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Scientific discoveries often hinge on synthesizing decades of research, a task
that potentially outstrips human information processing capacities. Large
language models (LLMs) offer asolution. LLMs trained on the vast scientific

literature could potentially integrate noisy yet interrelated findings to
forecast novel results better than human experts. Here, to evaluate this
possibility, we created BrainBench, a forward-looking benchmark for
predicting neuroscience results. We find that LLMs surpass expertsin
predicting experimental outcomes. BrainGPT, an LLM we tuned on the
neuroscience literature, performed better yet. Like human experts, when
LLMs indicated high confidence in their predictions, their responses were
more likely to be correct, which presages a future where LLMs assist humans
in making discoveries. Our approach is not neuroscience specific and is
transferable to other knowledge-intensive endeavours.

Keeping up with the exponentially increasing' scientific literatureis a
superhuman challenge. Potentially disruptive findings go unnoticed
in the deluge of articles®. Processing and integrating the myriad of
relevant findings may already surpass humans’ abilities.

One path forward involves humanscientists leveraging advanced
machines. Thisapproach could take several forms, including specialist
solutions that address specific challenges, such as in protein folding?,
drugdiscovery*and materials science’. Alternatively, general models of
the scientific literature could help guide humanscientists’ predictions
and study designs. We consider this possibility.

It is an open question whether large language models (LLMs),
trained on general text and scientific articles, can predict the outcomes

of experiments. If LLMs’ predictions surpassed human experts, the
practice of science and the pace of discovery would radically change.
We consider this question for neuroscience, whichis alarge andinter-
disciplinary field. Predictionin neuroscience should be challenging for
humanexperts for several reasons: (1) there are often many thousands
of relevant scientific articles, (2) an individual study can be noisy or
unreliable and may not replicate, (3) neuroscience is a multi-level
endeavour®, spanning behaviour and molecular mechanisms, (4) and
the analysis methods are diverse and can be complex’, (5) as are the
methods used, which include different brain imaging techniques,
lesion studies, gene modification, pharmacological interventions
andso forth.

A full list of affiliations appears at the end of the paper.
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Can LLMs meet these challenges? In other domains, LLMs have
performed impressively. Upon its release, OpenAl’s ChatGPT® cap-
tured the public’s imagination with its abilities. Most LLMs are based
on the transformer architecture’. These models contain billions and
sometimes trillions of weights'®, which are tuned during training in
a self-supervised manner to predict the next token, such as the next
word in atext passage.

LLMs have displayed remarkable capabilities, including passing
professional exams, reasoning (although not without limitations),
translation, solving mathematics problems and even writing computer
code", By constructing a statistical model during their training to
predict the next token, whether that token is a word, pixel or protein
sequence”, and by capturing patterns in the training data, including
subtleandimperfect ones, the generative LLMs can potentially general-
ize to novel situations and predict outcomes of future events.

How can we formally evaluate the predictive abilities of LLMs in
neuroscience? Withtherise of LLMs, there hasbeenasurgein evaluation
benchmarks, many of which focus on assessing LLMs’ capabilities in sci-
entificdomains. Most benchmarks evaluate core knowledge retrieval
and reasoning abilities, which are typically backward-looking (Fig. 1).
Backward-looking benchmarks include MMLU", PubMedQA" and Med-
MCQA'. These benchmarks are structured in a question-and-answer
format, where models must demonstrate extensive world knowledge,
retrieve relevant information based on the context of the question,
and answer correctly. However, none of these benchmarks is suitable
for evaluating the ability of models to predict novel outcomes, which
isinherently forward-looking (Fig.1).

Toaddressthisneed, we developed BrainBench to test LLMs’ ability
to predict neuroscience findings (Fig. 2). LLMs have been trained exten-
sively on the scientificliterature, including neuroscience. BrainBench
evaluates whether LLMs have seized on the fundamental patterning of
methods and results that underlie the structure of neuroscience. Can
LLMs outperform human experts on this forward-looking benchmark?
Inparticular, BrainBench evaluates how well the test-taker can predict
neuroscience results from methods by presenting two versions of an
abstractfromarecentjournalarticle. The test-taker’s taskis to predict
the study’s outcome, choosing between the original and an altered ver-
sion. The altered abstract substantially changes the study’s outcome
(thatis, results) while maintaining overall coherence.

Toappreciate how BrainBench qualitatively differs fromexisting
benchmarks, consider a perceived limitation of LLMs, namely, their
tendency to generate erroneous information, a phenomenon com-
monly referred to as ‘hallucination’ by LLM researchers. Unlike knowl-
edge graphsthatstore verified facts, LLMs may not be trustworthy for
backward-looking tasks such as summarizing research papers or pro-
viding accurate citations”. However, for forward-looking tasks, such
aspredictingresults from anovel experiment, we view this tendency to
mix andintegrate information fromlarge and noisy datasets asavirtue.
What s a hallucination in a backward-looking task is a generalization
or prediction in a forward-looking task (for example, BrainBench).
BrainBench provides a way to quantify this forward-looking ability
and compare with human experts. To foreshadow our results, LLMs
surpassed human experts on BrainBench by a substantial margin,
and this margin increased when we provided additional training in
neuroscience to an LLM, which we refer to as ‘BrainGPT".

Results
General-purpose LLMs best neuroscientists on BrainBench
Oneachbenchmarktrial (Fig. 2), both the LLMs™* ' and human experts
were tasked with selecting which of two versions of an abstract was
correct (that is, the original version). Human neuroscience experts
were screened for their expertise and engagement (Methods) with171
outof 202 participants passing all checks and included in our analyses.
Every LLM outperformed human experts on BrainBench with
LLMs averaging 81.4% accuracy and human experts averaging 63.4%

a b

Prediction

Who is more likely to win
the next round?

A. Player A
B. Player B

Forward-looking Dl

Fig.1|Backward-looking and forward-looking evaluations. a, Backward-
looking benchmarks involve recalling factual information. For example,
astudentretrieves a fact about the Gettysburg Address that they learned during
ahistory class. Existing benchmarks in scientific domains are in essence
backward-looking as they emphasize retrieving accepted facts for question
answering and reasoning tasks. b, Forward-looking benchmarks involve
predicting novel outcomes on the basis of past data. Two forms of uncertainty,
aleatoric (due to intrinsic randomness) and epistemic (due to lack of knowledge),
may be present. For example, a table tennis fan predicts which player will win the
next set on the basis of their knowledge of the players, how they have played

so far today and so forth. Inherent random factors, such as a breeze affecting the
ball’s flight, will also be present.

