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Abstract

Systematic reviews (SRs) are vital for evidence-
based practice in high stakes disciplines, such
as healthcare, but are often impeded by labor-
intensive and lengthy processes that can span
months. Due to the high demand for do-
main expertise, existing automatic summariza-
tion methods fail to accurately identify rele-
vant studies and generate high-quality sum-
maries. To that end, we introduce InsightAgent,
a human-centered interactive Al agent pow-
ered by large language models that revolu-
tionizes the systematic review workflow. In-
sightAgent partitions a large literature corpus
based on semantics and employs a multi-agent
design for more focused processing of liter-
ature, leading to significant improvement in
the quality of generated SRs. [InsightAgent
also provides intuitive visualizations of the cor-
pus and agent trajectories, allowing users to
effortlessly monitor the actions of the agent
and provide real-time feedback based on their
expertise. Our user studies with 9 medical pro-
fessionals demonstrate that the visualization
and interaction mechanisms can effectively im-
prove the quality of synthesized SRs by 27.2%,
reaching 79.7% of human-written quality. At
the same time, user satisfaction is improved
by 34.4%. With InsightAgent, it only takes a
clinician about 1.5 hours, rather than months,
to complete a high-quality systematic review.
InsightAgent demonstrates great potential in
facilitating more timely and informed decision-

making in high stake application scenarios'.

1 Introduction

Systematic reviews (SRs) are the cornerstone of
evidence-based practice (EBP) across high stakes
disciplines, such as healthcare, providing compre-
hensive synthesis of research evidence to inform

“Equal contribution.
!Code and data are available at: https://github.com/
OSU-NLP-Group/InsightAgent.

clinical decision-making (Majid et al., 2011). No-
tably, the number of published SRs indexed in
PubMed per year has increased from less than 50 in
the 1990s to almost 36,000 in 2022 (Brignardello-
Petersen et al., 2025), indicating huge amount of
human effort have been dedicated to conducting
SRs. Nevertheless, conducting systematic reviews
remains a labor-intensive and time-consuming pro-
cess that can take months to complete (Chandler
et al., 2019; Hanney et al., 2015).

The systematic review process comprises sev-
eral key steps: formulating a research question,
collecting a corpus of literature, defining inclusion
and exclusion criteria, screening relevant records,
summarizing these studies, synthesizing the find-
ings, and generating a final report. While the initial
steps are well-supported by information retrieval
tools, the latter stages — specifically, record screen-
ing, literature summarization, and finding synthesis
— remain significant bottlenecks (Hanney et al.,
2015). These steps demand intensive effort in read-
ing, comprehending, and integrating information
from a large volume of studies, posing challenges
in efficiency and consistency.

So far, automation techniques for SRs mainly
focus on record screening and shows varying sen-
sitivity (recall), resulting in only limited adoption
and modest saving of manual labor (Téth et al.,
2024). For the evidence synthesis stage, more re-
cent literature review systems based on large lan-
guage models, such as ChatCite (Li et al., 2024)
and AutoSurvey (Wang et al., 2024), still overlook
subtle but important details, resulting in generic
summaries with untraceable sources, making them
unsuitable for rigorous systematic reviews.

To overcome these limitations, we introduce In-
sightAgent, the first automated system capable of
generating high-quality systematic reviews. We
propose a human-centered agent framework that
equips language agents (Su et al., 2024) with a user-
friendly graphical interface which enables real-time
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Figure 1: Overview of the InsightAgent workflow. In Stage 1, the corpus is mapped into semantic clusters. In Stage
2, multiple agents concurrently read and synthesize evidence under real-time user guidance for each cluster. Finally,
in Stage 3, findings of all agents are integrated into a complete systematic review.

user oversight using visualization and the incorpo-
ration of user expertise via interactions. As illus-
trated in Figure 1, InsightAgent projects a large
corpus into a circular relevance-preserving map
(Qiu et al., 2024), where more relevant articles ap-
pear toward the center and semantically similar
articles are clustered together, and dispatches mul-
tiple agents to read and summarize these clusters
in parallel. This multi-agent design is inspired by
the recommended multi-reviewer strategies in sys-
tematic reviews (Chandler et al., 2019), where as-
signing different subsets of studies to independent
reviewers can reduce individual bias and accelerate
the initial screening. Each agent then explores the
cluster from the center, identifies and reads relevant
articles, and integrates findings into an interim SR.
In this process, InsightAgent simultaneously gener-
ates a provenance tree that clearly tracks supporting
articles for each interim finding.

With these visualization techniques, users can
intuitively monitor the reading trajectory of each
agent and intervene via various types of interac-
tions to adjust the focus of the agent when needed.
At last, users can inspect the provenance tree to
ensure the summaries in the output SR are properly
supported by evidences.

We comprehensively evaluate the effectiveness
of InsightAgent using 15 existing systematic re-
views in the biomedical domain with 9 domain

experts and medical students. With GPT-40 (Hurst
et al., 2024) as the backbone, the multi-agent de-
sign of InsightAgent allows it to produce system-
atic reviews with 15.6% higher quality than Au-
toSurvey. Interactions with users further improve
article identification accuracy by 47% (F1 points),
generated review quality by 27.2%, and overall
user satisfaction by 34.4%. On average, a clini-
cian can complete a systematic review in 1.5 hours
using InsightAgent and reach 79.7% of human-
written quality. InsightAgent drastically cuts the
time needed for crafting a high-quality systematic
review from months to hours, demonstrating the
great potential of human-centered Al agents in ac-
celerating evidence-based discoveries.

2 Related Work

2.1 Language Agents for Literature Survey

Recent advancements in large language models
(LLMs) have opened new possibilities for auto-
mate the literature review process. Several works
have applied LLMs to automate literature reviews.
AutoSurvey (Wang et al., 2024) generates literature
summaries by constructing an outline and progres-
sively refining it, while ChatCite (Li et al., 2024)
extracts key elements from research papers and
incrementally generates task-specific summaries.
LitLLM (Agarwal et al., 2024) retrieves papers
through keyword-based queries and produces sum-
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maries using zero-shot generation methods. Fol-
lowing a similar paradigm, Lai et al. (2024) take a
step-by-step approach and generate sections of a lit-
erature survey in sequence; lyer et al. (2024) facili-
tate semantic exploration of astronomical literature
using LLMs to improve context-based retrieval.

So far, existing LLM agents for literature re-
view mostly operate in a fully autonomous fash-
ion. The lack of user interaction and transparency
in these systems presents significant limitations.
Autonomous agents without human involvement
often struggle to maintain coherence and trans-
parency in their decision-making processes. Our
proposed system, InsightAgent, addresses these
gaps by enabling real-time user monitoring and in-
tervention for the agents’ decision making through
an intuitive graphical user interface. Through a
human-centered interface, users can visually moni-
tor agents’ tasks, guide their progress, and interact
with them to ensure coherence and relevance.

2.2 Visual Analytics for Information-seeking
and Decision-making

Visual analytics (VA) methods embed visualization
into the data analysis processes and can effectively
facilitate decision-making and information-seeking
(Isenberg et al., 2016; Lee and Uppal, 2020; Qiu
et al., 2022). In the context of information-seeking,
VA has been applied primarily in two ways: (1)
sense making and interpretability, and (2) retrieval,
classification, and decision-making.

Sensemaking and Interpretability. VA systems
assist researchers in comprehending thematic and
relational structures within extensive document col-
lections. For instance, HINTs (Lee and Ma, 2024)
employ hypergraph representations to highlight
complex entity-topic relationships, whereas Qiu
et al. (2024) utilize adaptive 2D layouts to map
documents according to user queries.

Retrieval, Classification, and Decision-Making.
VA methodologies also focus on targeted tasks
like document retrieval and classification, which
are crucial in systematic reviews. Docflow (Qiu
et al., 2022) categorizes documents in response
to user-specified queries through answer embed-
ding similarity to streamline the record screen-
ing process. Studies also suggest that coupling
machine learning—based retrieval with interactive
visualization can significantly improve precision
and recall in document retrieval and information-
seeking(da Silva et al., 2023). Beyond retrieval,

research has shown that thoughtful interface de-
sign reduces cognitive biases (Cho et al., 2017;
Oral et al., 2023) and facilitates strategic planning
(Nazemi et al., 2022).

Building on these insights, our approach lever-
ages LLM-driven agents with a spatial document
layout to facilitate systematic reviews, from where
users can observe agent actions, refine corpus ex-
ploration, and achieve more effective evidence syn-
thesis through a transparent, VA-based interface.

3 InsightAgent

In this section, we present InsightAgent, a human-
centered approach that equips autonomous lan-
guage agents with an interactive graphical user
interface for improved summary quality and user
satisfaction in high stakes domains. InsightAgent
operates in three stages: (1) corpus mapping and
partitioning, (2) record screening and evidence
synthesis, and (3) final synthesis. In each stage,
InsightAgent harnesses the capabilities of LLMs
and leverage domain knwoledge from expert users,
ensuring that the systematic review process is effi-
cient and accurate.

3.1 Stage 1: Corpus Mapping & Partitioning

The first stage of InsightAgent aims to project a
large biomedical corpus into an intuitive layout
and partition it for parallel processing by multiple
agents. This mapping not only prepares a more
focused action space for each agent, but also pro-
vides a visual interface for the user to monitor agent
trajectories and intervene when needed (Figure 1).

Corpus Mapping. To visualize the overall struc-
ture of the corpus, we use the radial-based rele-
vance and similarity map (RSS map) (Qiu et al.,
2024). Each article in the corpus is presented as a
dot, whose positions is decided by two factors: (1)
relevance to the research question - more relevant
articles appear closer to the center, and (2) seman-
tic similarity to other articles - semantically similar
articles are placed in a nearby region.

Corpus Partitioning. Once the documents are
positioned in the radial layout, we apply K-means
clustering to partition the corpus into semantically
distinct clusters. The optimal number of clus-
ters k is automatically determined by the Elbow
method (Onumanyi et al., 2022), which evaluates
cluster compactness through within-cluster and
inter-cluster distances, resulting in an average of
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nine clusters across our evaluations. Subsequently,
multiple agents are instantiated and operate in par-
allel, with each assigned to a separate cluster and
an optional reading focus. Users may flexibly re-
fine these clusters and adjust agents’ reading based
on their domain knowledge and research objec-
tives. This corpus partitioning reduces noise and
individual agent workload, significantly enhancing
retrieval accuracy and summarization quality. A
quantitative comparison demonstrating the effec-
tiveness of our multi-agent design over a single-
agent approach is presented in Appendix B.

3.2 Stage 2: Reading and Evidence Synthesis

In this stage, each agent explores its assigned clus-
ter, identifies relevant documents, generates incre-
mental summaries, and integrates newly acquired
evidence into their knowledge base. Throughout
these processes, Insight Agent offers rich visualiza-
tion and interactive controls so that users can easily
monitor and refine the agents’ reading strategies to
enhance the quality of the final systematic review
(Figure 1-Step 2).

Agent Setup and Record Screening. When an
agent is created for a given corpus, it is initial-
ized with a research question @;, inclusion and
exclusion criteria (e.g., study type), and a sum-
mary requirement (e.g., desired level of detail or
a specific analytic focus). The agent then be-
gins screening articles from the center of the RSS
map—corresponding to the most relevant docu-
ments—and progressively moves outward. At each
step, the agent selects its next article from a defined
receptive field, consisting of the immediate neigh-
bors of the current document within the relevance-
preserving map. To maintain consistency across all
agent operations, we standardize this receptive field
to always include eight nearest neighboring articles.
This design ensures agents systematically navigate
through the corpus, reducing randomness and pro-
moting coherent exploration. As each article is
reviewed, the agent determines whether it satisfies
the predefined inclusion criteria, dynamically up-
dating its short-term reading strategy accordingly.

Summary Generation & Memory Mechanism.
For each relevant article, the agent summarizes the
key findings and their relevance to (Q;. These sum-
maries are stored in a local memory, along with
metadata such as timestamps and article embed-
dings. Whenever the agent encounters overlapping
or contradictory information, it merges existing

summaries with the new one:

M1 = f(My, S;), (1)

where S; is the freshly generated summary for the
current document, and M}, is a previously stored
interim evidence synthesis. This incremental ev-
idence synthesis process avoids redundancy and
gradually constructs a coherent subdomain knowl-
edge base. Importantly, each agent’s memory re-
mains isolated from others until the final synthesis
stage, allowing it to develop a specialized perspec-
tive on its assigned topic.

