable overviews of the advan-
tages and disadvantages of medical interventions.
These overviews can benefit patients, e.g., by
allowing clinicians to integrate the latest research
findings into their daily practices, or to support the
development of clinical practice guidelines aimed
at optimising patient care (Morton et al., 2011).
Since the complex nature of the review pro-
cess results in long documents, busy health profes-
sionals may rely on the accompanying abstracts
to acquire an understanding of the most impor-
tant aspects of the review (Tsou and Treadwell,
2016). Past concerns about poor quality abstracts
(Beller et al., 2011) were part of the motivation be-
hind the development of the now widely-endorsed
PRISMA guidelines (Liberati et al., 2009; Page
et al.,, 2021a,b), which aim to ensure quality and
consistency in systematic reviews of healthcare in-
terventions. A dedicated checklist for abstracts
(PRISMA-A) (Beller et al., 2013) aims to ensure

that the abstracts of such reviews can stand alone
in presenting a clear and truthful account of the re-
search. Particular journals or organisations may
extend PRISMA-A with their own requirements,
e.g., Cochrane systematic reviews must supple-
ment results with assessments of evidence cer-
tainty (Antes et al., 2022).

The introduction of PRISMA-A has resulted in a
steady increase in the median length of Cochrane
abstracts, rising from 353 words in 2000 to 838
words in 2022 (Helbach et al., 2023b). How-
ever, evidence that guideline compliance can
be achieved using far fewer words (Helbach
et al., 2023a; Maticic et al., 2019) suggests that
Cochrane abstracts could be further compressed,
without sacrificing vital details. This would be espe-
cially beneficial for busy health professionals seek-
ing rapid appraisal of multiple reviews.

Given the large amount of research into their
use for biomedical text summarisation (Xie et al.,
2023; Huang et al., 2025), large language models
(LLMs) constitute an attractive option to produce
summaries of Cochrane abstracts automatically.
Indeed, previous work has investigated the LLM-
driven generation of plain language summaries of
these abstracts for non-expert readers (Devane
et al., 2026; Arias-Russi et al., 2025a,b). Here, we
are concerned with a different task, i.e., evaluat-
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ing the suitability of LLMs to produce compressed
summaries of Cochrane abstracts that remain suit-
able for healthcare professionals. To support crit-
ical decision making, such summaries must meet
quality and acceptability criteria:

1. A high degree of accuracy/factual correct-
ness. Hallucination remains one of the
most significant issues in LLM-generated text
(Zhang et al., 2025), and has the potential
to cause significant harm in clinical decision
making scenarios (Tang et al., 2023)

2. Compliance with key aspects of PRISMA-
A and Cochrane guidelines, to ensure ade-
quate coverage of relevant aspects of the sys-
tematic review.

3. Professional acceptability, meaning that
compressed summaries must preserve clini-
cally salient details required by experts.

Existing automated evaluation metrics (e.g., Lin
(2004); Papineni et al. (2002); Lavie and Agarwal
(2007); Zhang et al. (2019)) are insufficient to as-
sess compliance with the above criteria, since they
can only judge similarity between LLM-generated
and gold-standard summaries at a general level.
This motivates the development of more fine-
grained and clinically-informed evaluation frame-
works (Huang et al., 2025). While there is promis-
ing evidence in the general domain that LLMs
could themselves replace humans as effective
evaluators (Zheng et al., 2023; Dubois et al., 2024),
this success does not yet extend to assessing med-
ical evidence summaries automatically (Vasilev
et al., 2026; Zhang et al., 2024; Joseph et al.,
2024). Accordingly, human involvement in apply-
ing these frameworks remains irreplaceable.

We have thus developed a novel framework tai-
lored to the evaluation of automatically-generated,
expert-oriented summaries of Cochrane system-
atic review abstracts. The framework has subse-
quently been used to assess summaries gener-
ated by four different LLMs for 115 Cochrane ab-
stracts in the mental health domain (i.e., atotal 460
LLM-generated summaries). Evaluation was per-
formed by two psychiatrists to ensure acceptabil-
ity from a professional perspective. The assess-
ment of each summary involves recording up to
four pieces of information for each of nine different
content dimensions, which are based on key re-
quirements of the PRISMA-A and Cochrane hand-
book guidelines (Higgins et al., 2024).

191

2. Related Work

2.1. LLM-Generated Summaries in
Biomedical and Clinical Domains

LLMs have demonstrated strong performance
across a range of natural language processing
tasks (Qin et al., 2024), including summarisation
in the biomedical (Xie et al., 2023; Huang et al.,
2025) and clinical (Bednarczyk et al., 2025) do-
mains. Indeed, there is evidence that LLMs can
sometimes outperform humans in accurately sum-
marising medical evidence (Van Veen et al., 2024;
Tang et al.,, 2023). Nevertheless, several con-
cerns remain regarding the reliability of these sum-
maries. Hallucination, i.e., the fabrication of details
not present in the source text, remains a signifi-
cant issue (Zhang et al., 2025). Biomedical and
clinical summarisation pose additional challenges:
many LLMs lack deep familiarity with specialised
terminology and clinical concepts used in these do-
mains (Huang et al., 2025), and even fine-tuned
models can struggle to produce output that is suf-
ficiently faithful and accurate (Zhang et al., 2024).

The risks become particularly acute in clinical
decision-making contexts, where even seemingly
small errors in the generated output could mislead
readers, with potentially serious consequences
(Kirmani et al., 2024; Jose et al., 2024). Tang
et al. (2023) defined harmfulness as the potential
for a generated summary to cause physical or psy-
chological harm, or inappropriate changes in ther-
apy, due to misinterpretation. Harmfulness in med-
ical evidence summaries was primarily attributed
to insufficient comprehensiveness (e.g., omission
of Population, Intervention, Comparison, Outcome
(PICO) elements (Richardson et al., 1995)) or
to misinterpretation errors, including certainty il-
lusions. These correspond to errors in the de-
gree of certainty expressed towards particular find-
ings, which could cause readers to under- or over-
estimate their significance.

2.2. Automated Summary Evaluation

The high-stakes nature of LLM-generated medi-
cal summaries demands robust evaluation mea-
sures. Although general automated metrics (e.g.,
Lin (2004); Papineni et al. (2002); Lavie and Agar-
wal (2007); Zhang et al. (2019)) may suffice in non-
critical scenarios, e.g., plain language summaries
for non-experts (Arias-Russi et al., 2025a,b), they
are inadequate for assessing compliance with clin-
ically detailed criteria. Prior work demonstrates a
failure of these metrics to reliably detect factual
errors, hallucinations and harmfulness in medical
summaries (Tang et al., 2023; Vasilev et al., 2025).