‘When was the Gettysburg
Address delivered?”

A. 1862
B. 1863

(t(14) =25.8, P<0.001, Cohen’s d = 9.27, 95% confidence interval (CI)
0.17-0.2; two-sided; Fig. 3a). When restricting human responses to
thoseinthetop 20% of self-reported expertise for that test item, accu-
racy roseto 66.2%, still below the level of LLMs.

Smaller models such as Llama2-7B and Mistral-7B with 7 billion
parameters performed comparably to larger models (Fig. 3a) while
besting even smaller models (Supplementary Fig. 2) that may lack the
capacity to capture key data patterns. Chat or instruction-optimized
models performed worse than their base model counterparts
(¢(5)=5.38,P=0.002, Cohen’sd = 0.77,95% C1 0.02-0.04; two-sided).
We suspect that aligning LLMs to engage in natural language conversa-
tions hinders their scientific inference abilities (Discussion).

The previous analyses involved benchmark items created by
co-authorswho are neuroscience experts (Methods). We conducted the
same analyses using test cases generated by aLLM, namely, GPT-4 (Meth-
ods), and observed similar results (Supplementary Figs. 20, 21and 23).

Performance breakdown by subfield and by participant type.
BrainBench encompasses test cases from five distinct neuroscience
domains: behavioural/cognitive, cellular/molecular, systems/circuits,
neurobiology of disease and development/plasticity/repair. Some
domains, particularly behavioural/cognitive, are overrepresented both
in BrainBench (Fig. 3B) and in the Journal of Neuroscience from which
we drew our test cases (Methods).

Onaverage, LLMs performed better than human expertsinevery
subfield (Fig. 3b), as did each individual LLM (Supplementary Fig. 5).
Most human experts were doctoral students, postdoctoral research-
ers or faculty/academic staff (Fig. 3¢). Please refer to Supplementary
Information for more detailed demographic information including
years of experience in neuroscience research about the humanexperts
and distributions of self-reported expertise by subfield (Supplemen-
taryFig.17).
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Fig.2|BrainBenchis aforward-looking benchmark for neuroscience.
BrainBench evaluates test-takers' ability to predict neuroscience results.
BrainBench’s test cases were sourced from recent Journal of Neuroscience
abstracts across five neuroscience domains: behavioural/cognitive, systems/
circuits, neurobiology of disease, cellular/molecular and developmental/
plasticity/repair. Test-takers chose between the original abstract and one altered
to substantially change the result while maintaining coherency. Human experts

and LLMs were tasked with selecting the correct (that is, original) version from
the two options. Human experts made choices and provided confidence and
expertise ratings in an online study. LLMs were scored as choosing the abstract
with the lower perplexity (that s, the text passage that was less surprising to the
model), and their confidence was proportional to the difference in perplexity
between the two options.

a
1.0
09 4 Galactica Falcon Llama 2 Mistral
% 08 i % L % I % j} %i
@©
2 }
3
< 07 /]
LK SO i 1174 I ‘i =~ — it Human
j . 1 A experts
0.6
V]
05
271678 [ 40B 7B = 7B
7 30B 71 40B (instruct) 21 7B (chat) [ 7B (instruct)
120B [ 180B [113B
[71 180B (chat) 71 13B (chat)
=1 70B

[ 70B (chat)

Fig. 3 | Performance of human experts and LLMs on BrainBench. a, LLMs
outperformed human experts on BrainBench (£(14) =25.8, P< 0.001, Cohen’s
d=9.27,95% C10.17-0.2; two-sided). Smaller models are on par with larger
models. Base versions of models outperformed chat and instruct versions
(¢(5)=5.38,P=0.002, Cohen’sd = 0.77,95% C1 0.02-0.04; two-sided), which were
tuned to be conversational with humans. The error bars represent the standard
error of the accuracy. Each model was evaluated on 200 BrainBench test cases.

In total, 171 human experts were evaluated on the same test cases over 1,011
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trials. b, The distribution of test cases across neuroscience subfields roughly
mirrors the distribution of articles in the Journal of Neuroscience with behaviour/
cognitive overrepresented. The average performance of 15 LLMs and human
expertsis shown. LLMs outperformed human expertsin every subfield (see
Supplemetary Fig. 5 for the full results). ¢, The participants were predoctoral
students (n;, = 104), doctoral students (n, = 300), postdoctoral researchers
(ny; = 255), faculty/academic staff (n;, = 256), research scientists (1, = 72) and
others (n;,; = 24). The error bars represent the standard error of the accuracy.

Do judgements from LLMs and human experts align? We considered
whether human experts and LLMs found the same benchmark items
difficult. For humans, we calculated the mean accuracy for each of
the 200 test cases. For LLMs, we calculated the signed differences in
perplexity betweenincorrect and correct abstracts for each test case.
Perplexity measures how surprising a text passage is toan LLM. Using
these measures (Supplementary Fig. 6), the mean Spearman correla-
tionbetween an LLM and human experts was 0.15(+0.03), whereas the
mean Spearman correlation between LLMs was 0.75 (+0.08).

LLMs can integrate information across context. To better understand
the basis for the remarkable performance of LLMs (see Supplemen-
tary Fig. 3 for results), we investigated whether their performance
was achieved by integrating information throughout the abstract
(including the method used) or by solely relying on the local context
in the results passages that differed between the original and altered
abstract (Fig.2)

Wereevaluated the LLMs onindividual sentences containing only
thealtered results passage (thatis, local context only). LLMs performed
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Fig. 4| Accuracy and confidence are calibrated for human experts and LLMs.
When human experts and LLMs are confident in their BrainBench judgements,
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Fig. 5| Fine-tuning a pre-trained LLM on neuroscience knowledge. Mistral-
7B-v0.1was fine-tuned using LORA on neuroscience articles from 2002 to
2022 (atotal of 1.3 billion tokens). a, The fine-tuned model improved by 3% on

PPL of correct answer

BrainBench. b, The fine-tuning process substantially shifted the perplexity
distribution of correct responses, indicative of the LLM specializing in
neuroscience.

