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400 Experimental Paragraphs

- Flagged by simple heuristics

1. Introduction

Chemical reaction data plays a central role in
training machine learning models for synthesis
planning, yet most synthesis information exists
as unstructured experimental text. Lowe
addressed this by extracting a large-scale
reaction dataset from USPTO patent documents,
which has become a widely used benchmark,
further extended by the Open Reaction Database
(ORD) [1]. However, Chen and Jung [2] found
that many reactions contain products
inconsistent with original patent records and
lack critical reagent information, rendering
them chemically infeasible. To filter such errors,
Wigh et al. developed ORDerly [3], a rule-based
heuristic framework, yet the root causes of
heuristic failures and the types of data noise
these rules can or cannot address remain poorly
understood.

Recent advances in LLMs offer a scalable way to
analyze unstructured chemical descriptions;
however, prior work by Zhang et al. [4] and Ai
et al. [5] does not reliably reconstruct complete
reaction SMILES due to ambiguous compound
names (e.g., “title compound”, “compound 1”)
in the source text. In this study, we fine-tune
LLMs on 75 manually curated synthesis
examples to extract full reaction SMILES from
patent text, evaluate four chemistry-guided
heuristics from ORDerly [3], and proposed a
more robust heuristic, rare-template, to miti-
gate the false negative (FN) reactions filtered
out by previous heuristics. Our LLM-based ex-
tractor achieves 92% extraction accuracy, and
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the chemistry-guided heuristics exhibit sub-
stantially different false-negative rates (FNRs)
across categories, with 71% for many-products
and 8% for rare-template reactions.

2. Methods

2.1 Flagged Reaction Data in USPTO Dataset

In this study, we focus on re-extracting reaction
SMILES from original patent paragraphs and
evaluating chemistry-guided heuristics on reac-
tions flagged by ORDerly [3]. We exclude reac-
tions without reactants or products, as none
were found in the USPTO dataset, and omit du-
plicate reactions since they typically originate
from nearly identical paragraphs. Solvents and
reagents are treated as a unified category, clas-
sifying a chemical as a reagent if any of its
heavy atoms do not contribute to the major
product. Based on these considerations, we
evaluate four heuristics: (1) many-reactants, re-
actions with more than two reactants; (2)
many-products, reactions with more than two
products; (3) many-reagents, reactions with
more than five reagents; and (4) no-reagent, re-
actions with no reagents.

2.2 Extracting Reaction Data using LLMs

We designed an LLM-based workflow to extract
reaction data from experimental paragraphs of
US patents using gpt-3.5-turbo-0125 and gpt-4-
0613, comprising four steps. First, LLMs gener-
ate a structured JSON summary of each para-
graph, categorizing chemicals into “Reactants,
Solvents, Catalysts, Product”, and reaction steps
into “Reaction” and “Work-up”. Second, each
chemical is converted to SMILES format by se-
quentially applying OPSIN [6], PubChem [7],
CIR [8], and ChemSpider [9] APIs, with all
strings canonicalized for consistency. Third,
work-up steps are removed, and the remaining
synthesis steps are merged into a single reac-
tion SMILES string with each step separated by
a “>” token, enabling identification of reagents
across multiple synthetic steps. Finally, Lo-

Fig. 1: The overall process and filtering performance
of the chemistry-guided heuristics described in this
work.

calMapper [10] is applied for atom-mapping.

2.3. Evaluating Heuristics’ Filtering Performance
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To evaluate the filtering performance of four
chemistry-guided heuristics (many-reactants,
many-products, many-reagents, and no-reagent),
we assessed whether the GPT-extracted SMILES
satisfy each heuristic. We labeled a reaction as
“false negative (FN)” when the heuristic-trig-
gering condition in the original USPTO entry
was no longer present in the GPT-extracted
SMILES, and as “true negative (TN)” when it
persisted. For instance, under the many-reac-
tants heuristic, a reaction was labeled as FN if
the original entry triggered the rule (e.g., three
reactants) but the GPT- extracted SMILES no
longer did (e.g., two reactants).

