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provides a rigorous statistical procedure for research synthesis, yet E‘ = =< g
the manual process of screening large volumes of literature remains o 8= ‘ =]
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meta-analysis in the WBE literature. We show that the chat DI
completion model in GPT-4 accurately differentiates papers that Large Language Models (LLM) o

contain original data from those that did not with texts of the

Abstract as the input at a Precision of 0.96 and Recall of 1.00, exceeding current quality standards for manual screening (Recall =
0.95) while costing less than $0.01 per paper. GPT models performed less accurately in detecting studies reporting relevant sampling
location, highlighting the value of maintaining human intervention in Al-assisted literature screening. Importantly, we show that
certain formulation and model choices generated nonsensical answers to the screening tasks, while others did not, urging the
attention to robustness when employing Al-assisted literature screening. This study provided novel performance evaluation data on
GPT models for document screening as a step in meta-analysis, suggesting Al-assisted literature screening a useful complementary
technique to speed up research synthesis in WBE.
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formal and reproducible methodology encompassing literature

Wastewater-based epidemiology (WBE) is a biomonitoring searching, screening, and critical appraisal, i.e, systematic

methodology that tracks community-level health statuses
through the analysis of untreated wastewater. With the
intention of WBE as to facilitate evidence-based public health
responses, citable statistics with larger sample size and greater
statistical power are required, calling for quantitative synthesis
of the vast literature through methods such as meta-analysis.”’

reviews.” This rigorous process can be laborious and time-
consuming, taking an average time of 67.3 weeks by a five-
person team in medicine'® and 164 full-time equivalent days in
environmental science.'' Among steps in the systematic review
process, literature screening is perhaps the most laborious step.
It has been reported that only 2.9% of studies retrieved by

In addition, with wastewater-monitoring data generated via hteratufe msearch are relevant and included in the final
multiple techniques, from complex sewage systems, and by synthesis. .

numerous research groups at diverse geographical locations,*™® To reduce th.e workload and  imp rove the. efﬁca.cy c?f
meta-analyses are crucial for understanding the sources of evidence synthesis, re.searcher.s are exploring artificial intelli-
variations across studies,””® so that infrastructure built from the gence (AI) and machine learning (ML) methods to automate

COVID-19 pandemics can be effectively leveraged and

updated for tracking new or unknown pathogens in a “disease June 25, 2024
X” framework highlighted by the WHO.” Taken together, November 22, 2024
there is an urgent need of methods to enable timely November 25, 2024

quantitative research synthesis in WBE. December 3, 2024

A necessary step preceding the statistical procedures in
meta-analyses is to amass data from multiple studies using a
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Figure 1. Formulation of Abstract screening as text completion (A) or classification (B) tasks in GPT-3/3.5/4 framework. (A) In the text
completion approach, a question and the text of the Abstract of a specific paper is provided in the prompt, and a GPT-3/3.5/4 model is deployed.
The model generates a completion based on the question asked and the Abstract provided. Depending on the question asked, a postprocessing step
may be required to streamline the answers to a “yes” or “no”. (B) In the fine-tuned classifier approach, a data set containing multiple Abstracts and
their corresponding labels (yes or no) is provided as the training data, and a GPT-3 model (e.g., ada or davinci) is fine-tuned. The fine-tuned model
is used to determine whether a previously unseen Abstract is from a paper that reported original data or not, and a binary outcome (yes or no) is

generated as the model output.

steps in systematic reviews. While previous works have applied
natural language processing (NLP) models to coarsely
categorize research papers,'”"” less has been reported about
automated screening based on custom criteria addressing
specific research questions, a much more challenging task, with
notable exceptions.14 Furthermore, with current studies
focused primarily on established fields where there are large
bodies of literature and universal languages, such as terms
widely used in public health (e.g, “population”, “exposure”,
“confounders”, and “outcomes” in medicine)'” or the synthesis
conditions in metal—organic frameworks," "’
whether AI/ML tools can effectively facilitate research
synthesis in emerging fields where there are anticipated
challenges such as smaller training data (e.g., total quantities
of publications) and rapidly iterating semantics.' ">
Generative Pretrained Transformers (GPT) are a suite of
neural network ML models trained over texts generated on the
Internet.”’ They are attractive for synthesizing literature in
WBE as an emerging field because of their ability to perform
zero-shot or few-shot learning, where the model generates
predictions with seeing zero or few examples. GPT-4 is the
most recent development of the GPT models that
distinguished itself from previous versions (e.g., GPT-3/3.5)
by higher capabilities of handling complex problems.”" While
GPT models are evolving quickly in its complexity, a more
complex model is not always better for a specific task.

