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ABSTRACT: Automated data curation for niche scientific topics,
where data quality and contextual accuracy are paramount, poses
significant challenges. Bidirectional contextual models such as
BERT and ELMo excel in contextual understanding and
determinism. However, they are constrained by their narrower
training corpora and inability to synthesize information across
fragmented or sparse contexts. Conversely, autoregressive gen-
erative models like GPT can synthesize dispersed information by
leveraging broader contextual knowledge and yet often generate gxtracting data from Identified Solvents ML-based Toxicity
plausible but incorrect (“hallucinated”) information. To address Literature using used in Perovskite Prediction with
these complementary limitations, we propose an ensemble  Language Model Synthesis Uncertainty
approach that combines the deterministic precision of BERT/

ELMo with the contextual depth of GPT. We have developed a hierarchical knowledge extraction framework to identify perovskites
and their associated solvents in perovskite synthesis, progressing from broad topics to narrower details using two complementary
methods. The first method leverages deterministic models like BERT/ELMo for precise entity extraction, while the second employs
GPT for broader contextual synthesis and generalization. Outputs from both methods are validated through structure-matching and
entity normalization, ensuring consistency and traceability. In the absence of benchmark data sets for this domain, we hold out a
subset of papers for manual verification to serve as a reference set for tuning the rules for entity normalization. This enables
quantitative evaluation of model precision, recall, and structural adherence while also providing a grounded estimate of model
confidence. By intersecting the outputs from both methods, we generate a list of solvents with maximum confidence, combining
precision with contextual depth to ensure accuracy and reliability. This approach increases precision at the expense of recall—a
trade-off we accept given that, in high-trust scientific applications, minimizing hallucinations is often more critical than achieving full
coverage, especially when downstream reliability is paramount. As a case study, the curated data set is used to predict the endocrine-
disrupting (ED) potential of solvents with a pretrained deep learning model. Recognizing that machine learning models may not be
trained on niche data sets such as perovskite-related solvents, we have quantified epistemic uncertainty using Shannon entropy. This
measure evaluates the confidence of the ML model predictions, independent of uncertainties in the NLP-based data curation
process, and identifies high-risk solvents requiring further validation. Additionally, the manual verification pipeline addresses ethical
considerations around trust, structure, and transparency in Al-curated data sets.

SAFE UNSAFE

1. INTRODUCTION attention to capture context from both directions in a text
Automated data curation using advanced NLP techniques and sequence, making it highly effective for understanding nuanced
language models offers a promising solution for managing and language.'® Variations of BERT, such as MatSciBERT,”"
extracting insights from the vast data in materials science.' ™ OpticalBERT,'® and BatteryBERT,'" differ from other models
This field has been significantly influenced by the development by tailoring pretraining objectives, architecture, or domain-
and application of various language models, including both specific and have significantly advanced the field of materials
nongenerative prelarge language models (pre-LLMs), such as science by enhancing the extraction and organization of

BERT and ELMo,*”” and contemporary generative LLMs like
GPT-3.5 and GPT-4.0.°”"” BERT and ELMo fill in missing
information using context, while GPT generates new text by
predicting the next token sequentially. BERT has been shown
to achieve higher accuracy rates compared to models such as
ELMo in numerous NLP tasks, including sentiment analysis,
question answering, and named entity recognition, further
solidifying its reputation as the preferred model among
researchers.”'>™"> BERT works by using bidirectional

information from scientific literature. However, even such
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Figure 1. A framework for hierarchical data extraction method using an ensemble approach of deterministic pre-LLMs and generative LLMs in data
extraction. (a) A hierarchical framework for extracting knowledge from scientific articles, narrowing broader topics into subtopics and refined
extracted data through iterative questioning and processing. (b) The integration of deterministic outputs from models like BERT and ELMo with
generative insights from LLMs, where the intersection represents high-confidence, verified data combining precision and contextual depth.

models are limited by their smaller training corpus and
narrower knowledge base, which restrict their ability to capture
the broader contextual nuances necessary for addressing sparse
and highly specialized data, such as that found in perovskite
synthesis. In contrast, LLMs such as GPT 3.5, 4.0, Llama or
Gemini offer enhanced capacity for generalization across
diverse contexts due to their larger training data sets and
architectures.”'”'” Furthermore, LLMs can automate the data
curation process by extracting and analyzing data from multiple
sources, including product specifications and scientific
articles."® However, apart from the resource demands of
using an LLM, the application of these models in scientific data
curation comes with its challenges, such as “hallucinations,”
where the model generates plausible but incorrect informa-
tion.'”” This issue is particularly critical in scientific contexts,
where accuracy is paramount. The underlying mathematical
frameworks, including the optimization objectives, architec-
tural design, and statistical properties of BERT/ELMo and
GPT, are fundamentally distinct, and one cannot replace the
other.

Recent studies on responsible Al deployment emphasize the
importance of transparency, privacy, verification and robust-
ness in automated scientific systems, particularly when outputs
influence safety-critical decisions.”"””” However, the suscepti-
bility of generative models to hallucination and output
variability across runs limits their immediate applicability in
high-stakes downstream tasks such as toxic chemical screening.
Even when explicitly prompted to produce structured
responses, generative models frequently return incomplete,
ambiguous, or unstandardized entities, implying the need for
deterministic postprocessing techniques such as entity normal-
ization, synonym resolution, and role classification.””** Thus,
language models should be viewed as modular components
embedded within broader, verifiable curation frameworks and
not as an end-to-end solution. Furthermore, prompting
techniques such as RAG (retrieval-augmented generation),
CoT (chain-of-thought prompting) and CoVe (Chain-of-
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Verification) have shown promise in certain reasoning and
QA benchmarks, no single prompting paradigm has yet
emerged as consistently superior in domains characterized by
ambiguity, sparse annotations, and structural diversity.”>*® A
combination of techniques such as self-checking and multipass
evaluation is essential for the robustness of the overall data
curation method using prompting. A model that identifies
"dimethylformamide” in one run and "DMEF"” in another must
resolve these as equivalent to ensure usability, consistency,
deduplication, and traceability. Furthermore, scientific prob-
lems such as perovskite synthesis encompass a wide and
variable set of chemistries, including solvents, precursors,
processing conditions, and intermediate steps, many of which
are described in inconsistent, domain-specific language. These
concerns fuel the need for verifiable and structured knowledge
extraction pipelines that mitigate hallucination, ensure
interpretability, and support factual and ethical downstream
applications.

A combination of both deterministic and generative types of
models leverages the strengths of each model to enhance data
processing, analysis, and knowledge extraction across various
scientific domains. For instance, BERT-based scoring methods
have been used to assess the efficiency of GPT models for text
summarization and measuring hallucinations, establishing
BERT output as more deterministic and reliable.””** Foppiano
et al.”” have used output from BERT to benchmark the
performance of GPT in Question-Answering and property
prediction. The sequential stacking of GPT layers and BERT
layers has been attempted to leverage the full potential of these
language models*®~*” where BERT layers have been used for
more deterministic tasks such as classification or semantic
understanding, and GPT has been used for generative tasks
such as generating material descriptors or new hypotheses.
While these studies demonstrate significant progress through
techniques such as fine-tuning’* and domain-specific pretrain-
ing,” they are often constrained by either their focus on
specific use cases or their inability to effectively integrate the
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Figure 2. Automated data extraction and curation using language models. Two different methods for implementing the hierarchical extraction
process. Method 1 uses a combination of CDQA and NER to extract and refine information. Method II employs LLMs with prompting to achieve
the same objective, showcasing different approaches to achieve accurate data extraction from research articles.

extracted data into a cohesive and hierarchical structure. Fine-
tuning addresses task-specific needs, but the workflows largely
remain one-directional, limiting the iterative refinement of
outputs and their alignment with evolving domain-specific
knowledge. Furthermore, the emphasis often remains on either
deterministic tasks or generative capabilities without fully
exploring their interplay in solving multilayered, complex
problems.

In this study, we address the above-mentioned limitations by
integrating hierarchical knowledge extraction with a novel
ensemble framework, combining the precision and reliability of
deterministic models with the contextual generation and
broader knowledge base of LLMs to effectively capture both
high-level context and specific granular details (see Figure 1).
The hierarchical knowledge extraction follows a step-by-step
refinement, starting from broader topics, narrowing down to
subtopics, and finally extracting specific, granular details (see
Figure 1(b)). At each stage, the framework ensures that the
high-level context is retained while refining and verifying the
extracted information. We have used an ensemble approach of
combining both pre-LLM models, such as BERT and ELMo,
and LLM models, such as GPT 3.5, 4.0, to facilitate this
hierarchical knowledge extraction from scientific literature. To
leverage effectively the precision, reliability, and domain-
specific accuracy of BERT and ELMo and the contextual
generation, broader knowledge-base, and sparse data handling
of GPT, we have combined the data extracted by the two types
of models (see Figure 1(b)). The intersection of the outputs
from these models, where both agree or complement each
other, represents high-confidence information. The mathemat-
ical justification for this approach lies in probabilistic
intersection principles, which demonstrate that the probability
of both models failing simultaneously is smaller than the
probability of failure by either one individually. This error
reduction enhances confidence in the extracted data, offering a
mathematically grounded rationale for the ensemble approach.
Furthermore, we have addressed the limitations of hallucina-
tion, omission, and lack of structured consistency by
implementing a verification pipeline that combines paper-
specific knowledge graph construction with multirun LLM
sampling. Extracted entities such as perovskite names, solvents,
and precursors are validated against manually curated knowl-
edge graphs, representing the synthesis process’s most
chemically constrained and consistently reportable compo-
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nents. Given the inherent variability and complexity of
perovskite synthesis, only a subset of entities can be
modularized and verified via KG-based matching. The
remaining synthesis-related descriptors are evaluated using
cosine similarity between the extracted output and a curated
ground truth to assess semantic fidelity. We apply this manual
verification framework to a hold-out set of S50 articles,
disjointed from the main extraction corpus, to ensure unbiased
evaluation. Thus, we treat LLMs as probabilistic black-box
extractors and apply structural verification to mitigate the
inherent uncertainty of such systems.

