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questions
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Search engines (SEs) have traditionally been primary tools for information seeking, but the new large
language models (LLMs) are emerging as powerful alternatives, particularly for question-answering
tasks. This study compares the performance of four popular SEs, seven LLMs, and retrieval-
augmented (RAG) variants in answering 150 health-related questions from the TREC Health
Misinformation (HM) Track. Results reveal SEs correctly answer 50–70%of questions, often hindered
by many retrieval results not responding to the health question. LLMs deliver higher accuracy,
correctly answering about 80% of questions, though their performance is sensitive to input prompts.
RAGmethods significantly enhance smaller LLMs’effectiveness, improving accuracybyup to 30%by
integrating retrieval evidence.

Recent progress in natural language processing (NLP) has positioned
Large LanguageModels asmajor players in numerous InformationAccess
tasks 1–3. The release of ChatGPT in November 2022 has been a game-
changer globally, marking a significant milestone and revolutionizing
many sectors. One of the outstanding features of current LLMs is their
ability to generate coherent and human-like text, which has garnered
attention and excitement among practitioners, researchers, and the gen-
eral public. This breakthrough has precipitated a transformative shift in
the orientation of information access research towards LLMs, their
potential applications, and the interconnection between LLMs and other
computer-based tools. The conversational paradigm has gained traction,
enabling more interactive and user-friendly search experiences4–7; and
many citizens currently turn to conversational AIs based on LLMs for
consulting multiple types of information needs. However, traditional
search still plays a crucial role in the generative AI era8. While LLMs may
support advanced information access and reasoning capabilities, there is
still a need to advance retrieval technologies. The role of traditional web
search engines in answering user-submitted queries is far from being
relegated.Web search is widely used to obtain health advice9 and effective
medical information retrieval has attracted the attention of the scientific
community over the years10. For example, Wang et al. evaluated several
search engines in terms of their usability and effectiveness for searching
for breast cancer information11. They found that the results highly over-
lapped among the four search engines tested, all of them providing rich
information about breast cancer. Zuccon and colleagues12 studied the
effectiveness of search engines for the so-called “diagnostic medical cir-
cumlocutory queries”, which are searches issued by individuals seeking

information about their health using casual descriptions of symptoms
rather than medical words.

The emergence and global adoption of advanced LLMs have sparked
the urgent need to explore and understand their capacities and knowledge
acquisition attributes. Some research studieshave focusedon the capabilities
of these models under specific language understanding and reasoning
benchmarks 13–15 and, specifically, interest in assessing the correctness of
health-relatedAI-based completions has escalated. For example, Chervenak
et al. demonstrated ChatGPT’s abilities to answer fertility questions16, and
Duong and Solomon17 evaluated the effectiveness of LLMs in comparison to
humans when tasked with answering multiple-choice questions on human
genetics. Similarly, Holmes et al.18 conducted a comparative study of LLMs’
knowledge on the highly specialized subject of radiation oncology physics.
Recently, Elgedawy and colleagues tested the capacity of LLMs to query an
extensive volume of clinical records 19 and Kim et al. assessed ChatGPT’s
accuracy in answering 57 epilepsy-related questions20. Kim and others 21

examined the diagnostic accuracy of GPT-4 compared to mental health
professionals and other clinicians employing clinical vignettes of obsessive-
compulsive disorder (OCD). In other papers, the authors reported studies
on the role of LLMs for biomedical tasks22, patient-specific EHRquestions23,
and bariatric surgery topics24. Tang et al.25 evaluated LLMs’ ability to per-
form zero-shot medical summarization across six clinical domains. With a
broader perspective, other authors involved physicians in a thorough eva-
luation of the accuracy of ChatGPT in answering health queries26 or eval-
uated ChatGPT using the applied knowledge test (AKT) from the Royal
College of General Practitioners27. All of the aforementioned studies are
restricted to a single model, usually ChatGPT, and/or to a specific medical

Centro Singular de Investigación en Tecnoloxías Intelixentes (CiTIUS), Universidade de Santiago de Compostela, Santiago de Compostela, Galicia, Spain.
e-mail: marcosfernandez.pichel@usc.es

npj Digital Medicine |           (2025) 8:153 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-01546-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-01546-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-01546-w&domain=pdf
mailto:marcosfernandez.pichel@usc.es
www.nature.com/npjdigitalmed


area. Kusa et al.28 analyzed the impact of users’ beliefs and prompt for-
mulations on completions related to health diagnoses. The study explored
the sensitivity of two GPT models to variations in the user’s context.
Caramancion29 explored users’ preferences between search engines and
LLMs. This analysis revealed interesting trends in user preferences, indi-
cating a distinct tendency for participants to choose search engines for
straightforward, fact-based questions. In contrast, LLMs were more fre-
quently favored for tasks needing detailed comprehension and language
processing. The results clearly showed that users prefer to search formedical
information using traditional search engines. Oeding and colleagues30

comparedGPT-4’s andGoogle’s results for searches concerning the Latarjet
procedure (anterior shoulder instability). These authors discovered that
GPT-4 providedmore information based on academic sources thanGoogle
in response to the patient’s queries.

In the area of retrieval-augmented models for the health domain, Li
et al.31 fine-tuned Llama with medical conversations and injected medical
evidence from Wikipedia and other medical sources, while Koopman and
Zuccon32 evaluated ChatGPT’s capacity to answer health questions (based
solely on its internal knowledge or, alternatively, fed with offline retrieval
evidence). Xiong et al.33 proposedMedRAG, a system that indexes multiple
medical corpora and retrieves relevant evidence to ground different LLMs.
This study found that simpler models can reach the performance of GPT-4
when grounded with relevant medical information.

In line with these developments, it is crucial to acknowledge the sig-
nificance of accurate health information and there is a pressing need to
evaluate the abilities of classic and new information access tools in
answering medical questions. There is a lack of comprehensive studies that
compare the effectiveness of LLMswith that of traditional SEs in the context
of health information seeking. Furthermore, given that the input prompt
significantly influences the efficacy of LLMs13,34,35, understanding models’
effectiveness with different types of prompts is of utmost importance. It is
also crucial to explore the effect of combining both classes of tools and, for
example, explore the behavior of LLMs when prompted with medical
questions together with related search results. This paper aims to contribute
towards filling these gaps by conducting a thorough study aimed at
responding to the following research questions:
• RQ1. To what extent do search engines retrieve results that help to

answer medical questions? Does the correctness of the information
provided drop as we go down the search engine result page?

