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ABSTRACT
Background  More effective and better tolerated 
treatments are urgently needed for people with mental 
health disorders, such as anxiety, depression and 
psychosis. However, the rate of translation of positive 
results from early phase studies into clinically validated 
treatments remains painstakingly slow. The scientific 
literature on mental health preclinical and early 
interventions is burgeoning at pace, making it difficult 
for researchers, practitioners and policymakers to identify 
and track new developments.
Objective  As part of the Wellcome-funded Global 
Alliance of Living Evidence for aNxiety, depressiOn and 
pSychosis project, we aimed to develop and evaluate an 
automated approach to track the evolution of mental 
health research over time, detect emerging trends and 
suggest open questions.
Methods  Our approach used topic modelling, large 
language models and time-series forecasting in 
combination. We applied our approach to a corpus 
of 182 747 titles and abstracts extracted from the 
OpenAlex database for 2015–2025. Using topic 
modelling to identify topics and then tracking topic 
mentions over time, we built a time series predictive 
model and predicted ’trendiness’ based on sustained 
increased mentions above baseline expected from model 
predictions. We evaluated our approach retrospectively 
using a blinded expert study of a randomly selected 
sample of trending and not trending topics. Finally, we 
developed a novel topic-augmented generation approach 
to suggest open questions in trendy topics and evaluated 
the approach by comparison to baseline-generated 
questions without topic augmentation.
Findings  Our approach detected 973 topics and 
predicted 165 (17%) of those as trending. Key topics 
that the model predicted as trending included ’ketamine 
for treatment-resistant depression’, ’student mental 
health in academia’ and ’COVID-19 psychosis’. We found 
that domain experts largely agreed with the model’s 
predictions of trendiness. Topic-augmented generated 
questions were more specific than baseline generated 
questions.
Conclusions  Our approach enables identification of 
new developments and open questions. Future work 
will improve temporal pattern tracking and use full 
texts.
Clinical implications  Our approach can support 
all stakeholders to gain an overview of the published 

literature, assess temporal patterns, identify trends and 
rank open questions.

BACKGROUND
Despite significant investment in mental health, the 
burden of psychiatric conditions globally remains 
high.1 2 New treatments and early interventions 
are urgently needed, yet there have been few novel 
therapies that have made a meaningful difference to 
clinical practice in recent years.3 Early preclinical 
findings can lead to promising new directions for 
the development of novel treatments and for better 
understanding of individual effects of current treat-
ments, but it is difficult to gain an overview of recent 
findings and the rate of translation remains unac-
ceptably slow.4 One contributing factor is that the 
body of published research on mental health (both 
preclinical and clinical) is vast and fast-growing 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ The mental health research literature is 
expanding rapidly, making it increasingly 
difficult for researchers, clinicians and 
policymakers to identify emerging therapeutic 
developments and research priorities in a timely 
manner.

WHAT THIS STUDY ADDS
	⇒ This study demonstrates that combining topic 
modelling, large language models and time-
series forecasting can automatically detect 
trending research areas (such as ketamine for 
treatment-resistant depression) and generate 
relevant open questions, with predictions 
validated by domain experts.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ Our approach to automated research 
surveillance could help stakeholders 
systematically monitor the mental health 
research landscape, prioritise emerging 
treatment targets and accelerate the translation 
of promising interventions from early studies to 
clinical practice.
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and difficult to piece together, as it is fragmented across many 
different journals and publications.5 Nearly half a million rele-
vant articles are found in the PubMed6 literature database over 
the last decade mentioning at least one of the key terms ‘anxiety’, 
‘depression’ or ‘psychosis’ (not considering synonyms), and the 
annual publication rate is increasing7 with growth averaging 7% 
per year (online supplemental table S1). This creates challenges 
for clinical researchers, practitioners, policymakers, research 
funders and other stakeholders to keep up with all the published 
research in the field.8

The Wellcome-funded Global Alliance for Living Evidence on 
aNxiety, depressiOn and pSychosis (GALENOS) project aims 
to systematically map and synthesise the research literature to 
identify key preclinical advances, better understand mechanisms 
and advance diagnosis and treatment, by providing systematic 
reviews on topics of relevance.5 9 Evidence synthesis in system-
atic reviews is the process of systematically integrating published 
evidence in order to answer specific questions based on inte-
grated and potentially heterogeneous evidence sources.8 10 To 
date, the GALENOS project has completed several key system-
atic reviews on a diverse range of topics including the role of 
trace amine-associated receptor 1 agonism in psychosis,11 the 
effect of exercise on the effectiveness of psychotherapy in post-
traumatic stress disorder12 and the efficacy of pro-dopaminergic 
pharmacological interventions for anhedonia in depression.13 
Identifying trends and open questions in publications on mental 
health is essential for surveying emerging literature in fields 
where the evidence is rapidly evolving. Identifying topics that 
show a pattern of increasing interest over time, and generating 
potential associated research questions, can be used to inform 
priority setting. However, such overviews do not yet exist in 
general.8 As an added challenge, in mental health research, there 
are large differences in theoretical frameworks and vocabularies, 
and further, reporting and publication practices across different 
subdisciplines can vary.5 14 15 Siloed thinking of experts from 
differing disciplines risks guiding topic choices and research 
questions in systematic reviews in ways that may limit treatment 
choice options.16

Computational approaches to automate text processing are 
increasingly being used in mental health research.17 18 Recent 
advances in artificial intelligence, including large language 
models (LLMs) and related technologies, have created a step 
change in automation possibilities to derive insights from 
published literature.19 20 Automated approaches to detect topics 
in text are enhanced by the flexible and contextual ‘embeddings’ 
of text provided by LLMs, leading to richer and more coherent 
topics.21 Previous work has developed approaches to detecting, 
tracking and predicting publication trends of gene mentions22 
and of news topics.23 However, in these approaches, the topics 
were defined by a small number of key words or phrases (eg, 
gene or politician names), which is different to in the mental 
health literature where topics and themes reflect quite subtle 
combinations of complex and heterogeneously described 
entities.