3. Results

We evaluated four heuristics by assessing
whether GPT-extracted SMILES still trigger
each filtering condition. Since FNs result in
irreversible data loss whereas FPs can be
corrected through post-processing, minimizing
FNR is the primary concern. TN cases fall into
three categories: invalid chemical names,
untraceable references, and others (Fig. 2a).
FNRs decreased in the order of many-products
(71%), many-reagents (46%), no-reagent (34%),
and many-reactants (26%) (Fig. 2b).

Notably, many TN reactions exhibit unusual
reaction patterns, motivating the introduction
of a rare-template heuristic that flags reactions
associated with extremely infrequent templates
(appearing only once among 1.9M reactions) or
with no structural change (Fig. 3a). This
heuristic achieves the lowest FNR (8%), with
most TN cases attributed to the others (Fig. 3b),
indicating that flagged reactions reflect
genuinely problematic records rather than
extraction errors.

While a small number of FN cases remain where
missing reactants are correctly recovered by the
LLM (Fig. 3d), but still exhibits uncommon
reaction pattern before and after LLM-re-
extraction (Fig. 3c). When applied to the full
USPTO dataset, it flags 4.16% of reactions
(nearly 73,000 reactions) as unrecoverable,
demonstrating a more robust and data-
preservative filtering strategy than existing
ORDerly [3] heuristics.
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TOREOTono Ta A 3R lidin-3-yl (210 mg, 0.63 mmol) in dry tetrahydrofuran (4 mL) was [Paragraph] 100 mi stainless steel autoclave was charged with 2.2 g (20 Rare-template
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Fig. 3 Examples and analysis for rare-template: (a)
Representative rare-template example showing an atyp-
ical reactant set (also triggering many-reactants). (b)
The inner pie charts show the proportions of FN and TN
reactions. TN reactions are further broken down into
three failure types: invalid-chemical-names, untraceable-
references, and others. (c) Example of TN. (d) Example
of FN.

Fig. 2 Analysis of FN reactions and examples of TN
reactions for four heuristics: (a) Examples of the TN
cases in each category. The others example is taken from
many-products. (b) The inner pie charts show the pro-
portions of FN and TN reactions for each heuristic cat-
egory: many-products, many-reagents, no-reagent, and
many-reactants. TN reactions are further broken down
into three failure types: invalid-chemical-names, un-
traceable-references, and others.
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Appendix A. Statistics of flagged reaction data identified in this work.

We filtered out 536,372 reactions by applying these four criteria, which share around 28% of the total
number from the full USPTO dataset of 1.9 million reactions. Notably, the sum of reactions classified under
all filtered types exceeds the total number of reactions because one reaction can match multiple filtering
criteria.

Filtering criterion Number of reactions Ratio in the USPTO dataset
Many reactants (>2) 52,758 2.77%

Many products (>1) 82,203 4.32%

Many reagents (>5) 236,368 12.43%

No reagent 200,594 10.55%

Total unique reactions 536,372 28.20%

Appendix B. Examples of input and output for finetuned-GPT

(a) Input example for LLMs: Example of a title and paragraph provided as input for LLMs. (b) Output
example: Illustration of the structured output and response generated by the LLM. (c) Comparative
analysis of SMILES: Comparison between original SMILES from the USPTO dataset and SMILES extracted
by the fine-tuned GPT model. The GPT-extracted SMILES preserve sequential information by separating
merged reaction steps into distinct steps, accurately reflecting the true experimental procedure. In
contrast, the original SMILES often combine multiple steps into a single representation.

a. [Title] 1-Nitro-3-[(propan-2-ylsulfonyl)methyl]benzene
[Paragraph] A solution of 1-nitro-3-[(propan-2-ylsulfanyl)methyl]benzene (4.0 g) in DCM (160 mL) was treated at 0° C. with portions of
m-chloroperbenzoic acid (9.3 g, 77%). The mixture was stirred at 0° C. for further 30 minutes and then 18 hours at room temperature. The
reaction mixture was diluted with DCM before sodium hydrogen sulfite and sodium bicarbonate solution was added and extracted with
DCM (2x). The combined organic phases were washed and concentrated. The residue was purified by chromatography (hexane/ethyl
acetate 12%-100%) to give the title compound (4.5 g).

