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large language models agree on
the quality of synthesis plans?

Varvara Voinarovska, *ab Roćıo Mercado, bc Mikhail Kabeshov a

and Samuel Genheden a

Large language models (LLMs) have seen widespread adoption in all spheres of science including chemistry

and cheminformatics. Nevertheless, our knowledge of how they operate is limited, giving rise to exploration

of their capabilities in different areas of science and different operation modes. Here, we investigated

whether LLMs could mimic human experts on the challenging task of assessing retrosynthetic path

feasibility in routes generated by a popular computer-aided synthesis planning tool (AiZynthFinder). We

evaluated the agreement between LLMs and expert chemists on holistic evaluations of the proposed

routes as well as the individual chemical reactions in them. We used four frontier LLMs, three proprietary

models and one open-source model (Claude Opus 4.8, GPT-5.5, Llama 3.1 70B, and Gemini 3.1 Pro) and

employed 17 expert chemists to grade 50 retrosynthetic paths. We found that, when provided with

clearly defined reaction-evaluation categories, human experts tended to converge in their assessments.

Among the evaluated models, Gemini 3.1 Pro achieved the highest agreement with the human majority

vote. GPT-5.5 and Claude Opus 4.8 were comparatively more pessimistic, whereas Llama 3.1 70B

showed a pronounced optimistic bias.
1 Introduction

Retrosynthesis planning identies viable synthetic routes to
target molecules, but it is challenging due to the combinatorial
explosion of possible chemical disconnections as molecular
complexity increases.1,2 Many options which appear formally
valid oen fail due to practical considerations, such as selec-
tivity, protecting group strategies, solvent effects, or scale-up
constraints, rendering otherwise plausible synthetic routes
infeasible.3 Furthermore, reaction databases derived from
patents and literature are systematically biased towards well-
studied and successful transformations, noisy, and frequently
omit critical experimental details such as full conditions or
yields.4–6 This biased training data can lead models to over-
estimate the feasibility of routes in underrepresented chemical
space and favor common transformations over rare but strate-
gically valuable ones.7 As a result, expert judgment remains
important for distinguishing between formally valid routes and
those that are also practical, safe, and economical, motivating
the need for careful, expert-informed evaluation of computa-
tional retrosynthesis tools.
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Assessing route quality requires more than counting steps.
Useful criteria include convergence, condence in each step,
starting material availability, expected selectivity, number of
protecting group operations, reagent choice, waste consider-
ations, and expected yield.1 Practical considerations such as
cost, safety, and ease of workup also matter.8 Making these
criteria explicit helps align both human and model-based
grading.

Retrosynthesis planning9 has evolved from rule-based
systems to template-based models that apply learned or
curated reaction rules, and to template-free models10 that
predict changes directly on molecular graphs or SMILES
(Simplied Molecular Input Line Entry Specication).11 Search
algorithms such as Monte Carlo tree search and A* guide route
expansion toward purchasable starting materials.12 AiZynth-
Finder,13 ASKCOS,14 Syntheseus,15 and SynPlanner16 are repre-
sentative open-source packages that combine reaction
prediction with guided search. Here, we focus on AiZynthFinder
as a baseline for retrosynthesis planning.

In the computer-aided synthesis planning context, large
language models (LLMs) are increasingly explored for molec-
ular design, reaction prediction, and synthesis planning,17–27

where they can complement established computational
methods and expert workows by quickly searching large
information spaces and matching relevant precedents to a task.

The most recent research uses LLM-based agentic systems28

which utilizes LLM as an entity with agency, aka the possibility
to act upon decisions. Early chemistry-focused LLM agents,
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such as ChemCrow and related agent frameworks for auto-
mated scientic discovery and molecular design, demonstrated
tool-augmented planning and execution across synthesis,
analysis, and hypothesis generation.18,29 ChemBench30 evalu-
ated LLMs against expert-level questions across multiple cate-
gories, and Coscientist investigated the capabilities of LLMs to
be scientic assistants.31 At the same time, we still do not fully
understand how LLMs work or whether their abilities generalize
beyond advanced pattern matching,32 so researchers continue
to test them to identify where they help, where they fail, and
when their outputs can be trusted.33 Applications to retro-
synthetic analysis and route planning highlight both the
promise of LLMs for knowledge extraction and hypothesis
generation24 and the need for rigorous benchmarking and
interpretability.18,30 Beyond ChemBench, several domain-
specic and reasoning-centric benchmarks have emerged for
chemistry, including error-detection and correction, chain-of-
thought chemical reasoning, and function-group and reaction
understanding.34–37

