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Abstract
AlphaFold model has reshaped biological research. However, vast unstructured data in the entire AlphaFold 
field requires further analysis to fully understand the current research landscape and guide future exploration. 
Thus, this scientometric analysis aimed to identify critical research clusters, track emerging trends, and highlight 
underexplored areas in this field by utilizing machine-learning-driven informatics methods. Quantitative 
statistical analysis reveals that the AlphaFold field is enjoying an astonishing development trend (Annual Growth 
Rate = 180.13%) and global collaboration (International Co-authorship = 33.33%). Unsupervised clustering algorithm, 
time series tracking, and global impact assessment point out that Cluster 3 (Artificial Intelligence-Powered 
Advancements in AlphaFold for Structural Biology) has the greatest influence (Average Citation = 48.36 ± 184.98). 
Additionally, regression curve and hotspot burst analysis highlight “structure prediction” (s = 12.40, R2 = 0.9480, 
p = 0.0051), “artificial intelligence” (s = 5.00, R2 = 0.8096, p = 0.0375), “drug discovery” (s = 1.90, R2 = 0.7987, p = 0.0409), 
and “molecular dynamics” (s = 2.40, R2 = 0.8000, p = 0.0405) as core hotspots driving the research frontier. More 
importantly, the Walktrap algorithm further reveals that “structure prediction, artificial intelligence, molecular 
dynamics” (Relevance Percentage[RP] = 100%, Development Percentage[DP] = 25.0%), “sars-cov-2, covid-19, vaccine 
design” (RP = 97.8%, DP = 37.5%), and “homology modeling, virtual screening, membrane protein” (RP = 89.9%, 
DP = 26.1%) are closely intertwined with the AlphaFold model but remain underexplored, which implies a broad 
exploration space. In conclusion, through the machine-learning-driven informatics methods, this scientometric 
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Introduction
The advent of AlphaFold has revolutionized structural 
biology, marking a new era in protein structure predic-
tion with unprecedented accuracy [1]. Since its inception, 
the AlphaFold model has provided invaluable insights 
into the complex structure of biomolecules, rapidly serv-
ing as a cornerstone of molecular biology, genomics, and 
drug discovery [1–3].

As a cross-disciplinary subject, scientometrics takes 
scientific knowledge carriers and their internal related 
information as a data source and utilizes mathematical 
and statistical methods to qualitatively and quantita-
tively analyze their quantity, distribution, structure, and 
evolution, ultimately providing solid evidence for future 
research strategies and investment decisions in a spe-
cific field [4, 5]. Scientometric analysis is widely wielded 
not only in computer science, but more recently in many 
medical domains, including basic medicine, and clinical 
medicine [6–8].

Recently, research related to AlphaFold has experi-
enced explosive growth, resulting in the accumulation of 
vast amounts of unstructured data. To date, the overall 
research landscape, evolving trends, and future develop-
ment of the AlphaFold field remain unclear. The machine-
learning-driven scientometric analysis coincides with a 
significant opportunity for scholars in the AlphaFold field 
to address these challenges in a short time.

Therefore, through the machine-learning-driven infor-
matics methods, this scientometric analysis aimed to 
identify critical research clusters, track emerging trends, 
and highlight underexplored critical areas that hold 
promise for future exploration.

Materials and methods
Data source
Several biomedical databases exist in scientometrics 
research, including Web of Science (WOS), Scopus, 
PubMed, MEDLINE, and Embase. Although integrat-
ing different databases can provide more information, 
there is a large amount of duplicated data between dif-
ferent databases. Combining data from different sources 
may introduce unnecessary confounding factors affecting 
the data quality and, ultimately, the experimental conclu-
sions. Choosing a single, high-quality, authoritative data-
base as a data source is often used as a routine strategy 
for scientometrics analysis. This not only represents the 
main trends and directions of the entire research field 
but also minimizes confounding factors and ensures data 
quality. Due to its comprehensiveness and authority, the 

WOS core database was chosen as the data source for 
this informatics analysis study.