Such limitations motivate the development of
domain-specific evaluation methods that explicitly



address terminological accuracy and clinical risk
(Huang et al., 2025). While such frameworks are
usually applied manually, there is growing inter-
est in automation. The LLM-as-judge paradigm
(Zheng et al., 2023) uses LLMs to evaluate model
outputs across flexible criteria at lower cost and
more efficiently than human application (Yu, 2025).
Although promising in general domains (Zheng
et al., 2023; Dubois et al., 2024), the effectiveness
of this approach in detecting factual errors and
hallucinations in medical summaries remains lim-
ited, particularly at the full-summary level (Vasilev
et al., 2026; Zhang et al., 2024). However, LLM
judges that evaluate finer-grained domain-specific
aspects (e.g., PICO elements, side effects or med-
ications) show stronger correlation with human
judgments (Chu et al., 2025; Gero et al., 2024).

2.3. Human-Annotated Datasets

Although LLM-based evaluation of medical sum-
maries remains imperfect, fine-tuning judge mod-
els on high-quality human-annotated data is a
promising direction (Kim et al., 2023; Huang et al.,
2025). Recent efforts to produce suitable datasets
include Luo et al. (2024), Joseph et al. (2024) and
Chu et al. (2025), which evaluate LLM-generated
medical evidence summaries along multiple di-
mensions. These include a mixture of structural
sections (e.g., Objectives and Findings) and spe-
cific content elements, such as PICO components,
treatments and their effects, assessed through
graded evaluation of aspects such as factuality,
completeness and conciseness.

Joseph et al. (2024) further required evaluators
to justify their scores through free-text rationales.
These can support the development of explainable
LLM judges, capable of articulating the basis for
their evaluations. As base LLMs were found to
generate weak explanations, human-authored ra-
tionales provide valuable supervisory data to im-
prove evaluative reasoning. These higher-quality
critiques may also support iterative refinement of
generated summaries (Saunders et al., 2022).

3. Methods

3.1. Evaluation Framework

Existing evaluation frameworks for medical sum-
marisation provide useful foundations, but do
not fully address the requirements of assess-
ing professionally-oriented systematic review sum-
maries. To bridge this gap, we have developed
a structured evaluation framework aligned with as-
pects of the PRISMA-A and Cochrane guidelines.
The design of the framework targets the assess-
ment not only of factual accuracy, but also of pro-

fessional acceptability in compressed summaries
intended for healthcare decision makers.

Each summary is evaluated across nine differ-
ent dimensions reflecting key structural and evi-
dential components of systematic review abstracts.
For each dimension, evaluators assign a single or-
dinal score capturing factual adequacy and profes-
sional suitability. Certain dimensions with identi-
fied deficiencies additionally require the specifica-
tion of the type of corrective action that would be
needed to achieve content acceptability (i.e., add,
remove or modify). This information enables a sys-
tematic analysis of common error types.

To ensure interpretability and traceability of er-
rors (Kambhamettu et al., 2025; Xie et al., 2024),
non-maximal scores require erroneous content in
generated summaries to be linked to correspond-
ing evidence in the source abstract. Specifically,
problematic sentences in the summary are iden-
tified at the dimension level, while accompanying
dimension-specific rationales explain the issues.

The nine evaluation dimensions are outlined be-
low, with scoring details provided in Table 1. Ap-
pendix A provides an example of how the evalua-
tion scheme is applied to a specific summary.

Dimensions 1-4: PICO elements. PRISMA-A
guidelines require systematic review abstracts to
specify study objectives in terms of PICO elements
(see Table 2). Since Tang et al. (2023) identified
missing PICO details as a source of harmfulness
in LLM-generated medical summaries, we evalu-
ate Population, Intervention, Comparator and Out-
come elements as separate dimensions.

Dimensions 5-7: Methodology, Main Find-
ings and Conclusions. These reflect PRISMA-
A requirements that abstracts should report study
methods, key findings and a concluding interpreta-
tion, including possible limitations.

Dimension 8: Quality of Evidence. The
Cochrane handbook specifies that evidence syn-
theses should report a GRADE assessment of evi-
dence quality/certainty (Balshem et al., 2011), i.e.,
high, moderate, low or very low. This dimension
assesses whether the generated summary accu-
rately reflects the quality of evidence reported in
the original abstract.

Dimension 9: Currency. PRISMA-A requires
abstracts to report when information sources were
last searched. This dimension evaluates whether
the generated summary correctly represents the
search date(s) specified in the abstract.

3.2. Data Source

Our evaluation corpus, which we name Psyc-
SumEval, was constructed using the abstracts
of 115 randomly selected, publicly available
Cochrane systematic reviews in the mental health
domain. Reviews were sampled from the
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Dimension

Scoring scheme and criteria

PICO elements (Population, In-
tervention, Comparator, Out-
come)

0 = missing; 1 = partially correct or inaccurate; 2 = accurate and
complete. Rationale required for 0/1.

Quality of Evidence

0 = inconsistent with abstract or only partially reported; 1 = con-
sistent with abstract (both present or both absent). Rationale re-
quired for 0.

Main Findings

0 = missing; 1 = partial/inaccurate; 2 = accurate. Experts also
specify corrective action: add, remove, modify or none. Rationale
required for 0/1

Methodology

Same 0-2 scale and corrective action scheme as Main Findings.

Conclusions

Same 0-2 scale and corrective action scheme as Main Findings.

Currency 0 = date inaccurate or omitted; 1 = date accurate; “No date re-
ported” = absent in both abstract and summary.
Table 1: Rubric used to evaluate LLM-generated summaries
PICO Element | Description Examples
Population Characteristics of trial participants (e.g, de- | Adult (19—44 years), Schizophrenia

mographics, medical condition(s))

Intervention

Active treatment assessed for efficacy

Family Therapy, Relapse Prevention

Comparator Alternative treatment against which the in- | Usual care
tervention is compared
Outcome Measures used to determine trial results Hospital admission, Quality of life

Table 2: Descriptions and examples of PICO elements

Cochrane Library', to ensure diversity of interven-
tions and populations. No patient-level or individ-
ual trial data were included.