• RQ2. Are LLMs reliable in providing accurate medical answers? How
do different models compare regarding their effectiveness in
responding to medical questions?

• RQ3. Does the given context influence the capabilities of LLMs in
providing correct answers? Is there an observable improvement in
these models when they are exposed to a few in-context examples?

• RQ4.DoLLMs improve their performancewhen fedwithweb retrieval
results?

Our comparison of SEs included experimentswithGoogle, Bing, Yahoo!,
and DuckDuckGo. We found that Bing seems to be the most solid choice.
However, it is not significantly better than the others. Our evaluation also
suggests that extracting the answers from the top-ranked webpage often
produces good results. This is good news, as web users are known to be
reluctant to inspect many items from the search engine result pages (SERPs).
Moreover, LLMs show an overall good performance, but they are still very
sensitive to the input prompt, and, in some instances, they provide highly
inaccurate responses. Finally, augmentingLLMswith retrieval results fromSEs
looks promising and, according to our experiments, even the smallest LLMs
can achieve top-tier performance when provided with suitable retrieval evi-
dence. These findings significantly contribute to our understanding of health
information seeking using the new LLMs and traditional search engines.

Results
In this section, we report the effectiveness of different search engines in
providing correct responses to binary health questions and analyzewebuser

experience following two usermodels (see “Methods”).We also evaluate the
performance of LLMs when prompted with the same health questions
(under zero- and few-shot settings), propose a taxonomy of errors made by
LLMs, and present results for retrieval-augmented strategies.

Search engines
Figure 1 shows the results for three different collections of questions. From
these plots,weobserveno significant drop inperformance aswemovedown
the rankings, which speaks well of the SEs’ retrieval capabilities. With
respect to different engines, Bing seems a solid choice in all datasets.
However, we ran pairwise comparisons between SEs (Mann–Whitney U-
test, α = 0.05), for the cutoff positions 1 and 20 (i.e., statistical differences
between their P@1 or their P@20 values), and found no significant differ-
ences between any pair of engines. This suggests that the SEs have similar
performance and, according to our experiments, we cannot declare a clear
winner. By comparing the plots for the three collections,we can observe that
the 2022 topics produced the best results. A possible explanation for this
outcome is that the 2022 collection contains fewer specialized health
questions, and it might be easier to retrieve correct answers from the web.

We also wanted to analyze the extent to which retrieval results provide
an actual answer to the health questions. Ranked lists contain off-topic
results and, additionally, many on-topic pages do not provide a clear
response to theuser’s request. For eachof the50healthquestions available in
each collection, we processed its top retrieved results to identify whether
they answered the health question. This identification was automatic,
supported by passage extraction and reading comprehension technology
(see “Methods”). For example, for Google’s rankings and n = 1, we com-
puted the number of entries that actually provided a response to the health
query. The same count was obtained for each position (up to rank #20) and,
finally, a global answering score was obtained by averaging the number of
questions thatwere actually answered at each position. These scores, plotted
in Fig. 2, are much lower than the number of questions in these collections
(50), reflecting that many retrieval results do not provide a clear yes/no
recommendation to the health question. According to this experiment, Bing
is the engine whose rankings provided more answers for 2020 questions
(around 30 questions answered) and, from Fig. 1a we infer that Bing’s
responses tend to be slightly better than those provided by the three other
SEs. For 2021, Google and DuckDuckgo supplied responses to more
questions but at the cost of providing more incorrect responses throughout
the ranking (Fig. 1b). Finally, for 2022 questions, Google provided many
responses and, according to Fig. 1c, it was not inferior to the other SEs. Note
also that, on average, between 15 and 20questions did not receive a response
at any given ranked position. This suggests that restricting the analysis to a
few top-ranked web pages, which is the common behavior of end users,
often results in a failure to meet these health information needs.

The precision of the SEs is low (60–70%), but the good news is that this
is because many ranked results did not provide an answer. In fact, if we do
not count the entries that do not provide a response as failures, then pre-
cision rises to 80–90% for all search engines.Althoughhigh, these values still
reflect aworrying percentage of 10–15%of incorrect responses in the search
engine results pages.

Let us now evaluate the search results using two user behavior models:
(i) lazy, modeling a user who stops inspecting results when presented with
the first entry that gives a yes/no response to his question, and (ii) diligent,
modeling a user who only stops after contrasting three responses (taking a
majority vote decision, see “Methods”). In Fig. 3, we report the percentage of
correct decisions, incorrect decisions, and no decisions for the three col-
lections. Note that in a few instances, the user exhausted the ranked list and
found no response (gray area in Fig. 3). These cases aremore frequent in the
diligent user scenario because this model needs three answers to make an
informed decision. We also report in Table 1 the effort required to make a
decision, measured as the mean number of results a user needs to inspect
before reaching the stopping criterion.

Observe that the lazy behavior produces similar or even better results,
requiring less effort, compared with those achieved by diligent behavior.
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Indeed, the additional effort spent by the diligent user doesnot translate into
a lower percentage of incorrect decisions. This may sound surprising, but it
somehow reinforces the confidence in the search engine's top result (the top
answer suffices). In fact, our results suggest that the diligent user, who goes
deeper in the ranking to find additional responses, would make poorer
health-related decisions.

Large language models
Next, we evaluate the performance of LLMs for our binary question-
answering task under zero- and few-shot settings. We also propose a tax-
onomy for the errors that these models tend to produce and perform an
error analysis based on this taxonomy. Finally, the results for retrieval-
augmented strategies are presented.