Transparent Evidence Integration. To maintain
accountability for how each conclusion is formed,
InsightAgent logs every summary merge and evi-
dence update in a dependency graph, which func-
tions as an attribution or provenance structure. Leaf
nodes in this tree represent article-level summaries
and other nodes represent interim syntheses. Differ-
ent color-coding or labeling denotes contributions
from distinct agents, allowing domain experts to
verify sources and scrutinize any disputed findings.

User Interventions. [InsightAgent offers three
types of real-time user interaction interfaces to ef-
fectively collaborate with users in the systematic
review process:

» Path Navigation. On the RSS map, users can
drag an agent’s pointer to a missed relevant
article and the agent will read the article next
and update its local memory accordingly.

* Chat Navigation. Users can issue natural-
language directives (e.g., “Focus on random-
ized controlled trials”), causing the agent to
reflect on changes to ();, inclusion criteria, or
summary requirements. It then revises its re-
trieval strategy and merges new findings or
discards outdated ones.

* Instruct Navigation. For more fine-grained
control, experts can directly edit the agent’s
parameters, such as specifying stricter inclu-
sion criteria or change to a different summa-
rization format. Upon receiving these instruc-
tions, the agent double-checks relevant mem-
ory entries to ensure previously stored sum-
maries align with the updated requirements.

Whenever user interventions alter the agent’s be-
havior, the agent enters a reflection phase, during
which it reconciles any conflicts in local memory,
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and adjusts its reading strategy to be consistent
with the latest directives. By combining iterative
retrieval, localized summarization, and user-driven
oversight, InsightAgent builds a flexible, transpar-
ent evidence base that will later feed into the final
synthesis stage. We report the details of our inter-
face design in appendix 6.

3.3 Stage 3: Final Synthesis

Once the dispatched agents have finished building
localized evidence bases, InsightAgent integrates
these subdomain findings into a coherent final sum-
mary following the template specifies by the user.
The template usually has several sections, including
Introduction, Study Design, Key Findings, Discus-
sion, and Conclusion. Citations in the resulting
extended abstract follow a structured format: In-
sightAgent uses [citation_number] to refer back
to original documents or interim summaries, which
ensures the supporting sources for each argument
are clearly traceable. The dependency tree is up-
dated accordingly. We provide an example final
synthesis template in Appendix A.

4 Experiments

4.1 Experiment Setup

We perform a comprehensive human evaluation to
assess InsightAgent’s effectiveness in accelerating
systematic reviews. Our study involves 15 pub-
lished systematic reviews. Among them, 13 were
published in 2024 and 2 were from 2022 and 2023.
We reconstruct the literature corpus following their
published search strategy, with corpus sizes ranging
from 72 to 7,356 articles (the average inclusion rate
is 5.7%). Details of the chosen systematic reviews
are provided in Appendix D. Following common
practices in record screening and considering the
cost and LLM context length constraints, we only
use the title and abstract of each article in this study.
We invite 9 medical experts with prior experience
in publishing systematic reviews to participate in
the evaluation.
Our study primarily focuses on four axes:

(1) Record Screening. We measure how accu-
rately can InsightAgent identify relevant stud-
ies in the corpus during record screening. We
report precision, recall and F1 scores.

(2) Systematic Review Quality. We use a rubric-
based method in which each generated report

is independently scored by two experts on mul-
tiple dimensions, such as comprehensiveness
and writing quality, totaling 100 points. Each
systematic review is scored by two different
experts and we report the average rating. The
rubric is collaboratively defined by domain ex-
perts, with peer-reviewed human systematic
reviews as the ground truth (100 points). Ap-
pendix E provides the detailed rubric.

(3) User Experience After using each system,
participants complete a questionnaire evalu-
ating the usability of the interface, perceived
precision, and overall satisfaction. We also
conduct brief follow-up interviews for quali-
tative feedback on transparency, user control,
and confidence in the output systematic review.
The questionnaire is available in Appendix G.

Evaluation Procedure. Each of the nine experts
is randomly assigned two to four systematic re-
views, with each systematic review independently
evaluated by at least two experts familiar with its
topic. To ensure fairness and consistency in com-
paring different methods (/nsightAgent, AutoSur-
vey, and ChatCite), we assign reviews generated by
different methods for the same systematic review
to the same expert.

While we do not set a time limit, we observe
that on average it only takes participants about
1.5 hours to finish a session and produce a sys-
tematic review. This marks a substantial speedup
compared to manual systematic reviews, which typ-
ically takes months.

Implementation Details. We experiment with
two popular large language models as the sys-
tem backbone: the proprietary GPT-40 (Hurst
et al., 2024) and the open-weight Llama 3.3 70B
(Grattafiori et al., 2024). We use default hyperpa-
rameters for text generation.

To evaluate the effectiveness of user interactions,
we test two variants: InsightAgent, the default con-
figuration that supports real-time user interactions,
and InsightAgent,,;,, which disables interactions
and autonomously completes a systematic review
in a few minutes.

Baseline Systems. We compare InsightAgent
with two recent fully autonomous LLM-based liter-
ature review systems:

¢ ChatCite (Li et al., 2024), an incremental reflec-
tive summarization system for literature review.
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* AutoSurvey (Wang et al., 2024), an LLM-based
system combining embedding-based retrieval
with automated survey generation.

For ChatCite, we follow Li et al. (2024) and im-
plement the key element extractor and comparative
generator in biomedical settings. For AutoSurvey,
we use the released implementation and retrieve
the top 100 articles for each SR for summarization.

4.2 Experiment Results
4.2.1 Record Screening

System Recall (% )Precision (% )F1%
BM25 (Top-100) 54.30 16.50 25.3
ChatCite - - -

AutoSurvey (Top-100) 70.30 20.43 31.6
InsightAgentayto (Llama 3.3)  66.40 62.40 64.3
InsightAgent (Llama 3.3) 87.90 80.10 83.8
InsightAgentqayto (GPT-40) 71.10 51.90 60.0
InsightAgent (GPT-40) 98.50 79.80 88.2

Table 1: Performance in record screening. We bold the
best performance and underline the second best.

Table 1 presents the performance of each system
in identifying relevant articles. We include BM25
(Robertson and Walker, 1994) for reference. We
restrict both BM25 and AutoSurvey’s retrieval to
top-100, which is a practical cutoff given that all
of the systematic reviews in our evaluation include
fewer than 100 articles. ChatCite does not perform
retrieval, instead it summarizes all user-provided
articles. Hence, we omit it from this comparison.

The results indicates that InsightAgent,,;, with
both GPT-40 and Llama 3.3 outperform BM25 and
AutoSurvey (GPT-40) by a large margin in record
screening, with a substantial advantage in preci-
sion (62.4%/41.9% vs 20.4%), demonstrating the
effectiveness of our multi-agent design and corpus
partitioning strategy in more accurately identify
articles relevant to the research question.

Impressively InsightAgent further substantially
improves both recall and precision, with In-
sightAgent(GPT-40) reaching a near-perfect 98.5%
recall. These results show that our user-centered
design with an interactive interface can effectively
help users monitor the agent’s reading progress
and correct agent mistakes based on their do-
main knowledge. The comprehensive and accurate
record screening results lays a solid foundation for
InsightAgent to generate high-quality systematic
reviews in the final synthesis stage.

4.2.2 Quality of the Generated Summaries

System Score
ChatCite (GPT-4) 47.1
AutoSurvey (GPT-40) 54.0

InsightAgentgqto (Llama 3.3)  60.9
InsightAgent (Llama 3.3) 70.2
InsightAgentqqyto (GPT-40) 62.4
InsightAgent (GPT-40) 79.7

Table 2: Quality of generated systematic reviews rated
by human experts. We bold the best performance and
underline the second best.

Table 2 presents the quality of generated sys-
tematic reviews evaluated by experts. We observe
that InsightAgent,,, using the weaker Llama 3.3
model already outperform both baselines using
more powerful GPT-4 and GPT-40 models. Com-
pared to AutoSurvey, InsightAgent,,:,(GPT-40)
improves generated review quality by 8.4 points,
marking a significant step forward for fully au-
tonomous agents for systematic reviews.

When human oversight and guidance is avail-
able, InsightAgent with both base LLMs further
show substantial improvement in review quality by
9.3 points (Llama 3.3) and 17.3 points (GPT-40).
InsightAgent(GPT-40) reaches a quality rating of
79.7 points, making it the first system to be prac-
tically useful for domain experts to accelerate the
systematic review process.

We break down the quality improvement by eval-
uation dimensions in Figure 2. While InsightAgent
shows improvement in all aspects, the advantage
more prominent in the comprehensiveness and ac-
curacy of reviews and the derived insights and
conclusions. Qualitatively, evaluators find that In-
sightAgent consistently produces more comprehen-
sive and relevant summaries than ChatCite and
AutoSurvey, which frequently include irrelevant
information partly due to their low precision in
record screening. Furthermore, InsightAgent is
able to deliver more reliable findings, sometimes
even suggesting novel insights absent in the origi-
nal human-written SR. At last, participants report
that InsightAgent’s graphical interface and well-
designed interaction features make it easier to trace
evidence, significantly boosting their confidence
in the generated reviews. We present a detailed
qualitative comparison for one SR in Appendix H.
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Figure 2: Detailed comparison of summarization quality of InsightAgent against ChatCite and AutoSurvey across
five evaluation dimensions: Introduction & Research Context, Summarization Approach & Method, Comprehen-
siveness & Accuracy, Discussion & Future Directions, and Writing Quality & Fluency.

Question InsightAgent, .., InsightAgent  InsightAgent,.;, InsightAgent
(Llama 3.3) (Llama 3.3) (GPT-40) (GPT-40)
System was easy to use. 2.0/5 3.9/5 2.1/5 4.0/5
Confidence in recommendations. 2.6/5 4.2/5 2.8/5 4.5/5
Visualizations aided understanding. 2.9/5 4.2/5 2.9/5 4.2/5
Ability to guide or correct agents. 2.7/5 3.9/5 2.9/5 4.6/5
Overall satisfaction. 3.0/5 4.0/5 3.2/5 4.3/5

Table 3: Usability & Trustworthiness Likert Scores. We bold the best performance and underline the second best.
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Figure 3: Relationship between the number of human
interactions and perceived system trustworthiness for
GPT-40 and LLamA 3.3 70B. Scatter points represent
individual data samples, while regression lines with
confidence bands illustrate the overall trend.

4.2.3 User Experience

After each user study session, we administer a
questionnaire to collect feedback on the usabil-
ity and trustworthiness of InsightAgent, shown in
Table 3. Participants evaluated InsightAgent in
both autonomous and interactive modes. While In-
sightAgent with GPT-40 generally achieves higher
scores (e.g., 4.4/5 for “System was easy to use”

compared to 3.9/5 for Llama 3.3 70B), both back-
bone models can benefit from user guidance. For
instance, the confidence in recommendations met-
ric increases from 2.8/5 to 4.2/5 for GPT-40 and
from 2.6/5 to 4.0/5 for Llama 3.3 70B, indicating
that real-time oversight and domain-expert input
significantly boost trust in the system’s output.

To examine how interactions influence the user
experience of InsightAgent, we plot the user sat-
isfaction scores and the number of interventions
for each SR in Figure 3. Overall, both GPT-40 and
Llama 3.3 70B exhibit a clear trend: as participants
engage in more interventions, their confidence in
the system consistently grows. Among the two
backbone LLMs, GPT-40 demonstrates stronger
abilities in collaborating with users, echoing our re-
sults in record screening and final synthesis stages.

These quantitative results clearly demonstrate
the practical benefits of incorporating human in-
teraction into InsightAgent. A paired t-test con-
firms that the observed improvements are statisti-
cally significant: for InsightAgent (GPT-40), in-
teraction increases summary quality by 27.2%
(p = 3.43 x 10~7) and user satisfaction by 34.4%
(p = 1.89 x 1075). These statistically robust im-
provements underline the substantial impact of hu-
man guidance within the review process
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Figure 4: Impact of interaction types on summary quality improvement across different evaluation perspectives.
Each subplot compares scores before and after interaction for Instruction, Chat, and Path navigation.

These quantitative findings are further supported
by qualitative feedback gathered from post-session
interviews. Participants repeatedly highlight the
importance of being able to direct the agent’s read-
ing paths and monitor its exploration dynamics
through visualizations:

* “I felt more in control when I could redirect the
agent to areas I knew were important.”

* “Visualizing exploration paths helped me trust
that critical topics weren’t being missed.”

Overall, these results show that InsightAgent’s
interactive features successfully enhance user con-
fidence through engagement. In the following sec-
tion, we further show how different forms of user
intervention contribute to these improvement.