3.3. Summary Generation

For each of the 115 abstracts, a prompt designed
to encourage the generation of a compressed sum-
mary compliant with key PRISMA-A and Cochrane
guidelines (see Figure 1) was issued to four dif-
ferent LLMs, i.e., GPT-40 (OpenAl, 2024a), GPT-
40-mini (OpenAl, 2024b), Claude Opus (Anthropic,
2024) and LLaMA-3.1-70B-Instruct (Meta, 2024).
No content beyond the abstract itself was provided
to the models. This yielded 460 summaries, each
of which evaluated by one of the two psychiatrists
using the framework described above.

3.4. Evaluation of Professional
Judgement Stability

The primary evaluation phase was followed by a
cross-review phase. The objective was not to es-
tablish inter-annotator reliability in the traditional
sense, but rather to examine the stability of profes-
sional judgment under a shared, structured rubric.
In high-stakes biomedical summarisation, varia-
tion between experts may reflect legitimate inter-
pretive discretion rather than labelling error. The

'https://www.cochranelibrary.com/

Summarize the following research abstract using the
PICO framework. Identify the Population (P) be-
ing studied, the Intervention (), the Comparison (C),
and Outcomes (O) measured. Highlight the study’s
methodology, main findings, and conclusions. Em-
phasize any key clinical outcomes, the quality of the
evidence, and how up-to-date the evidence is. Ensure
the summary captures the overall significance of the
research in the context of patient care and treatment
efficacy, as well as any potential limitations or recom-
mendations for future research.

Figure 1: Prompt issued to LLMs

cross-review phase was therefore designed to per-
mit a cross-dimensional analysis of convergence
and divergence in professionally grounded per-
spectives on acceptable abstraction of evidence,
rather than to produce a statistically optimised
annotation dataset. As mentioned above, every
non-maximal score required an explanatory ratio-
nale, linking evaluative outcomes to explicitly doc-
umented reasoning. Accordingly, disagreement
was analysed at the level of justification, rather
than being restricted to numerical divergence.

Although Cohen’s k is commonly used to quan-
tify inter-annotator agreement beyond chance, it
was not adopted here. Kk assumes independent
annotation over fully overlapping datasets with
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fixed categorical labels and treats disagreement
as noise relative to a latent ground truth. However,
we aimed to examine professional judgment sta-
bility rather than categorical reliability. Moreover,
several dimensions involve graded or interpretive
assessments (e.g., adequacy of methodological
detail or appropriateness of conclusions), where
variation may reflect professional discretion. Un-
der these conditions, a k coefficient could conflate
meaningful interpretive differences with unreliabil-
ity. We therefore report dimension-level disagree-
ment patterns alongside analysis of qualitative ra-
tionales to characterise expert judgment stability.

The cross-review phase was undertaken using
only a subset of the complete corpus (i.e., 30
randomly selected abstracts), in order to balance
analytical depth with realistic constraints on ex-
pert time, prioritising dimension-level interpretabil-
ity over large-scale redundancy. Each expert re-
viewed the four generated summaries for 15 ab-
stracts originally annotated by the other expert (60
summaries total) and indicated agreement or dis-
agreement for each dimension.

4. Results

4.1. Cross-Review Phase

Table 3 reports the number of disagreements be-
tween the psychiatrists identified in the cross-
review phase. Patterns of disagreement provide
insight into which aspects of summarisation are
primarily governed by explicit guideline adherence
and which aspects are more open to interpretive
professional discretion. For most models and di-
mensions, disagreements occurred in a relatively
small proportion of cases (generally <15% of the
30 summaries reviewed). This provides evidence
of substantial convergence between experts re-
garding professional acceptability across dimen-
sions. A notable exception is the Conclusions di-
mension for LLaMA-3.1-70B, whose closing con-
tent was often repetitive and poorly structured,
making consistent evaluation difficult. We provide
a dimension-level analysis below.

PICO Elements — The Objectives sections of
original abstracts often specify PICO elements at
a broad, review design level, while the Main Re-
sults may provide more detailed PICO characteris-
tics that are specific to the studies finally included
in the review (e.g., age ranges of study popula-
tions or names of specific interventional drugs).
The two experts sometimes disagreed over the ne-
cessity of including such study-specific details in
compressed summaries. In the original abstracts,
these additional details are most frequently pro-
vided for the Population and Intervention elements,
but were most commonly omitted in the summaries

of LLaMA-3.1-70B-Instruct and GPT-40-mini, thus
explaining the concentration of disagreements in
these two dimensions and models.

Methodology — Experts showed high agree-
ment regarding core methodological information,
particularly the inclusion of total numbers of
studies and participants. Disagreements ques-
tioned the need to include more granular infor-
mation, such as specific registers searched (e.g.,
Cochrane Schizophrenia study-based register of
trials), countries covered, or the level of detail re-
quired to describe data collection and analysis,
and risk-of-bias assessment.

Main Findings — Most disagreements con-
cerned models’ handling of low-certainty evidence.
In particular, there was some difference of opinion
on whether results specified as having very low
certainty in the original abstract could be safely
omitted in the compressed summary. Variation
also emerged in terms of tolerance towards sub-
tle shifts in certainty statements. For example,
the original abstract statement None of the tri-
als reported clinically important change in quality
of life was rendered by one model as Modafinil
has no effect on quality of life, which only one ex-
pert accepted. In contrast, more hedged formula-
tions (e.g., may have little or no effect) were con-
sistently judged to be acceptable.

Conclusions — Some model-generated sum-
maries separated Conclusions, Limitations and
Recommendations for Future Research. One ex-
pert assessed only the explicitly labelled Conclu-
sions sections, whereas the other expert also con-
sidered content in Limitations and Recommenda-
tions, given that such information may occur within
original abstract conclusions. Disagreements typi-
cally arose when the latter expert found potentially
misleading or unsupported statements in these ad-
ditional sections. If the original abstract contained
little or no discussion of limitations or future re-
search directions, then all models were suscepti-
ble to introducing new speculative content without
explicit attribution. Notably, however, no disagree-
ments concerned the content of explicitly labelled
Conclusions sections of the generated summaries,
suggesting that the experts had shared expecta-
tions regarding the core function of these sections.

Quality of Evidence & Currency — Disagree-
ments for Quality of Evidence were confined to a
single abstract involving an atypical case, in which
no eligible studies were identified. The sole dis-
agreement for Currency appears attributable to
evaluator oversight, as the search date was found
to be explicitly stated in the generated summary.