Data gathering and sample size
The advanced search function of the WOS database was 
used for data filtering during the data collection process 
for the informatics analysis. Firstly, this study utilized 
the search formula TS=(AlphaFold*) to obtain all Alpha-
Fold related studies (n = 1818). The time frame was from 
January 1, 2019, to May 28, 2024. Further, we removed 
non-peer-reviewed (n = 132) and non-English (n = 6) doc-
uments. Finally, all eligible records were exported as plain 
text format files. The raw data (n = 1680) was exported on 
May 28, 2024.

Unsupervised clustering algorithm
Unsupervised clustering algorithms do not require pre-
labeled data, making them particularly useful for explor-
atory analysis, especially when dealing with data that 
lacks clearly defined category labels. Research hotspot 
analysis often involves large amounts of unlabeled data 
with no predefined categories, so unsupervised clustering 
algorithms can automatically discover structures and pat-
terns based on the inherent features of the data, making 
them especially suitable for clustering research hotspots 
within the AlphaFold field. What’s more, Unsupervised 
clustering algorithms can identify natural groups or pat-
terns within the data, which is particularly important in 
research hotspot analysis. Through clustering, it is possi-
ble to identify research directions or topics that naturally 
form within the AlphaFold field. We used VOSviewer to 
conduct unsupervised clustering analysis [9, 10]. Spe-
cifically, we extracted 4268 keywords from 1680 studies 
as objects (representing research topic). In the dataset, 
the frequency of co-occurrence between two objects 
(representing research topic) was used to represent the 
link strength between them. The total link strength of 
an object is the sum of its link strengths with all other 
objects in the dataset. These co-occurrence relation-
ships are represented in a co-occurrence matrix, where 
each element reflects the link strength between pairs of 
objects. We then applied the Louvain algorithm to the 
co-occurrence matrix for clustering analysis, grouping 
data objects with similar co-occurrence patterns into the 
same cluster.

analysis offers an objective and comprehensive overview of global AlphaFold research, identifying critical research 
clusters and hotspots while prospectively pointing out underexplored critical areas.
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Calculating average publication year and average citation 
across six clusters
We used VOSviewer to identify 6 clusters among the 
1680 studies based on the keywords. Table S2 shows 
detailed information on the top twelve research hotspots 
of the six clusters. By calculating the mean and standard 
deviation of the publication year and citation of research 
hotspots in each cluster, the average publication year and 
standard deviation, average citation and standard devia-
tion of each cluster are obtained.

Hotspot burst analysis
The hotspot burst analysis was conducted to identify 
and quantify the time period when a research hotspot 
receives a significant increase in attention, indicating the 
degree of concentration of a particular research hotspot 
over a period of time. This analysis is critical to under-
standing temporal trends in research field and identify-
ing emerging topics that may deserve further exploration. 
We use the R package “bibliometrix” for hotspot burst 
analysis. “bibliometrix” is well suited for bibliometric 
studies and provides a powerful tool for temporal analysis 
of research topics [11]. The input data consisted of 4268 
keywords. The parameters were set as follows: Word 
Minimum Frequency set to 4 and Number of Words per 
Year set to 3. Finally, the results were visualized using the 
R package “ggplot2”.

Regression analysis
Regression analysis is a classical statistical method used 
primarily to quantify the relationship between two or 
more variables. In this study, we aimed to understand 
the relationship between the frequency of occurrence of 
a particular research topic and time. Therefore, regres-
sion analysis was chosen to determine whether there is 
a linear relationship between the two and to assess the 
strength of this relationship. We used the R package 
“bibliometrix” to extract 4268 keywords from 1680 stud-
ies and counted the frequency of these keywords across 
years, focusing on the top 100 keywords with the highest 
overall frequency. Subsequently, we conducted a regres-
sion analysis to analyze the correlation between the fre-
quency of keyword occurrence and time. P-values less 
than 0.05 indicate that the correlation is statistically sig-
nificant, “R²” denotes the coefficient of determination, 
and “s” denotes the slope of the fitted curve.

