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Abstract: In recent years, the widespread use of artificial intelligence (Al) and big data technologies in drug research has significantly
accelerated the drug development process. However, their black-box nature makes it challenging to evaluate their effectiveness and
safety. The interpretability of models has become a key issue in the application of Al in the drug development. In this paper,
a bibliometric approach has been adopted to systematically analyze the application of Explainable Artificial Intelligence (XAI)
techniques in drug research, with an in-depth discussion of the developmental trends, geographical distribution, journal preferences,
major contributors, and research hotspots. In addition, the research results of XAl are summarized in the three directions of chemical,
biological, and traditional Chinese medicine, and the future research directions and development trends are envisioned in order to
promote the in-depth application of XAl technology in drug discovery and continuous innovation.
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Introduction
Drug research plays a crucial role in safeguarding human health, not only providing an effective means of treating
diseases but also significantly improving people’s quality of life. With the advancement of science and technology, new
drug research and development (R&D) have been making progress in the fields of cancer, cardiovascular diseases, and
infectious diseases, bringing new hope for the treatment of complex diseases." However, high R&D costs, long R&D
cycles, and high failure rates in screening potential drugs at early stages make traditional drug research face bottlenecks,
which not only slow down the process of launching new drugs but also limit the depth and breadth of the research.’

In this context, the rise of artificial intelligence (AI) and big data technologies has brought new opportunities for the
development of drug research. These technologies are able to extract valuable information from massive amounts of
biomedical data through a data-driven approach, greatly enhancing the efficiency of drug development.® Using machine
learning algorithms, researchers can more accurately predict the interactions between molecules and targets and optimize
drug structures. In addition, big data-based analytics have led to a dramatic increase in the efficiency of drug screening
and a significant reduction in costs. In recent years, some landmark achievements have emerged; for example, Insilico
Medicine successfully discovered new antifibrotic drugs using deep learning, while the AI platform developed by
Atomwise discovered drug candidates against the Ebola virus in new drug screening.*> These advances not only drive
innovation in drug research but also lay the foundation for the future development of personalized medicine.

However, with the widespread use of Al technologies in pharmacy, new challenges have arisen. While traditional
black-box models have excelled in several fields, their internal working mechanisms are complex and lack transparency,

especially in high-risk drug development, where the lack of interpretability raises questions about their effectiveness and
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safety. In response to this bottleneck, Explainable Artificial Intelligence (XAI) has emerged. XAl technology provides an
effective means to address model opacity and is increasingly being widely used in the field of pharmacy. It centers on
revealing the decision-making rationale of models and enhancing system transparency, thereby improving user trust.

Based on the above background, this study systematically analyzes the current status and development trend of XAI
research and application in the field of pharmacy based on bibliometric analysis. The development path and future
potential of this field are revealed in terms of the number of publications, country/region distribution, journals, authors,
and research hotspots and trends. The research results and future development directions are also summarized and
analyzed in terms of chemical, biological, and traditional Chinese medicines (TCM), aiming to provide a comprehensive
reference and scientific basis for subsequent research.

Bibliometric Analysis

Data Sources and Analysis Methods

The data of this study came from the database “Web of Science Core Collection”. It was found using advanced search
mode with the following search formulas: #1: TS = (Al OR “Artificial Intelligence” OR “machine learning” OR “deep
learning”); #2: TS = (interpretable OR explainable OR Shapley OR SHAP OR LIME OR explainability OR interpret-
ability); #3: TS = (drug OR pharma*). The final search formula is #1 AND #2 AND #3. To obtain as many relevant
sources as possible, we use wildcards (*) to denote one or more other characters and to allow for variable endings of
keywords. For example, “pharma*” should include the words “pharmacy” and “pharmaceutical”. We set the time frame
from 2002.01.01 to 2024.06.30, limited the language to English, and restricted the type of publication to articles and
reviews, resulting in a total of 920 articles. Three staff members meticulously reevaluated the 920 articles from the initial
screening to confirm their relevance to drug research and their use of interpretable models or techniques, ultimately
obtaining 573 representative and scientifically valid articles. Figure 1A outlines the specific research process and
screening criteria.