4.2.4 Effectiveness of Interactions

InsightAgent supports diverse types of interactions,
offering users flexible control in the systematic re-
view process. To rigorously evaluate the impact of
a single user interaction, we use InsightAgent,yo
to complete two interim synthesis before and after
an interaction. For each of the three interaction
types, we sample 50 such interim synthesis pairs
in our user studies and ask participants to score the
auto-completed systematic reviews. The results are
reported in Figure 4.

Instruction Navigation. By directly revising the
research question, inclusion & exclusion criteria, or
summarization requirements, users effectively re-
align the agent’s entire reading and synthesis strat-
egy. As illustrated in Figure 4 (left), instruction
navigation noticeably improves the coverage of rel-
evant literature and findings in the synthesized SRs.
Although participants less frequently use this type

of interaction (see Appendix F for usage statistics),
they consistently cite it as a powerful way to “re-
set” or “refine” the agent’s focus, thus yielding
pronounced benefits in final reporting quality.

Chat Navigation. As shown in Figure 4 (cen-
ter), chat navigation brings modest improvement
across all dimensions. We find chat is used in a
flexible way. Some participants use chat primarily
for asking clarifying questions without intervening
the agent’s decision-making, leading to minimal
changes in the final summary. In other cases, users
leverage chat to propose new angles of investiga-
tion or update the summarization format, signifi-
cantly improving the completeness of the review.

Path Navigation. Figure 4 (right) shows that
path navigation also exhibits moderate but con-
sistent improvements, especially in the compre-
hensiveness of SRs. By pinpointing overlooked
articles in the corpus, participants can ensure that
relevant studies were included, thereby enhancing
the coverage of the final review.

4.3 Error Analysis

While InsightAgent has made a significant stride to-
ward automating systematic reviews, we still iden-
tify two key limitations upon comparing agent gen-
erated SRs with human-written ones (See Appendix
H for detailed SRs, evaluations, and analysis). A
more detailed error analysis is in Appendix L.

Insufficient Statistical Analysis. Human experts
often perform statistical analysis over data from
multiple relevant studies to derive numeric evi-
dence that supports rigorous conclusions. While
InsightAgent shows promise in evidence synthesis,
it is not yet capable of performing such analysis.
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Limited Planning and Evidence Weighting.
Human-generated systematic reviews often con-
trol the proportion of articles drawn from differ-
ent sources, such as high-quality randomized con-
trolled trials (RCTs) versus observational studies
(e.g., “60% of data is from RCTs and 40% from
observational cohorts”) and weight these sources
accordingly. While InsightAgent can accurately
identify relevant studies, it generally treats the arti-
cles equally and has limited capacity in considering
such global constraints and adjust review plans.

These limitations call for future research in aug-
menting Al agents systematic reviews with ad-
vanced analysis and planning modules.

5 Conclusion

We introduced InsightAgent, a human-centered lan-
guage agent for accelerating systematic reviews. In-
sightAgent adopts a novel multi-agent design and
is equipped with an intuitive graphical interface
that supports both agent decision monitoring and
user interactions, resulting in improved quality and
user experience in high stakes domains like health-
care. Through comprehensive human study, we
show that a single domain expert can finish a high-
quality systematic review in only 1.5 hours, rather
than months, and reach 79.7% of human-written
quality. Our work demonstrates the great potential
of interactive Al agents in accelerating systematic
reviews and further facilitate scientific research.

Limitations

Despite promising results, this work faces three pri-
mary limitations. First, we conducted a relatively
small-scale user study, owing to both the high hu-
man effort required for evaluation and the limited
availability of fully completed systematic reviews.
Second, due to cost and LLM context length limits,
this work’s setup is restricted to reading only the ab-
stract of each study rather than full texts, potentially
omitting critical details that can shape final conclu-
sions. Third, the system lacks the ability to extract
and synthesize numerical statistics or weight evi-
dence based on study design; consequently, effect
sizes, incidence rates, and other quantitative mea-
sures are not rigorously reported, and stronger stud-
ies are not afforded greater influence in the synthe-
sized results. We deem developing more advanced
systematic review agents capable of quantitative
analysis and evidence weighting as promising and
important future work directions.
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A Prompt Template

we present the complete prompt in /nsightAgent
for retrieve (Prompt 1), read (Prompt 2), synthesis
(Prompt 3), and reflection (Prompt 4) actions.

B Quantitative Evaluation of Multi-Agent
Design

To quantitatively demonstrate the effectiveness of
the multi-agent design, we compare the retrieval
performance of InsightAgent under two different
conditions: an automatically determined number of
clusters (multi-agent scenario) and a single-cluster
scenario (single-agent). The evaluation metrics
considered include recall, precision, and the F1
score. Results are summarized in Table 4, which in-
dicates that the multi-agent configuration, using an
automatically determined number of clusters (av-
eraging nine), consistently outperforms the single-
agent scenario across both evaluated LLM back-
bones (Llama 3.3 and GPT-40). Specifically, the
multi-agent setup yields notably higher recall, pre-
cision, and F1 scores, underscoring its superior
capability to identify relevant articles accurately.
In contrast, the single-agent design results in a
substantial performance decline, highlighting the
importance of corpus partitioning and parallel pro-
cessing for ensuring the quality of review output.

C InsightAgent Interface

InsightAgent is designed to give users maximum
flexibility in monitoring systematic reviews (Fig-
ure 6). The main Canvas (top center) hosts an
infinite scrollable area where researchers can place
one or more Environment components (e.g., El,
E2, E3). Each environment projects a corpus of
documents onto an interactive 2D map, display-
ing article distributions and agent “line-of-action”
paths for reading. By hovering over any dot in an
environment, users can view that article’s metadata
(title, authors, abstract, etc.), then decide which
agent should read or skip it. This canvas-based
design affords more fluid iteration than a static lay-
out, letting users freely reposition cards, open new
environments, or consolidate findings as needed.
The Corpus View (C1) displays metadata for
each document. It tracks which agent has read
a given paper, whether it was included or excluded,
and can export those decisions in CSV form for ref-
erence or reporting. The Chat Window (A1) offers
a direct interface for conversations with a chosen
agent, enabling chat-based instructions or updates
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Table 4: Retrieval Performance Comparison Between Single-Agent and Multi-Agent Designs

System Configuration Recall (%) Precision (%) F1 (%)
InsightAgentg,t, (Llama 3.3) - Kyt (9 on avg.) 66.4 62.4 64.3
InsightAgentgy,s, (Llama 3.3) - K =1 56.6 52.0 54.2
InsightAgent,,to (GPT-40) - Kyut0 (9 on avg.) 71.1 51.9 60.0
InsightAgent,,;, (GPT-40) - K =1 60.9 447 51.6

(such as clarifying a misunderstanding or adjust-
ing the focus of the agent’s reading). Alongside
the chat, each agent’s Memory Hierarchy (A1-M)
visualizes how individual evidence items are syn-
thesized into higher-level summaries. Users can
expand or hover over nodes to review summarized
findings and cross-check citations, further strength-
ening traceability.

The menu on the left (A) lists the system’s pri-
mary components: Environments, Agents, and a
Collaboration Panel. Researchers can add multiple
agents to a single environment—enabling parallel
reading of different subtopics—or move a single
agent across multiple environments by simply drag-
ging its icon from one environment to another. The
agent’s ongoing tasks and progress appear in the
Agent Status panel on the right, which also dis-
plays the research question, detailed focus, inclu-
sion/exclusion criteria, and summarization require-
ments. These can be edited in real time, represent-
ing an instruction-based interaction that updates
the agent’s parameters mid-stream. Meanwhile,
“path-based” interactions occur within the environ-
ment cards (E2, E3), where the user drags the agent
pointer around the projected document space to
direct its reading order. Finally, the Collaboration
Panel allows multiple agents (Agent 0 and Agent 1,
for example) to be grouped, letting them exchange
findings or produce a unified synthesis through a
shared chat or memory structure.

This flexible interface facilitates a more iterative,
user-driven approach than is typical in static review
tools. By combining path navigation, direct tex-
tual instructions, and real-time agent collaboration,
InsightAgent broadens researchers’ capacity to or-
ganize, track, and refine systematic reviews in a
manner best suited to their investigative goals.

D Completed Systematic Reviews for
Evaluation

We evaluated InsightAgent using 15 complete sys-
tematic reviews spanning diverse biomedical topics
(Table 6). All these reviews are publicly available
and we replicate the corpus from PubMed, which
are intended for research use.

Each review’s search strategy was replicated ac-
cording to recommended guidelines (Page et al.,
2021; Chandler et al., 2019; MEDICINE, 2011)
to retrieve its original corpus of candidate articles,
and the final set of included studies was recorded
from the published review. The table summarizes
each review’s publication year, title, total retrieved
corpus size, and number of ultimately included
articles. By systematically re-creating these 15
datasets, we ensure that our framework’s perfor-
mance is assessed on authentic, rigorously vetted
reviews, thereby enhancing the validity and compa-
rability of our evaluation.

Interaction Count Distribution by Navigation Type

15

10

5 %’
° 8

Path Navigation

Interaction Count

Chat Navigation
Navigation Type

Instruction Navigation

Figure 5: The number of interactions users conducted on
average to complete systematic reviews across different
navigation types.

E Evaluation Rubric

Our evaluation rubric (Table 7, 8, 9, 10, 11) is de-
veloped by domain experts in biomedical research
and guided by established systematic review frame-
works (Page et al., 2021). To make is suitable for
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Table 5: Prevalence of Major Error Types in Extended Abstracts (number of reports flagged / total reports (%)).

Error Type ChatCite AutoSurvey InsightAgent InsightAgent
(R=15) (R=15) (Llama-3.3, R = 30) (GPT-40, R = 59)
Insufficient Quantitative Evidence 12/15 (80%) 10/15 (67%) 8/30 (27%) 13/59 (22%)
Limited Evidence Weighting 10/15 (67%) 8/15 (53%) 11/30 (37%) 18/59 (31%)
Omitted Heterogeneity Discussion 13/15 (87%) 10/15 (67%) 5/30 (17%) 7/59 (11%)
Hallucinations / Faithfulness Errors 8/15 (53%) 6/15 (40%) 6/30 (20%) 7/59 (12%)

our evaluation setting, we tailor it to agent-based
summarization of a biomedical systematic review
in extended-abstract format. It evaluates five main
dimensions: clarity of the research question and
context, methods used (including data extraction
and corpus coverage), completeness and accuracy
of key biomedical findings, depth of discussion
and practical takeaways, and overall writing quality.
Each sub-criterion outlines concise “full points” ex-
pectations and corresponding deductions, offering
a detailed yet focused way to gauge how effectively
an extended abstract captures core biomedical evi-
dence and implications within the constraints of a
shorter-form document.

F Distribution of Interactions

We report the count of each type of interactions that
users performed during the evaluation in Figure 5

G Usability Questionnaire

We conduct a user study inviting domain experts
to perform a systematic review using InsightAgent,
which integrates both a Radial Map and a Hierar-
chical Map for visualization and interaction. To
assess the effectiveness of these designs, we formu-
late a set of tasks spanning cluster identification,
path adjustment, and evidence synthesis navigation.
Based on these tasks, and user’s overall experi-
ence while using the system, we develop a struc-
tured questionnaire that covers five core usability
categories: ease of use, confidence in recommen-
dations, visualization-aided understanding, ability
to guide or correct the agent, and overall satisfac-
tion. Table 12, 13 list all the questionnaire items,
which allowed us to evaluate how effectively our
visualizations and interactive features supported
systematic review workflows.

H Reports Generated by human,
InsightAgent, AutoSurvey and
ChatCite

We presents systematic review summaries gen-
erated by InsightAgent (Table 15), AutoSur-
vey (Table 16) and ChatCite (Table 17), along
with a human-conducted abstract reported in
the orignal paper (Tan-Lim and Esteban-Ipac,
2024) (Table 14). During the user study, partic-
ipants leveraged 15 path navigation, 24 chat-based
interactions, and 1 instruction navigation to refine
the generated summary.

Comparison with Human-Curated Summary.
Table 15, 16, 17 present the detailed evaluations
based on our evaluation rubric (Appendix E). The
evaluation highlights that InsightAgent-produced
reports captured essential findings with greater nu-
merical specificity, while also offering structured
synthesis across multiple perspectives.

Specifically, table 15 indicates that /nsightAgent
generated more extensive numeric details than the
manually written review, an observation echoed by
multiple participants. For instance, InsightAgent
highlighted differential efficacy based on patient
severity and time to treatment initiation, a nu-
anced perspective the human-curated report had
touched upon only briefly. One expert remarked
that “The system’s summary pinpoints how remde-
sivir’s impact may vary depending not just on dis-
ease severity but also treatment delay and patient
demographics—a useful angle we hadn’t fully ex-
plored.” InsightAgent’s structured approach also
aligns closely with the human reference in terms of
core conclusions, suggesting its capacity to synthe-
size abstract-level data effectively.