Walktrap-based community analysis of alphafold research
Common community detection algorithms include the 
Walktrap algorithm, Girvan-Newman algorithm, Lou-
vain algorithm, Label Propagation algorithm, Spectral 
Clustering algorithm, Infomap algorithm and so on. 
Each algorithm has its unique advantages and suitable 
application scenarios. For example, the Girvan-Newman 

algorithm is well suited for smaller networks, the Lou-
vain algorithm performs well in large-scale networks, 
and the Infomap algorithm has an advantage in net-
works with multilayer structures. In this study, we chose 
the Walktrap algorithm for the following main reasons: 
Adaptation to Complex Networks: The Walktrap algo-
rithm effectively handles complex and densely connected 
networks, such as those in the AlphaFold research field, 
capturing the deep relationships between research top-
ics; Natural Cluster Identification: Through the process 
of random walks, the algorithm can identify natural clus-
ters among research topics, making it ideal for analyz-
ing dynamically evolving research hotspots and trends; 
Ease of Interpretation: The results of the Walktrap algo-
rithm are easy to interpret, making it straightforward 
for researchers to understand the data structure and 
research findings.

The Walktrap algorithm is a community detection 
algorithm based on random walks, used to identify 
communities or clusters (representing research topics) 
within networks. The algorithm simulates random walks 
between nodes (representing research topics) in the net-
work to capture the close relationships between nodes, 
thereby identifying clusters of closely related nodes. 
Each node (representing research topic) in the network 
is initially considered as an independent community. The 
distance between different communities is calculated 
based on the similarity between research topics. Briefly, 
the distance matrix was constructed by co-occurrence. 
The co-occurrence frequency was used as a proxy for 
similarity, where higher co-occurrence frequencies indi-
cated greater similarity. These similarity scores were then 
inverted to form the distance matrix, with lower distance 
values indicating higher similarity between topics. The 
two communities with the shortest distance are merged, 
gradually reducing the number of communities. The 
algorithm selects the partition that best defines the com-
munity structure, meaning tight connections within com-
munities and sparse connections between communities.

Results
We comprehensively collected all studies related to 
AlphaFold to date. To ensure the quality of the included 
research, we excluded non-peer-reviewed and non-
English articles. Statistical results show that AlphaFold 
is now a burgeoning field. Since AlphaFold first debuted 
at CASP13, the number of related peer-reviewed English 
studies has surged to 1680, with an annual growth rate 
of 180.13% (Table S1). The proportion of international 
co-authorship has reached 33.33% (Table S1), highlight-
ing the trend towards global collaborative research in 
the AlphaFold field. To investigate the major research 
clusters in the AlphaFold field and conduct subsequent 
time-series and global impact analyses, we applied an 
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unsupervised clustering algorithm to cluster global 
research hotspots and identified six clusters: Cluster 1 
(Applications of AlphaFold-Based Protein Prediction 
in Virology and Immunology), Cluster 2 (Application 
of AlphaFold in Gene Mutation and Gene Expression 
Regulation), Cluster 3 (Artificial Intelligence[AI]-Pow-
ered Advancements in AlphaFold for Structural Biol-
ogy), Cluster 4 (AlphaFold’s Role in Drug Discovery 
and Molecular Dynamics), Cluster 5 (AlphaFold-Driven 
Enzyme Engineering and Mechanistic Insights), and 
Cluster 6 (AlphaFold in Disease-Related Structural Biol-
ogy and Genomic Research) (Fig.  1A; Table S2). An in-
depth analysis of the time series and global impact was 
further conducted to track the development of the 
six clusters in the AlphaFold field. The results reveal 
that Cluster 3, the earliest emerging key cluster (Aver-
age Publication Year = 2022.72 ± 0.40), has demon-
strated remarkable influence and importance (Average 
Citation = 48.36 ± 184.98). In contrast, cluster 5, as an 

emerging force, is just beginning to show potential and 
has significant room for growth (Average Publication 
Year = 2022.93 ± 0.31; Average Citation = 7.29 ± 19.25) 
(Fig.  1B). Spatial density networks driven by total link 
strength (TLS) or occurrence frequency (OF) further 
provide comprehensive and intuitive visual insights into 
AlphaFold research hotspots (Fig. 1C and D).