The rest of the paper is organized as follows: Section 2
describes the implementation of the two methods used for
automated data extraction, detailing how hierarchical knowl-
edge extraction is performed using deterministic and
generative models. Section 2 includes a description of the
manual verification process, where a hold-out set of papers is
used to evaluate extraction quality, normalize entities, and
construct paper-specific knowledge graphs for benchmarking.
Section 3 presents the results of the manual verification process
on the hold-out set of papers, including precision, recall, and
variability analyses across multiple LLM generations. Addi-
tionally, we visualize the curated data using the remaining
corpus, focusing on keyword distributions and solvent-
perovskite associations identified in the literature. This
provides a structured data set for further analysis. In Section
4 applies the curated data set in a case study to explore the
endocrine-disrupting potential of solvents using a deep
learning-based uncertainty quantification (UQ) framework.
Importantly, this UQ framework does not measure the
uncertainty in the data extracted from the LLM but instead
analyzes the epistemic uncertainty arising from training data
limitations in the pretrained binary classification model by
leveraging Shannon entropy, providing insights into prediction
confidence and areas requiring further investigation. Finally,
Section 5 concludes the paper by summarizing key
contributions.

2. METHODOLOGY

In our work, a hierarchical knowledge extraction methodology
using language models is implemented that progresses from
broad to narrow topics. This approach ensures a compre-
hensive extraction of relevant information while maintaining
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1. Answer: van der Waals epitaxial growth followed by a vapor-phase conversion

2. Paragraph: Apart from solution-phase growth, chemical vapor deposition (CVD) approach was also
investigated to prepare 2D perovskites. Xiong group reported the synthesis of lead halide perovskite
nanoplatelets using a two-step CVD method (Fig. 2c). The nano-platelets were synthesized on a
muscovite mica using van der Waals epitaxial growth followed by a vapor-phase conversion. The
unique properties of 2D metal halide perovskites have enabled a variety of applications, such as LEDs,
lasers, and PVs [30-32].

3. Score:7.33
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documents
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the

1. Answer: with various thickness n

2. Paragraph: Quasi-2D organic metal halide hybrids are the bulk assemblies of 2D metal halide
nanosheets with larger inorganic layer thickness than single layer 2D organic metal halide hybrids.
Several approaches have been used to control the inorganic layer number n and their bandgaps.
Stoumpos and coworkers synthesized 2D and quasi-2D (CH3(CH2)3NH3)2(CH3NH3)n-1Pbni3n+1
perovskites with various thickness n by adjusting the ratio between the spacer cation and the small
organic cation [133].

3. Score: 6.06
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Answer
extraction and

Document

1. Answer: dissolving the iodide salts in DMF

2. Paragraph: (CH3NH3)3Bi2l9 was synthesized by dissolving the iodide saltsin DMF and heating the
solution to remove the solvent to obtain a perovskite powder. Taking advantage of the large vacant
surface area in OD structures, the lower charge-transfer resistance yields high ionic conductivity and
consequently a capacitor with three orders of magnitude higher capacitance than that based on 3D
MAPbI3 [217].

3. Score:5.65

Reader &
ranking

Figure 3. In general, the question-answering (QA) system in NLP can be divided into two categories — Open Domain Question Answering
(ODQA) and Closed Domain Question Answering (CDQA). The ODQA is capable of answering questions from any field, while the CDQA
answers questions only from a specific domain of knowledge. Google Assistant, Amazon Alexa, etc., are examples of ODQA, while chatbots are
examples of closed-domain systems. In this work, we use CDQA to identify the relevant paragraphs on perovskite synthesis that serve as metadata
for further analysis. The ‘Document Retriever’ scans the given pool of articles to filter out the ‘N’ most relevant documents to the given question.
The ‘Document Reader’ processes these documents to get the closest possible answers. In this work, we extracted three answers from each article.
We also acquired the corresponding paragraphs where the answers are based and used them to get the perovskites and the solvents. Answers with

higher scores appear more relevant than the others.

contextual accuracy and precision and is, hence, well-suited for
sparse data.”

2.1. Data Curation. We have downloaded 2000 peer-
reviewed articles providing 30,000 paragraphs that serve as
metadata for information retrieval. The DOIs for the articles
were queried by searching for the phrases “halide perovskites,”
“hybrid organic, inorganic perovskites,” “toxic perovskites,”
“perovskite solar cells,” and “chemical synthesis of perovskites”
on CrossRef.36 Following this, the articles were acquired from
open-access journals such as Nature, American Chemical
Society, Elsevier, and Royal Society of Chemistry. These
articles form the metadata on which we implement contextual
NLP to get data for further analysis.

2.2. Hierarchical Knowledge Extraction Process.
2.2.1. Method I: CDQA + NER Pipeline with Smaller
Language Models. Method I has a straightforward sequence
involving the use of a contextual model and a combination of
Closed Document Question Answering (CDQA) and Named
Entity Recognition (NER). Early contextual language models
such as ELMo,”” BERT,'® and GPT-2** have significantly
improved understanding of the sequence-level semantics and
have shown state-of-the-art performance in several NLP tasks
such as sequence classification,”” question answering,***!
language modeling,42 and translation®**
parameters and training time. Other NLP techniques, such as
Closed Document Question Answering (CDQA) and Named
Entity Recognition (NER), benefit from these advances, as
data extraction has seen higher efficiency and accuracy (see

requiring fewer
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Figure 2(b).). However, the reliance on specific contextual
models integrated with CDQA and NER to identify chemical
entities such as solvents presents challenges, primarily due to
the scarcity of high-quality, chemically focused training data.
This scarcity often results in a higher likelihood of type I errors
(false positives) compared to type II errors (false negatives).

As per Figure 2, we have integrated BERT as a language
model with Closed Document Question Answering (CDQA)
followed by ELMo with Named Entity Recognition (NER) to
automate the data extraction process,45 enabling the
hierarchical knowledge extraction from a broader topic to a
structured data set. Figure 3 explains how the CDQA works.
CDQA is an NLP subtask that involves asking context-specific
questions within a closed domain, such as perovskite synthesis,
extracting relevant paragraphs or sentences from a scientific
article without having to manually annotate them. There are
two main components of the CDQA system — Document
Retriever and Document Reader. The Document Retriever
identifies a list of “Top N’ candidate documents that are
likeliest to the context of perovskite synthesis using similarity
metrics. We have used cosine-similarity between the TF-IDF
features of the documents and the phrase “perovskite
synthesis.” Next, these documents are divided into paragraphs
and fed to the Document Reader, BERT, which gives the most
probable paragraphs to the question “How is perovskite
synthesized?” The answers were compared and ranked in the
order of the model score, which is given by the softmax
probability derived from the last layer of the BERT model. At
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the end of this step, three paragraphs most relevant to
perovskite synthesis are extracted from each “Top N’ candidate
document.

NER is the second subtask of our NLP pipeline that
classifies keywords extracted from a given paragraph.
Commonly available NER tools are ChemicalTa§ger,46
OSCAR4,"” Chemical Named Entities Recognition, ® and
ChemDataExtractor,’ each trained for identifying specific
terminologies and contexts within the materials science
domain. In this work, to extract all the chemicals (perovskites,
solvents, etc.), we used an ELMo-based NER tool developed
by Kim et al.” The NER model developed by Kim et al.° uses a
classification model that is trained on an internal database of
over 2.5 million materials science articles. The details of the
architecture of the NER model are provided in Table lof the
Supporting Information, while Table 2 presents a compre-
hensive list of all the training labels, which represent the
specific category of chemistries that the NER is trained to
identify and classify in the text. At the end of this step, a
structured data set is formed by listing perovskites and their
corresponding solvents that can be used for downstream tasks
such as toxicity prediction.