This study utilized Microsoft Excel for basic statistical analysis of publications and citations per year, countries/regions,
institutions, journals, authors, and keywords. VOSviewer 1.6.20 was used for research institution collaboration analysis and
combined with Scimago Graphica software for country/region collaboration analysis. Reference burst detection using
CiteSpace V6.3. Author analysis and keyword analysis were performed using the bibliometrix toolkit, and publications and
citations per year were visualized using the Chiplot online mapping platform (https://www.chiplot.online/) website.

Literature Volume and Distribution

Number of Publications

Figure 1B illustrates the annual publication trends in the field in recent years. In 2017 and before, the annual average
number of publications (TP) remained below 5; from 2019 to 2021, TP increased significantly, reaching an annual
average of 36.3; and from 2022 to 2024, the annual average TP exceeded 100, though the number decreased slightly in
2024, owing to the fact that the statistics only cover the period up to June 2024. In this study, the autoregressive integral
sliding average (ARIMA) model (R2 = 0.9934) was used to conduct time series analysis and forecast the cumulative TP.
Based on historical data, the ARIMA model predicts that the cumulative TP in the topic will reach 694 by 2024. Further
analysis of the model’s extrapolated trend shows that the TP in this topic will continue to rise in the future, indicating that
the research activity and academic attention in this area are continuously increasing. Therefore, it can be reasonably
presumed that the number of articles published in this field will maintain an upward trend in the next few years under the
continuous attention and research promotion of the academic community.

In this study, we evaluated the quality of the literature using the “TC/TP” metric, which measures the academic
influence of papers.® The heat map of article quality in Figure 1C further illustrates the quality of articles in each year.
Before 2018, there were few published articles, the topic received little attention, and the research field was in its early
stages of exploration. 2018 was a turning point for the rapid growth and high-quality development of the field, with
a significant increase in the TC/TP value, which remained high at 15 to 16 in the following years. The peak in TC/TP
values in 2020 is a milestone in the high-quality development of the field, reflecting the fact that papers published in 2020
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are frequently cited. Between 2018 and 2021, the TC/TP values generally exceeded 10, and the number of publications
also showed a rapid growth trend, and the research field was in a period of rapid growth. From 2022 to the present, the
research in the field is still developing steadily, and the number of publications has increased, so that in the future, as time
passes, high-quality literature and research achievements will be gradually highlighted.

Countries/Regions

Figure 2A shows the geographic map of the number of publications. The top ten countries on the map are concentrated in
Asia, Europe, and North America, with China having the most articles (212), and the United States having the second-
most articles (145). We collected information on the top ten countries in terms of publication count (Table 1). The top
three countries in terms of TC/TP value are Switzerland (33.95), Germany (31.06), and Thailand (26.74), and each of
these three countries shows obvious research features and unique advantages in the application of XAI to pharmacy.
Switzerland has become an industry leader in molecular property prediction and drug safety, especially in utilizing
advanced technologies to address safety issues in drug development.”® This country has not only made great advances in
theoretical research, but it has also enhanced the safety assessment of chemical drugs in actual applications, providing
valuable experience for other countries. Germany, on the other hand, has proved its vast research horizons by focusing on
the application of XAI in pharmacy since 2002,'® with particularly impressive outcomes in cutting-edge technologies
such as multi-target compounds and drug response prediction.!’ Since 2018, Germany’s research output has increased