LLM performance is not driven by data memorization. When LLMs
perform well on abenchmark, one general concernis that the bench-
mark itself was part of the training set, allowing the LLM to memorize
the correct answers. To address this concern, we used a commonly
applied measure, the zlib-perplexity ratio, for evaluating whether
LLMs have memorized passages®. This ratio gauges the difference
between a data-agnostic compression rate of text and data-specific
perplexity computed by an LLM (Methods). Passages that are hard
to compress but have low perplexity are indicative of memorization.

We found noindication that BrainBench was memorized by LLMs
(Supplementary Fig. 7). For comparison, we calculated the zlib-per-
plexity ratio for a passage that we suspected would be memorized by
LLMs, namely, the Gettysburg Address. The Gettysburg Address should
appear multiple times in an LLM’s training set, and indeed, it showed
signs of memorization (Supplementary Fig. 7). Interestingly, for some
LLMs, we know exactly what they were trained on (Supplementary
Table 2). For these models, the distribution of zlib-perplexity ratios
heavily overlapped foritems that we knew were in the training set and
foritems, including BrainBench, that we knew were notin the training
set. We suspect that the overlap may indicate that scientific articles,
which are unlikely torepeatintrainingsets, are stored in LLMs as gen-
eral patterns, similar to human schemas, supporting performance
on tasks requiring generalization (for example, BrainBench). This
hypothesis invites future study.

Asafinalcheck (Methods and Supplementary Fig. 8), we confirmed
that LLMs do not perform better onitems published earlierin 2023 (for
example, January 2023 versus October 2023), which addresses the con-
cernthatearlyitems are morelikely to have a preprint or other precur-
sor appear in the training set that affected BrainBench performance.
Likewise, an LLM trained from scratch on the published neuroscience
literature, in a manner that eliminated any possible overlap between
training dataand BrainBench, displayed superhuman performance®.
Allour checksindicated that BrainBench items were novel for the LLMs.

LLMs and human experts are calibrated

To assess whether LLMs’ predictions are calibrated, we examined how
well their confidence tracked their accuracy, a crucial characteristic for
atrustworthy prediction system. We estimated LLMs’ confidence using
the ranked absolute difference in perplexities between two abstracts
(Fig. 2 and Methods) and found that, like human experts, all LLMs
exhibited a positive correlation between accuracy and confidence.
When LLMs are confident in their decisions, they are more likely to
be correct (Fig. 4). In addition, we fitted logistic regressions between
model perplexity differences to their correctness as well as human

confidencesto their correctness on the individual level. We observed
significant positive correlations, confirming both models and humans
are calibrated (Supplementary Table 3).

Augmenting LLMs with neuroscience knowledge to create
BrainGPT

Pre-trained LLMs can provide afoundation for further trainingin neu-
roscience with the aim ofimproving performance, as assessed by Brain-
Bench. We used low-rank adaptation (LoRA)* to augment a pre-trained
LLM, Mistral-7B-v0.1, with additional neuroscience knowledge.

LoRA is a parameter-efficient fine-tuning technique that inserts
low-rank adapter matrices into LLM transformer blocks (Supplemen-
tary Fig.19) and trains only these LORA weights to update the model’s
behaviour. In our case, we fine-tuned Mistral-7B-v0.1 using over 1.3
billion tokens from neuroscience publications spanning 100 journals
between 2002 and 2022 (Methods), which significantly improved
performance by 3% on BrainBench (Fig. 5a).

LoRA tuning dramatically shifted (¢(199) =15.7,P< 0.001, Cohen’s
d=0.25,95% Cl 0.42-0.55; two-sided) the perplexity of correct
responses (Fig. 5b), which is indicative of the LLM specializing for
neuroscience material. LoRA introduced 629,145,600 new weights,
which is 8% of the total number of weights in Mistral-7B-v0.1. These
results indicate that BrainGPT models can efficiently be derived by
extending existing LLMs.

Discussion

We considered whether LLMs can forecast the outcome of neuroscience
experiments. By training on the vast scientificliterature, we hoped LLMs
could build a generative model that captured the patterns underly-
ing neuroscience. To evaluate this possibility, we constructed a new
forward-looking (Fig. 2) benchmark, BrainBench.

BrainBench assesses a test-taker’s ability to select which of two ver-
sions of a neuroscience abstract contains the actual results of the study
(Fig. 2). We found that LLMs outperform humanexperts on BrainBench
by aconsiderable margin (Fig. 3a) across all neuroscience subfields we
considered (Fig.3b). Moreover, when LLMs indicated high confidence
intheir predictions, they were more likely to be correct (Fig. 4). LLMs’
superior performance arose from their ability tointegrate information
throughout the abstract, such as text pertaining to the method and
study design. When access to such information was removed, LLM
performance drastically declined (Supplementary Fig. 3).

Wefoundnoindication that LLMs had been exposed to and memo-
rized BrainBench items during their training. Instead, our analyses sug-
gested that LLMs discovered the fundamental patterns that underlie
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neuroscience studies, which enabled LLMs to predict the outcomes of
studies that were novel to them. These conclusions were supported by
awidely employed technique® to determine text membership within
anLLMs’ training set (Supplementary Fig. 7). The Galactica'® LLMs were
particularly illuminating because we know which articles were not in
the training set versus ones that might be. Interestingly, there was no
indication of memorization in models such as Galactica for scientific
articlesthat wereinits trainingset, consistent withthe notionthat LLMs
learn broad patterns underlying scientific fields. While passages that
frequently repeat in the training set, such as the Gettysburg Address,
may be memorized (Supplementary Fig. 7), scientific articles that occur
infrequently (most likely once) in the training set appear to support
LLM'’s forward-looking predictive abilities. As afinal check, we trained
arelatively small LLM from scratch® on the published neuroscience lit-
erature (excluding preprints and BrainBench items), which eliminated
any possible overlap between training dataand BrainBench, and found
superhuman performance on BrainBench (Supplementary Fig. 2).

LLM’s impressive forward-looking capabilities suggest a future
in which LLMs help scientists make discoveries. To be effective, LLMs
need to be kept up to date with the rapidly expanding literature. We
found that LLMs could efficiently be augmented with neuroscience
knowledge using LoRA*, boosting performance on BrainBench
(Fig.5). LoRA provides away to create BrainGPT models by reorienting
general-purpose LLMs for use in neuroscience. One can easily imagine
a future in which BrainGPT is near continuously updated with new
knowledge using LoRA, along with complementary approaches such
asretrieval-augmented generation”. Retrieval-augmented generation
couldbe used to query adatabase of relevant and up-to-date scientific
articles for the task at hand.