OBJECTIVE
In the present study, we aimed to develop an automated approach 
to mining the mental health literature to identify trending 
topics, including both newly emerging topics as well as pre-
existing topics experiencing a recent sudden surge in interest, 
and evaluate our predictions using a blinded expert study. We 
furthermore aimed to generate open research questions within 
identified topics using a novel ‘topic-augmented’ generation 

approach, which we evaluate by comparison to a baseline of 
question generation without topic augmentation.

METHODS
Literature extraction and cleaning
All data processing and analysis were conducted in Python. We 
extracted data for the time period 1 January 2015 to 28 February 
2025 from OpenAlex24 using the following search string across 
titles and abstracts (search date: 17 March 2025).

“(“mental” OR “psychological” OR “behavioural” OR 
“psychology” OR “psychiatry” OR “neurological” OR “mind” 
OR “brain” OR “behaviour” OR “psychiatric”) AND (“anxiety” 
OR “depression” OR “psychosis”) AND (“treatment” OR 
“therapy” OR “therapeutic” OR “mechanism” OR “inter-
vention” OR “early” OR “diagnosis” OR “diagnostic” OR 
“translation”)”

This search was designed to encompass the GALENOS proj-
ect’s focus on anxiety, depression and psychosis, targeting early 
interventions, mechanisms or diagnostic or translational innova-
tions. The database OpenAlex was selected rather than PubMed 
in order to track a wider range of research publications including 
conference abstracts and books. For each article in the search 
results, title, abstract and core metadata including publica-
tion year and authors were extracted. Duplicate records were 
removed based on unique paper identifiers or combinations of 
titles and authors. Articles missing titles, abstracts, authors or 
publication date were excluded, and a language detection step 
was applied to titles and abstracts to exclude non-English arti-
cles. Online supplemental materials, corrections, tables, figures 
and other artefacts were removed based on keywords. Unusually 
short (title <3 words, abstract <80 words) or long (title >60 
words, abstract >1000 words) texts were filtered out, alongside 
withdrawn articles and non-research content, such as editorials 
or letters. Text fields were cleaned to remove HTML artefacts.

Identification and naming of topics
To identify key topics in the extracted literature, we trained a 
BERTopic model25 based on SentenceTransformer embeddings 
created with the ‘all-MiniLM-L6-v2’ model. For each article, 
title and abstract were combined. The parameters associated 
with the topic model, which control the number of topics, 
were: UMAP n_neighbors=10, n_components=15, metric='co-
sine’; HDBSCAN min_cluster_size=15, min_samples=15, 
metric='euclidean’. We removed standard English and PubMed 
stopwords. Each resulting topic was represented by its 15 most 
relevant words.

Next, we assigned detected topics to documents (ie, titles and 
abstracts). Considering that a given study may have different 
interacting topic elements, we fitted an approximate topic distri-
bution, which assigned a probability in the range (0,1) to each 
topic in each document. A binary matrix was then constructed 
by considering a topic as mentioned in a document if the proba-
bility for that topic exceeded 0.08, which threshold was selected 
empirically to yield a distribution of topic counts per document 
that peaked at 1–2 topics per paper without exceeding 10 (online 
supplemental figure S1).

As topic models do not generate names for the topics they 
retrieve, we applied an open LLM to the lists of relevant 
keywords for each topic to identify a brief and meaningful title. 
We executed the ‘LLaMA 3.3–70 b’ model via the DeepInfra API 
with the prompt ‘Please give a concise word or phrase to describe 
the main topic that unifies the following words: {topic_words}. 
Please return only the word or phrase with no explanation. 
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Topic:’ in which topic_words was replaced with the series of 15 
characteristic keywords for each topic.

Time series predictive model of topic mentions
Topic mentions in documents were aggregated over documents at 
weekly, monthly and annual periods, enabling the creation of binary 
matrices of topic mention frequencies over these time periods. The 
monthly period was selected as the basis for further predictions 
after exploring the temporal patterns of publications in the dataset 
(online supplemental figure S2), as there is significant noise at the 
weekly level due to ‘spikes’ in the dataset, while the yearly level 
provides too low a resolution for meaningful predictions.

We trained a Sequential time series predictive model with two 
layers of Gated Recurrent Units each with 10 neurons, followed by 
a dense output layer for the final prediction of the future number 
of mentions of a topic given the time series of previous mentions 
of that topic. As input, we used a sliding window of 6 months of 
consecutive topic mention counts, and as output we predict the 
next month’s topic mention count. The period of 6 months was 
selected to provide a sufficient window of prior data for model 
predictive performance while still enabling recent trends to be 
detected. The model used the Adam optimiser with mean squared 
error as loss and was trained for 10 epochs with a batch size of 32. 
For each topic, we trained a separate model with the data from the 
other topics and then used that model to make predictions for the 
unseen model 1 month at a time. This produced a predicted time 
series for each topic from 6 months onwards.

Topic trendiness prediction and ranking
To predict emerging topics with surges in interest, at any given 
time point, we determine the difference between the predicted 
and the actual time series of the topic for n of the previous m 
months. A topic was regarded as trending if its actual mentions 
outperform predicted mentions in a sustained way over the time 
period, similarly to the approach followed in previous work on 
gene mentions.22 In our implementation, we consider a topic as 
‘trendy’ if the actual number of mentions exceeds the predicted 
mentions for n=4 of the previous m=6 months. Trendiness in this 
sense is thus distinguished from popularity, as a topic that is consis-
tently popular will not be considered trendy by this definition. 
The threshold of n=4 was selected to allow for some variations 
within the 6-month period, and the overall period of 6 months was 
selected to enable relatively recent shifts in publication practices to 
be detected. As these thresholds are arbitrary, we also conducted a 
sensitivity analysis to explore how the predictions would vary with 
these parameters (online supplemental figure S3A,B). We further-
more tested the sensitivity of topic trendiness prediction within 
the top 50 topics to potential redistribution of papers assigned 
to a January spike to other months within the same year across 
five runs, each of which adding 20% more random redistribution 
(online supplemental figure S3C).

After detecting that a topic is trending, we furthermore 
assigned a rank by calculating the magnitude of the differ-
ence between predicted count of mentions and actual count of 
mentions. Similarly to previous work in BERTrend,23 we added a 
decay factor to prioritise recency (more recent outperformances 
count more than older outperformances). We normalised the 
rank to the size of the topic in terms of numbers of mentions, so 
that the rank does not simply track the baseline size of the topic.