More broadly, using LLMs to evaluate the outputs of other
models or systems, rather than only to generate content, has
been formalized as the LLM-as-a-judge paradigm. Zheng et al.38

introduced MT-Bench and Chatbot Arena to systematically
study this approach, demonstrating that LLM judges can ach-
ieve over 80% agreement with human evaluators on open-ended
tasks while also revealing systematic biases such as position
bias, verbosity bias, and self-enhancement bias. Subsequent
work has shown that LLM judges tend to alignmore closely with
non-expert than expert annotators across diverse NLP tasks,22

raising questions about whether high surface-level agreement
masks deciencies in domain-specic reasoning. Within
chemistry, this paradigm is already being adopted: Alchemy-
Bench employs an LLM-as-a-judge framework to evaluate
materials synthesis recipes against expert-dened criteria and
reports strong but imperfect correlation with human special-
ists,39 while RetroReasoner uses LLM-based reward signals to
verify retrosynthetic predictions.40 Our work is a domain-
specic instantiation of this paradigm applied to retro-
synthetic route assessment. By comparing LLM judgments
directly against expert consensus on structured feasibility
criteria, we can disentangle what aspects of the observed
agreement and disagreement reect general LLM evaluation
behavior, such as optimism bias, from what is specic to the
practical reasoning demands of synthetic chemistry.

Human-in-the-loop (HITL) approaches offer another way to
strengthen computer-aided synthesis planning (CASP) by
incorporating expert knowledge where it is most impactful:
proposing or discarding key disconnections, ranking alternative
precursors, and agging unreliable reaction classes, or ltering
LLM-generated retrosynthetic transformations.41,42 This feed-
back can be used to re-rank routes, update scoring functions, or
train preference models that guide search. Compared to HITL
in de novo molecular design, feedback in retrosynthesis plan-
ning focuses on route feasibility and operational practicality
rather than molecule generation alone. HITL has been applied
to guide molecule generation using reinforcement learning
Digital Discovery
policies in REINVENT, and recent work has used expert
knowledge to rank retrosynthetic paths.43–45

A central question for CASP practice is whether LLMs can
approximate expert preferences when ranking candidate routes,
a theme paralleled in other domains, such as conference
reviewing.46–48 If LLM ratings correlate with expert judgments,
they could be used for rapid ltering before deeper review,
reducing time spent on routine triage. If they diverge, the
analysis reveals where LLMs miss practical constraints or
overvalue formal feasibility. Measuring agreement, bias, and
variance against expert consensus claries when LLMs can be
trusted as proxies and when human review is essential.

In this paper, we investigate whether general-purpose
proprietary and open-source LLMs can detect and reason
about retrosynthetic plans in meaningful agreement with
human-expert consensus in a CASP setting. We ask whether
LLMs can be used to lter reactions and retrosynthetic paths in
alignment with expert concerns and whether they can identify
problematic steps in route generation. To do this, we compare
human expert opinions and LLM-based grading on the same
retrosynthetic routes generated by AiZynthFinder. We use
standardized categories that cover feasibility, step reliability,
and practicality, and we evaluate agreement and systematic
differences between human experts and LLMs. This design
isolates the grading task from route generation and identies
conditions where LLM assessments align with expert practice.
We demonstrate our approach in Fig. 1.
2 Methods
2.1 Dataset

We selected 50 drug-like compounds from the Journal of
Medicinal Chemistry (JMC) with the help of the experts to iden-
tify drug-like molecules challenging for retrosynthesis analysis.
We solved routes for each of the 50 selected molecules through
AiZynthFinder.13 We used AiZynthFinder v4.3.1 and default
settings to generate 10 routes per molecule, from which we
selected the top-1 route to present to chemists and LLMs for
evaluation. We presented routes leading to commercially
available starting material (solved routes) as well as routes that
only partially lead to commercial starting materials (unsolved
routes). We presented the selected routes to 17 chemists with
different backgrounds and education levels; the distribution of
the level of education can be found in the SI. Most of the experts
were from AstraZeneca, with some external experts. Each expert
graded 20 routes which were randomly sub-selected from the 50
available. On average, 4 experts analyzed each route.
2.2 Human expert evaluation