A critical limitation of Method I is that the segmentation is
typically conducted at the paragraph level rather than
considering token-level constraints. This approach can over-
look specific details that may span multiple sentences or
paragraphs within a single article. Crucial information about
the interaction of solvents with perovskite materials might be
dispersed across several sentences or paragraphs within a single
research paper, but the paragraph-level segmentation used in
CDQA overlooks these interconnected details. This frag-
mented approach can lead to information loss, similar to the
challenges encountered in Retrieval-Augmented Generation
(RAG) models, which also struggle with integrating
information across fragmented document sections. Further-
more, hallucination and omission manifest differently in such
deterministic models. The solvents identified by the NER
(ELMo) model can result in hallucinations when a solvent
mentioned in the paper is extracted but not actually used in the
perovskite synthesis context. Conversely, if a relevant solvent is
present in the paper but underrepresented in the model’s
training data, it may be omitted entirely.

2.2.2. Method II: Prompting and Verification with Large
Language Models. Method 1II uses Large Language Models,
GPT 3.5, along with designed prompts for the hierarchical
automated data extraction. LLMs have brought new
capabilities that differ from earlier contextual models by
utilizing a high number of self-attention layers and a more
extensive training corpus. These features enable them to
generate more accurate and diverse responses and Dbetter
generalize across various tasks without the explicit need for
task-specific downstream architectures like CDQA and NER.
As shown in Figure 2(b), prompt engineering becomes
essential when utilizing the in-built response generation
capabilities of LLMs, as it replaces the role of traditional
NLP tools by allowing the model to adapt its responses based
on finely tuned prompts.” This method leverages the built-in
response generation capabilities of the LLMs, enabling the
identification and classification of chemical entities such as
solvents directly through well-designed prompts rather than
integrating them with separate tools. Furthermore, the use of
domain knowledge is essential for designing and refining the
prompts to evaluate the relevance and accuracy of the LLM’s
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responses. During inference, LLMs process text at the token
level, predicting the next token in a sequence given the
preceding tokens. This capability allows them to assign
probabilities to different tokens, including those corresponding
to named entities like solvents, based on the context provided.
Thus, LLMs are capable of performing both CDQA and NER
tasks through their all-purpose design, eliminating the need for
additional specialized tools.

While prompting strategies such as Retrieval—Aus%mented
Generation (RAG),"” ™" Chain-of-Thought (CoT),””*® and
Chain-of-Verification (CoVe)***® have each demonstrated
strengths in isolated settings, they also exhibit notable
limitations when applied independently. RAG relies heavily
on retrieving relevant text passages from a corpus, but it
performs poorly when critical information is embedded in
formats that are difficult to retrieve as plain text, such as tables
and graphs.”’ CoT improves reasoning transparency but can
propagate logically sound yet factually incorrect chains,
especially in scientific domains lacking annotated reasoning
paths.>>>* CoVe addresses factuality through verification, but
at high computational cost and with limited ability to
disambiguate context without external support.”®>® Across
these works, a common theme emerges that no single
prompting paradigm provides robust performance across
accuracy, factual grounding, and computational efficiency.
This has motivated recent research toward modular and hybrid
strategies that integrate retrieval, stepwise reasoning, and
verification in a context-sensitive pipeline.50 Our prompting
strategy synthesizes ideas from several leading prompting
paradigms such as RAG, CoT, and CoVe, as shown in Figure 4.

Retrieval-Augmented
Generation
(RAG)

Chain of Thought
(CoT)

Chain-of-Verification
(CoVe)

Self-verification
through LLM
prompting

Segmentation of
document followed by
consolidation

Reasoning through
specific topical
description

Combining Retrieval,

Reasoning, and
Verification

!

[ Hierarchical Data Extraction Method ]

Figure 4. Integration of prompting paradigms in Method II. The
hierarchical data extraction framework draws from the segmentation
and consolidation structure of RAG, the reasoning through specific
topical description from CoT, and the iterative self-verification
approach of CoVe into a domain-aware, structure-constrained
pipeline for scientific information extraction.

Our method incorporates topic-based paper segmentation
(inspired by RAG), hierarchical decomposition of queries
(from CoT), and self-verification loops (from CoVe), but
reconfigures them for the chemical domain.

Generative models, like GPT 3.5 or GPT 4.0, trained on vast
corpora, have a broader knowledge base that enables them to
synthesize answers by integrating information across entire
texts and thereby establish connections between prompts and
specific scientific concepts like perovskites, which is beyond
the capability of Method I. As explained earlier, the hierarchical
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PROMPT

[TOPIC]: Brief Description SUCCESSFUL
EXTRACTION

[RESPONSE]
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INPUT TEXT: Given the segment of the paper:

Segment of [INPUT TEXT] RESPONSE

4 within
research article

INPUT TEXT]
Find all details related to [TOPIC] ( ] DISCARDED

including [TARGET]

Figure 5. Flowchart for information extraction from a research article using prompting and verification technique, starting with the "Input Text”
box where the paper segment is specified, followed by a "Prompt” box detailing the search query. The process then moves to a "Response”
diamond, indicating LLM response, which leads to either ”"Successful Extraction” or "Discarded” based on the verifiability within the input text.

PROMPTING
AND
VERIFICATION
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VERIFICATION
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PROMPT TOPIC: PEROVSKITE
PEROVSKITE SYNTHESIS SINIEESES

PROMPTING PROMPTING
AND AND
VERIFICATION VERIFICATION

PROMPTING
AND
VERIFICATION

PROMPTING PROMPTING PROMPTING
AND AND AND
VERIFICATION VERIFICATION VERIFICATION

RESPONSE RESPONSE RESPONSE RESPONSE RESPONSE

RESPONSE

PROMPT TOPIC:
SOLVENT NAME

PROMPT TOPIC:
PEROVSKITE NAME

Figure 6. Iterative hierarchical knowledge extraction process using LLMs. The input text is segmented into smaller chunks, each undergoing
prompting and verification to extract responses relevant to the broad topic (Perovskite). These responses are then combined and resegmented for
the next level of specificity (Perovskite Synthesis), where the process is repeated. Finally, the combined responses are further segmented and
processed at the narrowest levels, which include both the Perovskite Name and Associated Solvent, ensuring accurate and detailed extraction of
specific information.

information extraction using LLM requires the careful design
of prompts. We first explain the method of using prompts and extracting and verifying information from research articles (see
LLMs for a particular level by detailing the steps involved in Figure 5).
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Figure S shows that we employ a structured prompting and
verification process to extract and verify specific information
from a predefined segment of a research article. Responses
from Method I, which provides the most relevant paragraphs,
are used to design prompts through a trial-and-error process.
OpenAl Playground” offers an interactive dashboard to
experiment with various models and parameters, allowing
users to fine-tune and test prompts in real time. Although
models such as GPT 3.5, 4.0, and 4.5 incorporate progressive
enhancements in reasoning, contextual understanding, and
computational efliciency, they are all built upon the same
underlying transformer-based architecture and mathematical
principles. The details of the transformer-based architecture
are given in the Supporting Information. Given an input text
segment, a prompt is generated to find all details related to the
topic. While extracting information from a text segment on a
specific [TOPIC], the LLM is prompted with a brief
[DESCRIPTION] of the [TOPIC], along with the text
segment [INPUT TEXT]. The [TARGET] denotes the type
of information to be extracted from a given segment. This
differentiates our approach from traditional prompting by
explicitly contextualizing the query within the prompt,
ensuring that the LLM search is focused and relevant to the
specific topic.” Since scientific texts often contain complex
syntactic structures, nested entities, and domain-specific
terminologies, it is important to include details related to
questions in the prompt to extract the correct information.*®
This step is followed by a verification through subsequent
prompting,10 where the LLM checks if the response details
from the previous prompt are explicitly found within the
provided input text segment. This strategy helps mitigate
hallucinations by increasing specificity until the LLM produces
the correct answer that is guided by accurate responses known
from previous steps. This verification and refinement in
Method II are performed probabilistically using the LLM.
While a more deterministic and less resource-intensive
approach, such as leveraging BERT-score,” could have been
used, we intentionally avoided this to preserve the
independence of the two pipelines, each based on
fundamentally different methodologies—deterministic models
(BERT/ELMo) and generative LLMs.