The resulting trendiness rank for a topic t is given by:

	﻿‍
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∑
m
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)
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m
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where m=number of months, a=actual monthly count of 
mentions in month i, and p=predicted count of mentions in 
month i. The rank is then normalised by dividing by the mean 
x of the actual mentions over the time period, or 1 if the mean 
x is less than 1 to avoid inflation of very-low-prevalence topics.

For the evaluation of our approach, we applied this algorithm 
to predict trendiness at the time point of February 2025. We 
evaluated our trend prediction approach through a blinded user 
survey study in which domain experts were asked to rate topics 
as to whether they were ‘trending recently’, ‘popular but not 
specifically trending recently’ and ‘neither popular nor trending 
recently’. Domain experts were recruited to respond to the 
survey using purposive sampling from the GALENOS interna-
tional advisory board, which consists of experts in the field of 
mental health with an academic background in psychiatry or 
psychology. In total, 12 experts completed the survey.

Ten trendy topics and 10 non-trendy topics were randomly 
selected and arranged randomly in the survey. For each topic, 
participants were shown the characteristic keywords generated 
by the topic model, along with an exemplary paper in which 
the topic appeared. The survey was implemented using Google 
Forms and included 20 questions, each of which gave the topic 
name, list of characteristic words and one selected paper from the 
topic, before asking whether the topic was trendy, popular but 
not specifically trending, or neither popular nor trendy. Finally, 
an open-ended ‘Other’ response option allowed users to provide 
qualitative feedback. The survey questions are listed in full in 
online supplemental file 1. The trendy and not trendy topics 
were sorted randomly in the survey, but all experts received 
the questions in the same sequence. The resulting data from the 
survey were counted and statistically tested for association with 
the predicted categories of ‘trendy’ and ‘not trendy’ using χ2 test 
for categorical association.

Deriving research synthesis questions from topics
To identify potential research synthesis questions for consider-
ation, we prompted an LLM with the detail of extracted topic 
keywords and exemplary abstracts following a ‘topic-augmented’ 
generation paradigm. For evaluation, we compared the questions 
generated using this method to a baseline of ‘zero shot’ gener-
ated questions for the same topic without providing the context 
of the topic keywords and exemplary associated abstracts.

For this task, we used the model ‘Qwen/Qwen3-Next-80B-
A3B-Instruct’ executed via the DeepInfra API. The role prompt 
provided for the system to follow was: ‘You are a helpful expert 
assistant for working with research synthesis topics from the 
scientific literature in the field of mental health’. The baseline 
instruction prompt for the zero-shot generation scenario, corre-
sponding to the default behaviour of interacting with a language 
model without topic-guided specificity, was: ‘Please generate a 
list of 3–5 current open questions for the topic ‘{topic_name}’ 
where a systematic review would be helpful. Format response 
in JSON’. For the topic-augmented generation scenario, the 
instruction prompt was: ‘Please extract a list of 3–5 current open 
questions for the topic '{topic_name}’ identified by character-
istic words '{topic_words}', where a systematic review would 
be helpful, from the following recent abstracts for this topic: 
'{abstracts}'. Format response in JSON’.

In both cases, the topic_name was replaced with the name 
assigned to the topic. In the second case, topic_words was 
additionally replaced with the 15 characteristic words for the 
topic extracted from the topic model, and 10 randomly selected 
abstracts for that topic published within 2025 were injected.
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For evaluation, we executed the two approaches for the 10 
trendy topics from the survey. We calculated average perplexity 
(a measure of how predictable a text is, lower=more predict-
able), lexical diversity (a measure of vocabulary richness, 
lower=less diverse) and information content (a measure of how 
specific a text is, lower=less specific) for the generated text and 
compared the distributions of these metrics between conditions.

FINDINGS
Publication and topic patterns over time
The OpenAlex search returned 182 747 articles related to 
anxiety, depression and psychosis over the 10-year period. Of 
these, 159 950 (87.53%) were retained after all data cleaning 
and duplicate removal operations (Dataset available at Hastings 
et al. Data26). The total numbers of publications are shown per 
month in figure  1A. There is a noticeable overall increase in 
publications on our specified topics in recent years, reflecting 
overall publication trends. Data for 2025 were not yet complete 
at the time of extraction. There is also a spike in publications in 
January of each year, which is largely a technical artefact insofar 
as a publication may be reflected as belonging to January if the 
month of publication is not reported. The January spike intro-
duces a temporal bias into the dataset and predictive model; 
however, this can be assumed to affect all topics equally.

The model identified 973 distinct topics, and each was 
assigned a name. The full list of topics is available as online 
supplemental material; a selection of topic names is illustrated in 
figure 1B. There is partial overlap between some topics: larger 
topics encompass smaller ones hierarchically (online supple-
mental figure S4). Although some of the topic names may appear 
to reflect non-mental-health-related topics, for example, kidney 
disease and diabetes, in fact these topics encompass the psycho-
social and mental health implications of those diseases, such as 
anxiety in transplant patients, or comorbidity between depres-
sion and diabetes. The distribution of topic mentions over time 
in monthly intervals for selected topics is illustrated in figure 1C; 
the distribution at weekly and annual intervals is shown in online 
supplemental figure S2. The monthly temporal unit was selected 
as the most relevant unit for balancing signal versus noise for the 
analysis and prediction of trendiness.

Trendiness prediction and ranking
The mean absolute error for the time series predictive models 
was 1.52 with SD 0.057, reflecting overall good performance. 
Our trendiness detection approach rated 165 out of the 973 
(17%) topics as trending. Three of the top-ranked trendy topics 
are illustrated in figure  2A–C, reflecting different baselines of 
numbers of publications per month; the full list of ranked topics 
is available as online supplemental material. Figure  2A illus-
trates a topic, interoception, that has overall few mentions in 
the historical dataset, but has noticeably increasing interest in 
recent months, representing ‘topic mentions’ behaviour associ-
ated with an emerging newly trendy topic. Figure 2B illustrates 
a topic related to artificial intelligence in which the pattern of 
mentions has been steadily growing in recent years and is still on 
an upwards trajectory. Figure 2C shows a topic, refugee mental 
health, which has some prior waves of interest that receded but 
still a recent pattern of upward trending. Among the not trendy 
topics, figure  2D–F, figure  2D shows a COVID-related topic 
with a clear surge of interest and trendiness in the COVID time 
period and immediately afterwards, but reducing interest in the 
more recent years, figure 2E shows a suicide-related topic with 
a sustained high level of interest but not specifically trending 

recently, and figure 2F shows a topic related to eating disorders 
that has relatively low and stable monthly publications.