4.2. Per-Model Performance

Using the psychiatrist-assigned assessment
scores, we compared model performance across
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Category GPT-40 Claude Opus LLaMA-3.1-70B GPT-40-mini
Population 2 3 4 4
Intervention 1 2 5 2
Comparator 0 0 1 1
Outcome 0 0 0 0
Methodology 2 2 2 3
Main Findings 4 3 5 4
Conclusions 5 5 13 6
Quality of Evidence 1 1 1 1
Currency 0 1 0 0

Table 3: Number of disagreements in the cross-checked subset (n = 30 reviews per model).

Dimension GPT-40 Claude Opus LLaMA-3.1-70B GPT-40-mini
Population (0-2) 1.91 1.77 1.71 1.70
Intervention (0-2) 1.87 1.83 1.79 1.80
Comparator (0-2) 1.90 1.92 1.81 1.90
Outcome (0-2) 1.84 1.86 1.77 1.76
Methodology (0-2) 1.65 1.43 1.28 1.42
Main Findings (0-2) 1.74 1.77 1.37 1.70
Conclusions (0-2) 1.72 1.72 1.30 1.57
Quality of Evidence (1) 0.93 0.96 0.98 0.97
Currency (1) 0.41 0.39 0.97 0.77

Table 4:

Per-model performance statistics. Means (0-2 scale) are provided for ordinal dimensions and

proportion of “1” labels is shown for Quality of Evidence and Currency.

dimensions. For dimensions evaluated on a 0-2
scale, mean scores were calculated to provide
an indication of overall model adequacy. For the
dimensions with binary values (i.e., Quality of
Evidence and Currency), we report the proportion
of summaries assigned the value “1”. Although
Currency allowed three labels (“0”, “1” and “No
date reported”), only the first two labels were ever
assigned. Results are presented in Table 4.

Table 5 reports the distribution of corrective ac-
tions needed to render the content of the Method-
ology, Main Findings and Conclusions sections ac-
ceptable. These actions are almost exclusively
Add or Remove, showing that most content errors
in generated summaries correspond to omissions
or hallucinated/unsupported content, as discussed
further below. The tiny proportion of Modify ac-
tions suggests that misinterpretations/distortions
of original abstract content are rare.

4.2.1. PICO Dimensions

Performance on extracting PICO elements is gen-
erally high. Although expert rationales occasion-
ally note completely missing items in generated
summaries, the most common issue concerns mis-
matches between the required and provided lev-
els of detail. Although a small number of dis-
agreements regarding the required level of de-
tail in PICO element summaries were identified
in Section 4.1, the two experts generally agreed

that such summaries should include both broader
scope characteristics defined in the original review
objectives and more specific characteristics of the
studies actually included in the review. Errors in
PICO elements often correspond to cases in which
one or other of these types of characteristics is
missing from the generated summary.

When only a single study is included in a review,
for example, models often extract specific PICO
characteristics from that study alone, and omit
broader scope review objectives. However, for re-
views including multiple studies, it is more com-
mon for summaries to include these broader char-
acteristics, but to omit additional study-specific de-
tails. This pattern of behaviour is most prevalent
for Population, although the notably higher per-
formance of GPT-4o0 for this dimension reflects
its greater tendency to generate Population sum-
maries that include not only general information
from the Objectives section of the original abstract
(e.g., conditions suffered), but also more specific
details from the Selection Criteria and Main Re-
sults sections, such as age, ethnicity and condition
severity.

More stable cross-model performance is observ-
able for Intervention, with all models demonstrat-
ing an ability to extract relevant information from
the Objectives, Selection Criteria and Main Results
sections of the original abstract. This allows gener-
ated summaries to successfully supplement, e.g.,
classes of interventional drugs introduced in the
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Dimension Corrective Action GPT-40 Claude Opus LLaMA-3.1-70B GPT-40-mini
Methodology None 65.2% 42.6% 27.8% 41.7%
Add 33.0% 55.7% 71.3% 58.3%
Remove 0.0% 0.9% 0.0% 0.0%
Modify 1.7% 0.9% 0.9% 0.0%
Main Findings None 74.8% 76.5% 37.4% 70.4%
Add 25.2% 21.7% 60.9% 29.6%
Remove 0.0% 0.0% 0.0% 0.0%
Modify 0.0% 1.7% 1.7% 0.0%
Conclusions None 71.3% 73.0% 30.4% 57.4%
Add 0.9% 0.9% 0.9% 0.9%
Remove 27.8% 26.1% 68.7% 41.7%
Modify 0.0% 0.0% 0.0% 0.0%

Table 5: Distribution of corrective actions for Methodology, Main Findings and Conclusions

objectives with the names of more specific drugs
evaluated in the included studies. The slightly
higher performance of GPT-4o for this dimension
appears to be due to its stronger ability to extract
specific treatments when their mentions are scat-
tered throughout the Main Results section of the
original abstract.

Performance for Comparator is high for all mod-
els. However, when multiple comparators are
mentioned in the original abstract, LLaMA-3.1-70B
appears to be slightly more prone than other mod-
els to omitting one or more of these comparators
from the generated summary.

In certain original abstracts, some or all of the
Outcomes are mentioned only in the Main Re-
sults sections. Because these sections are of-
ten information-dense, comprehensive outcome
extraction can be more challenging than other ele-
ments. The larger GPT-40 and Claude Opus han-
dle this complexity more consistently, which likely
explains their slightly stronger performance for the
Outcome dimension.

4.2.2. Methodology Dimension

This dimension exhibits the lowest performance
scores across all models. Achieving acceptability
is reliant on integrating selected information scat-
tered across multiple sections of original abstracts
(typically Search Methods, Selection Criteria, Data
Collection and Analysis and Main Results). This
makes appropriate content selection challenging.
Expert rationales indicate strong agreement on
a core set of expected elements, i.e., whether
the review updates a previous one; key resources
searched; number of included studies; total partic-
ipant numbers; and brief descriptions of data anal-
ysis, risk-of-bias assessment and evidence grad-
ing. Table 5 shows that Methodology errors al-
most exclusively correspond to omission of certain
information that is considered necessary from a
professional perspective. Usually, however, the
deficiency stems from a single missing core item,

rather than more widespread inaccuracies.

Inspection of generated summaries reveals that
all models are capable of extracting information rel-
evant to multiple core elements, but they do so in-
consistently. This may reflect a tendency to gener-
ate relatively fixed-length Methodology sections, in
which the inclusion of less critical details displaces
more essential ones. Consequently, fundamental
information, such as the number of included stud-
ies, may be omitted. Compared to the stronger
GPT-4o0, this pattern is more evident for Claude
Opus, LLaMA-3.1-70B-Instruct and GPT-40-mini,
whose methodological summaries frequently re-
state PICO information narratively and/or redun-
dantly include the search date, even when it ap-
pears elsewhere in the summary.