AutoSurvey and ChatCite. Tables 16 and 17
show that while AutoSurvey retrieves multiple po-
tentially relevant abstracts, it often introduces tan-
gential discussions or unverified claims due to
broad embedding-based retrieval. Clinical part-
ners noted an “excess of irrelevant evidence” that
diluted the final summary’s coherence. ChatCite,
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by contrast, provided shorter, more direct state-
ments, yet lacked a cohesive structure suitable for
systematic reviews, creating an “overwhelming”
presentation of scattered facts. Participants found
it challenging to assemble ChatCite’s unstructured
bullet points into a narrative aligning with standard
review guidelines.

Strengths and Limitations. Overall, In-
sightAgent delivers a focused, multi-perspective
synthesis ~ with  greater = numeric  speci-
ficity—enabling rapid exploration of heteroge-
neous studies that traditionally demand extensive
manual labor. In some cases, InsightAgent even
surfaced more detailed effect estimates than the
human-written review, driven by domain experts
interactively prompting for specific statistics to
support their evolving queries. However, two
key limitations remain. First, our reliance on
abstract-level inputs can omit critical numeric
details—e.g., the WHO Solidarity trial’s mortality
comparison (14.5% vs. 15.6%, p = 0.12) and
subgroup counts across nine RCTs totalling 13,085
patients were not fully captured (Table 15-F7, Eb).
Second, without a dedicated statistical module,
the system cannot compute confidence intervals
or meta-analytic effect sizes, limiting its ability to
perform quantitative synthesis beyond reported
values. Additional error categories, such as omitted
heterogeneity discussion and hallucinations—are
examined in detail in Appendix I. Future work
should integrate structured data extraction and
lightweight statistical analyses to enrich automati-
cally generated summaries and further close the
gap with human expert reviews.

I Detailed Error Analysis

Below we define four principal error categories ob-
served in system-generated SR extended abstracts,
describe how each is detected (via rubric subscores
or expert feedback), and formalize its prevalence

rate:
Ne

ﬁ )

where for each error type e, N, denotes the num-
ber of reports flagged under that category, and R
denotes the total number of reports (see Table 5).

Rate, =

1. Insufficient Statistical Analysis & Quantita-
tive Evidence This error occurs when a summary
omits concrete numerical synthesis (e.g., pooled
effect sizes or incidence rates) that human review-
ers would compute across studies. Detection is

triggered if either the rubric subscore on item 3.3
(“Use of Quantitative or Specific Evidence”) is < 2,
or an expert explicitly notes missing statistics. As
shown in Table 5, this error affects 80% of ChatCite
and 67% of AutoSurvey reports, but is reduced to
27% for InsightAgent (Llama-3.3) and 22% for In-
sightAgent (GPT-40). Example feedback: “The
summary notes improved symptom scores but fails
to report the 25% mean improvement and its confi-
dence interval.”

2. Limited Evidence Weighting This error
arises when the summary treats all studies equally,
without accounting for design or quality differences
(e.g., RCT vs. observational). We flag a report
when rubric subscores on item 2.3 (“Coverage &
Representativeness™) or 2.5 (“Risk of Bias”) are
< 2, or an expert comment highlights uniform
weighting. InsightAgent variants reduce this er-
ror from 67% (ChatCite) and 53% (AutoSurvey)
to 37% (Llama-3.3) and 31% (GPT-40). Example
feedback: “All trials are summarized identically,
but the large multi-center RCT should carry greater
emphasis than small cohort studies.”

3. Omitted Heterogeneity Discussion A report
is flagged if it fails to acknowledge conflicting or
subgroup findings (rubric item 3.4 “Variability /
Heterogeneity” < 2 or expert notes missing sub-
group analysis). Baseline systems omit heterogene-
ity in 87% (ChatCite) and 67% (AutoSurvey) of
cases, whereas InsightAgent lowers this to 17%
(Llama-3.3) and 11% (GPT-40). This reduction
reflects how our interactive pipeline allows domain
experts to prompt the agent for subgroup or vari-
ability checks during review, ensuring conflicting
findings are surfaced before final synthesis. Ex-
ample feedback: “There is no mention that remde-
sivir’s benefit differs by treatment delay or patient
age, which emerged in several trials.”

4. Hallucinations or Faithfulness Errors This
error covers any invented or misrepresented facts.
We flag a report if rubric item 3.5 (“Faithfulness
to Source Material”) is < 2 or an expert identi-
fies a discrepancy. Hallucinations occur in 53% of
ChatCite and 40% of AutoSurvey summaries, but
fall to 20% (Llama-3.3) and 12% (GPT-40) with
InsightAgent. The integrated evidence-tracking
graph and real-time review controls enable users to
verify each claim’s provenance on the fly, substan-
tially limiting faithfulness errors. Example feed-
back: “The summary claims remdesivir reduced
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Figure 6: A screenshot of the InsightAgent interface while conducting a systematic review. The central Canvas is an
infinite- scrollable space for creating multiple Environments (E1, E2, E3) and attaching any number of agents or
collaboration panels. This design allows users to freely drag and drop agents, documents, or synthesis outputs as

they refine the review process.

ICU stay by 50%, yet no cited trial reports this
figure.”

By combining rubric-based thresholds with ex-
pert annotations, we achieve both quantitative rigor
and real-world validity in pinpointing key failure
modes of our agentic synthesis pipeline. The sub-
stantial reduction in omitted heterogeneity and
faithfulness errors underscores the efficacy of hu-
man—in—the—loop oversight, while remaining error
rates highlight avenues for enhancing statistical
integration and bias mitigation.
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Remdesivir in adults with severe COVID-19: a
double-blind, placeb
multicentre trial.

Wang, Yeming, Zhang, Dingyu, Du, Guanhua, Du, Ronghui, Zhao,
Jianping, Jin, Yang, Fu, Shouzhi, Gao, Ling, Cheng, Zhenshun, Lu,
Qiaofa, Hu, Yi, Luo, Guangwei, Wang, Ke, Lu, Yang, Li, Huadong,
Wang, Shuzhen, Ruan, Shunan, Yang, Chengging, Mei, Chunlin,
Wang, Yi, Ding, Dan, Wu, Feng, Tang, Xin, Ye, Xianzhi, Ye,
Yingchun, Liu, Bing, Yang, Jie, Yin, Wen, Wang, Aili, Fan, Guohui,
Zhou, Fei, Liu, Zhibo, Gu, Xiaoying, Xu, Jiuyang, Shang, Lianhan,
Zhang, Yi, Cao, Lianjun, Guo, Tingting, Wan, Yan, Qin, Hong, Jiang,
Yushen, Jaki, Thomas, Hayden, Frederick G., Horby, Peter W., Cao,
Bin, Wang, Chen

BBACKGROUND: No specific antiviral drug has been proven effective for
treatment of patients with severe coronavirus disease 2019 (COVID-19).
Remdesivir (GS-5734), a nucleoside analogue prodrug, has inhibitory
effects on pathogenic animal and human coronaviruses, including
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) in vitro,
and inhibits Middle East respiratory syndrome coronavirus, SARS-CoV-
1, and SARS-CoV-2 replication in animal models. METHODS: We did a
randomised, double-blind, placebo-controlled, multicentre trial at ten
hospitals in Hubei, China. Eligible patients were adults (aged =18 years)
admitted to hospital with laboratory-confirmed SARS-CoV-2 infection,
with an interval from symptom onset to enrolment of 12 days or less,
oxygen saturation of 94% o less on room air or a ratio of arterial oxygen
partial pressure to fractional inspired oxygen of 300 mm Hg or less, and
radiologically confirmed pneumonia. Patients were randomly assigned in

Summary

Introduction: The research question addresses the efficacy and safety of remdesivir for
treating patients with COVID-19, focusing on outcomes such as mortality, clinical
improvement, need for mechanical ventilation, and adverse events. This question is
significant as it seeks to determine the therapeutic value of remdesivir, a widely used
antiviral, in improving patient outcomes during the COVID-19 pandemic.

Study Design: The included summaries were selected based on the following criteria:
Inclusion Criteria: Population: Patients with COVID-19 of any age and severity.
Intervention: Remdesivir. Comparator: Placebo or standard care. Outcomes: Mortality,
clinical deterioration or i need for time to clinical recovery,
and adverse events. Study Design: Randomized controlled trials (RCTs). Exclusion
Criteria: Observational studies, quasi-randomized trials, and studies without relevant
outcomes.

Key Findings: The new paper by Ali et al. found that adding remdesivir to standard care
did not reduce in-hospital mortality [1]. This contrasts with findings from a cost-
effectiveness analysis conducted alongside the CATCO trial, which suggested that
remdesivir marginally reduces mortality and significantly reduces the need for
mechanical ventilation [2]. The intermediate synthesis previously identified that
remdesivir likely reduces mortality in nonventilated patients requiring supplemental
oxygen, suggesting a potential benefit i this subgroup [3]. However, another systematic
review and meta-analysis found no significant differences in overall mortality or need for
mechanical ventilation between remdesivir and control groups, although it noted
increased recovery and clinical improvement rates with remdesivir [4]. These findings
highlight a potential discrepancy in mortality outcomes, possibly due to differences in
patient subgroups or study designs.

Figure 7: An integrated Synthesis View in InsightAgent in an early stage of review, featuring two agents collaborating
on the same systematic review. The Hierarchy panel (left) merges each agent’s memory structure into a single
visualization, color-coded to indicate which concepts originate from which agent. Hovering over a node reveals
the underlying article or synthesized findings (e.g., P1 for paper details, R1 for an intermediate summary). This
arrangement allows users to examine and reconcile multiple evidence streams in real time, comparing granular
article content against higher-level synthesized conclusions.
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Retrieve Prompt

You are a biomedical research agent assisting with a systematic review on the question: {query}. You have access to a
corpus of documents and must decide which papers to read during this iteration based on their titles and initial abstracts.
In doing so, you should consider whether each paper can contribute new evidence toward the research question.
Before this iteration, you have already read or processed the following papers:

{paper_already_read}

Below is a summary of any key findings you have discovered thus far:

{findings_so_far}

Here are the newly available papers for you to evaluate:

{available_papers}

Please consult the following inclusion criteria to determine relevance:

{inclusion_criteria}

Select one or more papers (by their indexes) if they provide additional, relevant information for the question {query}
with detailed focus {detailed_focus}.

Otherwise, return "skip"” if none appear pertinent or if they merely repeat information you have already processed.
Before making your selection, explain your reasoning and the rationale behind your choices.

Inspiration from prior conversation history is shown below: {inspiration_conversation_history}

Your output must be in the JSON format below (and nothing else):

T json
{
"thought"”: "<string>",
"selected_papers": [
// e.g., "1", "2", or "skip" if none are relevant
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Read Prompt

You are a biomedical research agent assisting with a systematic review on the question: {query} with detailed focus
{detailed_focus}. Below, you will read a newly assigned paper, extracting any information that may relate to the
review’s question.

Before this iteration, you have processed:

{paper_already_read}

Key findings so far:

{findings_so_far}

The paper you need read is:

{paper_to_read}

Be aware that this paper might not be relevant to {query} with the detailed focus {detailed_focus}, or should be
exclude considering the inclusion exclusion criteria: {inclusion_criteria}. If it is relevant, produce an overall
thought reflecting your updated understanding of the review, integrating what you have already discovered. If it is not
relevant, explain briefly why you are excluding it.

If the content conflicts with previously read materials, do not resolve the conflict; simply include it in your overall
thought for future exploration.

Consider the inspiration from prior conversation history with human before decision making:
{inspiration_conversation_history }

You must respond with a single JSON object, wrapped in an array, following the schema below.

“Jjson

{
"analysis": "<string>",
"response_preparation_analysis”: "<string>",
"related_to_query”: true/false,
"reason_of_exclusion”: "<string>",
"summary_of_the_paper"”: "<string>",
"summary_phrase": "<string>",
"thought": "<string>"

}

Notes:

- analysis: includes all relevant details from the paper pertaining to the review, plus any interesting extra information.
- response_preparation_analysis: how you intend to fulfill the user’s needs, given any prior instructions.

- related_to_query: a boolean indicating if the paper addresses "query".

- reason_of_exclusion: if false above, explain why.

- summary_of_the_paper: a concise overview of the content; return "not included" if no relevant details are found.