As there is ultimately no ‘ground truth’ for which topics are 
trendy, we conducted an expert evaluation with the dual objec-
tive both of determining the extent to which experts agreed with 
our model’s predictions as well as to receive open-ended feed-
back to inform the approach. The full set of expert responses 
is illustrated in figure  3A. The survey revealed that different 
experts do not necessarily agree on whether a topic is trendy or 
not, with differing levels of agreement between topics. Overall, 
we saw poor agreement with a mean Cohen’s pairwise Kappa 
of 0.158, SD 0.184, range (−0.111–0.621) and Fleiss’s Kappa 
for all raters of 0.141. Despite this, treating each expert’s rating 
individually as a separate data point, we found that the trendy 
topics were rated trendy more often than the not trendy topics. 
As shown in figure 3B–D, the rating ‘trendy’ was selected more 
often for topics that were predicted as trendy than for topics 
not predicted as trendy (p<0.05 in χ2 test for categorical asso-
ciation). Interestingly, while for the majority of topics in the 
survey the expert ratings agreed at least in part with the predic-
tion, there are some topics where experts clearly disagreed with 
the model while largely agreeing with each other: a topic that 
experts rated as not trendy and the model rated as trendy was 
‘community care for older adults’, and one that the experts rated 
as trendy and the model not was ‘internet addiction’. Both these 
topics are relatively popular and the temporal pattern of their 
mentions revealed repeated waves of historical interest (online 
supplemental figure S5), highlighting the need to understand 
overarching publication trends beyond the most recent time.

Deriving candidate research synthesis questions from trendy 
topics
We show the questions generated by the baseline and topic-
augmented approaches in table  1 for three exemplary topics: 
ketamine for treatment-resistant depression, compassion-
focused therapies and rumination and repetitive thinking. The 
full set of generated questions is in online supplemental table S2. 
We observe that instruction following performance was good: in 
all cases, the model generated five candidate research synthesis 
questions, without repetition. Interestingly, the generated ques-
tions are a mix of prognostic, treatment and mechanism-focused 
questions, all key strands of research in line with the GALENOS 
project’s aims. We can observe some similarities in the gener-
ated questions between the two scenarios, for example, for 
topic ‘rumination and repetitive thinking’ the first generated 
review question in both cases reflects on the different subtypes 
of rumination and different population groups. However, in 
most cases, the questions generated in the baseline scenario are 
broader and more overarching than the questions generated in 
the topic-augmented scenario, in line with our hypothesis. We 
compared the baseline and topic-augmented scenarios according 
to perplexity, lexical diversity and information content 
(figure 3E–G) and found that the experimental condition signifi-
cantly outperformed the baseline in two out of three metrics.

DISCUSSION
In this study, we presented the development and evaluation of a 
new automated tool to predict trendy topics in the literature for 
anxiety, depression and psychosis as well as to generate candi-
date research synthesis questions within those topics to support 
the prioritisation of questions for research synthesis to accelerate 
translation. Our approach combines topic modelling and time 
series forecasting to detect topics that are trending at a given 
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timepoint and allows for the ranking of how ‘trendy’ a topic 
is, meaning that there is a recent surge of interest in the topic 
that exceeds expectations, unrelated to how popular the topic 

might be. We evaluated our approach using a blinded survey of 
experts and found that more often than not experts agreed with 
the model, although there was a large variability reflecting the 

Figure 1  Corpus of publications and associated identified topics. (A) Number of publications related to anxiety, depression and psychosis per month 
in the dataset 2015–2025, showing January spikes. (B) Embedding visualisation of abstracts, coloured by selected topics. (C) Monthly mentions of 
selected topics in the abstract dataset.
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subjective nature of the task. We used the generative capabilities 
of an open LLM to generate candidate research synthesis ques-
tions that fitted within each topic, introducing a novel ‘topic-
augmented’ method in which additional context is provided to 
the model from the detected topics to guide generation, and 
observed that this increased the specificity of the generated ques-
tions relative to a zero-shot baseline.

The use of artificial intelligence approaches and specifically 
LLMs with or without augmentation to enhance and accelerate 
scientific research and evidence synthesis is rapidly developing. 

Recent years have seen a plethora of both commercial and 
academic approaches being developed, for example, Google’s 
recently released research synthesis tool that uses ‘test time 
diffusion’ approach to generate entire research reports based 
on retrieval-augmented diffusion and a self-evolutionary iter-
ative process.27 While such tools may produce outputs that 
resemble the outputs of systematic reviews, they typically lack 
the key elements of being truly systematic and transparent, and 
as a result, there is caution that their widespread adoption may 
lead to a dilution of the quality of evidence.28 At the same time, 

Figure 2  A selection of topics illustrated that are trendy (A–C) and not trendy (D–E). (A) Interoception, an example of a relatively low-frequency 
topic that nevertheless shows a clear pattern of recent interest. (B) Artificial intelligence applications in mental health, an example of a topic with 
sustained interest but also a clear pattern of growing recent interest. (C) Refugee mental health, showing patterns of recent trendiness alongside 
historical spikes and falls. For all plots, the blue line shows the actual mentions of the topic while the orange line shows the contrasting predicted 
mentions of topics. The y-axes have different ranges in the three plots while the x-axes all show the same monthly time points. (D) The mental 
health implications of pandemics/coronaviruses on families, showing a characteristic ‘pandemic’ pattern of clear and sustained trending throughout 
2020–2022 followed by a decline in interest until the present day. (E) Suicidal behaviour, a topic that is clearly popular and frequently mentioned, but 
not specifically trending recently. (F) Eating disorders and brain stimulation, a topic that has both low average monthly mentions and is not trending 
recently.
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approaches that automate individual steps in typical research 
synthesis workflows are advancing rapidly, including for title 
and abstract screening29 30 and data extraction.31 Our approach 
fits within the broad scope of research landscape mapping and 
takes inspiration from existing methods for topic modelling25 
and trend detection;22 23 however, there are no previous efforts 
that we are aware of that develop a comprehensive approach to 

trend detection and research synthesis question generation in the 
mental health literature.