To collect human expert feedback, we developed a website that
allowed chemists to input their opinions on presented retro-
synthetic paths. The website interface shows retrosynthetic
paths, with the option to select categories for each reaction and
route, as well as to enter raw text commentary on each reaction
and route. Experts were allowed to select more than one option
for reactions and only one for routes.
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 Panel (a) illustrates chemists and per-LLM evaluation of the feasibility of the reactions in 50 retrosynthetic trees of the 50 molecules from
JMC. Panel (b) illustrates the analysis of the majority voting of chemists and LLMs with Gemini 3.1 Pro performing better than Claude Opus 4.8,
Llama 3.1 70B and GPT-5.5.
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We used eight different categories for reaction-level evalua-
tion (Table 1) and ve categories for route-level assessment (see
SI). The reaction-level categories are more precise in denition
and leave for less room for individual interpretation, while the
route-wise denitions are more general.

2.3 LLM evaluation

We evaluated four LLMs here: Claude Opus 4.8, GPT-5.5, Llama
3.1 70B and Gemini 3.1 Pro. We used these models with the
default temperature, and the default reasoning budget, as re-
ported in the GitHub repository metadata on models. We
queried the LLMs via LangChain49 using the same prompt; the
prompt instructed each LLM to act as an expert organic chemist
with extensive experience in medicinal chemistry, total
synthesis, and reaction methodology, and tasked each model
with evaluating a single retrosynthetic tree (AiZynthFinder
JSON-formatted) provided at input. The models were instructed
to follow a strict JSON format in the output. They were also
asked in the prompt to give an explanation for selecting a given
choice and provide condence from 0 to 100. Out-of-vocabulary
categories were mapped according to a predened mapping
dictionary provided in the GitHub repository; responses for
which no unambiguous mapping was possible were excluded.
Malformed outputs were dropped from the raw data during
preprocessing.

2.4 Statistical analysis & agreement metrics

For the statistical analysis, we used majority voting of the 17
human experts' responses and compared results to majority
voting across all four LLMs' outputs. The resolution of the
© 2026 The Author(s). Published by the Royal Society of Chemistry
majority voting was established the following way: (1) if the
majority choose one category, then this category is the category
of choice; (2) if there are different categories and no majority,
then we look at the majority sentiment (based on count) and
choose this sentiment as the majority sentiment, then choose
the category with the maximal votes within this sentiment (if
there is an equal amount, then we choose the worse category);
(3) if there is a tie at the sentiment-level, then we assume
a pessimistic tie, assuming that the general sentiment is
negative. One expert selecting 2 categories contributes 2 distinct
votes (one per category), exactly as if two experts had each
selected one category, which allows them to ag multiple
negative issues, though the usage of multi-selection was sparse.
We used Matthews Correlation Coefficient (MCC)50 as the
primary measure of agreement between LLM and human expert
sentiment classications, selected for its robustness to class
imbalance. Uncertainty was quantied by computing MCC
independently for each of the 4 independent repeats and
reporting mean ± SD with 95% bootstrap condence intervals
(n = 10, 000 resamples). Pairwise differences between models
were assessed using an exact permutation test enumerating all 
8
4

!
¼ 70 arrangements of repeat labels under the null

hypothesis (minimum achievable one-sided p = 1/70 z 0.014).
Inter-rater agreement between LLM pairs and between indi-
vidual evaluators was quantied using Cohen's Kappa.51

Differences in condence score distributions between correct
and erroneous LLM predictions were tested with the two-sided
Mann–Whitney U test.52
Digital Discovery



Table 1 The eight reaction categories used in the questionnaire and as definitions for the LLM prompt. The points are a heuristic value assigned
to each category, to be used later for scoring

Category name Category description Points Sentiment

Reaction feasible, all good The proposed transformation is well-established and likely to
proceed as expected and written

5 Positive

Reaction feasible,
unexpected disconnection

The reaction would work but represents non-typical bond disconnection
which is inventive and effective, but potentially less precedent

