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Abstract

Background: Annotated bibliographies comprise summaries of relevant literature, and training, experience, and time is required
to create useful annotations. However, summaries generated by artificial intelligence (Al) can contain serious errors.

Objective: We compared the quality of human- and Al-generated annotations directly to determine strengths and weaknesses of
both.

Methods: We compared five criteria (word count, readability, capture of main points, presence of errors, broader
contextualization/quality) between human- and native ChatGPT-produced annotations for 15 academic papers using descriptive
statistics and non-parametric testing.

Results: Humans produced shorter annotations (90.20 vs 111.47 words, Z= 2.82, P=.01) with better readability than Al (15.25
vs. 8.03, Z=-2.28, P=.02), although readability was low for all annotations. There was no difference in the capture of main points
(X2=6.12, P=.18)
or presence of errors (X2 = 5.27, P=.16). Al-produced annotations provided better contextualization than human annotations (X2
=11.28, P<.001).

Conclusions. Al-produced summaries of academic literature are comparable to human annotations. Annotations generated by Al
and verified by humans should reduce the time needed to produce summaries on a given subject.
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Abstract

Background: Annotated bibliographies comprise summaries of relevant literature, and training,
experience, and time is required to create useful annotations. However, summaries generated by
artificial intelligence (AI) can contain serious errors.

Objective: We compared the quality of human- and Al-generated annotations directly to determine
strengths and weaknesses of both.

Methods: We compared five criteria (word count, readability, capture of main points, presence of
errors, broader contextualization/quality) between human- and native ChatGPT-produced annotations
for 15 academic papers using descriptive statistics and non-parametric testing.

Results: Humans produced shorter annotations (90.20 vs 111.47 words, Z= 2.82, P=.01) with better
readability than AI (15.25 vs. 8.03, Z= -2.28, P=.02), although readability was low for all
annotations. There was no difference in the capture of main points (X2 = 6.12, P=.18)

or presence of errors (X2 = 5.27, P=.16). Al-produced annotations provided better contextualization
than human annotations (X2 = 11.28, P <.001).

Conclusions: Al-produced summaries of academic literature are comparable to human annotations.
Annotations generated by Al and verified by humans should reduce the time needed to produce
summaries on a given subject.

Keywords: Large Language Model, ChatGPT, Artificial Intelligence, Evidence Synthesis, Annotated

Bibliography, Information Management

INTRODUCTION

The fields of medicine and public health are dynamic and constantly evolving, with a continuous
influx of new research articles and evidence. Staying up to date with the latest literature poses a
significant challenge for researchers and practitioners alike (1), and it is difficult to familiarize
oneself with the literature when diving into a new subject area (2). Evidence summaries such as
meticulously curated reviews and guidelines are lengthy and often complex, and their number has
exponentially increased over the past decade (3,4). In the past, individuals (oftentimes students) may
have resorted to sources such as blogs or Wikipedia to understand the basics of a topic, ideally before
diving into more reputable peer-reviewed publications. However, this approach has been superseded
by use of Al large language models (LLM) such as ChatGPT, which provide summaries based on
accessible scientific literature but often have questionable accuracy and frank errors (5,6).

As a research tool, annotated bibliographies may be a valuable remedy for efficient and insightful
literature exploration. These condensed summaries highlight the main points, findings, and scientific
validity of the respective articles, while also providing context by relating them to existing
knowledge within the field (7).

Recent studies on the use of LLMs show mixed evidence for these as evidence synthesis
methodologies. While newer models may provide good summaries, it is unclear whether they have
improved in their ability to effectively summarize and analyze scientific materials.(5,6,8,9) Al
Chatbots and LLM may have limitations in capturing nuances and answering specific requests
accurately, in addition to their known challenges of hallucinating information and citations.(5,6,9)
These limitations may stem from an inability to discern the main points of articles (for example,
distinguishing factual statements in findings from background material) and may result in output that
diverges from the intended context.(10) On the other hand, developing the skill to write succinct and
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insightful annotations requires time and practice, as well as a solid background knowledge of the
subject matter.(11) Keeping abreast of recent advancements and understanding them in the context of
existing knowledge can be a daunting task, even for experienced professionals in the field.

Given the varying opinions about the utility of LLMs in generating summaries and citing them in
context, our objective was to explore the quality and comparability of annotated bibliographies
produced by authors of varying professions and levels of training with outputs generated by a
widely-available large language model (ChatGPT). By analyzing the strengths and weaknesses of
both human-authored and Al-generated annotated bibliographies, we aim to shed light on the
potential benefits and limitations of utilizing Al in the context of literature exploration and synthesis
in medicine and public health.