- summary_phrase: a short, up-to-three-word phrase describing how the paper connects to "query".

- thought: your overall updated understanding of the review, without extraneous details.
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Synthesize Prompt

You are a research agent focusing on a biomedical systematic review for the question {query}. You have just received a
new paper summary and must integrate it with existing paper summaries or intermediate syntheses, if relevant. Your
output should merge any overlapping or complementary information into a final synthesized summary as described
below. Cite sources using <citation>citation_number</citation> at the end of relevant sentences.

Here is the newly provided paper summary:

{current_summary_index}:{paper_summary}

Below are previously generated summaries or intermediate syntheses, each with an ID:

{previous_summaries}

You should:

[1] Identify the most relevant existing summary or synthesis to merge with this new paper. If none are relevant, clearly
state why.

[2] If a relevant item is another paper summary, combine them into a new intermediate synthesis. If it is an existing
synthesis, add the new paper’s insights to that synthesis. If no match is found, explicitly explain that outcome.

[3] Incorporate the user’s summarization requirement {summarization_requirement} into the final integrated sum-
mary if it applies to the content.

[4] Structure the final synthesized summary (plain text inside each section) with the following sections, and cite sources
using <citation>citation_number</citation>:

* Introduction: Introduce the research question {query} and its broader context, explaining its significance.

* Study Design: Describe how the included summaries were chosen. Mention that the following inclusion-exclusion
criteria were applied: {inclusion_exclusion_criteria}. Do not mention any search strategy.

* Key Findings: Present core insights from all integrated evidence, highlighting any similari-
ties, differences, patterns, or contradictions. Cite each source via <citation>id</citation> or
<citation>{current_summary_index}</citation> for the new paper.

* Conclusion: Summarize the overall outcomes, discussing whether they address the original question and any overarch-
ing patterns or implications.

* Discussion: Reflect on the strength of the evidence, potential gaps, limitations, and suggest directions for future work.
If certain aspects remain unclear, note that consulting the full text of some articles may be necessary.

[5] Only use information provided in these summaries or syntheses; do not introduce details beyond the given text.
Retain any citations from the identified synthesis if you are updating it.

After deciding which summaries or syntheses to include, return a single JSON object following the schema below, and
nothing else:

{
"identified_relevant_summaries”: ["<id1>", "<id2>", ...],
"reasoning”: "<string>",
"synthesized_summary”: "<string>",
"thought": "<string>"
3
Notes:

- "identified_relevant_summaries” is a list of IDs for any relevant summaries or empty if none match.

- "reasoning” explains why these items were selected (or not) in the context of {query}.

- "synthesized_summary” is the new or updated synthesis, containing the five sections (Introduction, Study Design,
Key Findings, Conclusion, Discussion) formatted in HTML with citations.

- "thought” is your overall perspective on {query} thus far, mindful of potential conflicts but without arbitrating them.
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Reflect Prompt

You are a research agent assisting a human expert in conducting a systematic review for the question: {query}. Below
are the criteria you have been using to include or exclude studies:

{include_exclude_criteria}

You have already read several papers and obtained certain findings (summaries or insights). The human expert
has now provided further input or questions. They may also have changed their guidance on which paper to read
({paper_reading_instruction_if_any}), or revised the summarization requirement. If no such specific instruction
exists, this variable will be empty.

{findings_so_far}

(Note: these findings represent your current overall insights.)

{conversation_history?}

You must reflect on this new feedback or instruction to determine how your process should evolve. For instance:

- If the human suggests focusing on a different paper than you previously chose, you should note how your plan will
adapt in the next iteration.

- If they introduce or change the summarization requirement, you should note the updates you will make.

- If they provide further critiques or clarifications, incorporate them into your plan.

- If they only express general approval or clarifications about your existing findings, you may continue without major
changes.

At the end of your reflection, you must produce a single JSON object, formatted following this schema:

“json
{
"reflection”: "<string>",
"updates_on_additional_requirement”: "<string>",
"updates_on_criteria”: "<string>",
"updates_on_summarization_requirement”: "<string>"
3
Note:

-“reflection” is your overall reasoning on how to modify your process or maintain it, based on the new human
feedback.

-“updates_on_additional_requirement” describes any further research directions or sub-questions you plan to
pursue at the user’s request; if there is no update, leave this empty.

-“updates_on_criteria” indicates any changes to your inclusion/exclusion criteria after reflecting on human critiques;
if none, leave this empty.

-“updates_on_summarization_requirement” details any shifts in how you will summarize information in subsequent
steps (e.g., more concise, focusing on specific methodology or outcome), or remains empty if no change is needed.
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Year Title Corpus/Inclusion

2024 A systematic review on the impact of sub-epidermal (Avsar et al., 2024) 712 Total / 10 Included
2024  Aurtificial Intelligence Support for Informal Patient Caregivers (Borna et al., 2024) 381 Total / 10 Included
2024  Nutritional interventions for preventing (Langer et al., 2024) 72 Total / 23 Included
2024  Community dwelling older people (lida et al., 2025) 455 Total / 5 Included
2024  Prevalence of persistent hypertension following pregnancy (Mukosha et al., 2024) 752 Total / 22 Included
2024  Insulin Delivery Technology for Treatment in Infants (Panza et al., 2024) 204 Total / 22 Included
2024 A Systematic Review of Nurses’ Perceptions (Park et al., 2024) 449 Total / 21 Included
2024  Text Messaging for Medication Adherence in CVD Prevention (Hyun et al., 2024) 4,162 Total / 18 Included
2024  Psychological interventions for asthma in children and adolescents (Sharrad et al., 2024) 6,665 Total / 34 Included
2024  Cognitive mental workload of emergency nursing (Surendran et al., 2024) 353 Total / 57 Included
2024  Remdesivir for Patients with COVID-19 (Tan-Lim and Esteban-Ipac, 2024) 491 Total / 9 Included
2024  The prevalence of pulmonary hypertension in post-tuberculosis (van Heerden et al., 542 Total / 34 Included
2024)

2022  Effects of Caffeine Intake on endurance (Wang et al., 2022) 1,107 Total / 21 Included
2024  Evening versus morning dosing regimen (Wu et al., 2024) 7,356 Total / 27 Included
2023  Efficacy of single-pill combination (Xie et al., 2023) 1,697 Total / 32 Included

Table 6: 15 completed systematical reviews used in evaluation, including publication year, review title, total retrieved
corpus, and final number of included articles.

Detailed Evaluation Rubric — Category 1: Introduction & Research Context (15 points)

These items evaluate how well the extended abstract states the research question, provides justification, and outlines clear
objectives for practice or research.

¢ 1.1 Clarity of Research Question (5 points)
— Full Points (5):
+ The extended abstract explicitly states the research question (e.g., comparing interventions X and Y).
% The scope is clear (population, condition, outcomes).
— Deductions:
% (-1 ~2 points) if the question is vaguely stated or missing key details.
% (-3 ~4 points) if the research question is unclear or scattered.
% (-5 points) if the question is not stated at all or is entirely irrelevant.
* 1.2 Justification & Relevance (5 points)
— Full Points (5):
+ Provides a compelling reason for why this extended abstract is necessary (e.g., gaps in existing knowledge).
+ Shows clear alignment with user-provided context or corpus.
— Deductions:
% (-1 ~2 points) if the justification is too brief or lacks evidence.
% (-3 ~4 points) if little rationale is given and significance is unclear.
% (-5 points) if no justification is provided at all.
* 1.3 Objectives & Significance (5 points)
— Full Points (5):
% Clearly identifies intended impact (practice, policy, or future research).
% States how the agent-based summary could help clinicians, researchers, or stakeholders.
— Deductions:
% (-1 ~2 points) if objectives are too general or only partially linked.
% (-3 ~4 points) if objectives are not mentioned or lack practical implications.
# (-5 points) if it is entirely missing or irrelevant.

Table 7: Detailed Evaluation Rubric — Category 1
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Detailed Evaluation Rubric — Category 2: Summarization Approach & Method (25 points)

These items focus on how the agent or system generated the extended abstract, inclusion/exclusion criteria, data extraction,
and potential biases. Also adapted from traditional methodology to reflect the user-provided corpus.

* 2.1 Agent-Based Summarization Description (5 points)
— Full Points (5):
# Describes how the system generated the abstract (e.g., from user corpus, rules, filters).
+ Mentions the basic workflow (e.g., “The agent filtered 50 articles...”).
— Deductions:
% (-1 ~2 points) if the system’s role is only vaguely mentioned.
% (-3 ~4 points) if the method is unclear or incomplete.
% (-5 points) if no method is described at all.
* 2.2 Inclusion/Exclusion Rationale & Data Sources (5 points)
— Full Points (5):
= Briefly states what types of articles or data were included (e.g., RCTs, observational) and any user-driven
filters.
+ Mentions the source of the corpus (e.g., “User uploaded 50 full-text articles from PubMed...”).
— Deductions:
% (-1 ~2 points) if criteria or corpus sources are vague or incomplete.
% (-3 ~4 points) if it’s unclear what data was included/excluded.
% (-5 points) if no mention of data sources or selection criteria is made.
* 2.3 Coverage & Representativeness (5 points)
— Full Points (5):
+ Demonstrates that the abstract captures the key range of the user-provided corpus.
* Incorporates relevant findings from diverse studies (if applicable).
— Deductions:
% (-1 ~2 points) if only a narrow subset is summarized without justification.
# (-3 ~4 points) if major, important studies/themes are missing.
% (-5 points) if it’s unclear the summary reflects the corpus at all.
* 2.4 Data Extraction & Reliability (5 points)
— Full Points (5):
+ Explains how key info (outcomes, participants, etc.) was extracted or verified.
= Mentions how errors/biases in extraction might be handled.
— Deductions:
% (-1 ~2 points) if extraction process is vaguely described.
% (-3 ~4 points) if there is no clarity on relevant details.
# (-5 points) if steps are absent or contradictory.
» 2.5 Risk of Bias / Limitations (5 points)
— Full Points (5):
= Acknowledges potential weaknesses (e.g., model may overlook nuances).
+ Identifies any known biases in the agent’s approach or corpus.
— Deductions:
% (-1 ~2 points) if risk of bias is only superficially noted.
% (-3 ~4 points) if major limitations are ignored.
% (-5 points) if no mention of limitations or bias at all.

Table 8: Detailed Evaluation Rubric — Category 2
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Detailed Evaluation Rubric — Category 3: Comprehensiveness & Accuracy of Summaries (30 points)

These items focus on how thoroughly and accurately the extended abstract covers all major findings, uses quantitative
evidence, and addresses heterogeneity or conflicting data.

* 3.1 Relevance & Completeness (10 points)
— Full Points (10):
# Accurately reflects all major findings relevant to the research question.
+ Notes key outcomes, interventions, or theories from the corpus.
— Deductions:
% (-1 ~3 points) if some significant findings are missing or incomplete.
% (-4 ~7 points) if large sections are omitted, misleading the summary.
% (-8 ~10 points) if it fails to capture the essence entirely.
* 3.2 Clarity & Cohesion of Findings (5 points)
— Full Points (5):
% Information flows logically, with clear transitions; no abrupt contradictions.
— Deductions:
% (-1 ~2 points) if transitions are unclear or haphazard.
% (-3 ~5 points) if the text is difficult to follow or contradictory.
* 3.3 Use of Quantitative or Specific Evidence (5 points)
— Full Points (5):
+ Includes specific data points or effect sizes where possible.
+ Avoids vague statements like “Most studies are positive” without data.
— Deductions:
% (-1 ~2 points) if only partial specificity or missing effect sizes.
% (-3 ~4 points) if mostly qualitative, omitting key quantitative data.
+ (-5 points) if no concrete data despite availability.
* 3.4 Discussion of Variability / Heterogeneity (5 points)
— Full Points (5):
% Addresses differences among studies and acknowledges inconsistent findings.
— Deductions:
# (-1 ~2 points) if variability is briefly mentioned but not explained.
% (-3 ~4 points) if contradictory findings lack context.
% (-5 points) if no mention of heterogeneity at all.
* 3.5 Faithfulness to Source Material (5 points)
— Full Points (5):
% Conclusions and claims clearly stem from the user-provided corpus.
* No major distortions or misinterpretations of original study conclusions.
— Deductions:
% (-1 ~2 points) if minor discrepancies or paraphrasing errors occur.
% (-3 ~4 points) if some interpretations conflict with source data.
% (-5 points) if the summary significantly misrepresents the corpus or invents data.