Drug Design, Development and Therapy 2025:19 htps: 4503



Ding et al

number of papers

number of papers
3 225
o .5 s O
. % Zgizf§e
9 93 3828850 0 . . .
% 22500 &8 8 national cooperation intensity
1 212 %% % TS o
%, %y, 2. &
sy, Y &
o o 0 105
%, % °
e < ™
"ance e
Nethey, 2
Germany therlangs quatem®
TP48 Canada hungary
japan indonesia
UK NO.3 ! D\a\y Iraq
Canda L "
o TP:42 | adh /"'@’"bou
7% NO.4— " Moty O
NO.8 i Japan g say,”%0
USA Switzerland, Chin: L TP2s @* < b% % i,
Gty 2,
TP:145 ™10 l NOT S, o,
NO.2 NO.9. q £&s 2% %,
“South Korea F&e PERA A
LFeZLeszct% e
India P31 FTEFS5EE s £y
$ 223 %
P27 Thailand NOS5: v 2&38 3 J
NO.6 TP:19 g H
¥ 5
NO.9 -
C D usda
. " ) cast china univsci & technol
Authors' Production over Time
harvagd univ e
SHOOMBUATONG WATSHARA ° L4 ® orthwesterr@polytech univ
'SCHADUANGRAT NALINI [ 2 L 2 L 2 - univ @ronto
swiss fed inst technol
univ chinese acad sci
HOU TINGJUN . . ® N.Articles unv et & tocoling IMESgrad s Y uni rassourt
.1 )
CCHAROENKWAN PHASIT- L 2 .2
3 narow @ g ggmEeTsaununiY.
L . nzhou @y, o AMEC SO, i
£ cany
3
2 BAIORATHJUERGEN . . —
singhilla univ
[ g niv g "946 U hunad univ baljing mediciiovo
LU GUIIA o . 20 comel unv
. 40
60 sl ol
LI WEHUA ‘Shanghai /i tong univ
e uw
TANG YUN: univ qugensland
hong kong polytechuny  harvar@iined sch
ong kong poltech
A &
CAO DONGSHENG: @ . chiangmai univ  univ cambridge g Sun yaten univ
. . ! univ califgan diego
] & g H H] mahidol univ
Year
M, vosviewer

Figure 2 Analysis of research countries, institutions, and authors (A) the geographic map of article publishing in this field. (B) the country cooperation map: the size of each
country node indicates the number of articles published in that country, and the node color shade indicates the intensity of the country’s cooperation; the darker the color,
the more cooperation with other countries, and the connecting line between two nodes indicates that the two countries are cooperating. (C) the time node graph of the
top 10 authors’ publications: the horizontal coordinate is the year of publication, the size of each node indicates the number of publications, and the color of the node
indicates the number of times the article has been cited. (D) the network diagram of institutional cooperation: nodes of the same color indicate that the research direction

of these institutions is similar.

dramatically, indicating a high potential for interdisciplinary integration capabilities in drug discovery and development,
which provides more comprehensive and precise support for new drug discovery and development.”'* Thailand,
although a late starter, has entered this field since 2015, and its publication volume has expanded dramatically since
2019, reflecting its rapid development in biologics drug discovery and development. Particularly in peptides and protein
applications targeting bacterial infections and cancer,'>'* Thai research has used integrated models and multiple

14-16

technological tools, indicating its adaptability and usefulness in technological innovation.

Table | Top 10 highly Producing Countries and Regions

Rank Country TP | Percentage (%) | TC | TC/TP | PY_start
| China 212 37.00% 2949 13.91 2013
2 USA 145 25.31% 2920 | 20.14 2006
3 Germany 48 8.38% 1491 31.06 2002
4 UK 42 7.33% 680 16.19 2007
5 South Korea | 31 5.41% 334 10.77 2009
6 India 27 4.71% 219 8.1 2017
7 Japan 24 4.19% 295 12.29 2018
8 Canada 20 3.49% 291 14.55 2016
9 Switzerland 19 3.32% 645 33.95 2006
10 Thailand 19 3.32% 508 26.74 2015

Abbreviations: TP, total publications; TC, total citations; PY_start, Publication Year start.
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Figure 2B shows a graph of country partnerships, and we find a positive relationship between the intensity of
cooperation and the number of country publications. Among the 55 countries that have conducted research in this field,
the United States ranks first in terms of cooperation intensity, having established scientific cooperation with 29 countries,
followed by China, which has cooperation with 24 countries. And the partnership between China and the United States is
particularly noteworthy. Other high-yielding countries, such as Germany and Switzerland, also maintain good research
cooperation. In addition, the intensity of cooperation is affected by a variety of factors, including the country’s level of
economic development, geographic proximity, and political relations between countries. For example, academic
exchanges and cooperation between the United States and its allies, such as the United Kingdom and Germany, are
also frequent. China, on the other hand, also has more cooperative interactions with neighboring countries like Japan,

Pakistan, and Singapore.