The prompting and verification technique is applied
iteratively at each level, progressively narrowing down from
broad topics to specific details by refining prompts and
verifying responses (see Figure 6). Too many promptings can
be cost-intensive; thus, care is given so that the target data set
can be obtained without excessive prompting. At each layer,
the text from the previous layer is segmented based on the
token limit of the LLM model. This segmentation approach
utilizes the analytical capabilities of the LLM to interpret
complex scientific data by concentrating on a smaller window
for contextual understanding. The responses from multiple
segments of a single paper are then consolidated using the
LLM to form a coherent and comprehensive summary, which
streamlines the relevant sparse and disparate information into
an easily accessible form. The [TOPIC]s and their brief
[DESCRIPTION]s for each layer are given in Table 1.
Domain expertise, along with trial-and-error and the responses
from Method I, have been used to come up with the
descriptions. The first TOPIC is ‘Perovskite, where the
description is targeted to establish a foundational under-
standing of the material.
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Table 1. TOPICS and Their Brief Descriptions Used for Prompting and Extraction of Data Using the Layer-wise Prompting and Verification Process Shown in Figure 5

TOPIC

targeted information

description

compositions, synthesis processes, and various

applications

Perovskite has a unique crystal structure with the formula ABX3, where ‘A’ and ‘B’ are cations and ‘X’ is an anion, forming a three-dimensional network —perovskites, including their chemical
that contributes to the unique properties of perovskites, such as their excellent electronic and ionic conductivity.

perovskite

level 1:

chemistries related to perovskite synthesis, such as

precursors, perovskite, and solvents

Perovskite synthesis involves steps such as precursor preparation, dissolution in solvents, deposition, and subsequent annealing and crystallization to form
the ABX3 crystal structure.

perovskite
synthesis

level 2:
level 3:

name of the perovskite crystal in ABX3 form

specific form of the ABX3 crystal, where ‘A’ and ‘B’ are cations and ‘X’ is an anion

perovskite
name

name of the organic solvent

Solvents in perovskite synthesis are organic chemicals used to dissolve the precursors.

level 3: solvent

name
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“Precursors” : []
“Solvents” : []
“Others” : ]

}

Problems with output:

1. Uncertain Structure

2. Normalized Entities

3.  Additional Information not
present in context
(Hallucination)

4.  Absence of information
present in context
(Omission)

entries

comparison with Ground Truth

Convert Perovskites to

——> Resolve solvent names
using PubchemPy

Manual Ground Truth

( Scoring and
“Perovskites” : Evaluation
[Klll KlZl ] v
“Precursors” : ?(t)”:‘lc;”’e Match

> E,K“’ Kz, ',','] > v Hallucination
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Kot K Score [0, 1]
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Figure 7. Manual verification framework for evaluating LLM outputs (Method II). Extracted entities are first checked for structural conformance
(first panel). If an output does not conform to the desired structure, then it is discarded. This is followed by an entity normalization step that
standardizes perovskite formulas to the ABX; structure and resolves solvent names using PubChem (second panel). The normalized outputs are
then compared against a paper-specific knowledge graph (third panel) to assess hallucination, omission, and entity consistency. The scoring module
includes a structure match indicator (binary value in {0, 1}), hallucination and omission scores (real-valued between 0 and 1), and semantic

similarity (real-valued between 0 and 1) for contextual synthesis.

The second [TOPIC] is ‘Perovskite Synthesis,” aimed at
understanding the processes involved in creating perovskites.
The prompt at this level extracts detailed information about
the synthesis steps, including precursor preparation, dissolu-
tion in solvents, deposition, and subsequent annealing and
crystallization. The responses from Level 2 are manually
compared against the responses from the CDQA in Method I
to check for the correctness of the prompting method. The
third level focuses on more specific details, divided into two
subtopics: ‘Perovskite Name’ and ‘Solvent Name.” This step is
similar to the NER step of the previous method, where instead
of using a classification model, we rely on the LLM’s inherent
understanding of context and scientific terms. The ‘Perovskite
Name’ prompt seeks to identify specific forms of the ABX3
crystal by listing the various cations and anions that define
different perovskite compounds. It is to be noted that at any
level, there can be multiple subdivisions based on the specific
information needed, where subdivisions refer to narrower
topics or categories derived from the broader topic to extract
detailed and relevant data. The ‘Solvent Name’ prompt extracts
information on the organic chemicals used in the synthesis
process to dissolve precursors. The division into ‘Perovskite
Name’ and ‘Solvent Name’ has been deliberately done to
ensure that the LLM can accurately identify the named entities
by using separate prompts and descriptions for each.
Additionally, as explained earlier, the larger training corpus
for GPT 3.5 eliminates the need for a separate NER
component for identifying perovskites and solvents. The
description of the terms added to the prompts aids in better
identifying the context of these terms, while the [TARGET]
targets the LLM toward specific data to be extracted.
Furthermore, the hierarchical extraction allows data to be
extracted at each level, and the data from each level can be
repurposed for other research objectives, such as identifying
precursor materials from the ‘Level 2: Perovskite Synthesis’
responses or evaluating device performance from the ‘Level 1:
Perovskite” responses.

At the end of this step, we prompt the LLM to return its
output in a structured JSON format. This serves two
complementary purposes: when benchmark data is available,
it enables direct alignment for evaluation; in its absence, it
ensures syntactic consistency that facilitates downstream
normalization, filtering, and validation.
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2.3. Manual Extraction and Evaluation Framework.
To evaluate the reliability of the extracted entities and quantify
hallucinations and omissions, we designed a structured manual
verification protocol using a held-out set of 50 scientific
articles, distinct from those used in the main data set
construction (Figure 7). These papers span a range of research
contexts: while many contain detailed information on perov-
skite synthesis, others discuss perovskite materials more
generally without providing full synthesis protocols or specific
chemical entities such as solvents and precursors. This
variability reflects the real-world heterogeneity of the literature
and ensures that our evaluation framework captures the
challenges of entity extraction under both high-information
and sparse-information conditions. For each paper, we
manually extracted the ground truth entities and recorded
them in a structured JSON format with the keys: ‘perovskite’,
‘solvent’, and ‘others.” The ‘others’ category is also a text
variable containing all synthesis-relevant descriptors such as
antisolvents, deposition methods (e.g., spin-coating), annealing
conditions, temperature ranges, and procedural steps that may
not conform to a fixed schema but are critical for capturing the
synthesis context. We used the ChatGPT Plus interface (GPT-
40) to generate structured outputs from a held-out set of 50
scientific articles, and each response was manually verified
against expert-curated ground truth to evaluate accuracy,
consistency, and contextual fidelity. For Method I, the
comparison is straightforward because the output follows a
fixed schema guaranteed by deterministic parsing rules from
the BERT + NER pipeline, ensuring consistent entity
boundaries and types.

For Method II, the comparison is not straightforward due to
the unstructured and variable nature of the generative outputs.
A self-check by GPT is integrated into our prompting +
verification method as explained in the previous section. This
prompting + verification is executed iteratively and repeated
multiple times per paper to capture variability and enhance
robustness. To assess correctness, we integrate this output with
a knowledge graph constructed for each paper based on its
manually extracted ground truth entities, which serves as a
structured reference for verifying perovskite names and
solvents.

Knowledge Graph Construction. For each paper, we
curated a small-scale knowledge graph (KG) that captured

https://doi.org/10.1021/acs.jcim.5c00612
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chemically significant entities relevant to perovskite synthesis,
such as

1. Perovskites: (e.g, MAPbIL;, FAPbBr,)
2. Solvents: (e.g, DMF, DMSO, GBL)

These graphs were constructed manually using a combina-
tion of full-text reading and entity normalization via domain-
specific naming conventions to ensure consistency and
grounding in structure and context-based factual accuracy.
The benchmark data set is constructed as a paper-specific
knowledge graph for each article, enabling fine-grained and
localized comparison. This design allows us to assess whether
the extraction method accurately captures contextual usage, for
example, distinguishing solvents merely mentioned in the text
from those used in perovskite synthesis. An example of a
paper-specific KG is given in the Supporting Information.

For each of the 50 papers, we applied our GPT-based
extraction pipeline (Method II) and generated 10 independent
outputs per paper to capture variability in generative behavior.
Let each paper P have the ground truth entity set

E = Exg U Eoyer

Where Ey; are structured essential information, such as
perovskites and solvents (e.g., perovskites and solvents) and
Eoer are structured contextual information (e.g., procedures,
temperatures, deposition steps). The ground truth for a paper
P is structured as

EKG,P: {KKG,P,I! KKG,P,ZI -}

Eother,P : Kother,P

Where each Kyg, p1, Kig, pp - corresponds to the perovskite,
or solvent present in the paper P. K4, p includes free-form
synthesis descriptors such as processing steps, antisolvents, or
temperatures. We do not expect a structured format for this
part in the LLM output. Let the prompt output be E which can
be unstructured and unpartitioned. Within the 10 sampled
outputs generated per paper, we apply a structure-matching
filter to identify those outputs that adhere to the expected
schema, specifically by checking for the presence of the keys
defined in Egg(e.g, perovskite and solvent). Only outputs that
include this structured representation are retained for KG-
based scoring, while the rest are discarded. This approach
ensures that the evaluation is performed on syntactically
consistent outputs and mirrors the strategy used in the actual
corpus, where no ground truth is available, by enforcing the
structure as a proxy for format correctness. At the same time,
this filtering step provides insight into the model’s compliance
with the JSON formatting instructions, specifically, how often
the LLM adheres to the expected structure, despite the prompt
explicitly requesting it. This serves as an indirect measure of
the model’s reliability in producing syntactically usable outputs
under controlled prompting.

Entity Normalization. Once the JSON structure is detected
in an LLM output, we apply entity normalization to
perovskites and solvents to ensure consistency and compara-
bility across model outputs and ground truth. For perovskites,
we restrict our analysis to compounds with the general formula
ABX3, where A and B are cations and X is an anion (typically
O, Cl, Br, or I). We first extract perovskite candidates from the
GPT output using a prompt that identifies and returns
chemical formulas matching the ABX; pattern. We then apply
a rule-based filter that hard-codes a structural check, ensuring
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that only compounds with exactly three elements and the
ABX3 stoichiometry are retained. We have used the Materials
Project database to verify the structure and composition of
extracted perovskites, ensuring that each candidate matches a
known compound entry.