In addition to keeping LLMs up to date, benchmarks should
routinely be refreshed and expanded to address current needs. One
challengeis that creating forward-looking benchmarks, such as Brain-
Bench, is labour intensive and requires human expertise. To address
this potential bottleneck, we created and evaluated 100 test cases
using GPT-4 through alargely automated process (Methods). Although
there is room for improvement, these items were close in quality to
the human-created ones with 8 of the 100 items being word-for-word
matches with the human-created versions. These efforts should pave
the way for the rapid creation of other forward-looking benchmarks
inneuroscience, as well asbenchmarks for other knowledge-intensive
fields. We believe high-quality forward-looking benchmarks will be
critical to developing LLMs as tools for scientific discovery.

For LLMs to serve as trustworthy and effective tools or to form
ensembles with humans®, LLMs’ outputs should include indicators of
the certainty or confidence levels associated with their predictions.
Fortunately, we found that LLMs’ confidence is well calibrated. When
LLMs were confident in their predictions, they were more likely to be
correct (Fig.4). Asecondingredient for effective teamsis being diverse or
complementary.LLMs have potential here as well, as theitems they found
difficult did not highly correlate with those human experts found diffi-
cult (SupplementaryFig. 6). These two ingredients, being well calibrated
and complementary, allow systems that combine human and machine
judgements to outperform either alone?® which holds for BrainBench?.

All our results, including those for calibrated confidence, were
possible only because we had access to LLM weights to calculate the
perplexity of passages (Fig. 2). Our approach diverged from the popu-
lar approach of prompting models for responses through natural
language (that is, chat). Prompting in natural language may yield less
reliable judgements and degrade model competency compared with
using model probability scores or training separate classifiers directly
from internal representations®~'. These observations underscore
the importance of working with models that are as open as possible,
ideally making both the weights and training set publicly available.
Accordingly, we make BrainGPT available on the Huggingface platform
(https://huggingface.co/BrainGPT).

Beyond serving as a tool for neuroscientists, BrainGPT can help
reveal the structure of the field. In particular, we can vary BrainGPT’s
training set and observe the effect on BrainBench. For example, what
is the effect of including training data fromrelated fields such as psy-
chology? In terms of supporting prediction, we can quantify how
interrelated fields are. Does it help to weight articles in the training
set by their recency, citations or impact factor? In addition to these
training manipulations, we can vary how testing is conducted. For
example, would step-by-step thinking via chain-of-thought reasoning™
benefit BrainGPT? If predictionin neuroscience is akin to a deductive
reasoning process, thenitshould. If instead, as we suspect, prediction
inneuroscienceis afunction of many noisy intertwined signals across
subfields, then chain-of-thought reasoning will not help. BrainGPT and
BrainBench can help answer these meta-science questions.

We foresee a future in which LLMs serve as forward-looking gen-
erative models of the scientific literature. LLMs can be part of larger
systems that assist researchers in determining the best experiment to
conduct next. One key step towards achieving this visionis demonstrat-
ing that LLMs can identify likely results. For this reason, BrainBench
involved a binary choice between two possible results. LLMs excelled
atthis task, which brings us closer to systems that are practically useful.
In the future, rather than simply selecting the most likely result for a
study, LLMs can generate aset of possible results and judge how likely
eachis. Scientists may interactively use these future systems to guide
the design of their experiments.

One risk is that scientists do not pursue studies when their pre-
dictions run counter to those of an LLM. In some cases, this might
be a sensible course of action, whereas in other cases the LLM might
have identified potential gaps or errors in the scientific literature. In
the latter situation, conducting the study might resultin a significant
breakthrough. Conversely, astudy result that was predicted with high
confidence by an LLM might be viewed as anincremental advance.

LLMs’ predictions areinformed by a vast scientific literature that
no human could read in their lifetime. As LLMs improve, so should
their ability to provide accurate predictions. In this contribution, we
focused onneuroscience but our aims are broader; we hope to provide
atemplate for any knowledge-intensive field. None of the approaches
we adopted is neuroscience specific. Indeed, the degree of efficacy of
our approach may depend on the underlying structure of the domain.
For instance, disciplines like mathematics, which rely heavily on logi-
cal deduction, might not benefit as much as other scientific fields that
involve pattern-based reasoning.

We hope to democratize the use of LLMs in science and increase
reproducibility by highlighting the use of relatively small models that
can be run locally and whose weights are accessible, which contrasts
with commercial products. Finally, while LLMs appear poised to sup-
plant humans at prediction, we foresee a role for human experts in
providing the accompanying scientific explanations. Predictionis very
important, but not everything.

Methods

We confirm that our research complies with all relevant ethical regu-
lations. Experimental Psychology Ethics Board (University College
London) approved the study protocol (ethics protocol EP/2017/011).
We confirm that informed consent was obtained from all human par-
ticipants. Participant compensation is not applicable to the current
study. None of our studies was pre-registered.

Dataset creation

Co-authors (Supplementary Table 5) and GPT-4 (Azure OpenAl API;
version 2023-05-15) created test cases that formed BrainBench. All test
cases were sourced from Journal of Neuroscience abstracts published
in 2023 under the Creative Commons Attribution 4.0 International
License (CC-BY). The abstracts are organized into five sections, namely,
behavioural/cognitive, systems/circuits, neurobiology of disease,
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development/plasticity/repair and cellular/molecular. In constructing
BrainBench, weincorporated atotal of 200 test cases crafted by human
experts and an additional 100 test cases generated by GPT-4 (Azure
OpenAl API; version 2023-05-15). All test cases were subjected to exten-
sive quality control by human experts and GPT-4. For the distribution
of test cases among subfields, refer to Fig. 3 for human-created cases
and Supplementary Fig. 23 for GPT-4 generated cases.