Table 9: Detailed Evaluation Rubric — Category 3
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Detailed Evaluation Rubric — Category 4: Discussion, Implications & Future Directions (20 points)

These items evaluate how well the summary interprets findings, gives practical recommendations, and proposes future
research.

* 4.1 Interpretation of Findings (10 points)
— Full Points (10):
+ Interprets the summarized data in context (e.g., “These findings suggest X is more effective...”).
+ Identifies overarching trends, limitations, and potential biases clearly.
— Deductions:
% (-1 ~3 points) if interpretation is present but lacks clarity or depth.
% (-4 ~7 points) if major outcomes are not linked to broader discussion.
% (-8 ~10 points) if there is little or no interpretation, or contradictions.
* 4.2 Practical Implications or Recommendations (5 points)
— Full Points (5):
= Offers thoughtful suggestions for clinicians, policymakers, or researchers.
+ Ties the summarized evidence back to real-world application.
— Deductions:
% (-1 ~2 points) if implications are only briefly stated.
% (-3 ~4 points) if recommendations are vague or lack linkage to data.
% (-5 points) if no discussion of implications is provided.
* 4.3 Suggestions for Future Research (5 points)
— Full Points (5):
+ Identifies gaps or unresolved questions (e.g., limited data on long-term effects of X).
= Proposes clear avenues for deeper investigation.
— Deductions:
% (-1 ~2 points) if future directions are superficial.
% (-3 ~4 points) if they are barely mentioned or unconnected to corpus.
% (-5 points) if no future research direction is provided at all.

Table 10: Detailed Evaluation Rubric — Category 4

Detailed Evaluation Rubric — Category 5: Writing Quality, Fluency & Referencing (10 points)

These items assess clarity, coherence, and proper referencing or attribution in the extended abstract.

* 5.1 Readability & Structure (5 points)
— Full Points (5):
+ The text is well-organized, concise, and easy to understand.
% Logical headings or paragraph breaks guide the reader.
— Deductions:
% (-1 ~2 points) if minor clarity issues occur sporadically.
% (-3 ~4 points) if the writing is frequently unclear or structurally confusing.
# (-5 points) if the writing is so poor that the extended abstract is barely comprehensible.
* 5.2 Referencing & Supporting Evidence (5 points)
— Full Points (5):
= References (or placeholders) are used where the agent draws on specific studies or data.
+ Citations are relevant; any direct quotations are properly attributed.
— Deductions:
% (-1 ~2 points) if references are incomplete or inconsistent.
% (-3 ~4 points) if missing references for major claims.
% (-5 points) if there are no references at all in contexts that need them.

Table 11: Detailed Evaluation Rubric — Category 5
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Detailed Questionnaires after User Study

Category 1: The System Was Easy to Use

These questions evaluate how easily participants can navigate and operate different components of InsightAgent.

1. Radial Chart — Search & Navigation
* How easy was it to locate the target article using the search function?
Scale: (1 = Very difficult, 5 = Very easy)
2. Hierarchical Map — Exploration
* How easy was it to explore and understand the synthesis process?
Scale: (1 = Very difficult, 5 = Very easy)
3. Hierarchical Map — Tracing Citations
* How easy was it to trace the citation path for the summary?
Scale: (1 = Very difficult, 5 = Very easy)
4. Hierarchical Map — Locating Specific Evidence
* How easy was it to locate specific evidence within the Hierarchical Map?
Scale: (1 = Very difficult, 5 = Very easy)

Category 2: Confidence in Recommendations

These questions measure the participant’s trust in the system’s outputs, their own confidence in interpreting the agent’s
actions, and overall trust in the final systematic review.

1. Radial Chart — Agent’s Progress
* How confident are you in your understanding of the agent’s progress?
Scale: (1 = Not confident at all, 5 = Very confident)
2. Hierarchical Map — Source Identification
* How confident are you that you identified all the original sources correctly?
Scale: (1 = Not confident at all, 5 = Very confident)
3. Hierarchical Map — Agent Incorporating Feedback
* How confident are you that the agent will incorporate your feedback into future summaries?
Scale: (1 = Not confident at all, 5 = Very confident)
4. Hierarchical Map — Synthesis Accuracy
* How confident are you that the agent is synthesizing the correct information?
Scale: Scale: (1 = Not confident at all, 5 = Very confident)

Category 3: Visualization-Aided Understanding

These items assess how well the visual interfaces (Radial Chart and Hierarchical Map) help users understand cluster
boundaries, topic coverage, citation structures, and the synthesis process.

1. Radial Chart — Cluster Clarity
* How clear were the cluster boundaries on the Radial Chart?
Scale: (1 = Not clear at all, 5 = Very clear)
2. Radial Chart — Topic Identification

* How easy was it to understand the main topics of each cluster?
Scale: (1 = Very difficult, 5 = Very easy)
3. Radial Chart — Node Information
* How clear was the information provided when hovering over the article node?
Scale: (1 = Not clear at all, 5 = Very clear)
4. Radial Chart — Topic Coverage
* How comprehensive was the Radial Chart in displaying topic coverage?
Scale: (1 = Not comprehensive at all, 5 = Very comprehensive)
5. Radial Chart — Missing Areas
* How easy was it to identify missing areas in the agent’s coverage?
Scale: (1 = Very difficult, 5 = Very easy)
6. Hierarchical Map — Synthesis Structure
* How clear was the hierarchical structure of the evidence synthesis?
Scale: (1 = Not clear at all, 5 = Very clear)
7. Hierarchical Map — Agent’s Synthesis Process
* How clear was the agent’s synthesis process as displayed in the Hierarchical Map?
Scale: (1 = Not clear at all, 5 = Very clear)

Table 12: Detailed Questionnaire
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Detailed Questionnaires after User Study

Category 4: Ability to Guide or Correct Agents

These questions measure how effectively participants can detect and fix issues, give feedback, or redirect the agent using the
system’s interfaces.

1. Radial Chart — Path Correction
* How easy was it to identify incorrect paths on the Radial Chart?
Scale: (1 = Very difficult, 5 = Very easy)
2. Radial Chart — Drag-and-Drop
* How intuitive was the drag-and-drop functionality for adjusting paths?
Scale: (1 = Not intuitive at all, 5 = Very intuitive)
3. Hierarchical Map — Missing Citations
* How easy was it to identify missing citations or incorrect paths?
Scale: (1 = Very difficult, 5 = Very easy)
4. Hierarchical Map — Feedback on Summaries
* How intuitive was the feedback process within the Hierarchical Map?
Scale: (1 = Not intuitive at all, 5 = Very intuitive)

Category 5: Overall Satisfaction
These questions capture general satisfaction and user impressions of how well the system performs and meets user needs.

1. Overall System Trustworthiness

» To what extent do you trust the generated systematic review?
Scale: (1 = Not confident at all, 5 = Very confident)

Table 13: Detailed Questionnaire CONT.

Table 14: Report generated by Human (original report) on Systematic review for Remdesivir be Used for Treatment
(Tan-Lim and Esteban-Ipac, 2024) [preferred statements are highlighted in green,
, not preferred statements are highlighted in red]

Human

Background. Remdesivir is an intravenously administered antiviral drug that inhibits RNA-dependent RNA polymerase. In
vitro studies have shown that remdesivir can inhibit the growth of the COVID-19 virus in infected Vero cells and can inhibit
infection in human cell lines.

Objective. To determine the efficacy and safety of remdesivir in treating patients with COVID-19 infection.

Methods. A systematic search of electronic medical literature databases was done from inception until September 4, 2022.
Search for ongoing studies and preprints was also done. Risk of bias assessment was done using Cochrane risk of bias tool
version 2.0. Measures of effect used were relative risk (RR) and 95% confidence interval (CI). Subgroup analysis by disease
severity was preplanned. The estimates for efficacy and safety of remdesivir was calculated using Review Manager 5.4
software.

Results. Nine randomized controlled trials with 13,085 participants were identified(Report a detailed number of par-
ticipants / patients in these studies). Eight of the included studies recruited confirmed COVID-19 patients needing
hospitalization, while one study limited recruitment to nonhospitalized patients. Remdesivir showed significant benefit for
outpatients with mild to moderate disease with at least one risk factor for disease progression in terms of COVID 19-related
hospitalization (RR 0.13 95% CI 0.03 to 0.59), all-cause hospitalization (RR 0.28, 95% CI 0.10 to 0.75), and need for
medically-attended visits (RR 0.19, 95% CI 0.07 to 0.56).(detailed synthesized statistics)

Discussion. Remdesivir demonstrates benefit in patients with mild, moderate, and severe COVID-19 but not in critical cases
requiring mechanical ventilation. Its safety profile aligns with international recommendations.

Conclusion. Current evidence supports the use of remdesivir in selected COVID-19 patients.
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Table 15: Report generated by InsightAgent on Systematic review for Remdesivir be Used for Treatment (Tan-Lim
and Esteban-Ipac, 2024) [preferred statements are highlighted in green, less preferred statements are highlighted in
orange, not preferred statements are highlighted in red]

InsightAgent(GPT-40)

Introduction: Remdesivir has been widely used as an antiviral treatment for COVID-19, but its effectiveness remains debated.
This review evaluates the efficacy and safety of remdesivir in treating COVID-19 patients, focusing on outcomes such as
mortality, clinical improvement, mechanical ventilation, and adverse events. The review synthesizes findings from multiple
randomized controlled trials (RCTs) to provide a comprehensive assessment of its clinical impact.

Study Design: ©2This systematic review analyzed 491 studies, of which 11 met the inclusion criteria for final synthesis.
These studies were RCTs comparing remdesivir with placebo or standard care in patients with COVID-19 of varying severity
(More detailed number of participants in these studies would make it more convincing). The inclusion criteria required
studies to assess mortality, clinical improvement, hospitalization, time to recovery, or adverse events. Observational studies,
quasi-randomized trials, and those without relevant outcomes were excluded. The included trials span different populations
and care settings, allowing for a broad assessment of remdesivir’s effectiveness [1-11].

Key Findings:

Mortality Impact: (preferred discussion topic for findings) The WHO Solidarity trial found no significant reduction in
mortality among hospitalized COVID-19 patients treated with ' remdesivir (14.5% vs. 15.6%, RR 0.91, p=0.12) [2]. A
meta-analysis combining multiple trials showed a modest mortality reduction in non-ventilated patients (RR 0.86, p=0.02)
(More synthesized stats result is preferred) but no benefit for ventilated patients [2]. The NOR-Solidarity trial reported
similar mortality rates between remdesivir and standard care groups [4].

Clinical Improvement & Recovery Time: (preferred discussion topic for findings) The DisCoVeRy trial found no
substantial improvement in clinical outcomes with remdesivir treatment [1]. The PINETREE study reported that early
remdesivir use in high-risk outpatients significantly reduced hospitalization or death (HR 0.13, p=0.008) [3]. The Spinner et
al. trial observed that a 5-day remdesivir course resulted in a statistically significant improvement in clinical status, whereas
the 10-day regimen showed no clear benefit [6].

Need for Mechanical Ventilation: The WHO Solidarity trial found that remdesivir reduced the progression to mechanical
ventilation in non-ventilated patients (RR 0.88, p=0.04) [2]. In ventilated patients, remdesivir did not improve survival or
clinical outcomes (RR 1.13, p=0.32) [2].

Adverse Events & Safety Profile: (preferred discussion topic for findings) The NOR-Solidarity trial found no significant
difference in adverse events between remdesivir and control groups [4]. Common adverse effects associated with remdesivir
included nausea, hypokalemia, and headache, though these were generally mild [6]. Remdesivir was linked to a slight delay
in hospital discharge due to its intravenous administration requirement [2].

Conclusion: Remdesivir provides modest clinical benefits in non-ventilated COVID-19 patients and may prevent disease
progression when administered early in high-risk outpatients.(aligns with human conclusion) However, its impact on overall
mortality remains limited, and it offers no advantage for patients already on mechanical ventilation. Given the mixed results,
remdesivir’s role in COVID-19 treatment should be considered alongside other therapeutic options.