For solvents, normalization is performed using PubChemPy,
which queries the PubChem database via the PUG REST API
to retrieve standardized chemical identifiers. PubChemPy
returns a list of synonyms for each compound, and we verify
whether the extracted name appears within this list to confirm
the match and ensure robust normalization. This process
resolves synonyms, abbreviations (e.g, “DMF” vs “dimethyl-
formamide”), and minor variations in naming, ensuring that
each solvent is matched to its canonical representation in the
PubChem repository. This normalization step is essential for
reliable entity comparison, deduplication, and scoring. The
normalization methods for the generative outputs of Method II
were implemented as hard-coded rules, but were iteratively
adapted based on patterns observed in the model’s output
during evaluation. These rules account for inconsistencies in
entity formatting, such as variations in casing, spacing, and
chemical notation, and were specifically crafted to align with
how the model tended to represent perovskites and solvents.
While not learned, the normalization logic was guided by
empirical analysis of the generative behavior.

The response is partitioned into two segments for scoring:
the entries corresponding to the expected keys in Ey; which
are evaluated using knowledge graph matching, and the
remainder of the output, which is treated as Ey,, and assessed
using semantic similarity. The keys of the structured essential
information, such as perovskites and solvents, are then verified
using knowledge graph matching. To evaluate model perform-
ance against the structured ground truth, we compute KG-
based precision and recall scores. Precision reflects the
proportion of predicted entities that are correct, serving as
an inverse measure of hallucination. Recall measures the
proportion of ground-truth entities that are successfully
recovered, serving as an inverse measure of omission. These
metrics allow for intuitive, interpretable evaluation of
structured entity extraction aligned with standard information
retrieval principles.

Precision (KG-Based Hallucination Indicator). We define
the KG-based Hallucination score for the Structured Essential
entities Score Pyg. This reflects how many of the predicted
entities were correct

Ky, p N K p!
B =

Exe IKie,p!

Recall (KG-Based Omission Indicator). We define the KG-
based Omission score for the Structured Essential entities
Score Ryg. This reflects how many of the ground-truth entities
were recovered.

IKig,p N Kig,p!
Ry =

KG |KKG,P|

For the contextual synthesis section (“others”), which is not
required for downstream tasks but relevant for assessing overall
model fidelity, we compute a semantic similarity score between
the model’s output and the ground-truth description.
Specifically, we embed both the extracted and reference texts
using the GPT-3.5 encoder using the OpenAl library, and
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compute the cosine similarity between the two embedding
vectors. This score captures high-level semantic alignment even
when surface forms differ, and serves as a soft metric to
evaluate how well the model reproduces relevant synthesis
context in a free-form generation setting. We define the
semantic similarity score as

SOther = COS(GPT(EOther’ I<Other)’ GPT(EOthzr’ KOther))

Here, GPT(:,) refers to the joint text embedding of the value—
key pair using the GPT-3.5 embedding model accessed via the
OpenAl library. A threshold of Sy, > 0.5 is used to indicate
semantic alignment between the model output and the ground
truth; values below this threshold are flagged as divergent or

low-fidelity reproductions.

3. RESULTS

Our manual evaluation across 50 papers and 10 GPT outputs
per paper (500 total generations) reveals several key trends in
the performance of Method II (LLM-based extraction),
Method 1 (BERT + NER), and their intersection. We
computed the mean and standard deviation of precision and
recall for each paper across 10 LLM generations, separately for
perovskite and solvent entities. The resulting distributions are
visualized as histograms and included in the Supporting
Information (See SI Figures 1-4) to illustrate trends in model
performance, stability, and entity-specific variation.

First, GPT-based outputs demonstrated complete structural
consistency: 100% of responses adhered to the expected JSON
format, with no mislabeling of keys. Across all generations, the
LLM correctly distinguished entity types, e.g., never labeling a
solvent as a perovskite or vice versa, indicating a strong internal
understanding of categorical boundaries of the LLM. However,
while the structure was stable, the content of extracted entities
varied modestly, with different subsets of solvents or
perovskites included in each run. This led to run-to-run
variation in precision and recall. (See SI Figure 1 for perovskite
precision and recall variation, showing tight structural
agreement but measurable score dispersion) Second, Method
I showed higher precision but lower recall than Method II (See
SI S). This is expected for deterministic models like BERT +
NER, which tend to extract entities only when they match
known patterns or training examples. As a result, Method I
introduces lesser hallucinations, and subsequently higher
precision. However, Method I often misses contextually
relevant entities, especially when those entities are not a part
of the training data. SI Figure § illustrates this gap, where
perovskite extractions under Method I show higher precision
(lesser hallucination) but a lower recall (higher omission) as
compared to Method II.

Third, Method II exhibited higher recall but lower precision.
Its hierarchical prompting allows broader context comprehen-
sion, enabling it to identify more valid entities. However, this
comes with a slight increase in hallucinations. Notably, most
hallucinated solvents were chemically plausible and commonly
associated with perovskite synthesis (e.g, DMF, DMSO,
GBL), suggesting the influence of the model’s training priors
rather than random error. In SI Figure 3, the solvent-related
precision and recall histograms show greater dispersion than
those of perovskites, with a lower mean and wider standard
deviation, highlighting the inherent difficulty of solvent
identification. Fourth, both methods performed better on
perovskites than on solvents. Precision and recall scores were
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consistently higher for perovskite entities, likely due to their
more formulaic and structured representation (e.g., CsPbl;),
which lends itself to both pattern-based and generative
extraction. Solvents, by contrast, are linguistically diverse and
context-sensitive, making them harder to extract reliably,
particularly when mentioned in tables or nonsynthesis
contexts. As shown in SI Figure 4, the solvent recall
distribution is broader and more symmetric, indicating that
solvent extraction is both less reliable and more sensitive to
document structure. Fifth, recall scores were inversely
correlated with the number of ground truth entities in a
paper. When more entities are present, both methods,
particularly Method I, struggle to maintain complete coverage.
This effect is magnified in documents that embed key synthesis
information in tables, which generative models process less
reliably. These trends reinforce the importance of integrating
layout-aware tools like Tabula into future iterations of the
pipeline to extract information that escapes both LLM
comprehension and sequence labeling models.

The two methods of hierarchical data extraction and
curation have estimated different numbers of solvents used
for perovskite synthesis. In the Supporting Information, we
have shown how the outputs are generated using both methods
for ref 57. A detailed working example comparing the outputs
of BERT/ELMo (Method I) and GPT 3.5 (Method II)
illustrates their contrasting strengths and weaknesses. In this
example, Method I identified four perovskites
(FA0.7Cs0.3PbBr3, FA0.8Cs0.2PbBr3, Cs4PbBr6, and
CsPbBr3) and no solvents. At the same time, Method II
generalized the perovskites as belonging to the class FA(1—
x)CsxPbBr3 and identified Toluene as the primary solvent.
However, the general formula was not specifically requested,
and it would have been more valuable if the exact perovskites
were identified by the LLM instead. BERT-based CDQA
provides unrefined, noisy text directly from the PDF file,
extracting entire paragraphs verbatim. While this ensures no
information is lost, the extracted content is often dense,
fragmented, and not readily machine-readable. In contrast,
GPT 3.5 refines the extracted information, synthesizing it into
structured and concise outputs. For example, instead of
delivering lengthy paragraphs, Method II generates a list of
relevant entities (e.g., Toluene as the solvent) and connects
them to broader processes (e.g, its use in synthesizing FA(1—
x)CsxPbBr3 perovskites). Method Is reliance on paragraph-
level segmentation results in fragmented data extraction, often
limiting its scope to predefined entity types like perovskites
and failing to capture solvents, which may not be explicitly
tagged in the training data set. For instance, the solvent
Toluene, which appears sparsely, was overlooked by Method I
but captured by Method IIs capability to study a larger context
window. Interestingly, neither method correctly identified the
exact perovskite-solvent pair, suggesting that both approaches
have limitations that need further investigation. This highlights
the need for an ensemble method to leverage the strengths of
each model while addressing their weaknesses.