Methods

We created annotated bibliographies comprising 15 papers, then compared characteristics and quality
of these bibliographies between the human annotators and chatbot-developed annotations. We hand-
curated a selection of 15 papers in areas related to the biomedical sciences by first selecting
categories from Web of Science, then choosing from among the most highly-cited open-access
empirical studies in chosen categories (see Supplemental Information).

Our human annotators consisted of dentist who recent obtained a master’s degree in public health
and a faculty-level public health faculty. Papers were added to the evidence synthesis platform PICO
Portal (12) and annotators were provided with instructions about what an annotation should comprise
and how to create annotations in the platform.

To explore differences between chatbot versions and application, two pre-specified versions of
ChatGPT (3.5 and 4) were used in March of 2023 to provide Al-generated summaries. Each of the 15
articles was exported into a text file, and a web-based splitter utility (13) was used to break up text
into chunks to comply with ChatGPT’s restrictions on text input length. After each text chunk was
fed to the conversation, two researchers used a naturalistic approach to prompt generation to generate
summaries for each article. As initial attempts to create summaries with chatbots often produced very
long summaries, instructions were modified to include general word count recommendations. If the
chatbot replied that it was unable to create a summary (three cases), additional prompts or the
“Regenerate response” button were used until a summary was created. Full text of prompts and
chatbot conversations can be found in the project OSF website (14). Differences in resulting prompts
and summary quality led us to add additional sets of LLM-based annotations post-hoc using PICO
Portal (12) and ScholarAl (an academically-oriented and trained plug-in for ChatGPT-4) (15). We
did not formally evaluate these annotations for comparison, but describe their characteristics and
provide the full annotations on OSF.

Al annotations were scrubbed for formatting anomalies (see Supplemental Information and OSF),
blinded, and all annotations randomly ordered using random.org.

We calculated word count and Flesch Reading Ease score for each annotation using Microsoft Word
and compared mean values between Al-generated and human annotations with two-sample Wilcoxon
Rank Sum (Mann-Whitney). To assess quality, an epidemiologist specializing in evidence synthesis
methods evaluated three characteristics: main points (whether the annotation captured the main
points of the article rated on a scale of one to seven), presence of errors on a scale of one to four
ranging from no errors to multiple errors, and context (quality of evidence and/or contextualization
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with field, assessed as yes or no). A guess was also made as to whether the annotation was created by
a human or Al, although this was not formally evaluated because the assessor had prior knowledge
that the four annotations for each paper were evenly split between human and AI. Summary
measures were created for each annotator and aggregated across annotator type, then provided in
tables and narrative synthesis. Scoring results, annotations, and expert notes can be found on our
OSF website.

Results

Annotation characteristics are described in Table 1. Whereas the Al produced summaries within
seconds, the average times for each human annotator were 14 and 15 minutes (see OSF). Readability
was low overall with the Flesch Reading Ease being below 30 for both sets of annotators. Although
there was a significant difference between human and AI annotators, with human annotators
receiving higher scores/better readability, these scores indicate the text from all summaries was very
difficult to read and best understood by university/college graduates.(16) We noted that Al often had
difficulty keeping to length restrictions when asked to respond in a certain number of words or
sentences and produced annotations on average 20 words longer than humans. We did not find any
differences between human and Al annotations in terms of capturing the main points of the articles
(P = .18) or having errors in the text (P = .16). However, we did find a few cases of significant errors
in both human and Al annotations (such as referring to the wrong author for the annotated paper,
describing the wrong study design, or drawing an incorrect inference; see Supplemental
Information). Interestingly, we found a difference in the proportion of annotations that provided
context for the findings within the field: Of the 30 AI annotations, 21 (70%) provided some
contextualization whereas only 8 (27%) of the human annotations did the same (P <.001).

Table 1. Annotation characteristics (n=60 annotations)

Indicator Al Human Test statistic
(n = 30) (n = 30) (P-value)

Readability, Mean (SD) 8.03 (7.95) 15.25 (12.45) Z =-2.28 (P=.02)
Word count, Mean (SD) 111.47 (17.47) 90.20 (36.82) Z =12.82 (P=.01)
Main points, n (%) X?=6.12 (P=.18)

1 — Included no main points 0 (0.00) 0 (0.00)

2 0 (0.00) 0 (0.00)

3 2 (6.67) 1 (3.33)

4 — Included a few minor points 3 (10.00) 4 (13.33)

5 1 (3.33) 7 (23.33)

6 10 (33.33) 9 (30.00)