Discussion: The evidence suggests that remdesivir’s effectiveness depends on factors such as disease severity and timing
of administration. The benefits appear more significant in early-stage disease, while hospitalized patients see limited
improvement.(Preferred, more nuanced conclusion) Study heterogeneity, differences in patient populations, and variations
in standard care practices contribute to the mixed findings. Future research should explore combination therapies, optimize
treatment timing, and evaluate long-term effects. Additionally, given the practical challenges of intravenous administration,
alternative formulations or delivery methods may improve its accessibility. (Preferred, insightful suggestions based on the
synthesized findings)
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Table 16: Report generated by AutoSurvey on Systematic review for Remdesivir be Used for Treatment (Tan-Lim
and Esteban-Ipac, 2024) [preferred statements are highlighted in green, less preferred statements are highlighted in
orange, not preferred statements are highlighted in red]

AutoSurvey

Abstract

Remdesivir has been widely used as an antiviral treatment for COVID-19. This review evaluates its efficacy and safety by examining mortality rates, clinical
improvement, mechanical ventilation needs, and adverse events. The findings indicate that remdesivir reduces hospitalization duration but has limited impact on
mortality. It is generally well-tolerated, though concerns about nephrotoxicity exist. The drug is more effective in early-stage treatment and in combination with
other therapies. However, racial and socioeconomic disparities affect its accessibility. Future research should explore optimized administration strategies and
combination treatments.

1. Introduction

The COVID-19 pandemic has driven an urgent search for effective treatment options to mitigate the severe health outcomes associated with SARS-CoV-2
infection. Among the antiviral treatments explored, remdesivir emerged as a promising candidate due to its mechanism of action as an RNA-dependent RNA
polymerase (RdRp) inhibitor. It was the first antiviral approved by the U.S. Food and Drug Administration (FDA) for COVID-19 treatment. Despite its initial
promise, clinical trials and real-world studies have provided mixed results regarding its efficacy. While some studies suggest that remdesivir can shorten
hospitalization duration, others indicate that it does not significantly reduce mortality rates. This review aims to comprehensively assess the impact of remdesivir
on mortality, disease progression, the need for mechanical ventilation, and its safety profile.

2. Mechanism of Action of Remdesivir (Irrelevant section)

Remdesivir functions by inhibiting the viral RNA polymerase enzyme, which is essential for SARS-CoV-2 replication ...

3. Clinical Efficacy of Remdesivir

Several studies have evaluated remdesivir’s role in reducing COVID-19 mortality. The WHO Solidarity Trial, one of the largest global studies, found no
significant mortality benefit associated with remdesivir use. However, other randomized controlled trials have suggested that remdesivir may offer minor
improvements in clinical outcomes for patients with moderate disease, particularly when administered early in the course of infection. Despite these mixed
findings, remdesivir has been shown to shorten hospitalization duration in many patient populations. Studies have reported faster viral clearance in younger
patients and those with better baseline health conditions, though the effect on overall recovery remains uncertain. Some trials also indicate that remdesivir may
reduce the need for invasive mechanical ventilation, but these results are inconsistent across different clinical settings.(lack quantitative evidence and details)
4. Safety and Adverse Events

The safety profile of remdesivir has been a topic of ongoing investigation, with nephrotoxicity emerging as a significant concern. Causal discovery models
analyzing electronic health records suggest that remdesivir may contribute to acute kidney injury (AKI), though its risk appears lower in patients with pre
chronic kidney disease. Additionally, concerns about liver toxicity have been raised, but long-term studies indicate that remdesivir does not significantly affect
mitochondrial DNA integrity. Clinical trials have reported transient elevations in liver enzyme levels, which require monitoring in high-risk patients. Other
commonly reported adverse events include nausea, hypokalemia, and headaches. Despite these risks, remdesivir remains a relatively well-tolerated antiviral
when compared to alternative treatments such as molnupiravir and nirmatrelvir, which may exhibit different side effect profiles.(lack quantitative evidence and
details)

5. Comparative Effectiveness and Combination Therapies

‘When compared to other antiviral options, remdesivir has demonstrated mixed efficacy. While molnupiravir and Paxlovid offer alternative mechanisms for
viral inhibition, their clinical effectiveness varies based on patient demographics and disease severity. Some studies suggest that oral GS-441524 derivatives
could surpass remdesivir in terms of convenience and effectiveness due to improved bioavailability. (non-irrelevant evidence and discussion) Combination
therapy approaches have also been explored to enhance remdesivir’s therapeutic potential. Studies have shown that combining remdesivir with corticosteroids or
monoclonal antibodies can yield synergistic benefits. Additionally, remdesivir combined with azithromycin or ivermectin has been investigated for improved
antiviral activity. In kidney transplant patients, remdesivir has been associated with protective effects against donor-specific antibody formation, further
demonstrating its potential utility in specialized populations.

6. Disparities in Treatment and Access (Irrelevant section)

Access to remdesivir treatment has not been uniform across different racial and socioeconomic groups ...

7. Economic and Cost-effectiveness Analysis (Irrelevant section)

The cost-effectiveness of remdesivir has been a subject of debate among healthcare policymakers. ...

8. Limitations of Current Evidence

Despite extensive research, there are several limitations in the current evidence base regarding remdesivir’s efficacy. Conflicting findings across clinical trials can
be attributed to variability in study designs, differences in patient selection criteria, and inconsistencies in outcome measures. Large-scale trials such as the WHO
Solidarity study provide valuable insights, but their results may not fully capture remdesivir’s benefits in specific patient subgroups. Furthermore, the long-term
impact of remdesivir on post-acute COVID-19 conditions remains unclear. Biases in hospital protocols, co-administration of other treatments, and differences in
the effectiveness of remdesivir against emerging variants also complicate the interpretation of findings.

9. Conclusion and Future Directions

In summary, remdesivir has demonstrated some benefits in reducing hospitalization duration, but its impact on mortality remains limited. (more conclusive
result should be made) The drug has a generally acceptable safety profile, though concerns about nephrotoxicity necessitate careful monitoring. Combination
therapies show promise in enhancing remdesivir’s effectiveness, but more research is needed to identify optimal treatment strategies. Clinically, remdesivir is
best suited for moderate COVID-19 cases when administered early in the disease course. (Result aligned with human report) Moving forward, future studies
should focus on exploring remdesivir’s efficacy in combination with other antivirals, improving oral formulations for easier administration, and addressing
healthcare disparities to ensure equitable access.

existing
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Table 17: Report generated by ChatCite on Systematic review for Remdesivir be Used for Treatment (Tan-Lim and
Esteban-Ipac, 2024) [preferred statements are highlighted in green,
, not preferred statements are highlighted in red]

ChatCite

Remdesivir has demonstrated variable efficacy in treating COVID-19, with its benefits largely dependent on disease severity,
timing of administration, and patient characteristics. The WHO Solidarity Trial, one of the largest studies,

, with no observed survival
benefit for patients already on mechanical ventilation [1]. However, among hospitalized patients requiring oxygen but not
yet ventilated, remdesivir showed a modest reduction in mortality (RR 0.87, 95% CI 0.76-0.99, p=0.03) and in disease
progression to ventilation (RR 0.88, 95% CI 0.77-1.00, p=0.04), suggesting potential benefits for less severe cases [1]. The
NOR-Solidarity trial similarly found no significant difference in mortality, viral clearance, or reduction in respiratory failure
between remdesivir, hydroxychloroquine, and standard care, highlighting its limited antiviral effect in hospitalized patients
[3]. Additionally, a study on moderate-to-severe COVID-19 cases found no significant clinical improvement or difference
in recovery time between patients receiving remdesivir and those who did not, further questioning its efficacy in already
hospitalized patients [4].

Conversely, evidence from outpatient settings suggests that remdesivir may have a role in preventing disease progression if
administered early (Needs specific evidence or more precise wording). A randomized, placebo-controlled trial in high-risk,
nonhospitalized patients found that a 3-day course of remdesivir reduced hospitalization or death risk by 87% (HR 0.13, 95%
CI 0.03-0.59, p=0.008) compared to placebo, with a lower incidence of COVID-19-related medically attended visits [2].
These findings indicate that early intervention with remdesivir in at-risk populations may be effective in preventing severe
disease progression. Among patients with moderate COVID-19, a 5-day course of remdesivir led to a statistically significant
improvement in clinical status at day 11 compared to standard care (OR 1.65, 95% CI 1.09-2.48, p=0.02), though the clinical
relevance of this improvement remains uncertain [5]. In contrast, a 10-day regimen showed no significant difference in clinical
outcomes, raising questions about the optimal duration of treatment [5]. Another study found that while remdesivir-treated
patients showed a numerically faster recovery trend, this was not statistically significant, and its effect was more pronounced
in patients treated earlier in the disease course [6].

Regarding safety, remdesivir was generally well tolerated, with most trials reporting similar or slightly higher rates of
adverse events compared to standard care or placebo. In a trial focusing on severe COVID-19, adverse events occurred in
66% of remdesivir-treated patients compared to 64% in the placebo group, but a higher proportion of remdesivir recipients
discontinued treatment due to adverse events (12% vs. 5%) [6]. Another study reported comparable rates of adverse events
between remdesivir and placebo groups (42.3% vs. 46.3%), indicating an acceptable safety profile [2]. While nausea,
hypokalemia, and headaches were slightly more frequent among remdesivir recipients, these side effects were generally
manageable [5]. However, the requirement for intravenous administration may limit its accessibility in outpatient settings.
Collectively, these findings suggest that remdesivir provides minimal benefit for critically ill hospitalized patients but may
help prevent hospitalization and severe disease when used early in high-risk outpatients. Further research is needed to
determine the optimal treatment duration and patient selection criteria for maximizing its efficacy. No Explicit Conclusion
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Evaluation Details of the Review Report Done by InsightAgent ( Table 15)

1. Introduction & Research Context (15 Points)

(a) Clarity of Research Question (5/5)
* The extended abstract explicitly states the research question: evaluating the efficacy and safety of remdesivir
in treating COVID-19 patients.
* The scope is clear, defining key outcomes: mortality, clinical improvement, mechanical ventilation, and
adverse events.
(b) Justification & Relevance (4/5)
* The abstract mentions ongoing debates about remdesivir’s effectiveness, justifying the review.
* However, it does not explicitly highlight gaps in prior systematic reviews that this study aims to address.
* A stronger justification would include a brief mention of inconsistencies in guidelines or conflicting clinical
trial results.
(c) Objectives & Significance for Practice/Research (5/5)
» The objectives are well-articulated: providing a comprehensive synthesis of randomized controlled trials
(RCTs).
* The conclusion explicitly discusses clinical decision-making, reinforcing its significance for practice and
research.

2. Summarization Approach & Method (25 Points)

(a) Agent-Based/Automated Summarization Description (5/5)

» The abstract effectively demonstrates InsightAgent’s capabilities in selecting and synthesizing relevant
studies. It also highlights human involvement in modifying agent actions, ensuring higher accuracy and
contextual relevance.

(b) Inclusion/Exclusion Rationale & Data Sources (4/5)

» The review clearly states that it analyzed 491 studies and selected 11 as relevant, which is a strong method-
ological detail. However, it does not explicitly clarify why certain studies were excluded beyond generic
criteria (RCTs, relevant outcomes). A small addition about why 3 human-selected studies were excluded
would enhance transparency.

(c) Coverage & Representativeness (5/5)

* The summary reflects a broad range of study populations and care settings, showing high representativeness.

* Compared to human-generated reviews, users noted more details and a better overview of multiple perspec-
tives.

(d) Data Extraction & Reliability (4/5)

* The process of data extraction (e.g., identifying mortality rates, hazard ratios) is evident, but there is no
explicit mention of how errors were mitigated.

¢ An improvement would be a brief statement about verification mechanisms InsightAgent used to prevent
misinterpretation of numerical results.

(e) Risk of Bias / Limitations of Automated Summarization (3/5)

» The abstract does not discuss potential biases in how InsightAgent selects or synthesizes studies.

 Given that automated agents might miss nuanced contextual details or overweigh certain study designs, this
should have been acknowledged.

Table 18: Detailed Evaluation Result.
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Evaluation Details of the Review Report Done by InsightAgent ( Table 15)

3. Comprehensiveness & Accuracy of Summaries (30 Points)

(a) Relevance & Completeness (10/10)

* All major findings are well-captured: mortality impact, clinical improvement, need for mechanical ventilation,
and adverse events.

» Users reported that InsightAgent-generated summaries contained more details than the original human
reports while maintaining essential findings.

(b) Clarity & Cohesion of Findings (5/5)

* The flow is logical, moving from mortality impact to adverse events, which makes the findings easy to follow.
The use of structured headings improves readability.

(c) Use of Quantitative or Specific Evidence (5/5)
« Effect sizes, risk ratios, and p-values are included, making the summary data-driven and robust.
* Compared to human-written summaries, this version includes more numerical detail.

(d) Discussion of Variability / Heterogeneity (3/5)

» The abstract mentions study heterogeneity but lacks specific examples of variability (e.g., differences in
patient age, severity, treatment duration).

* A stronger discussion would include how the studies differed in methodology and how that impacts interpre-
tation.

(e) Faithfulness to Source Material (5/5)
* No misinterpretations or misleading paraphrasing were detected.
* InsightAgent appears to have accurately preserved key conclusions from each study.