Nevertheless, our study still has several limitations. First, we 
currently treat all topics equivalently regardless of their size, 
hierarchy or whether they address mainly clinical or preclinical 
research. In the future, we will integrate topic classifications and 
other relevant classifications such as the GALENOS ontology.15 

Figure 3  (A) The evaluations given by the experts for the 10 ‘predicted as trendy’ topics (top row) and the 10 ‘predicted as not-trendy’ topics 
(bottom row) included in the survey. For the expert ratings, blue indicates expert-assigned ‘trendy’, red indicates expert-assigned ‘popular but not 
specifically trending recently’, orange indicates expert-assigned ‘neither popular nor trending’ and green indicates ‘other’. (B) Frequency distributions 
of the expert ratings in the two groups of topics, predicted not trendy and predicted trendy. (C) Frequency percentages of the expert ratings for 
the two groups. (D) Overlapping histograms of ratings. For baseline and topic-augmented generated questions: (E) perplexity, (F) lexical diversity, 
(G) information content. EMDR=Eye Movement Desensitisation and Reprocessing.
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Second, our time series model does not fully consider temporal 
patterning within publication trends, such as January spikes, 
as the model is trained on abstracted sequences of data from 
6-month periods without explicit month names. In future work, 
we will develop a model that is aware of the different calendar 
months and considers background publication trends. Another 
limitation is that our topic model and our time series model are 
built separately, leaving out the possibility of change or evolution 

in topics. Dynamic topic models21 can represent changes in topics 
over time; however, these are computationally expensive and 
complicate determination of topic identity. An additional limita-
tion is that while some topics go through ‘wave’-like patterns of 
increasing and decreasing interest, these longer term patterns are 
not yet taken into consideration in our models. More detailed 
bibliometric analyses may also trace the causes of increases and 
decreases in interest, as in some cases, these may be traceably 

Table 1  Exemplary generated research questions for systematic reviews in two conditions: baseline, prompting the model with task and topic 
name and topic-augmented generation, prompting the model with the task, topic name, list of key words for the topic and list of 10 exemplary 
recent titles and abstracts from the topic

Topic name Baseline zero-shot generation approach Our topic-augmented generation approach

Ketamine for 
treatment-
resistant 
depression

1.	 What is the comparative effectiveness of novel neuromodulation techniques 
(eg, TMS, ketamine, esketamine, VNS and DBS) in reducing depressive 
symptoms and improving functional outcomes in patients with treatment-
resistant depression across different symptom profiles and comorbidities?

2.	 Among patients with treatment-resistant depression, what are the long-
term (≥2 years) outcomes of pharmacological augmentation strategies (eg, 
lithium, thyroid hormone, atypical antipsychotics) vs switching to alternative 
mechanisms of action (eg, MDMA-assisted therapy, psilocybin), and how do 
these outcomes vary by biomarker profiles or genetic subtypes

3.	 How do psychosocial interventions (eg, CBT, DBT, ACT and behavioural 
activation) modify treatment response when combined with 
pharmacological or neuromodulatory interventions in treatment-resistant 
depression, and which patient subgroups benefit most from integrated 
models

4.	 What is the role of inflammatory, metabolic and gut-microbiome 
biomarkers in predicting resistance to standard antidepressants and guiding 
personalised treatment selection in treatment-resistant depression, and do 
interventions targeting these pathways improve clinical outcomes?

5.	 How do real-world treatment sequences and adherence patterns in diverse 
healthcare settings influence the trajectory and definition of treatment 
resistance, and can revised diagnostic criteria for treatment-resistant 
depression improve clinical trial design and patient stratification?

1.	 How do neurophysiological biomarkers (eg, EEG gamma oscillations, entropy, 
scale-free dynamics) predict or differentiate early vs late responders to ketamine/
esketamine infusions in TRD and can they be used to personalise dosing or 
administration protocols?

2.	 What is the mechanistic basis for the differential effects of NMDA receptor 
antagonists (eg, ketamine, memantine) on proteasome activity and synaptic protein 
homeostasis, and how does this relate to sustained antidepressant effects beyond 
acute NMDA blockade?

3.	 Can coadministration of dopamine modulators (eg, aripiprazole) selectively 
suppress ketamine-induced dissociation without compromising rapid antidepressant 
efficacy, and is this combination clinically superior to ketamine alone in diverse TRD 
populations?

4.	 To what extent do ethnic, metabolic (eg, BMI) or pharmacokinetic differences (eg, 
route of administration: intravenous vs intranasal) influence the efficacy and safety 
of ketamine/esketamine in TRD, particularly in underrepresented populations such as 
Asians or older adults?

5.	 Is nasal epithelial integrity critical for the generation of ketamine-enhanced high-
frequency oscillations and downstream antidepressant effects, and could targeted 
intranasal delivery systems be optimised to enhance bioavailability and reduce 
systemic side effects?

Compassion-
based therapies

1.	 What is the comparative efficacy of CFT vs other evidence-based 
psychotherapies (eg, CBT, ACT) for treating depression and anxiety disorders 
in adult populations?

2.	 How do mechanisms of change (eg, self-compassion, shame reduction, 
emotion regulation) mediate outcomes in compassion-based interventions 
across different clinical and non-clinical populations?

3.	 Are compassion-based therapies equally effective across diverse cultural 
contexts, and how do cultural variations in the conceptualisation of 
compassion influence treatment engagement and outcomes?

4.	 What is the long-term durability of clinical benefits from compassion-based 
therapies beyond 12 months post-treatment, and what factors predict 
sustained improvement or relapse?

5.	 To what extent can digital or self-guided compassion-based interventions 
(eg, apps, online modules) achieve comparable outcomes to therapist-
delivered formats, and for which populations are they most suitable?

1.	 How can CFT and SCT be effectively adapted for autistic adults to reduce self-stigma 
and shame, and what are the key barriers to their feasibility and uptake in this 
population?