5 Positive

Non-optimal reagent The exact reactant may not work in this reaction, but close analogues exist
for this transformation with the same bond disconnection

4 Negative

Unnecessary step The transformation adds complexity to the synthesis or may not work at all,
but is unnecessary as its product is commercially available

4 Negative

Protecting group strategy is
wrong/non-optimal

The protecting group selection is awed, unnecessary, or inefficient 3 Negative

Selectivity
(regio-, stereo-, chemo-)
issues

The reaction would face signicant regio-, stereo-, or chemoselectivity
challenges

2 Negative

Functional group
compatibility problems

Incompatible functional groups are present in the reactant molecule that
would interfere with the desired transformation

2 Negative

Unlikely disconnection The proposed transformation is chemically impossible 1 Negative

Digital Discovery Paper
3 Results and discussion
3.1 Vox Populi, Vox Dei

In this section, we dive into the expert responses collected with
the interface and analyze how human experts agree with each
other when grading a reaction or route. We also illustrate
complex cases when the experts disagree due to a different level
of domain expertise for a given reaction type or peculiarities in
personal interpretation of a given category. In each case, we
measured the level of agreement as the percentage of experts
who were in agreement with the majority category based on
reaction-wise majority voting.

We analyzed how experts agree with each other when
grading both at the reaction- and route-level. The experts
showed a high degree of agreement on reactions (Fig. 2b) and
Fig. 2 (a) Distribution of selected reaction categories among human ex
55.6%. The bar chart is sorted by the level of positivity of a given category
category, from best to worst. (b) Human experts' sentiment agreement
them. Agreement in % of experts who had an agreement with themajority
more, moderate – 50% or more, weak – 30% or more and none less th

Digital Discovery
a lower degree of agreement on routes due to more vague route
score denitions relative to the reaction score denitions (Table
S2). In previous work, we investigated whether assigning the
route goodness to the worst grade presented by any of the expert
chemists could be a meaningful metric to evaluate the quality of
the route.45 We measured the agreement by the percentage of
experts agreeing with the majority category selected when
grading a given reaction.

We can also see in Fig. 2a that the majority class for the
selected reaction-level scores was “Reaction feasible”; 55.6% of
human expert votes fall into this category, meaning that
AiZynthFinder solution trees oen included easy-to-execute
reactions which seemed plausible to many experts. The cate-
gory “Selectivity issues” had 11.5% which shows that it is not
rare for AiZynthFinder to generate reactions that have
perts. Majority category selected by experts is “Reaction feasible” with
. We sorted the categories in the bar plot by the points assigned to the
for reactions. 202/204 reactions had more than one expert evaluating
category selected for a given reaction. Perfect– 100%, strong– 75% or
an 30%.

© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 3 Example of experts selecting different categories for representing the same opinion. (a) An example reaction on which experts had poor
agreement with the available categories according to their raw text commentary. Out of context, this reaction could appear as a regular debro-
mination reaction; however, within the context of the full route, illustrated in (b), this reaction step is not necessary. (b) The full route corresponding
to the presented example. The figurewas generatedwith AiZynthFinder built-in functions. The reaction discussed in (a) occurs before the last step of
the synthesis going in the forward direction. Note that the route was not fully solved (one of the leaf nodes is not an available building block).
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competing sites in experts' opinion, as well as 8.4% for “Func-
tional group issues” which indicates that sometimes there were
incompatible functional groups for a given reaction. 8.0% for
“Unnecessary step” upon a deeper inspection revealed that for
the majority of the cases AiZynthFinder generated compounds
that were supposed to be in stock but were tagged as not in
stock in the stock solutions le.