b. "Output structure R c'(OriginaI data: None-sequential reaction format )

R"lc?e:c\tar\lts, So{\r)er\rt;, Catalyss\": {\\"ngﬁ\": \;nar(n;\“), \"P;\‘;vdu;t\": CC(C)SCclceee(IN+](=0)[0-])c1.0=C(00)c1ccee(Cl)c1.0=S([0-])0.[Na+]>CICCL.O

"Code\": \"name\"}, \"Reaction Steps\": {\"Number (Reaction/Work-up, - - —0)(= - ¥
Action)\": "Reactant(s)+Solvent(s)+Catalyst(s)->mixture\"}} C(I0-O{Na+>CC(C)S(=O)(=0)Cetecee((N+I=O)O-Det

- / )
o
(" GPT response ) \(SJQ\N'O' C'\Q)‘\O’OH hoSo

{ "Reactants, Solvents, Catalysts": { o

"A": "1-nitro-3-[(propan-2-ylsulfanyl)methyllbenzene", j\ o

"B": "DCM", c1” ¢l HO” O Na* o N

"C": "m-chloroperbenzoic acid", \rsﬂg\O °

"D": "sodium hydrogen sulfite", N\ J

"E": "sodium bicarbonate”, Ve N . N N

"E" "hexane”, This study: Stepwise reaction format

"G": "ethyl acetate" }, CC(C)SCC1=CC(=CC=C1)[N+](=0)[O-].C(CI)CI.C1=CC(=CC(=C1)CI)C(=0)00>C(CI)CI>
"Product": { 0S(=0)[0-].[Na+].C(=0)(0)[0-].[Na+]>CC(C)S(=0)(=0)CC1=CC(=CC=C1)[N+](=0)[O-]

"H": "1-Nitro-3-[(propan-2-ylsulfonyl)methyl]benzene" }, Step 1
"Reaction Steps":{ °

"1 (Reaction, Add)": "A+B+C->mixture1”, ?‘ J\ &l G

"2 (Reaction, Heat)": "mixture1->mixture2", oM s \Q)\O’

"3 (Work-up, Dilute)": "mixture2+B \QA

->mixture3", Step 4

"4 (Reaction, Add)": "mixture3+D+E->mixture4”, g 5

"5 (Work-up, Extract)": "mixture4+B->mixture5", o~ I Na* )]\ Na*

"6 (Work-up, Wash and Concentrate)": C” ¢ \go" o HoZ Yo i P

"mixture5->mixture6”, & \Q/\//SY

"7 (Work-up, Purify)": "mixture6+F+G->H" } } J U ° )




AI4X - Accelerate Conference 2026, Singapore, 16-19 June 2026

Appendix C. Comparison of precision, recall, and accuracy between the original data and the data
extracted by LLMs.

We evaluated extraction accuracy by randomly sampling 100 paragraphs from each heuristic category
(400 total), using manually annotated ground truth rather than the original data. Extraction results were
categorized as TPs, FPs, TNs, and FNs, with precision, recall, and reaction-level accuracy used as evalua-
tion metrics.

To enhance performance, we fine-tuned gpt-3.5-turbo-0125 on 75 manually refined summaries (15 per
heuristic), referred to as finetuned-GPT, using non-overlapping paragraphs from the 400 evaluation set.
As summarized in Table 2, finetuned-GPT consistently outperforms both the original data and GPT-4,
showing the largest gain in reaction-level accuracy of 46.3% over the original data and 5.9% over GPT-4,
with incremental improvements in precision and recall across individual components accumulating into
higher overall accuracy. We therefore used finetuned-GPT for all subsequent analyses, referring to its
outputs as "GPT-extracted SMILES".