2.	 What are the differential physiological and psychological mechanisms by which self-
compassion interventions vs mindfulness-based interventions (eg, MSC, CMT) buffer 
stress reactivity in clinical populations such as GAD, and can heart rate variability or 
other biomarkers be used to personalise treatment selection?

3.	 To what extent can brief, scalable compassion-based interventions (eg, online 
workshops, drop-in programmes with animal-assisted components) sustainably 
improve psychological well-being and reduce suicidality in high-stress student 
populations, and what are the optimal dosages and delivery modalities for long-term 
impact?

4.	 How do self-compassion and compassion training interact with resilience and 
cognitive reappraisal to promote psychological well-being in college students, 
and can integrated mindfulness and self-compassion curricula (eg, MSC, CFT) be 
systematically embedded into university mental health support systems?

5.	 Can compassion-based interventions be designed to specifically target compassion 
fatigue and enhance compassion satisfaction among frontline healthcare workers, and 
how do cultural and systemic factors influence the effectiveness of such interventions 
in long-term care settings?

Rumination 
and repetitive 
thinking

1.	 How do different subtypes of rumination (eg, brooding vs reflection) 
differentially predict longitudinal outcomes in depression, anxiety and other 
psychiatric disorders across diverse populations?

2.	 What is the relative efficacy of cognitive-behavioural, mindfulness-based 
and third-wave interventions in reducing pathological repetitive thinking, 
and which patient characteristics moderate treatment response?

3.	 To what extent do neural mechanisms underlying rumination overlap with 
or diverge from those of worry and other forms of repetitive negative 
thinking, and how do these patterns change across the lifespan?

4.	 How do cultural, socioeconomic and contextual factors influence the 
expression, perception and clinical impact of rumination, and are current 
assessment tools culturally valid across global populations?

5.	 Can digital phenotyping (eg, via smartphone sensors, speech patterns or 
social media use) reliably detect and track rumination in real time, and does 
real-time feedback improve intervention adherence and outcomes?

1.	 How do distinct subtypes of rumination (eg, brooding vs reflection) differentially 
contribute to depression phenotypes in males vs females, and can targeted 
interventions be designed based on these gender-specific rumination networks?

2.	 To what extent does the interaction between Fear of Missing Out (FoMO) and 
rumination drive excessive social media use and social anxiety, and can inhibiting this 
interaction via digital behavioural interventions reduce psychopathology?

3.	 Can RF-CBT be effectively tailored for depression subtypes such as melancholic 
vs anxious distress, and what biomarkers or cognitive profiles predict differential 
treatment response?

4.	 Does reducing mind wandering through acute interventions (eg, exercise) translate 
into sustained improvements in cognitive functioning and mental health outcomes, 
and is mind wandering a transdiagnostic mechanism linking stress, rumination and 
learning deficits?

5.	 What role do residual rumination and impaired emotional competence play in 
relapse vulnerability among remitted late-life depression, and can interventions 
targeting emotional regulation outperform traditional antidepressant maintenance in 
preventing recurrence?

ACT, acceptance and commitment therapy; BMI, body mass index; CBT, cognitive behavioural therapy; CFT, compassion-focused therapy; CMT, compassionate mind training; DBS, deep brain 
stimulation; DBT, dialectical behaviour therapy; EEG, electroencephalography; GAD, generalised anxiety disorder; MDMA, 3,4-methylenedioxymethamphetamine; MSC, mindful self-compassion; 
NMDA, n-methyl-D-aspartate; RF-CBT, rumination-focused cognitive behavioural therapy; SCT, self-compassion training; TMS, transcranial magnetic stimulation; TRD, treatment-resistant 
depression; VNS, vagus nerve stimulation.
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due to important key findings that spark or reduce subsequent 
interest. Our approach is currently limited to titles and abstracts; 
future work will explore use of full texts as well as extend our 
approach to automatically inform other key aspects of the choice 
of topics for research synthesis, namely the level of consensus 
in the field, and the translational or therapeutic actionability of 
the evidence. In particular, while our current study evaluated 
the specificity of generated questions, specificity alone does not 
imply that generated questions truly represent open research 
questions, as opposed to questions already addressed; this ques-
tion will be evaluated in future work. Finally, we will make our 
approach widely available online as an interactive tool as a part 
of the GALENOS website.

CLINICAL IMPLICATIONS
Artificial intelligence tools promise to accelerate scientific 
research processes, yet many challenges remain necessitating 
their careful implementation and evaluation for different 
purposes. Our approach supports research ‘horizon scanning’: 
monitoring the published literature for trends and suggesting 
key synthesis questions to inform research prioritisation.

Author affiliations
1Human-Centered Health AI, Idiap Research Institute, Martigny, Switzerland
2Swiss Institute of Bioinformatics, Lausanne, Switzerland
3School of Medicine, University of St Gallen, St Gallen, Switzerland
4EPPI Centre, UCL Social Research Institute, University College London, London, UK
5Department of Psychiatry, University of Oxford, Oxford, UK
6Division of Clinical Informatics, Harvard Medical School, Boston, Massachusetts, USA
7Academic Department of Psychiatry, Kolling Institute, Northern Clinical School, 
Faculty of Medicine and Health, University of Sydney, Sydney, New South Wales, 
Australia
8Kyoto University Office of Institutional Advancement and Communications, Kyoto, 
Japan
9Oxford Precision Psychiatry Lab, NIHR Oxford Health Biomedical Research Centre, 
Oxford, UK
10NIHR Oxford Health Clinical Research Facility, Oxford Health NHS Foundation Trust, 
Warneford Hospital, Oxford, UK

Acknowledgements  We would like to thank members of the GALENOS 
leadership team for providing feedback on this work, in particular Susan Michie, 
Julian Elliott, Niall Boyce, Georgia Salanti, Malcolm Macleod and Matthias Egger.

Contributors  JH was involved in conception, funding acquisition, analysis, 
software, writing first draft, review and editing and acts as guarantor for the work. 
MW was involved in conception, analysis, software and writing first draft, review 
and editing. JK was involved in conception and writing review and editing. AH was 
involved in software, writing review and editing. GSM was involved in conception, 
writing review and editing. TAF was involved in conception, funding acquisition, 
analysis, writing the first draft and writing the review and editing. JP was involved 
in conception, analysis, writing the first draft, review and editing. JT was involved in 
conception, funding acquisition, analysis, writing the first draft, review and editing. 
AC was involved in funding acquisition, conception, writing first draft, review and 
editing.