Figure 4 plots the 0-shot accuracy for sevenLLMs and three prompting
strategies ("no context”, “non-expert” and “expert”, see “Methods”). All
models show remarkable performance for the TREC HM 2020 collection,
with the exception of FlanT5. In this collection, Llama3, MedLlama3, and
text-davinci-003 stand out from the rest of the LLMs. For the 2021 ques-
tions, the accuracy generally drops, but the same models dominate, with
special mention to MedLlama3. Regarding the TREC HM 2022 data,
ChatGPT and GPT-4 stand out. Additionally, there are variances in

Fig. 1 | Precision@n obtained from the different search engines. Each data point
on the graphs represents the precision at the n-th position of the ranking (Pre-
cision@n) averaged over all queries in each collection. For example, the fourth point
in each line (position = 4) represents the average ratio of correct responses obtained

after inspecting the top 4 results (P@4). Each line represents one search engine (Bing
is the blue line; Duckduckgo, is the green line; Google, is the red line; and Yahoo, is
the light blue line). a Plots results for the TREC HM 2020 collection. b Plots results
for the TRECHM 2021 collection. c Plots results for the TRECHM 2022 collection.

Fig. 2 | Search Engine Answering Scores. An average number of health questions
(out of 50)were answered at the top 20. Each engine is represented by an increasingly
darker blue bar in the following order: Google, Bing, Yahoo, and Duckduckgo.
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performance linked to the use of different prompts. In general, the “expert”
context is the most effective, and it seems to be guiding the model toward
more reputed knowledge sources.

Themodels generally show relative stability, but their performance still
varies based on the inputs provided. For example, FlanT5 and text-davinci-
002 are highly sensitive to the type of prompt. This raises concerns, as a
model’s accuracy can drop from 90% to 75%or even lower numbers.While
the overall performance levels are high, these inconsistencies are troubling.
Even when using the most reliable prompt ("expert”), there are still con-
cerning situations. For instance,GPT-4’s accuracy drops to 68%on the 2021
dataset.

The difficulty levels of the three datasets vary. The 2020 health ques-
tions (centered onCOVID-19) seem easier for the large languagemodels. A

possible reason could be the significant relevance of COVID-19 as a topic,
potentially encouraging specialized data curation processes.

We ranMcNemar’s test to ascertain the statistical significance of the
pairwise performance disparities between the leading models. The
comparison between GPT-4 and ChatGPT showed no significant dif-
ference in 7 out of 9 cases (3 datasets × 3 prompts). The comparison
between Llama3 or its fine-tuned version, MedLlama3, and ChatGPT
revealed no significant difference in almost all cases. However, when
compared against GPT-4, both Llama3 and MedLlama3 were sig-
nificantly better for the 2021 collection. Additionally, MedLlama3 was
statistically better than Llama3 when no context was provided. On the
other hand, the statistical tests confirmed that GPT-4 dominated
Llama3/MedLlama3 in the 2022 collection.

The pairwise comparisons of ChatGPT vs d-003, Llama3 vs d-003,
MedLlama3 vs d-003, and GPT-4 vs d-003 produced a higher frequency of
statistically significant outcomes, but still, a majority of compared cases
resulted in no significant differences.

Comparing the 0-shot results achieved by LLMs (Fig. 4) with those
achieved by SEs (Fig. 1), we can observe that, in general, LLMs produce
higher performance. Even the user behavior evaluation (Fig. 3), which
simulates users skipping non-answers from SE results, yields effectiveness
statistics that are inferior to those obtainedwithLLMs.This suggests that the
huge amounts of training data of the LLMs and their advanced reasoning
capabilities are key advantages compared to the extractionof responses from
a few top-ranked search results.

To examine the impact of in-context examples on LLMs, we made
additional tests with the health questions of TRECHM 2022. We sent each
health question to themodels preceded by one to three examples taken from
TREC HM 2021. To this end, we selected three random pairs from the
TREC HM 2021 dataset to serve as in-context examples and investigated
their influence. Previous studies have indicated that a small set of in-context
examples suffices for instructing the LLMs35.

Table 2 reports the accuracy when providing a varying number of
in-context examples (from 1 to 3). The impact of in-context examples
varies significantly across different models. Specifically, FlanT5 and the
two versions of GPT-3 (d-002 and d-003) showed a clearly positive
effect with in-context examples. For these three models, the inclusion of
in-context cases resulted in statistically significant improvements.
Conversely, the models that performed best in the zero-shot experi-
ments did not experience any noticeable benefit from adding in-context
examples. Regarding the type of prompts, the weakest prompts (“non
expert” and “no context”) gained the most from in-context learning.
Furthermore, these experiments suggest that using one example is good
enough (adding more than one does not consistently improve
performance).

In order to gain a deeper understanding of the performance of the
LLMs, we scrutinized the instances inwhich allmodels were unsuccessful in
delivering a correct response. This analysis aimed to clarify the reasons for
such low effectiveness. Specifically, we sent these “low-performance ques-
tions” again to the models, but this time, we did not set a limit to the token
output. In this way, we could manually analyze the explanations provided
and try to understand the reasoning behind the models. This examination
was conducted with the most effective prompt (“expert” variant) and with

Fig. 3 | Lazy and Diligent user models. Percentages of correct, incorrect, and no
decision for the different datasets, search engines, and user models. Each panel is
divided into two parts: the left side for lazy user behavior and the right side for
diligent user behavior. Each bar presents the percentage of correct (green stacked
bar), incorrect (red stacked bar), and no decision (gray stacked bar) for the corre-
sponding user behavior. a Plots results for the TREC HM 2020 collection. b Plots
results for the TREC HM 2021 collection. c Plots results for the TREC HM 2022
collection.

Table 1 | Effort required to make a decision by each user
behavior model

TREC HM 2020 TREC HM 2021 TREC HM 2022

Lazy Diligent Lazy Diligent Lazy Diligent

Google 1.7 5.2 1.7 5.2 2 4.9

Bing 1.8 5.4 1.5 4.3 1.6 4.6

Yahoo 1.6 5.5 1.6 5.2 1.7 4.4

Duckduckgo 1.7 5.1 1.4 4.9 1.7 4.6

The effort is measured as the mean number of results inspected.
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the “no context” variant, which arguably mirrors the type of interaction
done by a lay user.

In the TRECHM2020 collection, 4% of the questions had an incorrect
answer produced by all models using both prompts. The TREC HM 2021
collection had 2% of the questions assigned with wrong answers by all
models for the “no context” prompt and 6% for the “expert” prompt.
Meanwhile, 2% of the questions from the TREC HM 2022 collection made
that all LLMs failed for the “no context” prompt (and 4% for the “expert”
prompt). These figures confirm that, regardless of the LLM, some questions
pose serious difficulties to the models.