it is unclear
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Additionally, users can choose to directly deploy the model as
one or several “prompt(s)” (i.e., text/chat completion) or to
fine-tune the model, where fine-tuning is known to generally
improve performance yet also more costly. Thus, careful
performance and cost analyses are required for specific
applications. To our best knowledge, fine-tuning and GPT-3
or her more advanced sibling models to perform literature
screening to aid systematic reviews in environmental engineer-
ing literature has not been reported.

In this study, we explored the use of GPT-3/4 and their
siblings to aid research synthesis. Specifically, we asked GPT-
3/3.5/4 models to screen published papers and differentiate
whether original and relevant data were reported in the paper.
Here, we define “original data” as when any new sampling or
measurements were performed, in contrast to other types of
work, such as research synthesis or computer simulations, and
“relevant data” were defined using specific questions about
sampling locations. We ask five research questions: 1) How
well do pretrained GPT models perform in the task of
detecting original data from WBE literature based on
Abstracts?; 2) Does fine-tuning improve the performance?;
3) How does the complexity of pretrained models affect the
performance and cost?; 4) How does performance or cost
change when models are supplied with the texts of the
“Methods” section as inputs in comparison to Abstracts?; S)
When a more advanced question is asked, how will the
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question itself affect the performance and cost of various GPT
models?

In this study, ML models were formulated to take the texts in the
“Abstract” or “Methods” section of a paper as inputs, and to output
whether that paper meets a specific inclusion criterion relevant for
WBE. This task can be formulated as text/chat completion or
classification (Figure 1). With various combinations in problem
formulations, model choices, input text choices, and screening tasks, a
total of 24 test cases were formulated in this study (Figure SI).
Detailed descriptions of implementation procedures can be found in
the Section 2.3.

We constructed a data set based on a set of articles previously curated
for meta-analysis on WBE’ and performed further curation and
labeling. Briefly, the data set contained “Abstract” and “Methods”
sections of 101 research articles which were retrieved from literature
research using the search term combination “TS = (SARS-CoV-2
AND (wastewater OR sewage))” from the Web of Science core
collection.

Two screening tasks were tested in this study. First, noting that
70% of papers generated by the above-mentioned search strategy did
not contain original data,” we set “the study contains original data” as
one task (hitherto referred to as “original data detection”). We
designed this task because meta-analyses typically build on primary
studies where new experiments are performed to estimate an effect
size, in contrast to studies that utilize the data generated from other
studies, e.g., research synthesis or computer simulations. Second, a
screening task specifically of interest to WBE is whether the sampling
location was from the wastewater system, thus we set “sampling
location is identified as wastewater treatment plant, lift station,
manholes or septic tank near a building/hospital” as a second task
(hitherto referred to as “relevant sampling location”). We designed
this task because sampling locations are important data for WBE,
significantly affecting the sampled populations.”* As a benchmark, all
the papers were manually labeled by two authors of this manuscript
who also authored the original meta-analysis (DMC and FL).

2.3.1. Data Set Preparation. The Abstracts were retrieved
directly from the Web of Science search output. The texts of the
Method sections for the papers were retrieved from the full text pdf
files using the Python package “scipdf parse”.”’ Papers where the
categories were ambiguous even by human screening were excluded
from the study, resulting in 92 Abstracts for original data detection
and 90 Abstracts for relevant sampling location detection. Since some
of the papers in the data set are reviews or perspectives, only 62
papers contained a Method section. The texts from those papers were
included in the data set. Papers without a “Methods” section were
excluded from the learning tasks using Methods as inputs.