We have attached a spreadsheet, ‘solvents_list output.xlsx’,
containing a table of all solvents identified by the two methods.
We have identified 35 different solvents using Method I and 54
solvents using Method II that are used during perovskite
synthesis. A key distinction between the two methods lies in
the flexibility of the prompting technique employed in Method
II, which can be further refined and segmented into multiple
iterative steps to enhance data extraction. In contrast, Method
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Hybrid Perovskite Light-Emitting Diodes Based on
Perovskite Nanocrystals with Organic—Inorganic

L 3 q H specifically FA(1-x)CsxPbBr3, are synthesized by preparing a precursor
Mixed Cations Prompting with solution containing FAB (formamidinium bromide), PbBr2 (lead bromide),
o I ) v ) and varying amounts of CsBr (cesium bromide) for Cs cation doping. This
Xiaoli Zhang,* He Liu, Weigao Wang, Jinbao Zhang, Bing Xu, Ke Lin Karen, openAI GPT3.5 precursor solution is then added dropwise into a solution to form

Yuanjin Zheng, Sheng Liu, Shuming Chen,* Kai Wang, and Xiao Wei Sun*

The perovskite is fabricated with the gen-
eral chemical stoichiometry ABX;, which
is typically comprised of a cation A (such
as methylammonium (MA), formami-
dinium (FA), or cacsium (Cs)), a metal
cation B (Pb¥, Sn¥, Bi*, Ge?") and
a halide anion X (CI, Br-, 1> The
wide feasibility of the combination of dif-
ferent cations and halide anions in the
perovskite materials has promoted large
possibilities in compositional engineering
for different applications. For example,
the most studied organic-inorganic
hybrid halide ~perovskite CH;NH;PbI;,
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Perovskite materials, such as Cs-doped perovskite nanocrystals (NCs),

perovskite NCs with a cubic shape and an average size of 9-10 nm. The Cs
doping influences the lattice structure, leading to a shrinkage in lattice
spacing due to the smaller Cs cation compared to the FA cation, following
Vegard's law. The Cs doping also affects the optical properties of the
perovskite, resulting in a tunable bandgap and emission wavelength. i
Perovskite l ypically using a solution-based method,
such as the one-step or two-step solution process. In the one-step method, a
mixture of PbX2 (lead halide) and CH3NH3X (methylammonium halide) is
spin-coated onto a substrate and annealed. In the two-step method, a
precursor solution of lead halide is first spin-coated and annealed, followed
by a solution of methylammonium halide to form the perovskite phase with
the general formula ABX3, where A is the organic cation (e.g., CH3NH3+), B is
the metal cation (e.g., Pb2+), and X is the halide anion (e.g., I-, Br-, CI-). The
precise stoichiometry and composition of the perovskite can be controlled by
adjusting the molar ratios of the precursors in the solution, ensuring the
desired crystalline structure for optoelectronic applications.

\ 4

Chemistries Identified by the LLM

Filler texts provided by the LLM

—— o

Figure 8. Data Extraction using Method II demonstrates the ability of our method to fuse information from different sections of a research paper to
extract detailed chemical information related to perovskite synthesis. The highlighted sections show various mentions of solvents, cations, and
synthesis methods scattered throughout the document. The Method II method successfully integrates these disparate pieces of information. Results

from Methods I and II are reported in the Supporting Information.

Table 2. Frequently Used Organic Solvents in Perovskite Synthesis Are Categorized into Two Subclasses (Agonist and

Binding) of Active/inactive Endocrine Disruptors (EDs)“

ED subclasses

index solvents SMILES agonist binding reference
1 dimethylformamide (DMF) CN(C)C =0 active active ref 68,69
2 dimethysulfoxide (DMSO) CS(=0)C inactive inactive
3 toluene CCl=CC==CC=C1 active active ref 70,71
4 oleic acid (OA) CCCCCCCCC = CCCCCCCCC(=0)0 inactive inactive
S oleylamine (OLA) CCCCCCCCC = CCCCCCCCCN inactive inactive
6 octadecene (ODE) CCCCcCcCcceeececece = inactive inactive
7 acetone CC(=0)C inactive inactive ref 72,73
8 chloroform c(cn(cncti inactive inactive
9 chlorobenzene (CB) Cl=CC=C(C=C1)Cl active inactive ref 74
10 isopropanol (IPA) Cc(c)o inactive inactive
11 ethanol CCO inactive inactive
12 benzyl alcohol Cl=CC =C(C=Cl1)CO inactive inactive
13 acetonitrile CC#N inactive inactive
14 n-hexane CCCCcCC inactive inactive ref 75,76
15 cyclohexane Cl1CCCCC1 inactive inactive
16 diethyl ether CCocCcC active active
17 y-butyrolactone (GBL) C1CC(=0)0C1 inactive inactive
18 methyl acetate CC(=0)0C active active
19 ethyl acetate CCOC(=0)C inactive inactive
20 ethylene glycol Cc(Cco)o inactive inactive
21 n-octane CCCcCcccCcC active active ref 77
22 pyridine Cl=CC=NC=C1 inactive inactive
23 diethylene glycol (DEG) Cc(cocco)o inactive inactive
24 tetrahydrofuran C1CCOC1 inactive inactive
25 trioctylphosphine (TOP) CCCCCCCCP(CCCCeeee)ceeeeccee active active

“These two subclasses denote a molecule’s ability to interact with the estrogen receptor (ER).** For a chemical, the state of being active or inactive
in one of the subclasses is independent of its nature in the other subclass. However, if the chemical is “Active” in any of the subclasses, then it’s
potentially an EDC. This classification is done with the help of a deep-learning model that takes SMILES as the inputs and gives a multi-output
binary classification. The studies that back up our data for this classification are mentioned in the last column.

I is constrained by its reliance on specific NLP tasks, such as
Closed Domain Question Answering (CDQA) and Named
Entity Recognition (NER). Consequently, its performance is
inherently limited by these tools’ predefined architectures and
capabilities, restricting its ability to adapt to more nuanced or
complex data extraction scenarios. A larger number of solvents
identified by Method II is a probable outcome because the
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NER model used in Method I has limitations due to its
dependency on the training data set. On the contrary, LLMs
leverage contextual understanding and the brief descriptions
provided with the prompts to better identify solvents.
Additionally, the LLM can fuse information from different
sections of a paper, while Method I relies on paragraph-level
segmentation and extraction, which may miss solvents

https://doi.org/10.1021/acs.jcim.5c00612
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mentioned across different sections or in less explicit contexts.
Figure 8 demonstrates an example of how our proposed
method can fuse data from different parts of a paper, as given
in ref 57. Information on chemistries related to perovskite
synthesis, such as such as solvents, cations, and synthesis
methods, is scattered throughout various sections of the paper.
The paragraph on the right represents comprehensive
information about perovskite synthesis, which can be used to
identify relevant chemicals and processes. The solvent Toluene
appears just once in the paper but has been identified by the
prompting method, demonstrating its efficiency in fusing
sparse information.

While Method II identified more solvents overall, there are
notable solvents that were exclusively identified by Method I
but missed by Method II, including 1-butanol, Dimethyl ether,
Sodium hypochlorite, Benzene, Trioctylphosphine oxide, and
Dichloromethane. The solvents in our list that were not
identified by Method I are — Dichlorobenzene, 2-Methox-
yethanol, Ethylenediamine, Ethanethiol, and 1-Methyl-2-
pyrrolildinone (commonly known as the NMP solvent). A
total of 25 solvents that both methods have unanimously
identified are listed in Table 2. These are the solvents with
maximum confidence as they are extracted by both the
deterministic and the generative approaches. We have used a
Chord Diagram that represents the conditional probability
distribution of solvents given perovskites in Figure 9. This
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Figure 9. Chord diagram illustrating the associations between the top
10 most frequently reported perovskites and top 10 solvents used in
their synthesis. The width of each chord represents the frequency of
co-occurrence in the literature, with perovskites (source nodes) linked
to solvents (target nodes). This visualization highlights dominant
perovskite-solvent pairs, such as (MAPbI;-DMF), (MAPbBr;-DMF),
and (MAPbI;-DMSO).

conditional distribution quantifies the preferred solvent choices
for synthesizing specific perovskites to devise solvent
substitution strategies. The direction of the plot follows the
arc from perovskites (sources) to solvents (targets), where the
thickness of the chords is proportional to the frequency of their
co-occurrence in synthesis literature. The top three strongest
perovskite-solvent pairs identified are (MAPbI;-DMF),
(MAPbBr;-DMF), and (MAPbI;-DMSO), highlighting their
dominant role in perovskite synthesis.

Figure 10 illustrates the marginal distribution of the most
commonly occurring solvents among the 25 unanimously
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identified solvents, focusing on those cumulatively accounting
for at least 85% of the total occurrence. DMF dominates the
distribution with a share of 23.4%, followed by Toluene
(14.5%) and DMSO (11.8%). DMF is commonly used for the
dissolution of lead and Methylammonium (MA) salts,”**” and
hence, it is no surprise that it appears at the top of the list.

Having established a comprehensive analysis of the solvents
identified by the two methods and their associations with
perovskite synthesis, we now focus on the marginal distribution
of the perovskites that appear in conjunction with the 25
identified solvents. Understanding the prevalence of specific
perovskite types and their mutual associations with solvents
provides critical insights into the broader synthesis trends and
highlights the dominant perovskite-solvent pairs driving
research and development in the field. We identified all the
organic perovskites mentioned in the synthesis paragraphs that
we extracted. We were able to acquire more than 350 uniquely
mentioned organic perovskites, most of which are MA-based
(>40%), while Formamidinium (FA) and Butylammonium
(BA) based perovskites constitute around 10% each. A list of
the most occurring 73 perovskites, along with the associated 25
solvents, is given in a spreadsheet titled ‘top_solvent_per-
ovskite.xlsx’ in the Supporting Information. As solvents are
required for different activities during perovskite synthesis,*”®'
we looked up their mutual distribution in the analyzed papers
(see Figure 11). Our study reveals that most solvents are
reported in conjunction with MA lead halide perovskites. This
is unsurprising given that the MA-based perovskites have been
attractive due to higher efficiency and better stability.”>** We
further looked into the distribution of these organic perovskites
based on their frequency of mutual occurrences with the
solvents and plotted the chart shown in Figure 11. This chart
shows that out of all the associations between organic
perovskites and solvents, more than 3/4th involve MA lead
halide perovskites. This reflects the scale of the study
conducted on these perovskites so far. FA and BA-based
perovskites seem to offer alternative choices, but their number
is dwarfed by the MA-based ones. The perovskite (MA)PbI3
accounts for 42.7% of the distribution, making it the most
frequently occurring perovskite in the data set. The second
most common perovskite, (MA)PbBr3, accounts for 22.0% of
the distribution.