After manually reviewing the models’ completions, we were able to
categorize the errors into a taxonomy that embodies the most frequent
mistakes in health guidance, namely:
• Incorrect understanding of prevailing medical consensus: sometimes,

the models provided responses that directly contradict the medical
consensus. For example,GPT-4answered “Someresearch suggests that
it may help in reducing symptoms associated with eczema...” in
response to “Caneveningprimroseoil help treat eczema?”. This answer
clearly contradicts clinical evidence (see e.g., NIH does not support the
use of evening pimrose oil to treat eczema).

• Misinterpretation of the question: in this class of errors, the LLMs
misunderstood the question. For instance, in response to “Can bleach
prevent COVID-19?” the models produced completions such as “No,
bleach shouldnot be ingested...”.However, the correct interpretationof
this inquiry is that the application of bleach for surface sterilization can
indeed inhibit COVID-19. It is hardly conceivable that a humanwould
interpret the question in the same fashion as the LLM.

• Ambiguous answer: this category includes responseswheremodels did
not generate a clear answer. These responses cannot be considered
correct, but the LLM’s output could arguably be of value. For example,
in reference to the potential effects of ankle braces to help heal an ankle
fracture the model says “No, ankle braces alone do not heal an ankle
fracture. They can, however, provide support, stability, and aid in
managing pain during the healing process....”.

Figure 5 reports the percentage of each class of error for the different
input conditions. The predominant category of error is the lack of knowl-
edge about medical consensus. This is worrying because this is the most
harmful type of mistake. Note also that the “expert” prompt had a few
questions misinterpreted and a few questions whose answers contradicted

Fig. 4 | Zero-shot experiments. For each LLM, the bars represent the accuracy for the three prompting strategies: “no context” (light blue bar), “non-expert” (blue bar), and
“expert” (navy blue bar). a Plots results for the TRECHM2020 collection. b Plots results for the TRECHM2021 collection. c Plots results for the TRECHM2022 collection.
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the medical consensus, but at the cost of providing more ambiguous
answers. In future work, we would like to involve clinicians in reviewing the
models’ outputs and evaluating different dimensions, such as under-
standability or degree of correctness.

To further understand the relative merits of LLMs and SEs, we now
analyze the behavior of the SEs with these difficult health questions. To that
end, we calculated the average P@10 across all search engines for all ques-
tions and the average P@10 across all search engines for the difficult
questions. The comparison of these two averages helps to understand

whether ornot theSEs also strugglewith these topics:TRECHM2020 topics
(P@10 all: 0.53 vs P@10 difficult: 0.06), TREC HM 2021 topics (P@10 all:
0.50 vs P@10difficult: 0.23), TRECHM2022 topics (P@10 all: 0.60 vs P@10
difficult: 0.04). These figures suggest that the problem is not so much with
LLMs as with the questions themselves, as search engines also return
incorrect information in the top results for these difficult questions.

Retrieval-augmented large language models
A stimulating line of research consists of combining the potential of LLMs
and SEs. Exploring the effect of including extracts from SE results in the
LLMs’ instructions is interesting. To reduce the monetary cost and com-
putational load of these retrieval-augmented experiments, we decided to
extract the passages from a single engine (Google). The same passages from
Google were fed to five LLMs: text-davinci-002, ChatGPT, GPT-4, Llama3,
and MedLlama3 under two prompting strategies ("no context” and
“expert”).

Figure 6 depicts the results of augmenting LLMs with each of the
passages from Google’s top 5 for the “no context” prompting strategy. For
the 2020 questions, the LLMs do not seem to require these additional
passages and, actually, four of the LLMs got worse results when presented
with additional evidence. For the two other datasets, the LLMs seem to
improve their performance with textual evidence from the search engine. It
must be noticed that in some cases (e.g., 2022), the provided passages make
that the least sophisticatedmodel, text-davinci-002, becomes comparable or
even superior to more recent models, such as GPT-4 and reaches the per-
formance of fine-tuned models in medical data. We perceive this as an
important outcome of our study since it demonstrates that lighter models
can achieve state-of-the-art performance when provided with additional
evidence. In some cases, we can see a trend where the most sophisticated
models only improve when provided with the first result. For example, this
happened for MedLlama3 augmented with the top passage in the 2021
collection. We estimated statistical significance using McNemar’s tests to
compare the augmented versions of each LLM and its non-augmented
counterpart. For the “no context” prompting strategy, two comparisons
yielded significant differences (MedLlama3 no RA vs MedLlama3 + top 2

Table 2 | Few-shot experiments (with up to three in-context examples)

prompt d002 d003

0-shot 1-shot 2-shot 3-shot 0-shot 1-shot 2-shot 3-shot

No-context 0.76 0.7 0.78 0.78 0.76 0.86 0.86 0.86

Non-expert 0.48 0.64 0.74 0.76 0.72 0.82 0.82 0.82

Expert 0.68 0.74* 0.76* 0.78* 0.72 0.82* 0.84* 0.84*

prompt FT5 ChatGPT

0-shot 1-shot 2-shot 3-shot 0-shot 1-shot 2-shot 3-shot

No-context 0.56 0.66 0.64 0.7 0.76 0.82 0.88 0.84

Non-expert 0.54 0.68* 0.66* 0.64 0.8 0.8 0.88 0.86

Expert 0.74 0.68* 0.72 0.72 0.9 0.84 0.88 0.88

prompt Llama3 GPT-4

0-shot 1-shot 2-shot 3-shot 0-shot 1-shot 2-shot 3-shot

No-context 0.82 0.86 0.84 0.8 0.86 0.84 0.86 0.86

Non-expert 0.8 0.76 0.8 0.8 0.86 0.86 0.88 0.88

Expert 0.8 0.76 0.82 0.78 0.88 0.88 0.92 0.9

prompt MedLlama3

0-shot 1-shot 2-shot 3-shot

No-context 0.78 0.8 0.76 0.76

Non-expert 0.76 0.78 0.78 0.82

Expert 0.8 0.82 0.8 0.8

Accuracy of eachmodel and prompt. For each row, if a few-shot instance outperforms the 0-shot case then the few-shot case is bolded, and the symbol “*”marks those instanceswhere the improvement
was deemed as statistically significant (McNemar’s test, α = 0.05).