Funding  This study was funded by the Wellcome Trust under the GALENOS project 
agreement to PI Andrea Cipriani.

Competing interests  TAF reports personal fees from Boehringer-Ingelheim, 
Daiichi Sankyo, D.T. Axis, Micron, Shionogi, SONY and UpToDate, and a grant from 
D.T. Axis and Shionogi, outside the submitted work; in addition, he has a patent 
7448125 (TAF, Masaru Horikoshi, Takashi Katayama for applying machine learning 
in internet CBT) and a pending patent 2024–521973 (Shionogi, Kyoto University, 
a machine learning algorithm to predict depression worsening), and has licensed 
intellectual properties for Kokoro-app to D.T. Axis. GSM has received personal 
payment for lecture from AbbVie and institutional grants from AstraZeneca and 
Janssen-Cilag outside the submitted work. AC has received research, educational 
and consultancy fees from the Italian Network for Paediatric Trials, CARIPLO 
Foundation, Lundbeck and Angelini Pharma outside the submitted work. No funding 
from these entities was used to support the current work, and all views expressed 
are solely those of the authors. Other authors report no conflicts of interest.

Patient consent for publication  Not applicable.

Ethics approval  Not applicable.

Provenance and peer review  Not commissioned; externally peer-reviewed.

Data availability statement  Data are available in a public, open access 
repository. Literature data were originally sourced from the OpenAlex database 
based on a query as described in the Methods. The search results, identified topics, 
binary matrix of publications to topics and trendy predictions files are available from 
Zenodo at https://zenodo.org/records/17514303. All software and analysis code are 
available from GitHub at https://github.com/galenos-project/literature-mining.

Supplemental material  This content has been supplied by the author(s). It 
has not been vetted by BMJ Publishing Group Limited (BMJ) and may not have 
been peer-reviewed. Any opinions or recommendations discussed are solely those 
of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and 
responsibility arising from any reliance placed on the content. Where the content 
includes any translated material, BMJ does not warrant the accuracy and reliability 
of the translations (including but not limited to local regulations, clinical guidelines, 
terminology, drug names and drug dosages), and is not responsible for any error 
and/or omissions arising from translation and adaptation or otherwise.

Open access  This is an open access article distributed in accordance with the 
Creative Commons Attribution 4.0 Unported (CC BY 4.0) license, which permits 
others to copy, redistribute, remix, transform and build upon this work for any 
purpose, provided the original work is properly cited, a link to the licence is given, 
and indication of whether changes were made. See: https://creativecommons.org/​
licenses/by/4.0/.

ORCID iDs
Janna Hastings https://orcid.org/0000-0002-3469-4923
Marie Wosny https://orcid.org/0009-0000-2791-0774
Jaycee Kennett https://orcid.org/0000-0002-7312-8676
Gin S Malhi https://orcid.org/0000-0002-4524-9091
Toshi A Furukawa https://orcid.org/0000-0003-2159-3776
Jennifer Potts https://orcid.org/0009-0008-8846-9159
Andrea Cipriani https://orcid.org/0000-0001-5179-8321

REFERENCES
	 1	 Kyu HH, Abate D, Abate KH, et al. Global, regional, and national disability-adjusted 

life-years (DALYs) for 359 diseases and injuries and healthy life expectancy (HALE) for 
195 countries and territories, 1990–2017: a systematic analysis for the Global Burden 
of Disease Study 2017. Lancet 2018;392:1859–922. 

	 2	 Global burden of disease study 2019 (GBD 2019) data resources. GHDx. Available: 
https://ghdx.healthdata.org/gbd-2019 [Accessed 14 Jan 2025].

	 3	 Paul SM, Potter WZ. Finding new and better treatments for psychiatric disorders. 
Neuropsychopharmacol 2024;49:3–9. 

	 4	 Seyhan AA. Lost in translation: the valley of death across preclinical and clinical 
divide – identification of problems and overcoming obstacles. transl med commun 
2019;4:18. 

	 5	 Cipriani A, Seedat S, Milligan L, et al. New living evidence resource of human and 
non-human studies for early intervention and research prioritisation in anxiety, 
depression and psychosis. BMJ Ment Health 2023;26:e300759. 

	 6	 PubMed. Available: https://pubmed.ncbi.nlm.nih.gov/ [Accessed 11 Jul 2022].
	 7	 Sayers EW, Beck J, Bolton EE, et al. Database resources of the National Center for 

Biotechnology Information in 2025. Nucleic Acids Res 2025;53:D20–9. 
	 8	 Elliott J, Lawrence R, Minx JC, et al. Decision makers need constantly updated 

evidence synthesis. Nature New Biol 2021;600:383–5. 
	 9	 Smith KA, Boyce N, Chevance A, et al. Triangulating evidence from the GALENOS 

living systematic review on trace amine-associated receptor 1 (TAAR1) agonists in 
psychosis. Br J Psychiatry 2025;226:162–70. 

	10	 Cochrane. Evidence synthesis - what is it and why do we need it? 2022. Available: 
https://www.cochrane.org/news/evidence-synthesis-what-it-and-why-do-we-need-it 
[Accessed 13 Apr 2022].

	11	 Siafis S, Chiocchia V, Macleod MR, et al. Trace amine-associated receptor 1 (TAAR1) 
agonism for psychosis: a living systematic review and meta-analysis of human and 
non-human data. Wellcome Open Res 2024;9:182. 

	12	 Wright S, Chiocchia V, Elugbadebo O, et al. The therapeutic potential of exercise in 
post-traumatic stress disorder and its underlying mechanisms: A living systematic 
review of human and non-human studies. Wellcome Open Res 2024;9:720. 

	13	 Ostinelli EG, Salanti G, Macleod M, et al. Pro-dopaminergic pharmacological 
interventions for anhedonia in depression: a living systematic review and network 
meta-analysis of human and animal studies. EBioMedicine 2025;121:105967. 

	14	 Hastings J. Mental health ontologies: how we talk about mental health, and why it 
matters in the digital age. University of Exeter Press, 2020.