It should be noted that for most models that were used, the
maximum number of tokens in a prompt is 2,048. As described by
OpenAl, one token is approximately 4 characters or 0.75 words for
English text.** To apply consistent maximum word counts in the data
inputs, we iteratively applied various maximum word counts until no
error messages were produced, which led to 6,700 characters as the
maximum inputs. None of the Abstracts fell above 6,700 characters,
yet some of the Methods exceeded this length. When an input
exceeded the maximum length, we included only the first 6,700
characters in the prompt. Because GPT-3.5-turbo and GPT-4 have
higher values for the maximum token limits (4,096 tokens and 8,192
tokens, respectively), we did not have to set a limit on the length of
the Methods Section for the GPT-3.5-turbo and GPT-4 cases. To
remove the influences of special symbols in the Methods section, we
also removed non-English words from the Methods. This was
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achieved by checking whether a certain word can be encoded only
with ASCII characters.

2.3.2. Data Set Pretreatment. In order to wrangle the data into
a format that can be submitted to OpenAl tools, P;ython packages
“pandas” and “sklearn” were used to clean the data.”>*°

2.3.3. OpenAl Tool Usage (Text Prompt, Fine-Tuning, and
Usage of the Fine-Tuned Models). The tools from OpenAl’s
developer platform were used. The Python bindings for API
interactions developed by OpenAl were used. Among those models,
“text-ada-001” and “text-davinci-003” were available through the
“/v1/completions” model end point, whereas “gpt-3.5-turbo” and
“gpt-4” were available through the “/v1/chat/completions” model end
point. GPT-3, GPT-3.5, and GPT-4 models were deployed in this
study.

Among the GPT-3/3.5/4 models open to developers at the time of
drafting this manuscript, classification is supported by four GPT-3
models. Two of them were explored here: “ada”, usually the fastest
model, and “davinci”, the most capable GPT-3 model. Among the text
completion tasks, two API end points were used in this study: the
classic text completion and the chat completion (Figure S2).
According to the OpenAl documentation, “the difference between
these APIs derives mainly from the underlying GPT models that are
available in each”.”” In our study, the chat completion and traditional
text completion were used to achieve the same goals and were thus
referred to as text/chat completions. Four text/chat completion
models were explored, “text-ada-001 [GPT-3]”, “text-davinci-003
[GPT-3]", “gpt-3.5-turbo”, and “gpt-4”. More information about these
models can be found in the Supplementary Methods.

2.3.4. Model Outputs. For each case, the performance and costs
were summarized. In addition, within a test case, the response for each
request (a request = a specific paper) was also documented.

2.3.5. Additional Information about the Procedures. A case
study is available at WU Box (https://wustl.box.com/s/
kjsSkh8e2ig4qm7u02b04euzlhan9exa). More information about the
fine-tuning parameters is provided in Supporting Information.

Model performances were evaluated by calculating the Precision,
Recall, and F1 score of model outputs using the “metrics” function in
the “sklearn” package in Python. For classifiers, we fine-tuned the
models with 50% of our data and performed evaluations on the other
50% of data (hold-out). The average performance scores and their
standard deviations (SD) were computed from the results of four
splits using random seeds. As for text/chat completion models,
performance scores were computed using all data available because no
data requirement from fine-tuning was incurred.
The definitions of the above metrics are shown in eqs 1—4).

number of true positives

precision = — e
number of true positives + number of false positives

(1)
in which “true positive” refers to the correct classification outcome as
positive and “false positive” refers to the incorrect classification
outcome as positive. For example, when a study containing original
data from wastewater-based monitoring is accurately identified as
such, it is considered a true positive. Conversely, when a study
without original data (e.g, editorials, research synthesis, or other
studies that contributed to science but did not take new measure-
ments) is incorrectly classified by the model as having original data,
this outcome would be labeled a false positive.

number of true positives

recall =
number of true positives + number of false negatives

)

Recall is also known as sensitivity, with a high recall suggesting that
the model is good at capturing positive cases. In the case of classifier-
aided literature screening for research synthesis, we emphasize the
importance of high recall because we envision the literature screening
step to occur at the earlier stage of literature screening when
researchers would like to include as many qualified studies as possible.
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Figure 2. Performances of the text/chat completion models in the original data detection task. Model performances were evaluated on all available
data (. = 92 when Abstract texts were the inputs, and 7., = 62 when Methods text were the inputs). There was no fine-tuning step for text-
completion tasks; thus, none of the data were reserved for fine-tuning. Gpt-4 and gpt-3.5 achieved ultrahigh Recall, and text-davinci-003 generated
excellent recall (>0.95). Query scenarios with and without requesting a “yes” or “no” performed differently.