Publishing Journals, Scholars, and Institutions

Publishing Journals

Table 2 shows the top ten journals in terms of TP value, with the vast majority of them placed in Q1. More than half of
the journals have focused on research in this field since around 2010, which is forward-looking. JOURNAL OF
CHEMICAL INFORMATION AND MODELING is ranked top in both TP and TC and is the first journal to focus on
this field. BRIEFINGS IN BIOINFORMATICS has only been focusing on this area of research since 2021 but has
quickly become a popular journal for publishing high-quality papers in this field. Although these journals have high TP
and TC values, the IF average is only 4.91, indicating that their total academic level and impact have not yet achieved
peak levels. Although their research contributions in this field should not be ignored, there is still a gap when compared
to the top international journals, reflecting that some of the research in this field may be focused on application
exploration rather than innovative breakthroughs of historic significance. Table 3 displays the top ten journals with
TP/TC values greater than 50 and an IF mean of 12.55, covering a wide range of disciplines including pharmacy,
chemistry, biology, medicine, and artificial intelligence, which shows XAI’s diversity and development potential in the
field of pharmacy research. CANCER CELL was ranked first, with an impact factor (IF) of up to 48.8. In 2020, the
journal published an article in which researchers developed visible neural networks (VNNs) to shed light on the
synergistic mechanisms of cancer drugs by mapping neurons of deep neural networks directly to large hierarchical
structures of known and putative molecular components and pathways, providing new perspectives and directions for
cancer drug research.'” Furthermore, in these high-impact journals with TC values over 100, researchers have extensively
used deep learning network models to probe deeply into drug-molecule interactions, and they have primarily used
attention mechanisms and deep learning mapping techniques to improve the interpretability of their studies.'>'® The
majority of these highly cited literature published in high-quality academic journals occurred around 2020, when the TP/
TC metrics peaked with more than 100 citations in all five journals.

Table 2 Top 10 Journals in Terms of Publications

Rank-TP Source TP TC TCI/ITP JCR IF PY_start
| Journal of chemical information and modeling 44 1084 24.64 Ql 5.6 2007
2 Briefings in bioinformatics 37 608 16.43 Ql 6.8 2021
3 Bioinformatics 22 648 29.45 Ql 44 2009
4 Journal of cheminformatics 20 550 27.50 Ql 7.1 2011
5 International journal of molecular sciences 17 162 9.53 Ql/Q2 49 2019
6 BMC bioinformatics 16 345 21.56 Ql/Q2 | 29 2009
7 Computers in biology and medicine 16 6l 3.81 Ql 7 2021
8 Scientific reports 14 132 9.43 Ql 3.8 2016
9 Molecular informatics I 42 3.82 Ql/Q2 2.8 2010
10 PLOS computational biology 10 135 13.50 Ql/Q2 | 3.8 2019
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Table 3 Top 10 Journals in Terms of Average Citations

Rank-TC/TP Source TP | TC | TC/TP | JCR | IF PY_start
| Cancer cell | 172 172 Ql | 488 2020
2 Journal of medicinal chemistry 3 467 155.67 Ql 6.8 2005
3 Cell systems | 114 114 Ql 9 2020
4 Drug metabolism and disposition | 95 95 Ql 44 2010
5 Chemical science | 89 89 Ql 7.6 2022
6 Genomics | 83 83 Q2 34 2020
7 Evidence based complementary and alternative medicine | 77 77 - - 2013
(This journal is not included in the latest JCR citation report)
8 Pharmacology therapeutics | 63 63 Ql 12 2019
9 Nature communications 8 502 62.75 Ql 14.7 2018
10 Nature machine intelligence 8 464 58 Ql 18.8 2020
Scholars