Fig. 5 | Most common errors made by the LLMs. Percentage of different types of
errors over the total number of errors made by the “no context” (navy blue bar) and
“expert” prompting (blue bar) strategies.
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result -TREC HM 2022-, and ChatGPT no RA vs ChatGPT+ top 1 result
-TREC HM 2021-). The rest of pairwise comparisons did not yield a sig-
nificant outcome. This might be attributed to the relatively small size of the
sample (number of queries in each collection).

On theotherhand, Fig. 7 shows thebehavior of the retrieval augmented
language models with the “expert” prompt. Tendencies remain similar, but
we can highlight a larger increase in performance for text-davinci-002 in the
2021 collection. Its performance grows from 0.36 up to values above 0.70
with retrieval augmentation. Again, we ran statistical tests and some com-
parisons declared statistical significance (ChatGPT no RA vs ChatGPT+
top 5 result -TREC HM 2021-, GPT-4 no RA vs GPT-4+ top 1 result
-TREC HM 2021-, Llama3 no RA vs Llama3+ top 2 result -TREC HM
2022-, Llama3 no RA vs Llama3+ top 3 result -TREC HM 2022-, and
MedLlama3 no RA vs MedLlama3+ top 5 result -TREC HM 2022-). We
canconclude that there seems tobe somepositive signal fromprompting the
LLMs with SEs results, but the results are still inconclusive.

We also evaluated the influence of augmenting withmultiple passages.
To that end, we ran experiments where the top 3 passages (extracted from
Google’s top 3 results) were concatenated and fed to the LLM as a single
input. The results of this experiment were not very conclusive about the
effect of injecting multiple passages. To further understand how the cor-
rectness of the injected passages influences the accuracy of the LLMs’
responses, we also analyzed the quality of the responses with varying
numbers of correct passages in the input.More specifically, for each passage
obtained from Google, we extracted the answer (if any) that the passage
gives to the question (using, again, theGPT3-based reading comprehension
module, see “Methods”). By contrasting these answerswith the ground truth
response of the health question, we can compute how many passages
actually provide the LLM with a correct response. Since we injected three
passages, we have four possible situations (0 correct passages out of 3, 1
correct passage out of 3, and so forth). Figure 8 plots the results of this
analysis (for the sake of simplicity, we only ran this analysis for the expert

Fig. 6 | Retrieval-augmented LLMs, accuracy for “no context” prompt. Each “Top
n” bar depicts the performance obtained by feeding the n-th result fromGoogle until
the top 5 (top 1 results are represented as a light blue bar, top 2 as a navy blue bar, top
3 as a light green bar, top 4 as a green bar and top 5 as a salmon bar). The baseline (no

retrieval augmentation) is represented by a red dashed line. a Plots results for the
TRECHM 2020 collection. b Plots results for the TRECHM 2021 collection. c Plots
results for the TREC HM 2022 collection.
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prompt). As expected, accuracy improves as we feed the LLMs with higher
proportions of correct passages. In fact, if all input passages are correct, then
the LLMs hardly fail. In contrast, when all passages are incorrect, accuracy
drops significantly, particularly in the 2020 and 2021 collections. Allmodels
benefit from higher counts of correct passages. This experiment confirms
that the correctness of the injectedpassages is crucial to the performanceof a
health RAG system.

In the future, it would be interesting to explore other RAGvariants and
the interactions among LLM complexity, types of prompts, size, variety of
retrieval results, and types of health questions.

Discussion
Search engines are the classic information access tools to retrieve content
fromonline sources. Thefirst goal of our studywas to estimate their capacity
to provide correct answers to binary health questions (RQ1). We have
evaluated four popular SEs and observed that the percentage of correct
answers found in the SERPs is in the range of 50–70%. These figures are low

and might sound highly concerning. However, this outcome is partially
explained by the presence ofmany results that do not provide an answer. By
focusing on the retrieved pages that provide an unequivocal answer to the
reference health questions, we obtained much higher precision. Still, SE
companies have room for improvement, as many top-ranked web pages do
actually contain harmful health recommendations (10–15% of wrong
answers). This is a natural consequence of the open and unmoderated
nature of the web, and we encourage developers of search technologies to
further advance in the removal of low-quality content from their indexes
and SERPs.

Regarding the presence of correct and incorrect answers over the
ranked positions, the quality of the responses does not seem to decrease
as we go deeper in the rankings (at least for the top 20 results). Our
results also show that Bing seems to be the most solid choice among the
four SEs. As part of the analysis, we modeled two search user behaviors:
lazy and diligent. We found out that lazy behavior, based on making
decisions from the first observed response, is not inferior to a more

Fig. 7 | Retrieval-augmented LLMs, accuracy for “expert” prompt. Each “Top n”
bar depicts the performance obtained by feeding the n-th result from Google until
the top 5 (top 1 results are represented as a light blue bar, top 2 as a navy blue one, top
3 as a light green one, top 4 as a green one and top 5 as a salmon one). The baseline

(no retrieval augmentation) is represented by a red dashed line. a Plots results for the
TRECHM 2020 collection. b Plots results for the TRECHM 2021 collection. c Plots
results for the TREC HM 2022 collection.
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diligent method based on acquiring and comparing three responses to
the health questions.

Our next goal was determining whether LLMs are reliable for pro-
viding accuratemedical answers (RQ2). Our results suggest that, in general,
the most capable LLMs generate better answers compared with those
extracted from top web pages ranked by SEs. It seems that the extensive
training data of the LLMs, coupled with their superior reasoning abilities,
offer significant advantages over extracting responses fromahandful of top-
ranked search results. Among the largest models (GPT-4, ChatGPT,
LLama3, and MedLLama3), we found no clear winner; and we observed
poor performance frommodels such as FlanT5. Despite showing an overall
good performance, there are still some barriers to adopting LLMs. For
instance, under some circumstances, LLMs provide more than 30% of
incorrect results.

Another concerning outcome is that the quality of the LLMs’ com-
pletions in response to health questions was highly sensitive to the input
prompt (RQ3).We found that some input prompts, which guide themodels
towards reputed sources, are much more effective than basic prompts (or
prompts that give no context at all). However, lay users would hardly resort
to sophisticated prompts or complex interactions with the LLMs. This
suggests that the future adoption of LLMs to support QA in the health
domain would need to wrap the user’s questions into automatically exten-
ded contexts (or, alternatively, design health-oriented assistants that guide
the AIs toward high-quality knowledge).