precision X recall
Flscore =2 X ———
precision + recall

3)

in which “precision” is the ratio of true positive predictions to the
total predicted positives. The F1 score is a classifier performance
measure that balances both precision and recall. In this study, the F1
score was chosen over accuracy because qualified studies usually
outnumber unqualified studies in a literature screening task (i.e.,
imbalanced classification tasks), and the F1 score is more informative
in this scenario.
Accuracies were recorded for completeness.

number of correct predictions

accuracy =
number of total predictions

(4)

OpenAl tools reported costs as either USD or as the number of
tokens used, where costs were linearly depended on the numbers of
tokens used.”® We converted the costs expressed as tokens used to
USDs for comparisons. For comparisons across fine-tuned and the
text/chat completion models, normalized costs per 100 papers were
calculated based on the testing cost in fine-tuned models and the
usage costs of the text/chat completion models.

We asked GPT models to “read” a paper’s Abstract and
determine whether the paper satisfied a screening criterion. We
show that this task can be addressed using two approaches, i.e.,
as a “text/chat completion” or as a “classification” task (Figure
1). In the text/chat completion approach, a GPT-3/3.5/4
model is provided with the text of the Abstract of a paper, and
then answers a question “Does this paper contain original
data?” The questions were asked either in a way to require the
answer to be “yes” or “no”, or without the requirement (Figure
S2). In the classification approach, the classifiers were fine-
tuned using human-labeled examples, and then used on unseen
papers to generate binary responses. Essentially, our text
completion model performed “zero-shot” learning, and the
classifier model had seen examples through the fine-tuning
process. Besides, the text/chat completion model needed to
understand the question, whereas the classifier model treated
the task as producing binary responses following the examples
in fine-tuning. While either format generated meaningful
responses, nonsensical answers were generated from several
text completion models (Table S1). Those models were

64

excluded from performance comparisons. Nonsensical answers
is an issue that is documented in LLMs elsewhere and referred
to as hallucination.”” Thus, while literature screening tasks can
be formulated either way, the classifier approach lends the
advantage of not generating nonsensical answers, thus making
a more streamlined process.

Effective tools for literature screening require high Recalls,
which indicates very few or zero papers were missed from the
Abstract screening process, ie., very low false negative.
Notably, the Recalls for gpt-3.5-turbo and gpt-4 were both
100% in Abstract screening for original data (Figure 2),
regardless of whether a “yes” or “no” answer was enforced
(Figure 2). The model text-davinci-003 generated varied
Recalls depending on the way the questions was asked, with
not enforcing “yes” or “no” generating higher Recall of 0.94
(Figure 2). With a Recall of 0.95 reported elsewhere as a
standard for quality control in literature screening,””*" gpt-3.5-
turbo and gpt-4 well exceeded that standard, whereas text-
davinci-003 came close.

For literature screening, a high Precision indicates a low false
positive, and hence a higher efficiency in the process. Between
our high Recall models, gpt-4 generated higher Precisions (up
to 0.96, Figure 2), whereas gpt-3.5-turbo models performed
moderately well (up to 0.72, Figure 2). The balance between
Precision and Recall is reflected in the F1 score, which
indicates the overall performance (Figure 2). The gpt-4 model
had the highest F1 score (0.98) among text/chat completion
models, followed by text-davinci-003 and gpt-3.5-turbo (0.94
and 0.89, respectively). Thus, when workload reduction is
considered, GPT-4 was more attractive (Figure 2).

The performance of certain models was improved by
tweaking the way the questions were asked. For instance,
two scenarios were tested when using the text-davinci-003
model. First, we asked “Does this paper contain original data?
Answer yes or no” (Figure S2 A), and the Recall was 0.54.
Then, we asked the same question but removed the
requirement of “yes or no” (Figure S2 B). This adjustment
allowed the model to generate a longer reply, resulting in an
increase in Recall to 0.94 (Table S2), though the improvement
did not occur in all models (Figure 2, Table S2).
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Figure 3. t-SNE plot showing marked differences in the text embeddings of Abstracts from papers containing original data and those that do not.
The green dots represent embeddings of Abstracts from papers that contained original data (n = 52), and the red dots represent those from papers

that did not contain original data (n = 40).