4.2.3. Main Findings Dimension

Generating acceptable summaries of Main Find-
ings may appear simpler than for Methodology,
partly because this task primarily involves com-
pressing a single section of the original abstract,
i.e., Main Results, and also since the performance
for all models is higher than for Methodology. Nev-
ertheless, the task remains complex: original Main
Results sections are often dense, given their inte-
gration of results, interpretations and certainty lev-
els across multiple PICO permutations. Effective
summarisation thus requires both accurate extrac-
tion and disciplined compression.

This complexity helps to explain why the smaller
LLaMA-3.1-70B-Instruct struggles with this dimen-
sion. Table 5 shows that, similarly to Methodology.
most identified issues concern omissions of nec-
essary information. Contrary to concerns raised in
the cross-review analysis, overt certainty illusions
are rare. More frequent is the failure to explicitly as-
sociate reported results with their originally stated
level of evidence quality/certainty.

By far the most common problem, however, is
the omission of one or more outcomes mentioned
in the original abstract. While one expert was
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sometimes slightly more lenient, both experts were
largely unanimous that all outcomes identified in
the Outcomes dimension should be mentioned in
the Main Findings of the compressed summary, re-
gardless of evidence quality level and whether suf-
ficient data was available to evaluate the outcome.
Table 5 indicates that high-quality information
extraction and compression appears to be feasi-
ble for all models, with the exception of LLaMA-
3.1-70B-Instruct. Different models use varying
techniques to achieve the goal of generating Main
Findings summaries that are shorter that the cor-
responding section in the original abstract. One
method that appears to be used to varying de-
grees by all models is the implicit application of
thresholding criteria to filter out some of the orig-
inally reported outcomes. Examples include sec-
ondary outcomes; outcomes qualified by phrases
like very low certainty, no clear evidence or inter-
preted with caution; outcomes with no usable data;
and cases in which the intervention(s) evaluated
made little or no difference to specified outcome(s).
However, given the experts’ opinion that all out-
comes from the original abstract should also be
mentioned in the generated summaries, such fil-
tered results lead to lower acceptability scores.
As shown in Table 5, Claude Opus and GPT-40
generate the highest proportions of Main Findings
summaries that are considered to be acceptable
without modification (76.5% and 74.8%, respec-
tively). This likely reflects their stronger abstractive
capabilities, enabling compact integration of multi-
ple results with minimal loss of information. The
slightly lower performance of the smaller GPT-4o-
mini (70.4% of Main Results sections deemed ac-
ceptable) may reflect its tendency to adhere more
closely to the more verbose source phrasing of re-
sults, meaning that a greater degree of outcome fil-
tering may sometimes be required to produce Main
Findings summaries of a suitable length. The far
lower proportion of fully acceptable Main Findings
generated by LLaMA-3.1-70B-Instruct appears to
be due to its frequent generation of shorter (and
hence, more extremely filtered) findings sections
than other models, possibly due to the dispropor-
tionate length allocated to its concluding content.

4.2.4. Conclusions Dimension

Performance on the Conclusions dimension is
lower than for Main Findings across all models.
This may seem surprising, since Conclusions sec-
tions from the original abstracts should be more
straightforward to compress than the more de-
tailed Main Results sections; conclusions are uni-
formly shorter, and aim to clearly summarise the
most significant outcomes of the review.

Indeed, the expert who evaluated only explicitly
labelled Conclusions sections judged the vast ma-

jority of these generated sections to be acceptable
without modification. The main exception was for
LLaMA-3.1-70B-Instruct, whose conclusions were
frequently marked down for repetition of informa-
tion.

The lower scores for this dimension mainly stem
from problems in the generated content of sections
labelled Limitations, Future Research or similar,
which only the second expert considered. The is-
sues were mostly the same as those identified in
the cross-review analysis , i.e., fabricated content
within these additional sections, which was particu-
larly likely to occur if the original abstract provided
little or no information about limitations or future
work. In such cases, models often generated state-
ments that appeared plausible, but which were un-
supported by the original abstract content. This
pattern was especially pronounced in the outputs
of LLaMA-3.1-70B-Instruct (and to a lesser extent,
GPT-40-mini), which sometimes framed invented
content as directly attributable to the study (e.g.,
The study highlights ...). Such observations help
to explain why the Corrective Action specified for
the vast majority of erroneous Conclusions sec-
tions is to remove information (see Table 5).

However, given that the second expert identified
few issues within explicitly labelled Conclusions
sections, all models appear generally proficient at
generating accurate summaries of primary study
outcomes. Similarly to Main Findings, preserving
nuanced expressions of certainty within the Con-
clusions sections remains important to avoid mis-
interpretation, and expert rationales indicate that
fidelity to certainty levels is generally maintained.

4.2.5. Quality of Evidence Dimension

Results show that the vast majority of generated
summaries preserve sufficient information from
original abstracts regarding evidence quality. Ad-
herence to Cochrane Handbook guidelines regard-
ing GRADE evidence certainty levels usually re-
sults in uniform specification of these levels across
original abstracts, thus making this information
straightforward to extract. Examination of gener-
ated summaries reveals variations in exactly how
and where information about quality of evidence is
specified. This may, for example, be at the level
of individual results in the Main Findings section;
within a separate Quality of Evidence section that
specifies the range of certainly levels across all re-
sults; or as a statement in the Limitations section
that low or very low evidence quality limits the va-
lidity of the results. All of these reporting methods
appear to be professionally acceptable, as long as
the complete range of evidence levels observed
across all results is specified. Only a small num-
ber of summaries fail to meet this criterion.
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4.2.6. Currency Dimension

The results for this dimension are unexpected. In
contrast to other dimensions, the smaller LLaMA-
3.1-70B-Instruct and GPT-40-mini models consid-
erably outperform the larger GPT-40 and Claude
Opus. Particularly noteworthy is LLaMA-3.1-70B-
Instruct which, despite under-performing other
models in all other dimensions, is able to correctly
extract information about search currency from
97% of abstracts, compared to only around 40% of
abstracts for GPT-40 and Claude Opus. Extraction
of this information from original abstracts should
theoretically be very straightforward, since search
dates are usually clearly stated in the Search Meth-
ods section. Therefore, the failure of larger models
to extract this information consistently is surprising.
A feasible explanation could be the wording of the
prompt issued to the LLMs, which explicitly elicits
information about how up to date the search evi-
dence is. It is therefore possible that other mod-
els are carrying out more complex processing to
ensure that a search date is only included in the
generated summary if it is clear that all available
evidence up until the specified search date was
considered. As an example, some original ab-
stracts state that a search was carried out without
date restrictions. However, further investigation is
needed to determine whether different models’ de-
cisions to exclude search dates from summaries is
based on prompt wording and/or contextual cues,
or is simply due to space constraints.