4. CASE STUDY: UNCERTAINTY-INFORMED
ENDOCRINE DISRUPTION NATURE OF SOLVENTS

Understanding the endocrine-disrupting (ED) nature of
industrial solvents is a critical area of research, given the
potential health implications associated with exposure to these
chemicals. The EPA’s Endocrine Disruptor Screening Program
(EDSP) is a critical initiative aimed at assessing the potential
endocrine activity of various chemicals, that includes the use of
ML models to predict estrogen receptor (ER) activity
efficiently.”* However, such predictions alone are not
sufficient. Including epistemic uncertainty arising from
limitations in the training data sets of these machine learning
models is critical. It allows the identification of areas where
predictions are less reliable, ensuring that resources can focus
on resolving ambiguities and refining data. In this section, we
assess if a given solvent associated with perovskite synthesis is
an endocrine-disrupting chemical using a pretrained classi-
fication model developed in our earlier work.”®

We have used a multioutput binary classification model®®
designed to predict whether a chemical, such as a solvent, has

https://doi.org/10.1021/acs.jcim.5c00612
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Distribution of Most Commonly Occurring Solvents

Top 10 solvents,
identified with the
highest confidence in
data extraction
(common to both
Method I and Method
II), accounting for 85%
of their usage in
perovskite synthesis.

Solvents
DMF

Toluene
DMSO

Oleic acid
Isopropanol
y-Butyrolactone
Ethanol
Oleylamine
Chlorobenzene
Acetone
Others
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Figure 10. Distribution of the most commonly occurring solvents in perovskite synthesis, with DMF accounting for the largest share (23.4%),
followed by Toluene (14.5%) and DMSO (11.8%). The chart highlights the dominant role of these solvents in synthesis practices based on high-

confidence data extracted from both methods.

Distribution of Most Commonly Occurring Perovskites

MA-Pb-X-based
perovskites account
for 74.5% of the
associations with the
25 solvents identified
by both methods

Perovskites
(MA)PbI3
(MA)PbBr3
((MA)PbX3
(CH3NH3PbI(3-x)Clx
((MA)PBCI3

Others

Figure 11. Pie chart shows distribution of organic perovskites based on solvent-perovskite mutual occurrences. About 75% of solvent-perovskite
association was found in the literature with methylammonium (MA) lead halide perovskites.

CLASS PREDICTION
- ACTIVEp < 0.5
lf INACTIVE p > 0.5
INPUT SOLVENT ENDOCRINE DISRUPTING CLASSIFICATION WITH
(SMILES) > Ny > CLASS PROBABILITY p > UNCERTAINTY
.
SHANNON ENTROPY
H = —plogp

Figure 12. Workflow for assessing the prediction uncertainty of endocrine-disrupting chemicals. The process begins with the input of solvent data
in the form of SMILES codes, which are processed by a deep neural network model to generate the class probability. p of a solvent being endocrine-
disrupting. This probability is then used for class prediction (active/inactive) and for calculating Shannon entropy. H = — plogp To assess the
uncertainty of the classification. The final output is the classification with an associated uncertainty measure.

endocrine-disrupting (ED) potential by analyzing its molecular
structure. It utilizes the Simplified Molecular Input Line Entry
System (SMILES) representation to encode chemical
structures into machine-readable strings. The SMILES strings
are first numerically encoded using a bag-of-words approach,
where each character in the SMILES vocabulary is assigned a
unique integer. Then, the encoded sequences are padded with
zeros at the beginning to achieve a fixed length of 130
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characters. The encoded and padded SMILES string serves as
the input to the classification model. The deep neural network
classification model is a stack of ten convolutions and two
LSTM layers, followed by two dense layers. The convolution
layers progressively extract the spatially correlated local
features from the SMILES, while the LSTM layers are used
for sequential data processing. The final dense layer has two
diverging sigmoid layers that output the probabilities indicating
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whether the chemical is active or inactive regarding endocrine
receptor interaction: ‘Agonist’ and ‘Binding.” The multioutput
binary classification model was trained on 3,236 chemicals
from the Tox21 data set and 4,492 chemicals from the
CERAPP data set, achieving testing accuracies of 90.7% for
agonist activity and 89.6% for binding activity on a combined
evaluation data set. Our proposed UQ specifically evaluates the
epistemic uncertainty of the model’s predictions concerning
this training and evaluation data. Details of model architecture
and accuracies are reported in the Supporting Information.

Figure 12 demonstrates the use of Shannon entropy to
estimate epistemic uncertainty in the classification of solvents
for endocrine-disrupting (ED) potential. After processing the
input solvent’s SMILES representation through the model, the
output is a class probability p, where p < 0.5 indicates active
and p > 0.5 indicates inactive. The prediction probability
density function (or mass function for discrete output)
conditioned on the model structure is given as

p=p0) = p(lx, D) (1)

The class probability using the last sigmoid layer of the deep
learning model given in Figure 12 can be written as

y=0(F(x) i=12 )
_ 1
K 1+ ¢ PER)

Where F(x) represents the input to the sigmoid function from
the preceding layers of the neural network. This function maps
the input features of a solvent to a probability p; indicating the
likelihood of the solvent being an EDC. Also, i = 1,2
determines the class of EDC (Agonist or Binding), and o is the
sigmoid function. Given an organic molecule x, j=1to N
belonging to the list of solvents given in Table 2, the prediction
probabilities p;; are given by the function p; = Gi(F(xj)), pi €
[0,1]. The relationship between uncertainty and output
probability is not linear. The classification model can have
low activation values in all the remaining neurons, but still can
have high sigmoid values. Thus, using only the sigmoid output
as a measure of model uncertainty can be misleading. Shannon
entropy removes this drawback by weighing the prediction
probability p; with the logarithm of the reciprocal of p; and
thereby used to measure the information content of each
prediction. The basic intuition behind such a formulation is
that the unlikely event will be more informative, while the
likely events have little information, and the extreme case
events should have no information. The self-information or
Shannon information function is the information content
associated with a single prediction and is defined as

I(p) = —logp (3)

The Shannon entropy for the j* solvent for the i class is
measured as

H; = —pt_jlogpt_j -1 - pl_j)log(l - pl_j) ()

This calculation effectively captures the uncertainty of the
prediction by considering both the probability of the event
occurring and not occurring. This measure reaches its
maximum when p = 0.5, indicating maximum uncertainty,
and is minimal (zero) when p is 0 or 1. The maximum entropy
or the total uncertainty for the whole list of solvents for j"class
(Agonist or Binding) is S; = Y H;. The uncertainty associated
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with each i solvent for the /" class of EDC is estimated as the
ratio of the prediction entropy H;; and the maximum entropy
S, providing a normalized measure of the uncertainty across all
solvents in a class.

Shannon entropy, using the class probabilities provided by
the sigmoid layers, provides a postprediction uncertainty
analysis°>®” that assesses the precision of the data-driven
model by quantifying the uncertainty associated with the
predictions. It is important to note that this epistemic
uncertainty reflects the confidence of the trained model in its
predictions and arises from the inherent complexity or
limitations of the model’s learned representations. The ML
model® trained on the list of EDCs from the ToxCast and
Tox21 needs to be representative of organic molecules in
general to obtain an interpretable prediction to accurately
classify a solvent as either active or inactive for each class. This
does not involve any uncertainty related to the data extracted
from automated data curation using either Method I or
Method II. Instead, it is an intrinsic measure of the
probabilistic output of the model, quantifying ambiguity in
decision-making based solely on the learned patterns from the
training data.