To create a test case, a published abstract was modified to cre-
ate an altered version. The altered version substantially changed
the results without changing the methods and background. Minimal
changes were made that changed the basic result. For example, the
altered abstract, compared with the original, could switch around
the role of two brain regions in the results, reverse the direction of a
result (for example, replace ‘decreases’ with ‘increases’) and so on. Any
changes maintained the coherency of the abstract, which sometimes
required multiple changes (for example, replacing multiple ‘decreases’
with ‘increases’). In other words, the altered abstracts needed to be
empirically different but not logically incoherent. Both volunteers
and GPT-4 are given instructions that follow the essential criteria
above. The exact wordings to prompt GPT-4 were slightly adjusted
to obtain good-quality test cases. We include the instructions given
to GPT-4 verbatim below.

GPT-4 test creation prompt. ‘Your taskis to modify an abstract froma
neuroscience research paper such that the changes significantly alter
the result of the study without changing the methods and background.
This way we can test the Artificial Intelligence understanding of the
abstract’s subject area.

Please read the instructions below and ensure you follow them
one by one while you are modifying the abstracts:

- The format to submit is putting double brackets around the
change with the first element being the originaland the second element
being your edit. E.g., [[original passage, modified passage]]. Always
remember to wrap your edits with the double brackets; there should
notbe any other edits outside the brackets to the original abstract. - If
you change a single word, never wrap the entire sentence inside the
double brackets. For example, ... exhibit [[enhanced LTP and deficits
inLTD, impaired LTP and enhanced LTD]]. is a wrong format, the cor-
rect formatis: .. exhibit [[enhanced, impaired]] LTP and [[deficits,
enhanced]] in LTD. - The beginning of an abstract is the background
and methods, so you should not alter those parts of the abstract. Do
not alter the first couple sentences. - We want the abstract to become
empirically wrong, but not logically incoherent. - To find the original
result of the paper, one should require some neuroscience insight,
notjust general reasoning ability. So it is critical that the changes you
make don’t evaluate the Artificial Intelligence reasoning ability, but
its knowledge of neuroscience and how the brain works. - Watch out
for making changes that alter the results, but may still have occurred
inthe authors’study. For example, an fMRIabstract onlearning might
mention the hippocampus and not the striatum. Nevertheless, the
striatum might have also been active and not reported in the abstract
because it was not the focus of the study. - The changes you make should
notbeidentifiable or decodable from the rest of the abstract. Hence, if
you make a change, make sure you change everything that can reveal
the original abstract. For example, ‘activation of neuronsin the visual
cortex [[increases, decreases]] the activity in the motor cortex. This
decreaseintheactivity of the visual cortex was followed by anincrease
in task performance.. In this case it is very clear that the correct word
is ‘decreases’ as the next sentence (‘This decrease inthe activity of the
visual cortex’) reveals that. - Be mindful of the article whenyou change
words. Forexample, if you change the word ‘decline’ to ‘enhancement’,
you must change the article as well, so the change will be [[a decline,
an enhancement]]. - Ensure that your edits maintain inter-sentence
consistency and proper syntax. The changes should not contradict or
confuse the overall meaning of the abstract. - Avoid making trivial edits

that do not require understanding of scientific concepts. The edits
shouldreflect adeep understanding of the subject matter. - Do not miss
any crucial results or findings in the abstract while making the edits.
Every significant point should be addressed in your modifications.

To generate better responses, you can use the topic of their study
and purpose of studies in those topics. This knowledge helps you to find
what modification you should do in the abstract. Topics are: - Behav-
ioral/Cognitive: To understand how the brain influences behavior,
cognition, and emotion, and to apply this understanding in diagnosing
and treating neurological and psychiatric disorders.

- Cellular/Molecular: To study are to understand the functions
and mechanisms of neurons at a cellular and molecular level, which
includesinvestigating the biology of nerve cells, their genetic makeup,
and how they form complex circuits, ultimately contributing to our
understanding of brain function, behavior, and the development of
treatments for neurological disorders.

- Neurobiology of Disease: To understand the biological basis of
various neurological and psychiatric disorders in order to develop
effective treatments and preventative measures.

-Development/Plasticity/Repair: to understand the mechanisms
of brain development, adaptation, and repair in response to injury
or disease, with the goal of developing strategies and treatments to
enhancebrainrecovery and function.

-Systems/Circuits: to understand how neural circuitsin the brain
interact and coordinate to process information, control behavior, and
support cognitive functions.

Here are two examples of the edited abstract by human experts
which can help you to understand the task:

Example1: <example_1>

Example 2: <example_2 >

These are some common mistakes you have made in the past.
So keep them in mind whilst generating your responses: - You mis-
understood/ignore the information provided at the beginning of the
abstract. - The edits you have made are not what we are aiming for,
you tweaked a portion of the studies with non-significant findings, so
there’s no significant alternation of results occurring. Make sure your
edit changesthe mainresults of the studies, not trivial changes. - Lack
of inter-sentence consistency in the prompt - You made edits as early
as the first sentence. THe first few sentence are general knowledge
and are not result of the study. So you shouldn’t make any change in
the beginning. - Most of your edits contradict the conclusion. Make
sure your changes do not contradit the conclusions or any part of the
abstract. - Youonly modified verbs the understanding of which does not
require understanding of scientific concepts & names of compounds,
which makes the editsless likely to do wrong as long as reasons logically
-Oneofyour edits contradicts all other edits. - Your edit isinconsistent
with the beginning of the sentence - You failed to change the first part
ofthe conclusion for consistency - You missed out on one change. - You
misunderstood the purpose of the study. Although in the abstract it
explicitly states the purpose of the study.

Below, you are given an abstract with its topic. Follow the instruc-
tions given to you and return the modified abstract. Remember to
use double brackets to show the changes ([[original, modified]] and
keep the rest of the abstract unchanged. Also, pay attention to all the
informationyou were given above as well as the common mistakes you
have made before.

Abstract to edit: Topic: < abstract_topic >

Abstract: <abstract_to_edit>’

Evaluations

We tested human participants and LLMs on the BrainBench dataset.
Both human experts and models were presented with two versions of
the abstract, one with the actual results and one that was altered. The
task was to determine which is which. Below, we detail how LLMs and
human participants were tested.
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Model evaluation. We tested LLMs by adapting the Eleuther Al Lan-
guage Model Evaluation Harness framework®, which evaluates LLMs
using amultiple choice setting. We presented LLMs with two versions of
the abstracts fromeachtest case separately. We prefixed each abstract
with the prompt ‘You are a neuroscientist with deep knowledge in
neuroscience. Here is an abstract from a neuroscience publication:’
and applied model-specificinstruction templates where appropriate.
We then measured the perplexity of both passages and used perplex-
ity astheindicator of whether LLMs favour one abstract or the other.