We also conducted a thorough error analysis and demonstrated that
LLMs made errors due to a lack of medical knowledge, even with the most
sophisticatedprompts.However,we also discovered that search engines also

failmore in these “low-performancequestions”, suggesting that theproblem
is not so much with the language models as with the questions themselves.

We also discovered that retrieval-augmented generation is promising
for answering health questions (RQ4).We demonstrated that smaller LLMs
reach the level of superiormodelswhen grounded in evidenceprovidedby a
search engine. This opens up the debate on whether it is worthwhile to
persist in generating massive and computationally demanding models, or
alternatively, we can direct our efforts towards leveraging lighter models
enriched with search evidence. Moreover, we also demonstrated that the
correctness of the passages used for augmenting the languagemodel plays a
critical role in its final performance.

In the literature, some teams focused their efforts on designing solu-
tions that estimate the correctness of medical information. For instance,
Vera36 is a transformer-based ranker that achieved state-of-the-art perfor-
mance in healthmisinformation detection tasks. Thismodel was fine-tuned
with assessments fromTREC2019’sDecisionTrack and it achieved the best
results in TREC2022’sHealthMisinformationTrack. This shared-data task
fosters the development of systems prioritizing accurate and trustworthy
documents over misinformation. However, systems like Vera take a health
question and its correct response as input and then search for harmful or
helpful documents. These technological tools could support, for example,
moderation services for online platforms. However, the need for pairs of
questions andcorrect responses represents a limitation.Thus, the creators of
Vera also conducted research on how to automatically infer the correct
response for a health question37. Specifically, the authors evaluated two
approaches: (i) using LLMs under different settings (zero-, few-shot, and
chain-of-thought), and (ii) using the ranking produced by Vera and

Fig. 8 | RAG experiments with 3 passages injected. Accuracy of the LLMs with
varying numbers of correct passages (0/3, 1/3, 2/3, or 3/3). On each panel, GPT-4 is
represented by a blue line, LLama3 by an orange line, MedLlama3 by a green line,

ChatGPT by a red line, and text-davinci-002 by a purple line. a Plots results for the
TRECHM 2020 collection. b Plots results for the TRECHM 2021 collection. c Plots
results for the TREC HM 2022 collection.
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averaging the decisions extracted from the top 50 retrieved results. Their
results suggest that the LLM-based approach (powered by GPT-4) out-
performed the rest of the strategies. Our comparison of SEs and LLMs is
related to this study, but we compared multiple commercial search engines
(while Vera is not a tool that is widely available to the public). Furthermore,
we do not only evaluate GPT models but also consider seven LLMs of
different families. Our study, therefore, is reflective of the type of answers
that the general publicmight getwhen interactingwith popular information
access tools. Additionally, we compared the answering capabilities of the
LLMs with and without search results provided by the web search engines.
This is an aspect that has not received enough attention in health infor-
mation seeking.We also evaluated the effectiveness of the answers provided
as we went down in the ranked lists of the SERPs.

We are aware that our study presents some limitations. For instance,
the automatic extraction of answers from specific passages for evaluating
search engines can be prone to error. However, the passage retrieval and
reading comprehension stages were based on state-of-the-art technologies
that were effectively tested elsewhere (see “Methods”).We do not claim that
the process is error-free but we are confident about the robustness of the
trends found. In any case, in the near future, we intend to further validate
these findings by involving human evaluators to manually annotate the
correctness of the search results. This is, however, a costly process that is not
exempt from problems. Moreover, our current experiments did not con-
sider the effect of personalization. Retrieval results are known to be
dependent onmultiple user factors (e.g., geolocalization or user preferences)
and it will be important to study the relative quality of themedical responses
taking into account geographical factors or other user-dependent variables.
Related to this, it will be interesting to study the relative adoption of LLMs
and SEs by different groups of the population (e.g., educated/uneducated or
wealthy/low-income). Access to free vs premium services provided by these
platforms might represent a major factor in access to high-quality health-
related information. We think that this adoption should be scrutinized to
ensure that the health gap between vulnerable people and other segments of
the population does not enlarge.

Some research teams focused on other crucial aspects, such as read-
ability or understandability. For example, Yan et al.38 argued that search
results should be re-ranked by descending readability and proposed several
readability formulas for health andmedical information retrieval. Related to
this, Zuccon and Koopman proposed an innovative method that integrates
the notion of understandability into the evaluation of retrieval systems for
consumer health search39. In our study, we did not specifically analyze the
understandability or readability of search results (or LLM’s completions).
These factors are known to affect user experience andwe plan to extend our
research to study the interaction between these two dimensions and health-
related decisions.

About LLM evaluation, we are aware that using proprietary models
poses the difficulty of reproducing these experiments. Their architectural
design is unknown, the training data is not disclosed and, often, these are
black-box models in constant evolution. However, we must acknowledge
that these models are currently being used by millions of people worldwide
and it is of paramount importance to assess their answering capabilities in
the health domain. Note that SEs are also closed systems whose core ele-
ments (e.g., ranking algorithms) are largely unknown, and additionally,
their indexes undergo continuous updates. Our experiments and compar-
ison, therefore, give a specific picture of LLMs and SEs at a certain point in
time. The forthcoming evolution of these systemswill call for new trials and
experiments to supplement the present study. In any case, we facilitate the
reproducibility of our experiments by providing the code (see “Code
availability”), the generated outputs, and all the dates of execution of the
experiments.

Another limitation affects the type of information needed. In these
experiments, we restricted ourselves to binary question answering. This was
a practical decision because we then were dealing with yes/no responses
whose correctness could be automatically assessed. This represents a valu-
able first step towards understanding the relative effectiveness of SEs and

LLMs in the health domain. In the near future, we would like to explore
other classes of information needs that require more elaborate answers.