In our analysis, we have categorized the organic solvents in
perovskite synthesis, obtained from both methods of
automated data extraction, into two subclasses of endocrine
disruptors (EDs)—’Agonist’ and ‘Binding'—as shown in Table
2. We have used the deep learning model to make our
predictions. The studies that substantiate our data are cited in
the table’s last column, reinforcing the reliability of our
classifications. For example, DMF is listed as a potential
endocrine disruptor in a study of chemicals used in natural gas
extraction.’® In a study conducted on workers exposed to
DMF in the synthetic leather industry, it has been found to
have adverse effects on sperm function.”” A European analysis
of birth weight and length of gestation due to occupational
exposure to endocrine-disrupting chemicals has listed Toluene
as an endocrine-disrupting solvent.”” Such a nature of Toluene
has also been established in research that studied low-dose
effects and nonmonotonic dose responses of hormones and
endocrine-disrupting chemicals.”' Alterations in enzyme
activities were reported in rat liver due to n-Octane
administration.”” While these studies reinforce our classifica-
tions, there are also some conflicting reports. Our classification
of Acetone as an inactive endocrine-disrupting solvent is
confirmed in the EPA’s report,”” but we also came across an
article that says the opposite.”” Similarly, n-Hexane was
reported as a potential EDC in one study’> but was ruled
out in the other.”® Simply put, for some solvents in our study,
there is data to back up their screening as EDC, while for
some, there is vague information in the literature, and for the
rest, the information is hard to find. However, using a deep
learning model that has 90% accuracy, we have given a tool to
the scientific community to screen out the potential EDCs
when we do not have relevant data on the chemicals. That
means our work puts a red flag on these chemicals, so that
careful consideration is given before using them. In other
words, our work can act as a guide in safer solvent selection for
perovskite synthesis. For example, almost all solvents have
been used in the synthesis of MA lead halide perovskites, but
by using this work, one can easily opt for a solvent that is not
an active EDC. Both DMF and DMSO are polar solvents and
are excellent at dissolving perovskite precursors. However,
DMF is an EDC chemical, while DMSO is not. Hence, one can

https://doi.org/10.1021/acs.jcim.5c00612
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Figure 13. Uncertainties associated with predicting the solvents into agonist and binding classes calculated using Shannon Entropy. A lower value
of uncertainty indicates higher confidence in the corresponding prediction. Higher entropy values indicate greater uncertainty in the classification,
emphasizing the need for careful consideration and further validation of these results. The green and blue lines, representing ‘Agonist’ and ‘Binding’

classes, respectively, have overlapped, indicating similar levels

immediately choose to substitute DMF for DMSO in the
synthesis of MA lead halide perovskites. Solvents such as
Toluene, Isopropanol, and Chlorobenzene are antisolvents and
are used to wash/rinse the solvents to get precursor
precipitates.”® However, Toluene and Chlorobenzene are
active EDCs and, hence, are advised to be replaced by
Isopropanol or some other antisolvents with matching
properties.

Figure 13 shows the uncertainty computed using the
Shannon entropy formula for the ten most frequently
appearing solvents used in the synthesis of common perov-
skites. The figure shows nonoverlapping lines for normalized
Shannon entropy values of ‘Agonist’ (green) and ‘Binding’
(blue) classes, indicating different uncertainty levels in the
classification of the solvents across the two classes. From the
figure, Chlorobenzene and Isopropanol exhibit higher entropy
values, suggesting a lower degree of confidence in their
classification, while DMF, DMSO, Oleic acid, Oleylamine, and
Acetone
classification model, as explained before, which uses SMILES
notation as input, processes these representations through
convolutional layers followed by LSTM layers and fully
connected layers. As mentioned earlier, the convolution layers

indicate a more confident classification. Our

extract spatially correlated local features or critical sub-
structures within the molecule, and the LSTM layer maps
the sequential dependencies or the order and arrangement of
atoms and substructures identified by the convolution layers.
Thus, high uncertainty for certain solvents, such as
Chlorobenzene and Isopropanol, may indicate that the
chemical substructures within the molecule and their arrange-
ments are difficult for our classification model to identify. The
specific structure and/or the substructure may not be well
represented in the training data set.
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5. CONCLUSIONS

This study presents an ensemble approach for addressing the
challenges of sparse and unstructured data in scientific
literature, specifically within the niche domain of perovskite
synthesis, by juxtaposing deterministic outputs from smaller
contextual language models (e.g, BERT, ELMo) with the
broader contextual capabilities of large language models (e.g.,
GPT-3.5). This ensemble methodology addresses the strengths
of combining multiple models to overcome the lack of
benchmarking and mitigate challenges such as hallucination
and overgeneralization in data extraction. Our work compares
two methods for hierarchical data extraction, identifying 35
solvents using Method I and 54 solvents using Method II, with
25 solvents unanimously identified by both. Among these,
DMEF, Toluene, and DMSO dominate, collectively accounting
for over 50% of occurrences. Further analysis of organic
perovskites reveals that over 40% are MA-based, with FA and
BA-based perovskites each contributing around 10%. Most
solvent-perovskite associations involve MA lead halide perov-
skites, reflecting their popularity due to efficiency and stability.
The most frequent perovskites are (MA)PbI3 (42.7%) and
(MA)PbBr3 (22.0%). This information is crucial as it
highlights the specific solvent-perovskite combinations that
optimize device performance and manufacturing efficiency in
perovskite-based solar cells.

While our evaluation originally treated Method I and
Method II as independent pipelines, our findings support a
shift toward a conjunctive strategy. Rather than using both
methods in parallel, a guided pipeline—where high-confidence
extractions from Method I are used to inform and constrain
GPT-based generation—could yield more robust and con-
textually accurate results. Although the current intersection
approach reduces hallucination significantly, it suffers from
compounded omission, as the conservative outputs of Method
I bleed into the final set.
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Furthermore, this work demonstrates how structured data
sets extracted via language models can feed into predictive
models, enabling actionable insights for safer and more
sustainable solvent choices. We apply the curated data set in
a case study that explores the endocrine-disrupting potential of
solvents using a deep learning-based uncertainty quantification
(UQ) framework. Notably, the UQ is applied to the
predictions generated by the deep learning classification
model, not the LLM-derived results. The UQ framework
specifically addresses epistemic uncertainty or uncertainty
arising from limited or incomplete training data by quantifying
the variability in class probabilities for each prediction using
Shannon entropy. Results show high confidence in prediction
for solvents like DMF and DMSO, and lower confidence for
Toluene and Diethyl ether, requiring further investigation and
consideration for expansion of training data. By leveraging
Shannon entropy to assess prediction confidence, the approach
highlights areas of low confidence, providing a clear measure of
the reliability of toxicity predictions and offering potential
pathways for evaluating alternative solvents in future
toxicological studies.

This study also recognizes the broader ethical and
technological implications of applying generative Al in
scientific discovery. While LLMs offer powerful capabilities
for data extraction, they can also introduce hidden risks in
safety-critical domains such as toxicology and materials
synthesis. Therefore, we have verified a sample of our output
through manual data extraction and evaluation for the
integration of structured verification pipelines, such as
knowledge graph grounding and hallucination detection, as
essential safeguards to enhance trust, transparency, and
accountability in automated systems. This verification method
includes a set of urgent measures: (1) the development of
benchmark data sets with ground-truth annotations for
materials synthesis; (2) the coupling of LLMs with domain-
specific knowledge-graphs and structured postprocessing; and
(3) the establishment of uncertainty-aware decision protocols
that contextualize model confidence when applied to real-
world screening scenarios. These steps are critical for enabling
responsible, trustworthy, and scientifically valid deployment of
LLM-based systems in materials research.
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Data Availability Statement

The software codes for data extraction using language models
and the associated configuration file have been attached in a
zip file in the Supporting Information. The results used to plot
different figures of this article have been attached in the form
of spreadsheets in the Supporting Information. The Deep
Learning model for predicting the EDC nature of solvents is
available at https://github.com/MatInfoUB/VisualTox. All
other data are available upon reasonable request from the
authors. The software packages used in this study include
Transfomers, OpenAl, TensorFlow, ChemDataExtractor,
Scikit-learn and RDKkit.
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II of data extraction. (iv) Deep Learning model
architecture for endocrine disruptor prediction and (v)
Chord diagram visualization insights for solvent usage
trends (PDF)

Spreadsheet containing the paragraphs extracted from
scientific literature using BERT and CDQA, along with
the Named Entity Recognition (NER) results from
ELMo. (i) Sheet 1 (CDQA): Extracted paragraphs
relevant to perovskite synthesis, responses from BERT,
and confidence scores. (ii) Sheet 2 (NER): Parsed text
with word-level classifications, including solvents,
precursors, perovskites, and other relevant entities
(XLSX)

Results of responses generated by GPT-3.5 for 400
research papers related to perovskite. The spreadsheet
contains extracted solvent names, synthesis processes,
and precursor details using a structured multilevel
prompting approach (XLSX)

Spreadsheet containing the endocrine-disrupting chem-
ical (EDC) activity predictions for solvents identified in
perovskite synthesis. The spreadsheet includes Solvents
identified by each method, associated SMILES codes
and Shannon entropy values to quantify uncertainty in
toxicity classification. Two key columns: Agonist Activity
and Binding Activity, representing ML model predic-
tions for potential endocrine disruption (XLSX)

Most frequently occurring solvents in perovskite syn-
thesis based on literature extraction. The spreadsheet
provides a ranked list of solvents and their association
with different perovskite formulations that is used for
chord diagram visualization in the main text (XLSX)

Python codes for extracting textual data from scientific
articles using language models and an associated
configuration file. The code for Method II is capable
of using more recent models such as GPT 4.0. However,
in this work, we have used GPT 3.5 Turbo for
generating all the results (ZIP)

A manually curated data set containing paper-specific
knowledge graphs for SO additional articles with the
following fields for each entry: DOI, Title, Perovskite,
Solvent, and Synthesis Description. These entries serve
as ground truth references for evaluating extraction
accuracy and were used to construct per-paper
evaluation benchmarks (XLSX)
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