3.1.1 When do experts disagree, and why? To investigate
the disagreement we analyzed the raw expert comments on di-
sagreed reactions. We observed that, sometimes, a low level of
agreement stemmed from distinct interpretations of a given
© 2026 The Author(s). Published by the Royal Society of Chemistry
reaction within a route. Some patterns of disagreement were
oen seen for the ratings “Unnecessary step” and “Reaction
feasible, all good”; here, chemists were occasionally labeling
a truly unnecessary step (e.g., generating a reagent that is
available in stock) as feasible despite that it is unnecessary. This
is best illustrated via an example in Fig. 5. Another interesting
example of expert disagreement includes a bromination reac-
tion, illustrated in Fig. 3; here, we found out that experts were
actually agreeing on the general idea but not selecting the
category that ts best due to difference between their personal
interpretations of the categories.
Digital Discovery



Fig. 4 An example route where experts demonstrated strong disagreement in certain reaction-level categories, possibly due to some of the
experts having domain knowledge on this specific reaction type that other experts may not have had. (a) An example reaction on which experts
had poor agreement. This reaction is a regular bromo N-alkylation reaction; however, within the context of the full route, illustrated in (b), some
chemists wrote that this reaction should be swapped with the previous step. (b) The full route corresponding to the presented example. The
figure was generated with AiZynthFinder built-in functions.

Digital Discovery Paper
There were also instances of genuine disagreement. In some
reactions, certain experts judged that there were no obvious
problems, while others agged potential issues based on deeper
experience in specic chemistry domains, as shown in Fig. 4. At
times, experts selected a variety of different options, yet closer
inspection revealed they were converging on the same under-
lying concern. For example, in Fig. 5, we show how experts
questioned possible self-polymerization of the starting
compound, expressing that concern through different cate-
gories. Nevertheless, the cases presented above reect some of
the most extreme disagreements; overall, responses showed
a strong tendency toward convergence in expert opinions.
3.2 LLMs as a consortium of experts

The investigation of LLMs' reasoning and recognition capabil-
ities was conducted by testing whether re-querying LLMs with
the same prompt and under the same set of parameters can be
Digital Discovery
used to simulate a consortium of experts, with each query
response treated as a new articial expert, in a similar fashion to
different human experts grading the same reaction. Because the
nature of LLMs is stochastic, the same parameters and
temperatures can yield different outputs. With this in mind, we
also investigated stability in terms of sentiment agreement for
each LLM, measuring how oen the answer for the same
prompt and the same reaction deviated with each new query.

To assess run-to-run variability, we conducted four inde-
pendent repeat experiments, each comprising four evaluations
of every retrosynthetic tree. Thus, each model evaluated every
tree 16 times in total.

We assessed how stable the re-querying outputs were in
Fig. 6. The majority of reactions received perfect or strong
agreement across all LLMs, with GPT-5.5 showing the highest
perfect agreement (59.3 ± 0.4%) and Llama 3.1 70B the most
fragmentation. Human experts show a notably higher propor-
tion of Moderate agreement (30.2%) compared to LLMs (14–
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 5 Example of experts showing a strong disagreement in categories selected and having non-obvious agreement. (a) An example reaction on
which experts had poor agreement. This is a sulfonamide Schotten–Baumann reaction. (b) The full route corresponding to the presented
example. The figure was generated with AiZynthFinder built-in functions.
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22%), consistent with greater diversity of expert opinion on
tricky reactions. Also we observe that no single LLM demon-
strates an overwhelming level of internal consistency, which
was more prominent in earlier models.

We observed that this moderate internal consistency comes
with a moderate distribution of categories selected across all
reruns and repeats, as one could see in Fig. 7. Llama is
distinctively skewed toward over-selecting the “Reaction
feasible” category, whereas all the others gave much more
diverse rankings with Claude and GPT-5.5 selecting more
“Selectivity issues” category compared to human experts with
© 2026 The Author(s). Published by the Royal Society of Chemistry
both over 20% when for human experts this category reaches
11.6%.

The category-level confusion matrices reveal the nature of
disagreements across models in Fig. 9. Gemini 3.1 Pro, GPT-5.5,
and Claude Opus 4.8 distributed their errors across several
specic problem categories, including selectivity issues,
functional-group incompatibilities, and unnecessary steps. This
pattern is consistent with the models responding to several
distinct chemical concerns rather than assigning all problem-
atic reactions to a single category.
Digital Discovery
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Llama 3.1 70B stands in contrast, showing a pronounced
positive bias, with the majority of predictions collapsing into
“Reaction feasible, all good” regardless of the human ground
truth category. This pattern suggests that Llama's output vari-
ability does not arise from chemical reasoning but from
Fig. 6 Internal consistency of LLM evaluators and human experts when a
level per reaction was determined from 4 reruns within each of 4 indepen
bars (hatched) represent a single observation from the full expert pool a

Fig. 7 Histogram of the selected categories for all re-runs and repeats o
that Llama is over-selecting the “Reaction feasible” category compared t
the level of positivity of a given category (more positive categories on th

Digital Discovery
instability in format and category selection. This model was also
most prone to malformed outputs.