The subsequent regression curve analysis, aimed at 
exploring trends in research topics, reveals a strong 
upward trajectory in areas such as: “structure prediction” 
(s = 12.40 [95% CI: 7.062, 17.74], R2 = 0.9480, p = 0.0051), 
“AI” (s = 5.00 [95% CI: 0.5446, 9.455], R2 = 0.8096, 
p = 0.0375), “drug discovery” (s = 1.90 [95% CI: 0.1472, 
3.653], R2 = 0.7987, p = 0.0409), and “molecular dynamics” 
(s = 2.40 [95% CI: 0.1951, 4.605], R2 = 0.8000, p = 0.0405) 
(Fig. 2A). Hotspot burst analysis was employed to detect 
sudden bursts in AlphaFold research, pinpointing top-
ics that have seen rapid growth over a short period. This 
analysis highlights that “protein structure”, “molecular 

Fig. 1 A concise overview of the spatial and temporal distribution of high-quality research hotspots in the AlphaFold domain. (A) Machine 
learning-based unsupervised clustering algorithm divides global research hotspots into six major clusters; (B) Time series tracking reveals the global 
temporal distribution pattern of research hotspots; (C) Spatial density network graph visualizes the total link strength (TLS) of global research hotspots 
(D) Spatial density network graph visualizes the occurrence frequency (OF) of global research hotspots
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Fig. 2 Development trends and future directions in the AlphaFold domain. (A) Regression curve analysis reveals the correlation between the 
annual occurrence frequency of research hotspots and publication time. ‘s’ represents the slope of the fitted curve, ‘R2’ represents the coefficient of de-
termination, and ‘CI’ represents the confidence interval. (B) Hotspot burst analysis for global research hotspots of AlphaFold model. (C) The graph-based 
community detection algorithm Walktrap reveals the critical but still underdeveloped directions for this field that deserve further research. The X-axis 
represents the relevance to the field, and the Y-axis represents the relative development degree
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dynamics”, and “AI” are emerging as prominent focuses 
for future research (Fig. 2B).

Notably, the community detection and network analy-
sis algorithm named Walktrap was used to uncover rela-
tionships between research hotspots and identify areas 
closely related to the AlphaFold that remain underex-
plored. The results indicate that “structure prediction”, 
“AI”, and “molecular dynamics” are closely intertwined 
with AlphaFold, as indicated by a high Relevance Per-
centage (RP = 100%). However, these areas also exhibit a 
relatively low Development Percentage (DP = 25.0%), sug-
gesting that while they are central to the AlphaFold field, 
they have still not been fully explored. This combination 
of high relevance and low maturity underscores a broad 
exploration space and significant research potential, indi-
cating substantial opportunities for future advancements 
and breakthroughs in these areas (Fig. 2C).

Discussion
This study employs a rigorous scientometric analysis to 
illuminate the landscape of global AlphaFold research. 
By identifying critical research clusters and hotspots, it 
underscores the current trends in the entire AlphaFold 
field while also revealing underexplored areas that hold 
significant promise for future investigation.