Perplexity (PPL) is one of the most common metrics for evaluating
LLMs. Perplexity measures the degree of uncertainty of amodel when
generatinga particular sequence of text. Formally, perplexity is defined
as the exponentiated average negative log-likelihood of a tokenized
sequence. If we have a tokenized abstract X= (x,, x;, ..., X;), then the
perplexity of X, given a LLM parameterized by 6, is

t
PPL(X) = exp{—% 2 logpo(xiixay)y 6))

where log pg(x;|x;)is the log-likelihood of the ith token conditioned on
the preceding tokens x_;according to the LLM. Givenboth the original

abstract X,,,;and the altered abstract X, we followed the decisionrule
Xorig’ if PPL(Xorig) < PPL(XaIt)
Xchosen = . 2)
Xaie» otherwise

and evaluated the overall accuracy over the entire BrainBench
accordingly.

Accuracy. Accuracy is the primary metric for reporting LLM perfor-
mance on BrainBench. A correct response was when the model pro-
duces a lower perplexity for the original abstract than the altered
abstract.

Confidence calibration. We used the absolute difference of perplexities
of two versions of the abstract as a measure of model confidence. To
assessthe calibration of LLMs, we compared their accuracies with their
confidencelevels.First, we ranked and sorted model confidence across
all test cases. Subsequently, we created 20 bins based on this sort.
Within each bin, we calculated the mean accuracy. A well-calibrated
model will exhibit a higher accuracy in bins associated with higher
confidence rankings. We fit a linear regression model using the bin
number as the independent variable and the mean accuracy of each
bin as the dependent variable to evaluate calibration.

Performance correlation across LLMs. We assessed the correlation in
performance among different LLMs by examining how they rank the
relative difficulty of test cases. To determine difficulty, we calculated
thedifferencein perplexity betweenincorrect and correct abstracts for
each test case. Intuitively, a large positive difference in the perplexity
betweenincorrectand correct versions of an abstract should indicate
thatthe test caseis easy fromthe LLM’s perspective. We calculated the
Spearman correlation coefficient of these difficulty measures to assess
the agreement between two LLMs.

Integration analysis. To investigate the extent to which LLMs caninte-
grate broad context from abstracts, we conducted an experiment
involving the removal of contextual information from BrainBench
test cases. Following the same evaluation procedure as previously
outlined for full abstract cases, we assessed the models using individual
sentences extracted from abstracts containing at least one result alter-
nation. In cases with multiple alternations, we computed the mean
accuracy across these alternations as the final accuracy for the abstract.
We then compared the level of performance degradation when LLMs
were evaluated on full-length abstracts versus individual sentences

where background and method information from the abstracts
was removed.

In addition, we tested models using abstracts whose results (in
terms of complete sentences) are randomly swapped from abstracts
within the same neuroscience subfield. Importantly, inthese ‘swapped’
abstracts, the number of results remained consistent with the original.
We applied the swapping to both original and altered abstracts and
reevaluated LLMs’ performance.

LLMtraining data memorization analysis. One concernregarding LLMs
outperforming human experts on BrainBench is the possibility that
LLMs were exposed to the original abstracts during their pre-training.
IfLLMs have simply memorized the training data, they would naturally
assign lower perplexity scores to the correct abstracts.

To address this concern, we employed a common method from
theliterature to determine whether a given text is part of LLM’s train-
ing data’>*. This method involves calculating the zlib entropy and the
perplexity ratio (equation (3)) of a text sequence to infer its member-
ship status:

ZLIB(X)

ratio = W()()

©)

Zlibentropy is computed using the zlib text compression algorithm*,
whichmeasures the level of uncertainty in atext when compressed. Itis
adata-agnostic way of evaluating text. On the other hand, LLM perplex-
ity depends onthe specific training data and, thus, is datadependent.
In general, if a piece of text surprises zlib but not LLM, it is probably
partof the training data.

To conduct this test, we carefully chose data sources that are either
known to be part of LLMs’ pre-training or reasonably assumed to be
excluded from it (refer to Supplementary Tables 1 and 2). We then
applied zlib compressionand LLM perplexity calculations to text sam-
ples fromthese selected sources.

In addition, we introduced the Gettysburg Address as a special
anchor point to contrast with the zlib-perplexity ratio distribution
across multiple data sources. This is because we expect the Gettys-
burg Address to exhibit a high zlib score due to its non-modern form
of English, coupled with alow perplexity, given its probably frequent
exposure during LLM pre-training.

Finally, we analysed the Spearman correlation between the publi-
cation dates of the abstracts that make up BrainBench test cases against
the test cases’ difficulties to LLMs. This was to address the concern that
earlyitems aremorelikely to have apreprint or other precursor appear
inthe training set memorized by LLMs. If there was memorization, we
would expect anegative correlation between publication date and dif*-
ficulty. We determined difficulty by using the difference in perplexity
betweenincorrect and correct abstracts for each test case.

Human evaluation. Participants. We recruited 202 neuroscience
experts via social media and an email newsletter. We excluded 31 par-
ticipants for failing to answer both catch trials correctly, not providing
confidence or expertise ratings during the entire experiment, and
self-reported cheating. The remaining 171 participants consisted of 51
doctoral students, 43 faculty/academic staff, 43 postdoctoral research-
ers, 18 predoctoral students, 12 research scientists and 4 classified as
‘other’. Participants’ mean experience in neuroscience was 10.1 years.
Participants identified as follows: 62.5% male, 34.5% female and 0.6%
gender variant/non-conforming. The mean age was 35.2 years (standard
deviation 9.4 years).