. Reactants Reagents Product Reaction
Extraction method — — —
Precision Recall Precision Recall Precision = Recall Accuracy
Original data 0.992 0.965 0.903 0.910 0.989 0.989 0.629
GPT-4 0.997 0.997 0.969 0.953 0.995 0.995 0.869

Finetuned-GPT 0.997 0.997 0.961 0.974 0.996 1 0.920
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categories

(a) many-products, (b) many-reagents, and (c) many-reactants. Reaction information correctly extracted

only by GPT is highlighted in red and blue.

a.

[Title] 2-amino-2-{2-[4-(3-phenoxy-propoxy)-phenyl]-ethyl}-propane-1,3-diol hydro-chloride
[Paragraph] To a solution of 4-[2-(4-hydroxymethyl-2-methyl-4,5-dihydro-oxazol-4-yl)-ethyl]-phenol (300 mg, 1.27 mmol) in DMF (5 ml) was

added €s2C03 (1.2 g, 3.83 mmol) and (3-bromo-propoxy)-benzene ..

dihydro-oxazol-4-yl)-methanol as colorless oil. To a solution of ...

. affords (2-methyl-4-{2-[4-(3-phenoxy-propoxy)-phenyi]-ethyl}-4,5-

in ethanol (2 ml) was added conc. HCI (2 ml). The reaction mixture was dried

in vacuo to afford 2-amino-2-{2-[4-(3-phenoxy-propoxy)-phenyl]-ethyl}-propane-1,3-diol hydrochioride as a colorless powder.

Original SMILES [Many-products]: Single-step (merged)

Qa

OH

J\ HCI

00 /O/\/L
/\OH @\0/\/\0

GPT-extracted SMILES: Captures Intermediate, Multi-step (separated)
O e o N
o
/“}i:/cr"’/\m oL,
QO
0NN
HCI

Q
(o}
Q

OH

OH
Q\O/‘\/\O NHe =l

[Title] 1,23 4-tetrahydro-6-benzyloxynaphthalene-2-carboxylic acid
[Paragraph] ...

1,2,3,4-tetrahydro-6-hydroxynaphthalene 2 carboxylic acid...
hydroxide, 0.525 g (3.5 mmol) of sodium iodide, 200 mi of ethanol and 25 ml of distilled water was heated ...

benzyl bromide, 6.6 g (100 mmol) of 85% potassium
To this reaction mixture was

added 50 ml of 10% potassium hydroxide ... the reaction mixture in cold water was acidified with 36% hydrochloric acid ... obtain
1,2,3,4-tetrahydro-6-benzyloxynaphthalene-2-carboxylic acid.
Original SMILES [Many-reagents]: Single-step (merged) GPT-extracted SMILES: Multi-step (separated)
0
Lo Qs OO O s
HO o} ~OoH H0 o
K* OH HClI Na* I WOH e /@/\:‘)‘\OH
“OH H,0 ©/\ 0 - 2

o

[Title] 1-phenylcarbamoyl-4-hydroxy-2-pyrrolidinone

[Paragraph] A 814 g quantity of 4-trimethyisilyloxy-2-pyrrolidone was dissolved in 100 ml of tetrahydrofuran, 762 g of N,N-

carbonyldiimidazole was added to the solution ...

With addition of 4.38 g of aniline, the mixture was further refluxed for 7 hours, then cooled
and stirred at room temperature for 0.5 hour with addition of 150 ml of 1N hydrochloric acid. ...

The crystals were recrystallized from acetone-

hexane, giving 7.44 g of 1-phenyicarbamoyi-4-hydroxy-2-pyrrolidinone (yield 72%) having a meiting point of 104°to 104.5°C.

Original SMILES [Many-reactants]: Wrong reactant

2 3
7 1 10
& —NH 15 NEs 18 H g
sl }[)tm " 15 100 g N -
N
o 32 14 12 od ) P 2
5 13 14 12

GPT-extracted SMILES: Captures key reactant