We examined whether the models' reported condence
scores, ranging from 0 to 100, discriminated between correct
and incorrect predictions (Fig. S16). No signicant difference
ssigning reaction-level feedback categories. For each LLM, agreement
dent repeat runs; bars showmean ± SD across repeats. Human expert
nd carry no repeat-level uncertainty estimate.

f the LLMs, aggregated across re-queries and all reactions. We observe
o human experts (55.6%, green dashed line). The bar chart is sorted by
e left).

© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 8 Pairwise inter-LLM agreement measured using Cohen's k,
averaged over four independent repeats.

Fig. 9 Averaged over 4 repeats confusionmatrices with the counts of the
to human experts, showing how Llama (b) tends to rarely categorize reac
a slightly negative bias towards “Selectivity issues” category and Gemini 3

© 2026 The Author(s). Published by the Royal Society of Chemistry
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was observed for Gemini 3.1 Pro, GPT-5.5, or Llama 3.1 70B.
Claude showed an approximately seven-point difference,
although the two distributions overlapped substantially,
limiting its practical utility. Condence scores were also not
associated with the level of human-expert agreement for a given
reaction (Fig. S17). Thus, self-reported condence was not
a reliable indicator of correctness in this setting.

We then collapsed the confusion matrices to positive vs.
negative sentiment (Fig. 10), selecting MCC as the metric given
the class imbalance and our interest in an LLM's ability to
correctly highlight problematic steps. In unadjusted one-sided
pairwise permutation tests all six model pairs yielded p #

0.029; however, given that only 4 independent repeats were
available and six comparisons were performed simultaneously,
these results should be interpreted as exploratory. The boot-
strap condence intervals and the consistent direction of
differences across all repeats nonetheless support the ranking
categories for the outputs of the four LLMs explored herein compared
tions negatively, whereas Claude Opus (c) and GPT-5.5 (d) tend to have
.1 (a) tends to show a better agreement with expert chemist rankings.

Digital Discovery
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of model performance. Gemini 3.1 Pro achieves the highest
agreement with human expert consensus (MCC 0.43 ± 0.044),
signicantly outperforming GPT-5.5 (MCC 0.351 ± 0.028, p =

0.029), while Claude Opus 4.8 (MCC 0.241 ± 0.024) and Llama
3.1 70B (MCC 0.072 ± 0.102) show progressively lower correla-
tion. The large standard deviation for Llama 3.1 70B reects its
unstable behavior across repeats.

To further assess whether there are overlaps in judgments of
the models, we performed analysis of the averaged over 4
repeats Cohen's Kappa. The pairwise inter-LLM kappa matrix
(Fig. 8) reveals that Claude Opus 4.8, Gemini 3.1 Pro, and GPT-
5.5 form a coherent cluster of moderate agreement (k = 0.38–
0.54, SD # 0.05 across repeats), indicating that these models
make substantially similar judgments on the same reactions
across independent runs. Llama 3.1 70B shows near-zero kappa
with all three, conrming that its predictions are effectively
independent of the consensus formed by the other models. The
consistency of the SD values across repeats (all #0.06) shows
that these inter-model agreement patterns are stable properties
of the models rather than run-to-run artifacts. The fact that
three out of four models form a coherent cluster, despite being
independently trained, provides slight evidence that their
shared judgments reect internalized chemical signal rather
than coincidental alignment.