Figure 2C depicts a time series plot of authors’ publication volume, revealing that the peak of publication in the research
concentration occurs after 2019, and the articles with high citation counts are all distributed between 2019 and 2021,
coinciding with the rapid growth period of publication volume. Four of the top ten authors are from Thailand, one from
Germany, and the rest are from China. Among these authors, Shoombuatong, Watshara has the highest publishing
volume, with 15 academic papers. His 2019 publication, “ACPred: A Computational Tool for the Prediction and Analysis
of Anticancer Peptides”, has received 128 citations. The study constructed an interpretable predictive model by
integrating multiple peptide features and combining Random Forest and Support Vector Machine algorithms. By
analyzing key features, the model reveals the biophysical and biochemical mechanisms behind the anticancer activity
of peptides, and the if-then rule taken from the random forest model adds transparency to the model’s prediction logic.'®
Furthermore, Shoombuatong, Watshara (15 papers) works closely with Schaduangrat, Nalini (12 articles), Nantasenamat,
Chanin (9 articles), and Charoenkwan, Phasit (9 articles), all of whom conduct research on functional peptide analysis
and prediction. The first three authors, all from Mahidol University, have focused their research on random forests or
SHAP as interpretable techniques to reveal key features of different functional peptides.'>'® Charoenkwan Phasit, on the
other hand, is from Chiang Mai University, and his studies mostly used the Score Card Method (SCM) and its variations
to identify and characterize functional peptides.'*~° Since 2020, German author Juergen Bajorath has published 11
papers in this field. His first paper published in 2020, “Interpretation of Machine Learning Models Using Shapley Values:
Application to Compound Potency and Multi-Target Activity Predictions” has been cited 236 times. The study used
SHAP methodology to identify and rank the key features that determine compound classification and activity prediction.
It also demonstrated how SHAP analysis can be used to decipher the multi-target activity profiles generated by DNN
models, revealing molecular structural features that have a significant impact on biological activity.'' In addition, in
2021, Hou Tingjun published the paper “Could Graph Neural Networks Learn Better Molecular Representation for Drug
Discovery? A Comparison Study of Descriptor-Based and Graph-Based Models”, which has been cited 246 times,
explored the application of graph neural networks (GNN) in molecular property prediction and significantly revealed the
key molecular descriptors and structural features learned by the prediction models with the help of the SHAP method,
providing a profound insight into the accurate prediction of molecular properties.”’

Institutions

Figure 2D shows the network diagram of institutional collaboration. The large collaborative networks in the network diagram
are mainly composed of Chinese universities and research institutes, with fewer international large collaborative networks. For
example, in the blue clusters, institutions such as Zhejiang University and Central South University, Hong Kong Baptist
University, Lanzhou University, and Tsinghua University show a wide range of collaborative networks, and their research
interests cover a wide range of fields. Furthermore, the purple cluster depicts the collaborative network between Chinese
research institutions and the University of Tsukuba in Japan, whereas the green cluster represents the collaborative relationship
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between Chinese research institutions and the global biopharmaceutical company AstraZeneca. The yellow cluster, which
includes Mahidol University, Chiang Mai University, the University of Cambridge, and the University of Queensland, is
particularly noteworthy. These collaborations have focused on biologics research, particularly the screening, identification,
and analysis of functional proteins, with many of these studies using gene sequence and protein sequence correlation
information. In addition, some institutions, such as the University of Bonn, are actively focusing on intra-institutional
exchanges. The current analysis of collaboration networks reveals a clear trend: most research institutions’ collaborations
are mainly focused on the domestic level, while collaboration networks on a global scale are not yet widely connected. This
occurrence shows that, despite frequent localized collaborations, there is still much room for worldwide research cooperation
to grow. To promote the continuous development and innovation in this field, future research efforts need to pay more attention

to and actively build cross-border and interdisciplinary cooperation networks.

Research Hotspots and Trends
Analysis of Reference Bursts

Figure 3A is a reference emergence map showing the top 50 high-frequency cited references. The research content of the
highly cited references focuses on three core directions (Supplementary Table 1): drug research (29), technology research

(17), and database introduction (4). Examples include the prediction of target activities and properties of compounds by
Mordred molecular descriptor computational software and the use of XAI techniques for prediction of molecular
properties and new drug design.®** Also included are the presentation of XAl techniques such as SHAP, LIME, and
Transformer™ 2° and databases such as PubChem and ChEMBL.?*?” The analysis in Figure 3A also shows that the
duration of the emergence of the most highly cited articles is relatively short, mostly between 1 and 2 years, which
reflects the rapid updating of knowledge and the rapid development of the field. And the bursting period of most
references is concentrated in 2019 to 2024, which is consistent with the field’s rapid growth. Although these highly cited
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research trend.
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papers have not yet applied interpretable techniques directly to the field of drug research, they provide an important
theoretical foundation and reference value for the application of XAI techniques in drug research.