7 — Included all main points 14 (46.67) 9 (30.00)
Errors, n (%) X?=5.27 (P=.16)

No errors 20 (66.67) 25 (83.33)

Minor error 4 (13.33) 3 (10.00)

Major error 0 (0.00) 1 (3.33)

Multiple errors 6 (20.00) 1 (3.33)
Context, n (%) X? = 11.28 (P

<.001)
Yes 21 (70.00) 8 (26.67)
No 9 (30.00) 22 (73.33)

Note: Each annotator produced annotations for 15 articles, resulting in 60 total annotations. Main
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points evaluated whether the annotation captured the main points of the article; Errors evaluated
presence of errors in the summary, and Context evaluated the quality of evidence and/or
contextualization with field.

Analysis of reviewer’s guess as to the origin of the annotation compared to the true origin showed
low accuracy. Of the initial 60 masked annotations, the assessor correctly identified 18/30 (60%) Al-
generated and 18/30 (60%) human generated annotations, suggesting that the annotations were more
similar than different.

Discussion

Our goal for this exploratory study was to directly compare Al and human-generated evidence
summaries to determine whether the Al-produced annotations would be so inappropriate that further
development would not be fruitful. Despite being longer (and violating requested word counts), the
annotations produced by ChatGPT-3.5 and ChatGPT-4 often needed additional prompting to produce
annotations that were consistent and compliant with the desired output. We also found some artefacts
in the Al annotations that triggered identifying it as an automated summary and counted as a mistake.
Despite those rare errors, overall, we found the Al produced annotations with similar number of
errors and better contextualization to those produced by humans and in much shorter time.

Although we did not formally evaluate our post-hoc annotations using PICO Portal and ScholarAl,
we felt both of these performed better than base ChatGPT-3.5 and ChatGPT-4, although the issues of
annotation length and reading difficulty were still apparent. We expected these approaches to
perform better because the models were trained on scientific literature, which is more specialized
than the base ChatGPT portal on OpenAl’s website. There are many apps and platforms that build
upon existing large language model frameworks (e.g., Claude 3, Gemini, Bard, Co-Pilot, etc.) using
more specific training sets to help with specialized tasks. Some, such as ScholarAl, have been trained
on scientific articles and have access to PubMed and bibliographic databases — a feature that base
ChatGPT does not have — which gives them a greater ability to provide useful contextualization and
even suggest potentially related references.

This was supported by our finding that Al annotations more often provided some contextualization
than did the human annotations. While the first AI prompts did not include a request to contextualize
the findings within the broader literature, it may be that the AI could infer what was “expected”
given the request to make a summary for an annotated bibliography. A difference in the effective
contextualization likely arose because LLMs are predictive models and may be able to produce an
overall statement and extrapolation/contextualization about the literature on a topic based on
whatever is available on in its training set — a task that is very difficult for humans unless they are
familiar with the literature already.

A limitation of using LLMs is the varying nature of output and the reliance on the prompts that were
used. Although LLMs are functionally large predictive models with trillions of parameters, given the
same prompt, a model will return different results each time a prompt is run. This is a limitation of
using these models to summarize literature, because different annotations will be produced for the
same article. While this variability is also true of multiple human annotators, and both humans and
Al can make mistakes, humans may be better able to adapt prompts or instructions to different
settings and situations in a way that LLMs cannot. The potential risk is that a carefully written
prompt that produces an accurate summary of a paper in one LLM may not produce a reliable or
valid summary (1) of a paper that has a different structure (e.g., social science versus medical
literature) or (2) in an LLM built upon a different framework. Another limitation is the potentially
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low readability, however in our study, this may have come from the fact that we were summarizing
scientific articles and did not ask the Al to write for a better readability score.

As our intention was to explore the comparability of Al and human annotations, our sample was
small. For our generation of annotations, assessments, and comparisons, we followed a pre-defined
protocol as closely as possible. We generated further annotations using other models than we had
originally specified, however we did not conduct any formal analyses with these as they were created
post-hoc.

Contrary to other studies that look only at Al summaries or answers to questions, (5,6,9,17) our
findings suggest that LLMs produce summaries of academic articles that are comparable to human
annotators in errors and contextualization. While the annotations were not perfect and sometimes
needed further prompting to produce better summaries, summaries were created 15 times faster than
humans and did not require the experience and training of human researchers. We believe the utility
is clear, and that human-assisted Al annotation — whereby the Al generates the summary with
accuracy verified by a human — will be the most efficient way to create annotated bibliographies that
can be used to provide a rapid overview of a breadth of literature for a wide range of users.
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