Methods
Binary question answering
In this research,we focus on estimating the ability ofweb search engines and
LLMs to retrieve correct health responses. To that end, we selected a binary
health question answering (QA) task as our reference for evaluation. This
type of information needs is prevalent, as many users usually search for
specific advice, e.g., “Can X (treatment) cure Y (disease)?”. This binary
setting facilitates the quantitative assessment of the system’s responses.
Automatic systems must provide the correct answer to these health ques-
tions and, as shown below, the target or reference response comes from the
established medical consensus for each search topic.

To obtain a solid set of health-related search topics we leveraged the
data created under the TRECHealthMisinformation Track. This is a three-
year shared-data task that fostered the creation of systems adept at detecting
false health information, thereby empowering individuals to make health-
related choices grounded on reliable and factual information40,41. These
datasets contain health-related queries posed as questions (for instance,
“Does wearing masks prevent COVID-19?”) and their correct responses
(yes/no). Each topic represents a searcher who is looking for information
that is useful for making a “yes” or “no” decision regarding a health-related
information need. The binary ground truth field represents the current
understanding of contemporary medical practice (compiled by the orga-
nizers of the tasks in the process of constructing the dataset). Figure 9 shows
an example of a topic (the question is stored in the descriptionfieldwhile the
binary response is stored in the stance field, encoded as “helpful” or
“unhelpful”).

The TREC HM 2020 dataset was restricted to questions related to
COVID-19,while topics fromTRECHM2021and2022 collections covered
a wide range of health topics. The 2020 questions were disclosed in the
middle of 2020, which raises the possibility that they could have been
included in the pre-training phase of some LLMs. Such inclusion could give
them an advantage over generative models trained earlier. The 2021 dataset
was made available in the middle of 2021 and, therefore, it could have been
used for training models such as GPT-4 or ChatGPT (but GPT-3, instead,
ended its training earlier). The topics of 2022, on the other hand, were
released after all the LLMshad been created. Therefore, this configuration of
health topics shapes an assorted evaluation with questions created and
released at different dates.

Summing up, the selection of health topics integrates a diverse set of
binary health-related questions, which pose different degrees of difficulty
related to the exposure of themodels to suchdata and to the specificity of the
information needs.

Search engines
To evaluate the responses provided by SEs, each health question was sub-
mitted to four well-known search engines: Google, Bing, Yahoo, and
Duckduckgo. We used a scraping tool (see “Code availability”) on the
organic search results to collect the top retrievedwebpages.Wegathered the
top 20 ranked entries since users rarely go beyond the secondpage of results,
and thus, the extraction focuses on web pages that have some chance of
being inspected by a standard user. Then,we obtained the raw content of the
webpage, converted it to workable plain text, and split it into passages. To
obtain on-topic passages, the health question and each passage were
embedded into a vectorial contextual representation using MonoT542, a
highly effective model fine-tuned for passage retrieval. This constitutes a
well-established approach for the automatic extraction of excerpts
answering user queries43. Rosa and colleagues44 demonstrated the effec-
tiveness of this model for several retrieval tasks.

After the passages were chosen, it was necessary to ascertain whether
they provided an affirmative, negative, or non-responsive answer to the
health question. To that end, we exploited theGPT-3model’s capabilities to
perform reading comprehension. Brown et al.34 evaluated the ability of this
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model in different reading comprehension settings. The model achieved
remarkable results, for example, F1 of 85% in the CoQA dataset. Dijkstra
and others45 also demonstrated this model’s ability to perform reading
comprehension tasks in the educational domain. In our case, we defined a
prompt that included the passage and health question, and specifically
tasked the model with answering the question based on the provided pas-
sage (without resorting to its internal knowledge). The following prompt
templatewas used: “<Passage>. Based on the previous text, answer ‘yes’, ‘no’
or ‘no answer provided’ to the following question: <health question> ”. This
estimation process arguably produces the sequence of answers that a search
engine userwould obtain from inspecting the SE results. Figure 10 illustrates
the whole process.

Note that a retrieval resultmight not provide an answer to the question.
In our accounting of correct answers across ranking positions, these cases
are recorded as failures, as they do not respondwith the correct answer. It is
important, though, to bear in mind that there is an important distinction
between a non-answer and an incorrect answer. We will further delve into
this issue in the future, but in the current study, we focused on analyzing the
relative trends of correct responses.

Our interest here is not only to analyze the overall effectiveness of web
search systems but also to study the quality of the responses as we go deeper
into the ranked lists. To that end,we considered twomodels of user behavior

that simulate alternative forms of inspection of the retrieved results, see Fig.
11. The lazy usermodel represents a user who stops inspecting results when
presented with the first entry that gives a yes/no response to the user’s
question. Note that on-topic passages might not respond to the user’s
question, and thus, the lazy usermodel does not necessarily stop at the top 1
entry. This user, therefore, sticks to the first answer found and does not
spend time searching for contrasting evidence. We therefore assume that
this user believes the answer provided by the passage. This class of user
behavior (blindly believing the first response found) is clearly suboptimal,
given the high presence of misinformation on the web.

The second model, referred to as the diligent user model, represents a
user who traverses the ranking from the top position and stops after finding
three responses.We assume that this usermakes a decision about his health
question based on majority voting from the three provided responses.

Under thesemodels, the user’s decision is the binary resolution theuser
takes after seeing the first answer (lazy model) or after seeing three answers
(diligent model). It might be helpful or harmful, depending on the cor-
rectness/incorrectness of the documents inspected.

Web users are known to be reluctant to explore many search results,
and these two models represent two natural forms of exploration in the
quest for the response to the health question. For future work, we leave the
study of additional user models, including click models for web search46.

Fig. 10 | Extracting responses for health questions from the search engine results.
The passages shown are real passages obtained from the top search results for the
question “Will wearing ankle braces help heal tendonitis?''. The process consists of:
first, retrieving the top 20 results for the query (provided by each search engine);

second, selecting the most relevant passages from the retrieved pages (query-biased
passages, usingMonoT5); third, askingGPT-3 to read each passage and determine if
it answers 'yes', 'no', or does not provide an answer to the health question.

Fig. 9 | Example of a health question. Topic from
the TREC health misinformation track. The data
fields used in the experiments are presented in
red boxes.
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Large language models
To assess the LLMs, we submitted the same health question to several
generative models and obtained their completions. We worked under dif-
ferent settings, including zero- and few-shot strategies (providing examples
of correct responses to other health questions), and different types of
prompts.