	15	 Schenk PM, Hastings J, Santilli M, et al. Towards an ontology of mental health: 
Protocol for developing an ontology to structure and integrate evidence regarding 
anxiety, depression and psychosis. Wellcome Open Res 2024;9:40. 

	16	 McGorry PD, Nelson B, Wood SJ, et al. Transcending false dichotomies and diagnostic 
silos to reduce disease burden in mental disorders. Soc Psychiatry Psychiatr Epidemiol 
2020;55:1095–103. 

https://zenodo.org/records/17514303
https://github.com/galenos-project/literature-mining
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-3469-4923
https://orcid.org/0009-0000-2791-0774
https://orcid.org/0000-0002-7312-8676
https://orcid.org/0000-0002-4524-9091
https://orcid.org/0000-0003-2159-3776
https://orcid.org/0009-0008-8846-9159
https://orcid.org/0000-0001-5179-8321
http://dx.doi.org/10.1016/S0140-6736(18)32335-3
https://ghdx.healthdata.org/gbd-2019
http://dx.doi.org/10.1038/s41386-023-01690-5
http://dx.doi.org/10.1186/s41231-019-0050-7
http://dx.doi.org/10.1136/bmjment-2023-300759
https://pubmed.ncbi.nlm.nih.gov/
http://dx.doi.org/10.1093/nar/gkae979
http://dx.doi.org/10.1038/d41586-021-03690-1
http://dx.doi.org/10.1192/bjp.2024.237
https://www.cochrane.org/news/evidence-synthesis-what-it-and-why-do-we-need-it
http://dx.doi.org/10.12688/wellcomeopenres.21302.1
http://dx.doi.org/10.12688/wellcomeopenres.23033.4
http://dx.doi.org/10.1016/j.ebiom.2025.105967
http://dx.doi.org/10.12688/wellcomeopenres.20701.3
http://dx.doi.org/10.1007/s00127-020-01913-w


10 Hastings J, et al. BMJ Ment Health 2026;29:1–10. doi:10.1136/bmjment-2025-302379

Open access

	17	 Malgaroli M, Hull TD, Zech JM, et al. Natural language processing for mental 
health interventions: a systematic review and research framework. Transl Psychiatry 
2023;13:309. 

	18	 Le Glaz A, Haralambous Y, Kim-Dufor D-H, et al. Machine Learning and Natural 
Language Processing in Mental Health: Systematic Review. J Med Internet Res 
2021;23:e15708. 

	19	 Doneva SE, Qin S, Sick B, et al. Large language models to process, analyze, and 
synthesize biomedical texts: a scoping review. Discov Artif Intell 2024;4:107. 

	20	 Clusmann J, Kolbinger FR, Muti HS, et al. The future landscape of large language 
models in medicine. Commun Med (Lond) 2023;3:141. 

	21	 Wu X, Nguyen T, Luu AT. A survey on neural topic models: methods, applications, and 
challenges. Artif Intell Rev 2024;57:18. 

	22	 Serrano Nájera G, Narganes Carlón D, Crowther DJ. TrendyGenes, a computational 
pipeline for the detection of literature trends in academia and drug discovery. Sci Rep 
2021;11:15747. 

	23	 Boutaleb A, Picault J, Grosjean G, et al. BERTrend: neural topic modeling for 
emerging trends detection. In: Tetreault J, Nguyen TH, Lamba H, eds. Proceedings 
of the Workshop on the Future of Event Detection (FuturED); Miami, Florida, USA, 
2024:1–17.

	24	 Priem J, Piwowar H, Orr R. OpenAlex: A fully-open index of scholarly works, authors, 
venues, institutions, and concepts. arXiv 2022. 

	25	 Grootendorst M. BERTopic: neural topic modeling with a class-based tf-idf procedure. 
arXiv [Preprint] 2022. 

	26	 Hastings J. Data from "Automatically detecting trends and open questions from 
recent mental health publications: supplementary data files". Zenodo Digital 
Repository; 2026. Available: https://doi.org/10.5281/zenodo.17514303

	27	 Han R, Chen Y, CuiZhu Z, et al. Deep researcher with test-time diffusion. arXiv 
[Preprint] 2025. 

	28	 O’Connor AM, Clark J, Thomas J, et al. Large language models, updates, and 
evaluation of automation tools for systematic reviews: a summary of significant 
discussions at the eighth meeting of the International Collaboration for the 
Automation of Systematic Reviews (ICASR). Syst Rev 2024;13:290. 

	29	 Dennstädt F, Zink J, Putora PM, et al. Title and abstract screening for literature reviews 
using large language models: an exploratory study in the biomedical domain. Syst Rev 
2024;13:158. 

	30	 Homiar A, Thomas J, Ostinelli EG, et al. Development and evaluation of prompts for a 
large language model to screen titles and abstracts in a living systematic review. BMJ 
Ment Health 2025;28:e301762. 

	31	 Gartlehner G, Kahwati L, Hilscher R, et al. Data extraction for evidence synthesis 
using a large language model: a proof-of-concept study. Epidemiology [Preprint] 
2023. 

http://dx.doi.org/10.1038/s41398-023-02592-2
http://dx.doi.org/10.2196/15708
http://dx.doi.org/10.1007/s44163-024-00197-2
http://dx.doi.org/10.1038/s43856-023-00370-1
http://dx.doi.org/10.1007/s10462-023-10661-7
http://dx.doi.org/10.1038/s41598-021-94897-9
http://dx.doi.org/10.48550/arXiv.2205.01833
https://doi.org/10.5281/zenodo.17514303
http://dx.doi.org/10.1186/s13643-024-02666-2
http://dx.doi.org/10.1186/s13643-024-02575-4
http://dx.doi.org/10.1136/bmjment-2025-301762
http://dx.doi.org/10.1136/bmjment-2025-301762

	Automatically detecting trends and open questions from mental health publications: a Wellcome-­funded GALENOS project
	Abstract
	Background﻿﻿
	Objective
	METHODS
	Literature extraction and cleaning
	Identification and naming of topics
	Time series predictive model of topic mentions
	Topic trendiness prediction and ranking
	Deriving research synthesis questions from topics

	FINDINGS
	Publication and topic patterns over time
	Trendiness prediction and ranking
	Deriving candidate research synthesis questions from trendy topics

	DISCUSSION
	Clinical implications
	References