Procedure.First, participants were briefed on the experimental task and
provided theirinformed consent to proceed to the experiment. Demo-
graphic information was then collected, including gender identity,
age, country, current position and years of experience in neuroscience
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research, broadly construed. Next, participants completed a practice
trial using the same testing format as the actual test cases. This trial
was used to familiarize participants with the format of the task, with
the screen proceeding only once participants had made the correct
choice based on common sense. Following this, nine test trials and
two catch trials commenced, where participants selected one version
of each trial abstract. Out of the nine test trials, six were randomly
sampled human-created test cases and three were randomly sampled
from the pool of machine-created items. We ensured that each test
case is sampled approximately an equal number of times across all
participants. To achieve this, we maintained a global counter that keeps
track of how frequently each test case has been used. As aresult, the
next participant’s sample will always be drawn from those test cases
that have been used less frequently. Notably, the number of altera-
tions varies between test cases, but the design allowed asingle click to
automatically select between the two abstract options (Supplementary
Fig.1). Participants made one decision per test case, regardless of the
number of alternations.

Subsequently, participants were required to rate their confidence
and expertise usingslider bars. The confidence slider had arange from
‘lower’ on the left to ‘higher’ on the right, while the expertise slider
spanned from ‘not atall’ontheleft to ‘very much so’ ontheright, both
internally implementing a 1-100 scaling. In addition, participants
indicated whether they had encountered the study previously before
proceeding to the next trial. Upon completing the 11 trials, participants
were debriefed onwhich trials they got correct and were subsequently
asked to indicate whether they engaged in any form of cheating dur-
ing the study. We hosted the study entirely on the Gorilla platform®.

Exclusion criteria. For participant selection and data analysis, we apply
several exclusion criteria. First, individuals who failed to answer both
catch trials correctly were not included in the data analyses. Second,
participants who did not make adjustments to the sliders (that is,
expertise and confidence) during any of the trials were excluded. In
addition, trials where participants recognized the abstract content
were omitted from the analysis. Furthermore, trials with reaction
times less than 5 s were excluded. Lastly, participants who admitted
to using external resources or engaging in cheating behaviours, as
indicated by a checkbox in the debriefing form, were not considered
inthe final data analysis.

Performance correlation between humans and LLMs. We assessed the
agreement between humans and LLMs using asimilar approach as we
did when evaluating the correlation among LLMs. For LLMs, the pro-
cedure for determining item difficulty was identical to that described
above. For human experts, item difficulty was calculated as the mean
accuracy for that item. Finally, the Spearman correlation of these dif-
ficulty measures was calculated to assess agreement.

Fine-tuning on neuroscience corpora

The LLMs we considered had been pre-training on a diverse range
of text corpora, including Internet sources, Wikipedia, books, code
repositories and arXiv papers. While these pre-trained models are
designed to be versatile and capable of handling various tasks, our
approachfor creating BrainGPT involved enhancing base models with
domain-specific expertise, specifically in neuroscience.

To accomplish this, we employed the LoRA technique (Supple-
mentary Fig.19 and ref. 24). LoRA efficiently extends the capabilities of
general-purpose LLMs by introducing low-rank trainable parameters
(referred to as “adapters’) into the existing model. This process effec-
tively fine-tunes the model for downstream tasks without the need for
prohibitively resource-intensive training of the entire model.

Training data. We collected training data from PubMed for abstracts
and PubMed Central Open Access Subset (PMC OAS) for full-text

articles using the Entrez Programming Utilities (E-utilities) API (applica-
tion programming interface) and the pubget Python package, respec-
tively. The data span publication dates from 2002 to 2022. For science
general journals, we applied akeyword filter of ‘Neuroscience’ (see all
sourcedjournalsin Supplementary Table 4).

Our dataextraction effortsyielded 332,807 abstracts and 123,085
full-text articles, totalling 1.3 billion tokens. We excluded figures and
tables and randomly allocated 90% of the data for training, reserving
the remaining 10% for validation.

Training details. We fine-tuned Mistral-7B-v0.1? using weights availa-
ble onHuggingface (https://huggingface.co/mistralai/Mistral-7B-v0.1).
We used abatchsize of1and achunk size of 2,048. Training involved the
use of the AdamW optimizer** with alearning rate of 2 x 10 and gradi-
entaccumulation steps setat 8. Two training epochs were performed,
alongwithawarm-up step of 0.03 and aweight decay rate of 0.001. The
learning rate was controlled using a cosine learning rate scheduler.
LoRA adapters, characterized by a rank of 256, an alpha value of 512
and a dropout rate of 0.1, were applied after all self-attention blocks
and fully connected layers. This results in total 629,145,600 trainable
parameters, roughly 8% of the entire parameters of the base model. To
optimize training performance, bf16 mixed precision training and data
parallelism were employed. We used four NvidiaA100 (80 GB) graphics
processing units hosted on the Microsoft Azure platform. An epoch of
training takes roughly 65 graphics processing unit hours.

Evaluation. We tested the fine-tuned model on BrainBench using the
same procedure as before. To verify the significance of performance
improvement, we performed a paired ¢-test withrespect to the perplex-
ity of the correct options before and after fine-tuning.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Human participant data, and intermediate data generated viasimula-
tions and analyses, are publicly available via GitHub at https://github.
com/braingpt-lovelab/BrainBench. Model weights and training data
areavailableat https://huggingface.co/BrainGPT. Model training data
are sourced from PubMed and PubMed Central Open Access Subset
(PMC OAS) using the Entrez Programming Utilities (E-utilities) APland
the pubget Python package, respectively.

Code availability

Allcomputer code associated with this work including model training,
evaluation, data processing and analyses are publicly available via
GitHub at https://github.com/braingpt-lovelab/BrainBench.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

/a | Confirmed

>

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] A description of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Human experts data was collected online using the Gorilla platform (Build-2023-12-04). Data produced by GPT-4 was created via Azure
OpenAl API; version 2023-05-15.