Multiple informatics analyses indicate that AI is the 
most influential direction in the AlphaFold field, sup-
ported by its highest average citation rate (Average 
Citation = 48.36 ± 184.98). Specifically, in the global 
impact analysis of the six research clusters (Fig.  1A; 
Table S2), Cluster 3 (AI-Powered Advancements in 
AlphaFold for Structural Biology) has an average cita-
tion of 48.36 ± 184.98; while the average citation of 
Cluster 1 = 5.57 ± 7.74; Cluster 2 = 5.32 ± 9.38; Clus-
ter 4 = 13.13 ± 26.68; Cluster 5 = 7.29 ± 19.25; Cluster 
6 = 3.55 ± 4.21. Comparative analysis reveals that Cluster 
3 has the highest average citation among all the clusters, 
thus demonstrating that the AI direction is the most 
influential. Additionally, AI is a promising direction for 
future development, as it plays a central role (RP = 100%) 
but remains underexplored (DP = 25.0%). In comparison, 
other research directions show statistics such as “sars-
cov-2, covid-19, vaccine design” (RP = 97.8%, DP = 37.5%) 
and “homology modeling, virtual screening, membrane 
protein” (RP = 89.9%, DP = 26.1%). These findings suggest 
that other research directions either have lower rele-
vance or offer less room for development than AI direc-
tion. Therefore, after a comprehensive comparison, this 
study conclude that AI is a promising direction for future 
development in the AlphaFold field.

Each breakthrough of AlphaFold has been deeply 
marked by the integration and advancement of AI tech-
nology, serving as its internal engine of continuous 
innovation [1–3]. Although the latest AlphaFold 3 has 

significantly improved prediction accuracy, the extreme 
complexity of biological systems and the high diversity 
of protein structures pose substantial challenges in accu-
rately simulating protein dynamics and interaction mech-
anisms under various environmental conditions [2, 12]. 
This underscores the urgent need for AI models capable 
of handling complex scenarios with higher levels of intel-
ligence. Additionally, the development and training of AI 
models heavily rely on large-scale, diverse datasets [13]. 
Therefore, expanding the coverage and representative-
ness of datasets, enhancing computational efficiency, 
and reducing resource consumption are key issues that 
need to be addressed in the AI area. As the cornerstone 
of AlphaFold’s development, the continuous optimization 
and upgrading of AI technology will undoubtedly inject 
continuous momentum into AlphaFold’s future explora-
tion, leading it to new heights.

Interestingly, the Walktrap algorithm and regression 
analysis indicate that “membrane protein” (RP = 98.9%, 
DP = 26.1%) and “drug discovery” (s = 1.90 [95% CI: 
0.1472, 3.653], R2 = 0.7987, p = 0.0409) are closely linked 
with AlphaFold, yet these areas remain underdeveloped. 
As we all know, membrane proteins are involved in vari-
ous critical biological processes, including signal trans-
duction, ion transport, and cell adhesion. They represent 
a significant portion of drug targets due to their roles in 
cellular communication and metabolism [14] . Determin-
ing the structure of membrane proteins is particularly 
challenging due to their amphipathic nature and the diffi-
culty in crystallizing them [15]. AlphaFold’s ability to pre-
dict these complex structures addresses a significant gap 
in structural biology [3, 12]. Despite AlphaFold’s remark-
able potential in advancing membrane protein structure 
resolution and drug design, its accuracy in predicting 
protein-protein interactions and capturing the dynamic 
conformational changes requires improvement [16, 17]. 
For example, G protein-coupled receptors (GPCRs) 
are classical membrane proteins and are widely used as 
drug targets. While AlphaFold2 can predict the static 
structures of GPCRs, it struggles to capture the dynamic 
conformational changes that occur when GPCRs inter-
act with ligands [12]. This key limitation remains with 
the newly introduced AlphaFold3, despite algorithmic 
improvements. Similarly, E3 ubiquitin ligases typically 
adopt an open conformation in the absence of a ligand 
and transition to a closed conformation upon ligand 
binding. However, AlphaFold3 still fails to accurately pre-
dict these conformational shifts across different states [2]. 
To address this limitation, future research could focus on 
developing more efficient algorithms that incorporate 
time-series data, reinforcement learning, and molecular 
dynamics simulations, which could significantly enhance 
AlphaFold’s ability to predict protein dynamics and con-
formational diversity. (Supplementary file 3).
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In conclusion, AlphaFold has undoubtedly injected sig-
nificant momentum into the areas of membrane protein 
science and drug discovery, but it also faces numerous 
challenges that require further exploration. With contin-
uous innovations and iterations in artificial intelligence 
technology, we believe that AlphaFold will demonstrate 
even greater performance in these domains in the future.
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