Keywords Analysis

Figure 3B shows the keyword clustering results based on Louvain’s community discovery algorithm, revealing four main
clusters. The red clustering focuses on machine learning models (eg, Random Forest and XGBoost) and natural language
processing as core research tools, focusing on drug design, screening, and safety assessment.”®? In this clustering, XAl
techniques, especially SHAP and knowledge graphs, are prominently used to enhance the explanatory power of
models.***' Blue clustering, on the other hand, uses deep learning models like graph neural networks and transformer to
explore drug-drug interactions, as well as drug-target binding affinity. In this clustering, the attention mechanism is widely
used for model interpretation, aiming to identify and emphasize the key elements in the input features.>*> The green
clustering focuses on drug development and drug repositioning for specific diseases such as cancer and COVID-19.** The
purple clustering, on the other hand, focuses on drug response prediction and precision medicine using convolutional
networks.>>*® Overall, XAl technology plays an important role in several areas of drug research, covering a wide range of
applications from drug design to precision medicine.

In addition, Figure 3C shows the temporal distribution of the top 15 high-frequency keywords. The analysis results
show that before 2018, the frequency of keywords was low, mainly focusing on methods such as machine learning,
QSAR, feature selection, etc., and the application field only focused on drug discovery. This indicates that in the early
exploration stage, the research method and application direction of this field are single, and a comprehensive research
system has not yet been formed. In 2019, the deep learning and interpretability keywords began to appear, especially the
frequency of deep learning increased year by year, and it became a technical hotspot in the field. In 2020, the concept of
XAI began to be paid attention to, and the heat continued to increase. At the same time, SHAP and attention mechanisms
began to be noticed by researchers as emerging XAl technologies. “Drug-Target Interaction”, as an emerging application
direction, quickly ranked 10th in the cumulative frequency ranking, signaling that it has become an emerging research
hotspot in the field. 2021 SHAP technology began to enter the researchers’ field of vision, and due to its ability to adapt
to a variety of models, it has become a popular choice for XAl techniques in the field. At the same time, the application
field is gradually expanding to COVID-19, bioinformatics, and more widely used in various fields of drug research.

Based on the keyword strategy map presented in Figure 3D and Supplementary Table 2, it is evident that machine learning,

deep learning, and interpretability are the core pillars of development in the field. Research on these themes covers the entire
process of drug development, including drug discovery and design, drug response prediction, and drug regulation. As
fundamental themes, they provide a wealth of technical tools that lay a solid theoretical foundation and technical support
for the entire research field. XAl and bioinformatics are key drivers of progress in this field, and their application in drug
discovery and development has achieved remarkable results. XAl can improve the transparency and interpretability of models,
helping researchers identify and explain the mechanism of action of drugs, predict their side effects, and optimize their drug
design solutions. Bioinformatics provides rich basic data for drug discovery through data mining, genomics, and proteomics.
Combined with XAlI, bioinformatics not only deepens the understanding of biological systems but also facilitates personalized
medicine and precision drug development. The two have shown a favorable development trend and high relevance in the field.
Although niche topics such as cancer, chemoinformatics, and adverse drug reaction prediction studies are not as influential as
core topics such as XAl in the field, the research in these categories is also sufficiently in-depth and specialized to be well
developed. It is worth noting that drug interactions and SHAP, as emerging research themes, are seeing a rise in their interest in
the field, which bodes well for future research that may focus more on this theme.

With the continuous innovation of Al algorithms and interpretable techniques and tools, XAl is being widely used in
various fields of drug research. In particular, the wide application of techniques such as SHAP enables researchers to quantify
the importance of model features, which strengthens the transparency and interpretability of models. Meanwhile, techniques
such as graph neural networks and attention mechanisms not only enhance the interpretability of deep learning models but also
show strong application potential in drug-drug interaction and drug-target interaction studies. In recent years, the research
theme has also expanded from single drug discovery to precision medicine, drug repositioning, and other fields, indicating that
the research methodology and application direction in this field are gradually maturing.
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Discussion
Application of XAl in Chemical Drugs

XAI technology is widely used in chemical drug research, covering many aspects of drug development, including
prediction of molecular properties, drug interaction studies, drug safety and regulation, and many other aspects.