Data analysis Software packages used for data analysis:

# Name Version Build Channel
accelerate 0.24.1 pypi_0 pypi
bitsandbytes 0.37.0 pypi_0 pypi
cudatoolkit 11.3.1 h2bc3f7f 2
datasets 2.15.0 pypi_0 pypi
deepspeed 0.12.6 pypi_0 pypi
matplotlib 3.7.0 pypi_0  pypi
nltk 3.8.1 pypi_O  pypi
numpy 1.24.3 py39hf6e8229 1
openai 1.3.5 pypi_0 pypi
pandas 2.0.1 pypi_0 pypi
peft 0.3.0 pypi_O  pypi
pubget 0.0.8 pypi_0 pypi
python 3.9.16 h7alcb2a_2
scikit-learn 1.2.2 pypi_0 pypi
scipy 1.10.1 pypi_O pypi

seaborn 0.13.1 pypi_0 pypi




torch 2.0.1 pypi_0 pypi

transformers 4.36.0 pypi_0 pypi
wandb 0.15.2 pypi_0 pypi
xformers 0.0.22 pypi_0 pypi

Algorithms (LLMs) used:
Galactica-6.7B
Galactica-30B
Galactica-120B
Falcon-40B
Falcon-40B (instruct)
Falcon-1808B
Falcon-180B (chat)
Llama-2-78
Llama-2-7B (chat)
Llama-2-13B
Llama-2-13B (chat)
Llama-2-708B
Llama-2-708B (chat)
Mistral-7B

Mistral-7B (instruct)
GPT2-124M
GPT2-335M
GPT2-774M
Phi3-3.8B-4K (instruct)
TinyLlama-1.1B-v1.1
TinyLlama-1.1B-Chat-v1.0

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Human participant data, and intermediate data generated via simulations and analyses are publicly available at https://github.com/braingpt-lovelab/BrainBench
Model weights and training data are available at https://huggingface.co/BrainGPT

Raw training data are sourced from PubMed and PubMed Central Open Access Subset (PMC OAS) using the Entrez Programming Utilities (E-utilities) API (https://
www.ncbhi.nlm.nih.gov/books/NBK25497/) and the pubget Python package (https://pypi.org/project/pubget/), respectively.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Data on sex or gender was not relevant for the purpose of the current study which focuses on participants' expertise in
Neuroscience.

Reporting on race, ethnicity, or = No such data was collected in the study
other socially relevant

groupings

Population characteristics Participant population includes 171 participants consisted of 51 doctoral students, 43 faculty/academic staff, 43 post-
doctoral researchers, 18 predoctoral students, 12 research scientists, and 4 classified as “other”. Participants’ mean
experience in Neuroscience was 10.1 years

Recruitment We recruited 202 neuroscience experts via social media and an email newsletter. We excluded 31 participants for failing to
answer both catch trials correctly, not providing confidence or expertise ratings during the entire experiment, and self-
reported cheating. To our knowledge, there were no sources of self-selection bias that would be likely to impact the
study findings as a result of this recruitment procedure.

Ethics oversight Experimental Psychology Ethics Board, UCL

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description The data consist of numerical responses to test items from the BrainBench dataset. Data reported in the manuscript are quantitative
numeric scores assigned to each test item. The design follows a between-samples comparison of Large Language Models (LLMs)
against human experts.
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Research sample LLMs: Galactica-6.7B, Galactica-30B, Galactica-120B, Falcon-40B, Falcon-40B (instruct), Falcon-180B, Falcon-180B (chat), Llama-2-78,
Llama-2-7B (chat), Llama-2-13B, Llama-2-13B (chat), Llama-2-70B, Llama-2-70B (chat), Mistral-7B, Mistral-7B (instruct), GPT2-124M,
GPT2-335M, GPT2-774M, Phi3-3.8B-4K (instruct), TinyLlama-1.1B-v1.1, TinyLlama-1.1B-Chat-v1.0. We chose a wide range of models
of varying sizes and trained by different organizations developed at different times on diverse data. Human experts: 171 participants
consisted of 51 doctoral students, 43 faculty/academic staff, 43 post-doctoral researchers, 18 predoctoral students, 12 research
scientists, and 4 classified as “other”. Participants’ mean experience in Neuroscience was 10.1 years. We did not specify particular
demographics because the main comparison of interest was human experts vs. LLM performance on predicting Neuroscience results
and we had no reason to build a priori hypotheses about demographics. Recruitment was not restricted to any country. We opted for
the most diverse yet representative and compute-affordable models and recruited as many qualified neuroscientists as possible
given the resources available to us at the time of the study.

Sampling strategy LLMs: sampled most representative models across sizes, development time and training data. Human experts: convenience sampling
subject to pre-established exclusion criteria through the Prolific platform.

Data collection First, participants were briefed on the experimental task and provided their informed consent to proceed to the experiment.
Demographic information was then collected, including gender identity, age, country, current position, and years of experience in
Neuroscience research, broadly construed. Next, participants completed a practice trial using the same testing format as the actual
test cases. This trial was used to familiarize participants with the format of the task with the screen proceeding only once participants
had made the correct choice based on common sense. Following this, 9 test trials and 2 catch trials commenced, where participants
selected one version of each trial abstract. Out of the 9 test trials, 6 were randomly sampled human-created test cases and 3 were
randomly sampled from the pool of machine-created items. We ensured that each test case is sampled approximately an equal
number of times across all participants. To achieve this, we maintained a global counter that keeps track of how frequently each test
case has been used. As a result, the next participant's sample will always be drawn from those test cases that have been used less
frequently. Notably, the number of alterations varies between test cases, but the design allowed a single click to automatically select
between the two abstract options. Participants made one decision per test case, regardless of the number of alternations.

Subsequently, participants were required to rate their confidence and expertise using slider bars. The confidence slider had a range
from “lower" on the left to ““higher" on the right, while the expertise slider spanned from “not at all” on the left to “very much so”
on the right, both internally implementing a 1-100 scaling. Additionally, participants indicated whether they had encountered the
study previously before proceeding to the next trial. Upon completing the 11 trials, participants were debriefed on which trials they
got correct and were subsequently asked to indicate whether they engaged in any form of cheating during the study. We hosted the
study entirely on the Gorilla platform.

Timing 11/12/2023 - 22/12/2023

Data exclusions We apply several pre-established exclusion criteria. First, individuals who failed to answer both catch trials correctly were not
included in the data analyses. Second, participants who did not make adjustments to the sliders (i.e., expertise and confidence)
during any of the trials were excluded. Additionally, trials where participants recognized the abstract content were omitted from the
analysis. Furthermore, trials with reaction times less than 5 seconds were excluded. Lastly, participants who admitted to using
external resources or engaging in cheating behaviors, as indicated by a checkbox in the debriefing form, were not considered in the
final data analysis. Exactly 31 participants were excluded.

Non-participation 795 people did not finish the entire test suite.

Randomization Participants were not assigned to experimental groups. They were presented randomly with BrainBench test cases on the Gorilla
platform as detailed in Data collection.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied-
Authentication Describe-any-atithentication-proceduresfor-each-seed-stock-tsed-ornovel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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