We also examined the model commentaries for the three
cases discussed in Section 3.1.1. For the rst example (Fig. 3),
GPT-5.5, Claude Opus 4.8, and Gemini 3.1 Pro generally
recognized the transformation and considered it in the context
of the full route. Across runs, Claude assigned several cate-
gories, including “Reaction feasible, all good”, “Unlikely
disconnection”, and “Selectivity issues”, whereas Gemini 3.1
Fig. 10 Matrix illustrating averaged reaction counts ± SD for the
majority sentiment vote of LLMs (n = 4 re-runs per LLM and n = 4 for
repeats) compared to the majority of human expert sentiment votes,
and organized by true positives (TN), false positives (FN), false nega-
tives (FP), and true negatives (TP). Mean MCC ± SD: GPT-5.5 =

0.3508 ± 0.0281, Claude Opus 4.8 = 0.2407 ± 0.0244, Llama 3.1
70B = 0.0719 ± 0.1018, Gemini 3.1 Pro = 0.43 ± 0.0438.
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Pro and GPT-5.5 most oen selected “Unnecessary step” or
“Reaction feasible, all good”. Several responses explicitly ques-
tioned why bromine had been introduced only to be removed
later. Llama 3.1 70B rarely identied this route-level issue.

For the second example (Fig. 4), Claude Opus 4.8, GPT-5.5,
and Gemini 3.1 Pro identied the potential competition
between O- and N-alkylation in most responses. They frequently
proposed milder conditions or reductive amination as a more
selective alternative, but rarely suggested reversing the order of
the steps. Llama 3.1 70B rarely identied the selectivity concern.

For the third example (Fig. 5), Claude Opus 4.8, GPT-5.5, and
Gemini 3.1 Pro recognized the transformation as a sulfon-
amide-forming Schotten–Baumann reaction and raised
concerns about possible self-reaction or polymerization of the
starting material. Claude sometimes suggested reordering the
steps, whereas Gemini 3.1 Pro and GPT-5.5 suggested alterna-
tive starting materials. Llama 3.1 70B generally did not ag this
issue.

4 Conclusion and future outlook

This work has two main conclusions and contributions. First,
we have demonstrated that it is possible to use human expertise
to grade the feasibility of reactions in retrosynthetic paths as
a baseline consensus. Second, we have shown that some
general-purpose LLMs can partially approximate human-expert
consensus when evaluating the reaction-level feasibility of
computer-generated retrosynthetic plans. Among the evaluated
models, Gemini 3.1 Pro achieved the highest sentiment-level
agreement with human experts (mean MCC = 0.43) and
produced the most balanced category distribution. GPT-5.5 and
Claude Opus 4.8 showed stronger negative biases, whereas
Llama 3.1 70B showed a pronounced positive bias and
substantially lower agreement. Compared with the models
assessed in our preprint, the newer proprietary models achieved
higher and more robust agreement on this benchmark.

We believe this work will pave the way to more research on
synergies between HITL and LLM workows. Future directions
include a more diverse questionnaire for human experts with
a greater variety of molecules and including more ambiguous
solutions by retrosynthesis-planning tools. Also designing more
robust categorization of the possible reactivity concerns that
would leave no room for personal interpretation is necessary for
future works in this direction.

Automatic prompt engineering and optimization were
outside the scope of this study. Other possible future work
directions could investigate a reinforcement learning-like
approach for route evaluation, where LLMs evaluate the
routes and consult human experts as necessary to tune the
prompt in a way that leads to better agreement with human
experts' opinions. Another possible future work could be on
assessing whether a visual component of the route visualiza-
tions could improve LLM judgments of the feasibility of the
reactions in this route and route as a whole.

Finally, automated grading can save expert time by ltering
large candidate sets, but it should not replace human oversight
for decisions with critical safety or scale-up implications. Clear
© 2026 The Author(s). Published by the Royal Society of Chemistry
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reporting of model limits and uncertainty is necessary, and any
deployment should include safeguards that re-route high-risk
cases for expert review.
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O. Engkvist and E. Bjerrum, AiZynthFinder: a fast, robust
and exible open-source soware for retrosynthetic
planning, J. Cheminf., 2020, 12, 70, DOI: 10.1186/s13321-
020-00472-1.

14 Z. Tu, S. J. Choure, M. H. Fong, J. Roh, I. Levin, K. Yu,
J. F. Joung, N. Morgan, S.-C. Li, X. Sun, et al., ASKCOS:
open-source, data-driven synthesis planning, Acc. Chem.
Res., 2025, 58, 1764–1775.

15 K. Maziarz, A. Tripp, G. Liu, M. Stanley, S. Xie, P. Gaiński,
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