The classifier models can be fine-tuned in one research group
and applied elsewhere, thus are attractive for the reproduci-
bility that they can render. Our fine-tuned classifier built over
davinci generated a high Recall (mean = 0.99, SD = 0.02, Table
S4), which exceeded the quality standard of 0.95 albeit slightly
lower than the gpt-4 (Figure S3). The ada-based classifiers also
performed well, generating an average Recall of 0.93 (SD =
0.09), although lower than those of fine-tuned davinci and gpt-
4 (Figure S3). As to the overall performance, the fine-tuned
davinci classifier yielded an average F1 score of 0.95 (SD =
0.05), which is higher than that of fine-tuned ada yet slightly
lower than those of the gpt-4 model.

We asked whether the GPT models can provide sensible and
accurate answers to a question that required deeper under-
standing about environmental engineering domain knowledge:
“Sampling location is identified as a wastewater treatment
plant, lift station, manholes/septic tank near a building/
hospital”. In terms of robustness, the chat completion models
gpt-4 and gpt-3.5, and the fine-tuned classifiers built over
davinci [GPT-3] and ada [GPT-3] generated robust responses,
whereas the GPT-3 text competition models (text-davinci-003
and text-ada-001) generated nonsensical responses. When
Abstracts were taken as inputs, the best performance was
detected in the fine-tuned classifiers built over davinci (Figure
S4, Table S6), with an average recall of Recall of 0.84 (SD =
0.04) and F1 score of 0.83 (SD = 0.04). This is followed by the
fine-tuned ada model, with an average Recall of 0.83 (SD =
0.05) and F1 score of 0.77 (SD = 0.10). The gpt-4 and gpt-3.5-
turbo models performed moderately in this task, generating
Recalls of 0.60 and 0.43, and F1 scores of 0.66 and 0.60,
respectively (Table S5).
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Using the texts of Methods as the input improved the
performance of the relevant location detection task for gpt-4 as
well as fine-tuned davinci [GPT-3] and ada [GPT-3] models
(Figure S4, Table S5—S6). In particular, the fine-tuned davinci
model achieved a Recall of 0.92 (SD = 0.03), bringing it very
close to the quality standard (0.95). On the other hand, there
was no improvement in gpt-3.5-turbo. The effects also varied
across models in the original data detection task (Table S3 and
S4, Figure S3). The text-davinci-003 [GPT-3] model was able
to take Abstracts and generate meaningful responses, yet not so
when the inputs shifted to the texts of Methods. A potential
explanation that longer texts added burdens to processing.””
However, the fact that gpt-4 as the latest GPT model showed
improvement with texts in Methods as inputs was promising.
Potentially, when LLMs further improves, more sections of a
research paper can be utilized to perform screening tasks that
require deeper understandings of the domain knowledge.

Our study demonstrated that the GPT-3, GPT-3.5, and GPT-4
models can facilitate research synthesis in the WBE literature
by accurately detecting paper containing original data from the
literature, with gpt-4, gpt-3.5-turbo, and fine-tuned davinci
models generating Recall values near 1.00, exceeding the
current standards in quality from manual screening (Recall =
0.95),’>*" while costing less than $0.01 per abstract and taking
less than a second. In our previous meta-analysis, we showed
that original data detection can reduce near 70% of all
publications meeting Web of Science search criteria for WBE
literature,” thus the automated screening method here can
substantially speed up the meta-analysis process. Notable
prevention of nonsensical answers was detected in the fine-
tuned classifiers based on davinci and ada, making fine-tuning
an attractive option even though the completion models also
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generate excellent performances. When more advanced
questions are involved, i.e., the detection of relevant sampling
locations from the Abstract, the GPT model performances
were moderately high, with the highest Recall rendered by 0.92
among all configurations tested), indicating a necessity for
human intervention and continued domain-specific model
evaluation as more advanced LLMs become available. While
developed using WBE literature, the automated workflow and
the model evaluation criteria can also be applied to facilitate
research synthesis in other research fields.