5. Discussion

We have shown that our proposed multi-
dimensional framework can be applied by clinical
experts to evaluate LLM-generated summaries
from a professional perspective. The cross-review
results indicate substantial convergence in expert
judgments, suggesting that shared professional
norms guide evaluation across dimensions. The
evaluations enabled systematic comparison of
model performance. No single model outper-
formed the others across all dimensions; instead,
performance was dimension-specific. Analysis of
corrective actions revealed consistent patterns:
deficiencies in Methodology and Main Findings
largely involved omissions of essential details,
whereas problematic Conclusions more often
contained unsupported or fabricated content. The
frequency of such issues varied by model.
Expert-authored rationales provided further in-
sight into implicit professional criteria, including
core methodological elements expected in sum-
maries and the requirement that all pre-specified
outcomes be acknowledged in Main Findings,
even when evidence is inconclusive. These expec-
tations are not always explicit in reporting guide-

lines but are central to professional acceptability.
Capturing such implicit standards highlights the
value of structured expert annotation for improving
both evaluation and generation of automatically
generated systematic review summaries.

QOur findings also reveal that different dimen-
sions pose distinct challenges. For PICO ele-
ments, the key issue is balancing design-level
scope with study-specific detail. Methodology re-
quires selective integration of key information that
may be scattered across multiple abstract sections.
Main Findings demand effective abstraction to pre-
serve all outcomes within limited space, while Con-
clusions require strict fidelity to the source text to
avoid unsupported extrapolation or hallucination.
To meet professional expectations for Quality of
Evidence, the complete range of evidence levels
observed across reported results must be present
in the generated summary. Finally, the unexpect-
edly poor results of the Currency dimension for
most models demand further investigation to en-
sure that models’ understanding is aligned with ex-
pert requirements for this dimension; the latter ap-
pear to be restricted to the need for a simple spec-
ification of the date(s) when resources relevant to
the review were searched.

6. Conclusion

This paper has introduced a novel framework for
evaluating the professional acceptability of LLM-
generated summaries of systematic review ab-
stracts in high-stakes clinical settings. The frame-
work has been applied by psychiatrists to assess
summaries generated by four different LLM mod-
els for 115 Cochrane abstracts to create the Psyc-
SumEval corpus. Beyond benchmarking model
performance, PsycSumEval makes expert evalu-
ative reasoning explicit through structured scoring
and documented rationales. In scenarios where
summaries may influence clinical understanding
and decision making, interpretability and trans-
parency of professional judgement is essential for
responsible evaluation.

7. Future Work

Future work will explore the effects of alternative
prompting strategies on model performance. We
also plan to extend our work beyond the mental
health domain to systematic reviews in other clini-
cal areas, improving coverage and generalisability.
Involving additional clinical experts will allow us
to examine the stability of professional acceptabil-
ity criteria across domains. Furthermore, we will
use PsycSumkEval to fine-tune and evaluate LLM
judges tailored to professionally oriented assess-
ment of systematic review summaries.
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8. Limitations

Several limitations should be noted. The evalu-
ation involved only two psychiatrists, potentially
restricting diversity of perspectives. The cross-
review was conducted on a subset of 30 reviews
(120 summaries), while the remaining summaries
were evaluated by a single expert. Broader dou-
ble evaluation and the involvement of additional ex-
perts would strengthen generalisability. The cross-
review protocol was not fully blinded, as experts
had access to prior labels and rationales. While
this supported interpretability, it may have intro-
duced mild anchoring effects. Future work should
adopt and compare fully independent evaluations.
The study assessed summaries of Cochrane ab-
stracts, rather than full systematic reviews. Al-
though abstracts provide a structured and con-
trolled setting, they represent only part of the un-
derlying evidence. Extending evaluation to full-text
reviews may yield different performance patterns.

9. Ethics Statement

The PsycSumEval corpus is derived from pub-
licly available Cochrane abstracts and contains no
patient-level or personally identifiable data. How-
ever, it involves clinically sensitive content: sum-
maries of medical evidence may influence deci-
sions if misused. The resource is therefore re-
leased solely for methodological research and not
for clinical application. Risks include reinforce-
ment of model errors in high-stakes settings, par-
ticularly in interpretive dimensions such as conclu-
sions. Continued human oversight remains essen-
tial. Although abstracts include review dates, med-
ical evidence evolves and findings may become
outdated. All evaluation protocols and guidelines
are released transparently to support responsible
and reproducible research.

10. Data Availability

The PsycSumEval corpus and evaluation guide-
lines are available at https://github.com/
paul-rich-t/PsycSumEval.
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A. Worked Evaluation Example

This appendix provides a detailed, worked ex-
ample of how a specific summary, generated by
GPT-40, was evaluated by one of the psychia-
trist experts against the original Cochrane abstract
(Belsher et al., 2019) (ID: CD012898.PUB2) ac-
cording to the nine dimensions of our evaluation
scheme.

Figure 2 provides the text of the original abstract,
which is 865 words long. Meanwhile, Figure 3

shows the summary of this abstract, generated by
GPT-40, whose length is around half that of the
original abstract (i.e., 422 words).

Table 6 shows the expert-provided scores and
rationales (for dimensions whose content is not
considered to be fully professionally acceptable)
for the Population, Intervention, Comparator, Out-
come, Quality of Evidence and Currency dimen-
sions. Meanwhile, Table 7 shows the expert-
provided scores, corrective actions and rationales
(for dimensions whose content is not considered to
be fully professionally acceptable) for the Method-
ology, Main Findings and Conclusions dimensions.
For all dimensions in each table, a short discussion
explaining the assigned score is provided, by mak-
ing comparisons between the content of the orig-
inal abstract and the generated summary. Note
that these discussions were not provided by the
experts as part of their evaluation effort, but rather
have been added to aid understanding of the eval-
uation process.