Specifically, we evaluated seven models of different nature and archi-
tecture (closed and open source), including a model fine-tuned to the
clinical domain. The fine-tuned model helps to test the influence of in-
domain data in accurately answering health questions. Themodels included
in our comparative study are:
• GPT-3, also known as text-davinci-002 (d-002). This model has 175

billion parameters and a decoder-only structure. It was extensively
trained with corpora from diverse sources (including a full Wikipedia
corpus). The training information goes up to June 2021.

• text-davinci-003 (d-003), the subsequent iterationofGPTmodels, built
upon its predecessor by incorporating InstructGPT methodologies47.
Thismodel has beenbuilt through reinforcement learningwith human
feedback (RLHF) and has the same training data timeline as d-002.

• ChatGPT represents an evolution of OpenAI models towards a more
dialog-oriented and user-friendly behavior. Its knowledge cutoff goes
until September 2021. We experimented with the GPT-3.5-turbo
version (from June 2023).

• GPT-4, another conversational agent by OpenAI represents a sig-
nificant leap forward, outperforming ChatGPT in complex tasks that
demand human-like reasoning, such as solving academic exercises48.
The training examples of GPT-4 were collected until September 2021.

• Flan T5 (FT5), a sequence-to-sequence model from Google. This
model underwent fine-tuningwith a diverse array of instruction-based
datasets1. The data for this model was sourced from the “Flan 2022”
open-source repository, which includes online content collected until
the end of 2022. For our experimentation, we worked with flan-t5-xl.

• Llama3, the most recent language model developed by Meta AI. Lla-
ma3’s pretraining data covers until the end of 2023. It also underwent
several post-training rounds, aligning themodelwith human feedback.
Each post-training round included supervised fine-tuning and
preference optimization through reinforcement learning. For these
experiments, we used the version named llama3.1-8b-instruct.

• MedLlama3, a fine-tuned Llama3 with medical instruction data49. It
was specially tuned for user alignment in healthcare settings. We used
the Med42-Llama3-8B version, released in August 2024.

The four OpenAI models were tested through its official Python API,
while Llama3, MedLlama3, and Flan T5 were executed through the Ollama
and HuggingFace APIs, respectively (see “Code availability” for further
details). We fixed the temperature of the models to 0, with the intention of
reducing the randomness or creativity of the completions.

A pivotal part of this research consists of determining the effectiveness
of these models for answering health questions under different input con-
ditions or contexts. Having in mind that online users are known to be
reluctant to have complex interactions with automated systems, we first
tested the LLMs’ effectiveness when responding to non-expert individuals
who send the question and give little or no context at all:
• No-context prompt: a context formed only with the health question,

i.e., “Can Vitamin D cure COVID-19?”.
• Non-expert prompt: the text “I am a non-expert user searching for

medical advice online” is added before the health question. This
prompt intends to mirror a lay user seeking medical counsel.

As a next step, we tested more elaborate prompts and we also assessed
the influence of including some in-context examples. While it may be
uncommon for a typical user to adopt these sophisticated strategies, they
nonetheless offer valuable insights into understanding and leveraging the
inherent knowledge of the models:

Fig. 11 | Example of the user behavior models. The lazy user makes a wrong
decision because he stops right after seeing the first response (second document). In
contrast, the diligent user makes the right decision after reading three responses

(four documents). Note that an entry can give no response to the question and that
the provided responses can also contain incorrect information.
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• Expert prompt: the text “We are a committee of leading scientific
experts andmedical doctors reviewing the latest and highest quality of
research from PubMed. For each question, we have chosen an answer,
either ‘yes’ or ‘no’, based on our best understanding of current medical
practice and literature.” followed by the corresponding medical ques-
tion.These contextual instructionswereproducedby the research team
fromWaterlooUniversity for theirTREC2022HMexperiments37. The
core idea is to guide the LLM towards renowned sources.

To automatically record responses, we forced the models to answer
only with “yes” or “no” tokens. In contrast to the scenario with search
engines, there can, therefore, be no unanswered questions here. More
complex prompt engineering alternatives, like chain-of-thought (CoT)50,
were left for future work.

For the few-shot experiments, we selected three randompairs from the
TREC HM 2021 dataset. The selected question-answer pairs were: (“Does
yoga helpmanage asthma?”, “Yes”), (“Will wearing an ankle brace help heal
Achilles tendonitis?”, “No”), and (“Is starving a fever effective?”, “No”).

In this study, we also performed an “online” retrieval augmented
generation experiment51. There are several approaches for augmenting
generative language models with retrieved evidence. Following standard
practice, we injected textual chunks in the input layer of the LLM52. In
essence, we prompted different large language models with passages
extracted from the top entries of the SERPs. In this way, our experimental
setup allows the comparison of three classes of outputs (SE alone, LLM
alone, and anRAGvariant that injects real-timeSE results into the input of
the LLM). For these RAG experiments, we fed some LLMs with on-topic
passages obtained from the search results produced by Google. We
injected passages from Google’s top five results and we clearly instructed
the LLM to compare the provided evidence with its internal knowledge
prior to providing a definitive answer. The following prompt was used for
RAG: “Provide an answer to the question using the provided evidence and
contrasting it with your internal knowledge. Evidence: <evidence from
search engine>. Question: <query>. Your answer:”. The extraction of on-
topic passages from Google’s top five results was also supported by
MonoT5.

Data availability
All data used in this study is public and it can be found in the Text Retrieval
Conference (TREC) repository (https://trec.nist.gov/data.html).

Code availability
All code used in this experimentation is openly published under a GPLv3
License (https://github.com/MarcosFP97/information-seeking-health).
Specialmention to the open-source scraping tool used to evaluate the search
engines (https://github.com/tasos-py/Search-Engines-Scraper). The four
OpenAImodels were tested through its official Python API (https://openai.
com/blog/openai-api), while Llama3 (https://ollama.com/library/llama3.1:
8b-instruct-q8_0, a quantized version of eight bits of the model to run on a
CPU), MedLlama3 (https://ollama.com/thewindmom/llama3-med42-8b,
quantized version, eight bits) and Flan T5 (https://huggingface.co/google/
flan-t5-xl) were executed through the Ollama and HuggingFace APIs,
respectively.
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