4.2.1. Text Embedding Analysis. Embeddings are
numeric representations of text strings that a certain Al system
uses to represent given input texts. Upon acquiring excellent
performance in the Abstract screening task, we asked: are there
underlying differences in GPT’s embeddings of the Abstracts
from papers that contained original data and those that did
not? Answering this question is useful for understanding the
excellent performance in the Abstract screening task,
facilitating the incorporation of GPT models in future research
synthesis tasks. We obtained the embeddings of all Abstracts
(including fine-tuning and test sets) using OpenAl’s “text-
embedding-ada-002” model. Then, we performed multivariate
analysis using t-SNE (t-distributed stochastic neighbor
embedding) analysis. We detected a clear separation between
the papers that contained original data and those that did not
(Figure 3). This result suggests that there are fundamental
differences between the semantics used in Abstracts for papers
that contain or do not contain original data, which underlies
the success of the screening task.

4.2.2. Time and Cost Considerations. The automated
literature screening method saves time. The time required for
model training and response for each request was on the order
of seconds. Once the pipeline is set up, the only time-
consuming part is queuing in model fine-tuning, which occurs
after the request is submitted to the OpenAl server. In our
experience, the wait time was approximately 10 min. Thus, the
total time required for the GPT model-aided screening of 50
papers will be slightly more than 10 min. In comparison, the
time required for human screening can be longer and more
complex. Because of the domain knowledge involved, screen-
ing Abstracts and full texts requires the efforts of trained
graduate students or postdoctoral researchers. In our
experience, determining whether the original data were
reported took 5—10 min per paper. This task can be laborious;
thus, break times need to be planned, with the amount varying
based on individual attention spans. We anticipate 250—500
min for screening 50 abstracts. With respect to cost, we find
that the use of GPT models for paper screening is quite
manageable. For example, gpt-4 and gpt-3.5-turbo cost
approximately $1 and $0.07 per 100 Abstracts screened,
respectively. Using fine-tuned davinci and fine-tuned ada costs
$3.63 and $0.04 per 100 Abstracts, respectively. Owing to
longer input texts, using the texts of Methods as inputs
increased the cost for all models; however, even when the
longer texts (Methods sections) and the costliest method
(davinci) were utilized, the normalized cost for screening 100
papers was still below $15, which is close to the minimal hourly
rate at the place where the study was conducted. Additional
details on cost and time can be found in Supplementary
Results A and Tables S7—S8.
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4.2.3. Limitations and Future Studies. OpenAl models
are subject to updates and upgrades, which can affect the
parameter specifications for a specific task. However, our
approach provides a framework for problem formulation and
validation in literature screening, paving the way for more
applications of large language models in the tasks of automated
systematic reviews. We acknowledge that there are potential
biases with the paper inclusion procedures, such as biases in
the Web of Science results and the focus on English-language
literature. Nevertheless, the Web of Science remains a widely
used tool in the environmental engineering field; thus, the
procedure here has the benefit of reproducibility.

While the paper screening models from this study could
provide accuracies as high as 93%, they were not 100% in
agreement with screenings performed by professional
researchers. On the other hand, it is worth noting that
human processing of paper screening tasks may involve
individual biases in assessments, thus presenting challenges
in reproducibility. In addition, in our experience of manually
processing the papers, we noted that clarity levels in published
studies varied, with some studies more difficult to assess for
their inclusion in systematic reviews even for experienced
researchers. Structured data deposits utilizing reporting
standards can improve the ease of reuse of published studies,
regardless of manual or model-assisted screening.

One of the application areas of GPT-assisted research
synthesis is direct data extraction and modeling. While
successful applications have been reported for other types of
experiments,'® in our preliminary study (data not shown), the
performance of GPT in extracting data from reports of WBE
experiments was unsatisfactory despite extensive prompt
engineering. This is not an isolated case; automated data
extraction using GPT models has been reported as challenging
elsewhere.”” We reason that research fields with more
structured and controlled semantics will be more easily
integrated into automated literature synthesis, and for
emerging fields, human intervention in data extraction is still
necessary at the current stage. Nevertheless, with the rapid
development of large language models, future iterations of
those models may generate more fruitful outcomes.
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