The evaluation results shows that GPT-40 was
largely successful in generating a significantly
compressed summary of the original abstract,
which largely conforms to the required standards
of professional acceptability. Although the final
sentence of the generated summary was found
to constitute hallucinated content that is not sup-
ported by the original abstract, only a small num-
ber of required details were found to be missing
from the remainder of the summary.
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Dimension | Score| Rationale Discussion

Population | 2 - Relevant population information (i.e., adults with
PTSD) is specified in Objectives section of the
original abstract, and was correctly extracted. In
the Population element of the generated sum-
mary, information from the Background section
of the original abstract has also been used to ex-
pand PTSD to the full form post-traumatic stress
disorder.

Intervention| 2 - Relevant information about the single interven-
tion of interest (i.e., PCT) is correctly extracted
from the Objectives section of original abstract,
and is supplemented in the generated abstract
with both the full form, i.e., Present-centered ther-
apy and additional descriptive information, both
of which are provided in the Background section
of the original abstract.

Comparator| 2 - Basic information about comparators is correctly
extracted from the Objectives section of the orig-
inal abstract, and supplemented with information
from a) the Background section, to expand the
abbreviation TF-CBT to trauma-focused cogni-
tive-behavioral therapy and b) the Main Results
section, to identify the specific control conditions
evaluated in the included studies, i.e., wait-list
and minimal attention.

Outcome missing self-reported | Although the primary outcomes identified in the
PTSD and depression | Selection Criteria section of the original abstract
symptoms are correctly extracted, two further outcomes are

mentioned in the Main Results section of the ab-
stract, i.e., self-reported PTSD and depression
symptoms. Although these outcomes are men-
tioned in the Main Findings section of the gen-
erated summary, they are missing from the Out-
comes element, resulting in the assignment of

the score 1.
Quality of | 1 - In the Main Findings section of the generated
Evidence summary, evidence quality levels accompany all

results for which such a level was specified in
the Main Results section of the original abstract.
Hence a score of 1 (i.e., consistent with abstract)
was assigned.

Currency 1 - Based on the information about the search date
provided in the Search Methods section of the
original abstract, the Methodology section of the
generated summary correctly states that relevant
studies up to February 2019 were screened. Ac-
cordingly, a value of 7 was assigned for this di-
mension.

Table 6: Evaluation scores, corrective actions, rationales (where appropriate) and associated discussions
for the Population, Intervention, Comparator, Outcome, Quality of Evidence and Currency dimensions
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Background

Present-centered therapy (PCT) is a non-trauma, manualized psychotherapy for adults with post-traumatic stress
disorder (PTSD). PCT was originally designed as a treatment comparator in trials evaluating the effectiveness of
trauma-focused cognitive-behavioral therapy (TF-CBT). Recent trials have indicated that PCT may be an effective
treatment option for PTSD and that patients may drop out of PCT at lower rates relative to TF-CBT.

Objectives

To assess the effects of PCT for adults with PTSD. Specifically, we sought to determine whether (1) PCT is more
effective in alleviating symptoms relative to control conditions, (2) PCT results in similar alleviation of symptoms
compared to TF-CBT, based on an a priori minimally important differences on a semi-structured interview of
PTSD symptoms, and (3) PCT is associated with lower treatment dropout as compared to TF-CBT.

Search methods

We searched the Cochrane Common Mental Disorders Controlled Trials Register, the Cochrane Library, Ovid
MEDLINE, Embase, PsycINFO, PubMed, and PTSDpubs (previously called the Published International Literature
on Traumatic Stress (PILOTS) database) (all years to 15 February 2019 search). We also searched the World
Health Organization (WHO) trials portal (ICTRP) and ClinicalTrials.gov to identify unpublished and ongoing trials.
Reference lists of included studies and relevant systematic reviews were checked. Grey literature searches were
also conducted to identify dissertations and theses, clinical guidelines, and regulatory agency reports.
Selection criteria

We selected all randomized clinical trials (RCTs) that recruited adults diagnosed with PTSD to evaluate PCT
compared to TF-CBT or a control condition. Both individual and group PCT modalities were included. The
primary outcomes of interest included reduced PTSD severity as determined by a clinician-administered measure
and treatment dropout rates.

Data collection and analysis

We complied with the Cochrane recommended standards for data screening and collection. Two review au-
thors independently screened articles for inclusion and extracted relevant data from eligible studies, including the
assessment of trial quality. Random-effects meta-analyses, subgroup analyses, and sensitivity analyses were
conducted using mean differences (MD) and standardized mean differences (SMD) for continuous data or risk
ratios (RR) and risk differences (RD) for dichotomous data. To conclude that PCT resulted in similar reductions
in PTSD symptoms relative to TF-CBT, we required a MD of less than 10 points (to include the 95% confidence in-
terval) on the Clinician-Administered PTSD Scale (CAPS). Five members of the review team convened to rate the
quality of evidence across the primary outcomes. Any disagreements were resolved through discussion. Review
authors who were investigators on any of the included trials were not involved in the qualitative or quantitative
syntheses.

Main results

We included 12 studies (n = 1837), of which, three compared PCT to a wait-list/minimal attention (WL/MA) group
and 11 compared PCT to TF-CBT. PCT was more effective than WL/MA in reducing PTSD symptom severity
(SMD -0.84, 95% CI -1.10 to -0.59; participants = 290; studies = 3; I? = 0%). We assessed the quality of this
evidence as moderate. The results of the non-inferiority analysis comparing PCT to TF-CBT did not support PCT
non-inferiority, with the 95% confidence interval surpassing the clinically meaningful cut-off (MD 6.83, 95% CI
1.90 to 11.76; 6 studies, n = 607; I? = 42%). We assessed this quality of evidence as low. CAPS differences
between PCT and TF-CBT attenuated at 6-month (MD 1.59, 95% CI -0.46 to 3.63; participants = 906; studies
= 6; I? = 0%) and 12-month (MD 1.22, 95% CI -2.17 to 4.61; participants = 485; studies = 3; 1? = 0%) follow-up
periods. To confirm the direction of the treatment effect using all eligible trials, we also evaluated PTSD SMD
differences. These results were consistent with the primary MD outcomes, with meaningful effect size differences
between PCT and TF-CBT at post-treatment (SMD 0.32, 95% CI 0.08 to 0.56; participants = 1129; studies = 9),
but smaller effect size differences at six months (SMD 0.17, 95% CI 0.05 to 0.29; participants = 1339; studies
= 9) and 12 months (SMD 0.17, 95% CI 0.03 to 0.31; participants = 728; studies = 5). PCT had approximately
14% lower treatment dropout rates compared to TF-CBT (RD -0.14, 95% CI -0.18 to -0.10; participants = 1542;
studies = 10). We assessed the quality of this evidence as moderate. There was no evidence of meaningful
differences on self-reported PTSD (MD 4.50, 95% CI 3.09 to 5.90; participants = 983; studies = 7) or depression
symptoms (MD 1.78, 95% CI -0.23 to 3.78; participants = 705; studies = 5) post-treatment.