4. Discussion, Implications & Future Directions (20 Points)

(a) Interpretation of Findings (9/10)

* InsightAgent provides a good interpretation of when remdesivir works best (non-ventilated patients, early
administration).

* One missing point: it could have elaborated more on why remdesivir fails in ventilated patients.
(b) Practical Implications or Recommendations (5/5)

» The conclusion ties findings back to clinical application, helping doctors and policymakers decide how to
use remdesivir.

(c) Suggestions for Future Research (4/5)

* The abstract mentions the need for combination therapies and treatment timing research, which is excellent.
* However, it does not discuss long-term effects or cost-effectiveness, which could be valuable additions.

5. Writing Quality, Fluency & Referencing (10 Points)

(a) Readability & Structure (5/5)

* Clear and structured writing enhances readability.
(b) Referencing & Supporting Evidence (5/5)

* References are well-integrated, ensuring credibility.

Final Score: 90/100

User Feedback & Discussion After the Study:

* “Compared to our manually written systematic review, the InsightAgent-generated version had more detailed effect
sizes and numerical results. It also synthesized the studies in a more structured way."

* “One thing that surprised us was how InsightAgent made it easy to explore multiple perspectives—something that
usually takes weeks of manual reading and synthesizing”

* “We noticed that while original human review focused on a narrower set of 9 studies, These 11 studies picked by system
still managed to capture the key essence of the human-written summary.”

* “An interesting perspective we hadn’t considered emerged, remdesivir’s impact varies not just by disease severity but
also by treatment delay and patient demographics. This kind of insight can be hard to extract manually.”

Table 19: Detailed Evaluation Result CONT.

31589



Table 20: Detailed Evaluation Result.

Evaluation Details of the Review Report Done by AutoSurvey (Table 16)

1. Introduction & Research Context (15 Points)

(a) Clarity of Research Question (3/5)
» The report mentions remdesivir’s efficacy and safety, but the research question is not explicitly stated.
* The discussion covers too many broad topics (e.g., healthcare disparities, economic costs) that dilute the
focus.
* Deduction (-2 points): The research question is vague, and the reader must infer its scope.
(b) Justification & Relevance (3/5)
* The report provides background on remdesivir’s approval and initial studies, but it does not justify why this
review is necessary.
* Missing discussion of research gaps—instead, it assumes all aspects of remdesivir’s effects need evaluation.
* Deduction (-2 points): Justification lacks depth, failing to define why this review matters in the context of
prior literature.
(c) Objectives & Significance for Practice/Research (2/5)
* The report does not clearly define its objectives beyond general coverage of remdesivir.
* It touches on clinical applications but does not connect findings to real-world decision-making for clinicians
or policymakers.
* Deduction (-3 points): The significance is weak, with no clear intent to influence practice or guide research.

2. Summarization Approach & Method (25 Points)

(a) Agent-Based/Automated Summarization Description (2/5)
* The methodology is not described, leaving the source of included studies unclear.
 Unlike InsightAgent, there is no evidence that human users had control over the summarization process.
* Deduction (-3 points): Without transparency in how studies were selected and summarized, the report’s
reliability is questionable.
(b) Inclusion/Exclusion Rationale & Data Sources (1/5)
* No mention of inclusion or exclusion criteria, making it impossible to verify study quality.
* The report includes many unrelated sections (e.g., healthcare disparities, cost-effectiveness), suggesting
irrelevant studies were used.
* Deduction (-4 points): Without proper inclusion criteria, findings cannot be trusted as evidence-based.
(c) Coverage & Representativeness (5/5)
* The report includes a wide range of topics, covering mechanisms, efficacy, safety, socioeconomic factors,
and economic analysis.
* While comprehensive, it suffers from information overload, lacking focus on answering the research question.
* No deduction since the breadth is a strength, but coverage does not guarantee quality.
(d) Data Extraction & Reliability (2/5)
* Some numerical results are reported, but there is no clarity on how data was extracted.
* Effect sizes, statistical significance, and study population details are inconsistently mentioned.
* Deduction (-3 points): The lack of clear data extraction methodology reduces trustworthiness.
(e) Risk of Bias / Limitations of Automated Summarization (1/5)
* No discussion of bias or limitations.
* The report presents all findings as equally valid without distinguishing high- vs. low-quality studies.
* Deduction (-4 points): Failure to acknowledge limitations severely weakens reliability.
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Evaluation Details of the Review Report Done by AutoSurvey ( Table 16)

3. Comprehensiveness & Accuracy of Summaries (30 Points)

(a) Relevance & Completeness (5/10)

* The report is comprehensive but includes many irrelevant details, such as healthcare equity, economic
analysis, and alternative antivirals.

* Deduction (-5 points): While complete, much of the information does not directly contribute to answering
the research question.

(b) Clarity & Cohesion of Findings (3/5)

» The flow is inconsistent, jumping between clinical findings, economic considerations, and disparities.

* Some sections contradict each other, such as saying remdesivir "reduces hospitalization" but also claiming
"its impact on overall recovery is uncertain".

* Deduction (-2 points): Inconsistent messaging reduces clarity.

4. Discussion, Implications & Future Directions (20 Points)

(a) Interpretation of Findings (6/10)
» The interpretation lacks depth and fails to highlight key takeaways for different patient populations.
* While the report mentions remdesivir’s role in different treatment settings, it does not explain why outcomes
vary.
. De(}]/uction (-4 points): No clear synthesis of what the findings mean in a clinical context.
(b) Practical Implications or Recommendations (3/5)
* The economic and disparity discussion is present, but practical clinical recommendations are missing.
* Deduction (-2 points): The report does not offer concrete takeaways for treatment decisions.

5. Writing Quality, Fluency & Referencing (10 Points)

(a) Readability & Structure (3/5)
* The writing is clear but overly verbose, with some sections appearing redundant.
* Deduction (-2 points): Information overload reduces readability.
(b) Referencing & Supporting Evidence (3/5)
* Some claims are supported by numerical values, but no clear sourcing for study selection.
* Deduction (-2 points): Lack of transparent referencing makes it hard to verify findings.

Final Score: 56/100

User Feedback & Discussion After the Study:

* “There’s no way to verify that the studies included were high quality. The report assumes all findings are equally valid,
which is a red flag"

“The mention of healthcare disparities and economics is interesting but seems misplaced—it doesn’t add much to
evaluating remdesivir’s efficacy”

» “This report felt overwhelming. It covers a lot of ground but lacks focus on what really matters.”

“InsightAgent’s report was structured in a way that was easier to digest and more trustworthy, whereas this one felt like
a long Wikipedia article without clear filtering of relevant studies.”

Table 21: Detailed Evaluation Result of AutoSurvey CONT.
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Evaluation Details of the Review Report Done by ChatCite ( Table 17)

1. Introduction & Research Context (15 Points)

(a) Clarity of Research Question (2/5)

 The report does not explicitly state a research question but rather presents findings in an unstructured format.

* The focus on remdesivir’s effectiveness and safety is evident, but the scope is unclear—it does not specify
key outcomes or the target patient population.

* Deduction (-3 points): The lack of an explicitly stated research objective reduces clarity.
(b) Justification & Relevance (3/5)
* The report briefly mentions the WHO Solidarity Trial and other studies but fails to justify why a review of
remdesivir is necessary.

* It does not discuss existing controversies, gaps in knowledge, or why this analysis is valuable in the current
research landscape.

* Deduction (-2 points): Justification is weak, with no discussion of why this review is needed.
(c) Objectives & Significance for Practice/Research (2/5)
» There is no explicit statement about the intended impact of the report.
* The report presents clinical findings but does not connect them to practice or research applications.
* Deduction (-3 points): The absence of clear objectives reduces its practical value.

2. Summarization Approach & Method (25 Points)

(a) Agent-Based/Automated Summarization Description (1/5)
* There is no mention of how studies were selected, summarized, or synthesized.

* Unlike InsightAgent, which allowed for human refinement and structured summarization, this system appears
to have blindly aggregated text.

* Deduction (-4 points): The lack of any methodological transparency reduces reliability.
(b) Inclusion/Exclusion Rationale & Data Sources (1/5)
* The report does not mention inclusion or exclusion criteria, making it impossible to assess the quality of the
included studies.
* Some included results appear cherry-picked without providing a systematic justification.
¢ Deduction (-4 points): Without clear inclusion criteria, the review lacks credibility.
(c) Coverage & Representativeness (4/5)
* The report covers multiple studies, different patient populations, and treatment settings, showing breadth.
* However, it presents findings in a disorganized way, making it hard to follow or extract meaningful insights.
* Deduction (-1 point): The report is broad but lacks focus.
(d) Data Extraction & Reliability (2/5)
* Although numerical findings are presented, the report does not clarify how data was extracted or verified.
* Some statistical values lack context, making it unclear how they were derived.
* Deduction (-3 points): Data extraction lacks transparency, making verification difficult.
(e) Risk of Bias / Limitations of Automated Summarization (1/5)
* No mention of bias or limitations in the data, methodology, or findings.

» Unlike InsightAgent, which allowed for user refinement and multiple perspectives, this report blindly
presents findings without addressing quality concerns.
* Deduction (-4 points): Failure to address bias makes the findings unreliable.

Table 22: Detailed Evaluation Result.
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Evaluation Details of the Review Report Done by ChatCite ( Table 17)

3. Summarization Approach & Method (25 Points)

(a) Agent-Based/Automated Summarization Description (1/5)

i. There is no mention of how studies were selected, summarized, or synthesized. Unlike InsightAgent, which
allowed for human refinement and structured summarization, this system appears to have blindly aggregated
text.

ii. Deduction (-4 points): The lack of any methodological transparency reduces reliability.
(b) Inclusion/Exclusion Rationale & Data Sources (1/5)
i. The report does not mention inclusion or exclusion criteria, making it impossible to assess the quality of the
included studies. Some included results appear cherry-picked without providing a systematic justification.
ii. Deduction (-4 points): Without clear inclusion criteria, the review lacks credibility.
(c) Coverage & Representativeness (4/5)
i. The report covers multiple studies, different patient populations, and treatment settings, showing breadth.
However, it presents findings in a disorganized way, making it hard to follow or extract meaningful insights.
ii. Deduction (-1 point): The report is broad but lacks focus.
(d) Data Extraction & Reliability (2/5)
i. Although numerical findings are presented, the report does not clarify how data was extracted or verified.
Some statistical values lack context, making it unclear how they were derived.
ii. Deduction (-3 points): Data extraction lacks transparency, making verification difficult.
(e) Risk of Bias / Limitations of Automated Summarization (1/5)
i. No mention of bias or limitations in the data, methodology, or findings.
ii. Deduction (-4 points): Failure to address bias makes the findings unreliable.

4. Comprehensiveness & Accuracy of Summaries (30 Points)

(a) Relevance & Completeness (5/10)

i. The report includes key study findings but does not structure them properly, making it difficult to determine
which results are most relevant. Critical aspects like study variability and key takeaways, are missing or
buried within dense paragraphs.

ii. Deduction (-5 points): The information is present but poorly structured, making it hard to extract key
insights.
(b) Clarity & Cohesion of Findings (2/5)

i. The lack of structured headings makes the report very difficult to read. Findings jump between mortality,

disease progression, and adverse events without clear transitions.
ii. Deduction (-3 points): Poor organization reduces readability.
(c) Use of Quantitative or Specific Evidence (3/5)

1. Some statistical values are included, which improves credibility.

ii. However, there is no discussion on how these numbers were chosen or whether they are the most critical
findings.
iii. Deduction (-2 points): Lack of transparency on study selection weakens trust in the quantitative evidence.

5. Discussion, Implications & Future Directions (20 Points)

(a) Interpretation of Findings (4/10)
i. The report does not provide clear interpretations of the results. Findings are listed, but there is little attempt
to synthesize the information into meaningful conclusions.
ii. Deduction (-6 points): No clear synthesis of what the findings mean for clinical practice.

6. Writing Quality, Fluency & Referencing (10 Points)

(a) Readability & Structure (1/5)

i. The entire report is written as one long paragraph, making it difficult to extract key findings. Deduction (-4
points): The poor structure severely reduces readability.

Final Score: 42/100

User Feedback & Discussion After the Study:

- “It’s hard to extract key takeaways because everything is crammed into a single block of text"

- “The result is not explicit and makes me hard to trust, as I don’t know how these studies were chosen.”

- “Compared to InsightAgent’s output, this feels more like a collection of findings without clear organization.”

Table 23: Detailed Evaluation Result of ChatCite CONT.
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