Authors’ conclusions

Moderate-quality evidence indicates that PCT is more effective in reducing PTSD severity compared to control
conditions. Low quality of evidence did not support PCT as a non-inferior treatment compared to TF-CBT on
clinician-rated post-treatment PTSD severity. The treatment effect differences between PCT and TF-CBT may
attenuate over time. PCT participants drop out of treatment at lower rates relative to TF-CBT participants. Of note,
all of the included studies were primarily designed to test the effectiveness of TF-CBT which may bias results
away from PCT non-inferiority. The current systematic review provides the most rigorous evaluation to date to
determine whether PCT is comparably as effective as TF-CBT. Findings are generally consistent with current
clinical practice guidelines that suggest that PCT may be offered as a treatment for PTSD when TF-CBT is not
available.

Figure 2: Original abstract from Belsher et al. (2019) (ID: CD012898.PUB2)
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PICO Framework Summary:

Population (P): The research focused on adults diagnosed with post-traumatic stress disorder (PTSD).
Intervention (I): The primary intervention in the study was Present-centered therapy (PCT), a non-trauma, man-
ualized psychotherapy technique designed for PTSD patients.

Comparison (C): PCT was compared to two conditions: trauma-focused cognitive-behavioral therapy (TF-CBT)
and control conditions, which included wait-list or minimal attention controls.

Outcomes (0): The main outcomes measured were the severity of PTSD symptoms (based on clinician-
administered measures) and treatment dropout rates.

Methodology:

The study was a systematic review and meta-analysis of randomized clinical trials (RCTs), following Cochrane
standards. Researchers screened multiple databases for relevant studies up to February 2019, including grey
literature and trial portals. They selected RCTs that assessed PCT versus TF-CBT or control conditions for
adults with PTSD. Data analyses included random-effects meta-analyses, subgroup analyses, and sensitivity
analyses.

Main Findings

» PCT showed superior effectiveness in reducing PTSD symptoms compared to wait-list/minimal attention
controls with moderate-quality evidence.

» PCT was not found to be non-inferior to TF-CBT in terms of reducing PTSD symptom severity, based on a
clinician-administered measure, with low-quality evidence. However, differences between PCT and TF-CBT
reduced over time at 6 and 12-month follow-ups.

* PCT had a lower treatment dropout rate (approximately 14% lower) than TF-CBT, supported by moderate-
quality evidence.

* No significant differences were observed in self-reported PTSD or depression symptoms post-treatment.

Conclusions

The research concluded that PCT is an effective treatment for reducing PTSD severity compared to control
conditions, although it does not match TF-CBT’s effectiveness according to clinician ratings. PCT'’s lower dropout
rates suggest it may be a preferable option for patients likely to disengage from therapy. The study highlights
the limitations due to the included studies being primarily designed to test TF-CBT, potentially biasing against
PCT. Overall, it aligns with clinical guidelines suggesting PCT as an alternative when TF-CBT is unavailable.

Significance in Patient Care:

The research underscores PCT as an effective treatment alternative for PTSD, especially when access to TF-CBT
is limited. lIts lower dropout rates are clinically significant for maintaining patient engagement and adherence to
therapy. However, the evidence supporting its non-inferiority to TF-CBT is of low quality, suggesting a need for
further research focusing specifically on PCT’s standalone efficacy.

Limitations and Recommendations for Future Research

The study acknowledges potential bias due to the primary design focus on TF-CBT effectiveness in the included tri-
als. Future research should prioritize directly evaluating PCT'’s efficacy against other evidence-based treatments
with distinct emphasis on PCT itself, employing high-quality RCTs to solidify its position in PTSD treatment pro-
tocols.

Figure 3: Summary of abstract from Belsher et al. (2019) (ID: CD012898.PUB2) generated by GPT-40
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Dimension

Score

Action

Rationale

Discussion

Methodology|

Missing number of
studies

Relevant methodological information is con-
tained within multiple original abstract sec-
tions (i.e., Search Methods provides details
of the types of resources searched; Selec-
tion Criteria specifies studies of interest were
randomised clinical trials(RCTs); Data Collec-
tion and Analysis contains details about the
standards used for data screening and collec-
tion, along with the data analysis methods em-
ployed; and Main Results contains information
about the number of included studies). While
most of this information was extracted and ap-
propriately summarised, the score of 7 was as-
signed according to the summary’s omission
of a single piece of information considered es-
sential for professional acceptability (i.e., the
number of included studies).

Main
Findings

None

All results reported in the Main Results sec-
tion of the original abstract correctly extracted
and appropriately summarised in the gener-
ated text, covering the comparison of the in-
tervention of interest (i.e., PCT) with the tar-
get comparators (i.e., TF-CBT and the con-
trol conditions wait-list and minimal attention)
in the context of all of the outcomes of in-
terest (i.e,. PTSD severity (determined by
a clinician-administered measure), treatment
dropout rates, self-reported PTSD and depres-
sion symptoms.

Conclusion

The

should
“Future
should
directly

summary
remove
research
prioritize
evaluating
PCT’s efficacy
against other
evidence-based
treatments with
distinct emphasis
on PCT itself, em-
ploying high-quality
RCTs to solidify its
position in PTSD
treatment  proto-
cols.”

In the generated summary, concluding infor-
mation is split between the Conclusions, Sig-
nificance in Patient Care and Limitations and
Recommendations for Future Research sec-
tions. Among these generated sections, the
content of the Conclusions section is fully con-
sistent with the information provided in the Au-
thors’ conclusion section of the original ab-
stract. Appropriate content regarding implica-
tions for patient care and study limitations from
the Authors’ conclusion section of the origi-
nal abstract is also used to generate accurate
statements in the Significance in Patient Care
and Limitations and Recommendations for Fu-
ture Research sections of the summary. How-
ever, the Authors’ conclusion section of the
original abstract does not mention any poten-
tial future work. Accordingly, the final sentence
in the Limitations and Recommendations for
Future Research section of the generated sum-
mary, which recommends future work, is un-
supported by the original abstract. Thus, a
score of 1 is assigned.

Table 7: Evaluation scores, corrective actions, rationales (where appropriate) and associated discussions
for the Methodology, Main Findings and Conclusions dimensions
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