In terms of molecular property prediction, XAl has been widely used for biological activity, physicochemical
properties, and toxicity studies. For biological activity, the Permutation Feature Importance technique and SHAP analysis
reveal the key pharmacophoric features of compounds and the relationship between descriptors and the effect on activity,
such as assessing binding affinity towards key active site amino acid residues and clarifying what features determine
selective affinity for serotonin receptors.’’*® In addition, local interpretable model-agnostic explanations and counter-
factual analysis, which can identify key compound features influencing the property, help optimize compound structures
and enhance drug design efficiency.® In terms of physicochemical properties, SHAP and graph neural networks
combined with concept whitening (CW) are used to identify key molecular features of properties such as solubility,
lipophilicity, and partition coefficient, and to clarify the drivers of chemical modifications.?"***' In toxicity studies,
SHAP, layer-wise relevance propagation (LRP), and feature importance analysis revealed key features associated with
cytotoxicity, fetotoxicity, and cardiotoxicity, such as amine groups and aromatic groups, which provided intuitive support
and a reliable basis for toxicity prediction models.****

In drug-drug interaction research, XAl provides biologically meaningful explanations for model predictions through
attention mechanisms, feature importance, analysis and other methods, significantly improving the interpretability of
models. In drug-target interaction (DTI) studies, the attention mechanism and visualization tools help to reveal the
interaction mechanism between drug molecules and target proteins, which not only locates the binding site but also
identifies the roles of key residues in the binding process.’® Inspired by the gradient-weighted class activation mapping
method, the regions of graph structure that contribute most to the affinity prediction results are visualized as heatmaps,
and the overlap of the results with molecular docking sites was more than 77%, indicating that this method can
effectively characterize the active structure of drug molecules and provide directions for molecular optimization.*> In
addition, by visualizing the atomic importance of molecules through Grad-CAM, researchers have further clarified the
contribution of amino acids and atoms in drug-target binding, providing a specific reference for protein target-based drug
design.*® In drug-drug interaction (DDI) studies, co-attention matrices and self-attentive mechanisms have been used to
analyze the contribution of different substructures of a drug molecule to interaction prediction, generating subgraph
summaries of inference pathways that reveal the underlying mechanisms of drug-drug interactions.*”** The combination
of t-SNE and molecular representation visualization techniques further identified key local structures, providing an
important reference for molecular design and optimization.*’

XAI technology also plays an important role in drug safety and regulation. SHAP values aid drug safety assessment
by quantifying the contribution of features to model predictions, such as the ability to identify key factors when assessing
the risk of acute orthostatic hypotension (OH) post-levodopa (AOHPL) administration in Parkinson’s disease patients, as
well as interpreting the predictions of different classifier models in drug-induced cardiotoxicity studies.’®>' Generative
topographic mapping (GTM), a non-linear dimensionality reduction method, has been used for antibiotic-wise compar-
ison and visualization of resistant phenotypes, revealing the mechanisms of antibiotic resistance development.®® In drug-
induced liver injury (DILI) assessment, ranked feature importance is used in conjunction with attention weights to
identify key features affecting DILI prediction on the one hand and to highlight specific molecular substructures that
were highly related to the DILI prediction for each compound on the other hand to guide drug design.>® In addition, the
combination of attention mechanisms and integral gradients has improved the understanding of predictive modeling of
drug side effects, revealing underlying biological mechanisms, such as the identification of key proteins and phenotypes
in studies of acute liver failure.*®>*

In the field of clinical decision support, a random forest model was used to predict the efficacy of nonsteroidal anti-
inflammatory drugs (NSAIDs) for closing hemodynamically significant patent ductus arteriosus (hsPDA) in preterm
infants. Five key variables were identified through the model’s built-in characteristic importance analysis, and marginal-
effect plots based on the top three most important variables clearly demonstrate the nonlinear relationship between the
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independent and dependent variables.” In teratogenicity and cytotoxicity assessment, the characteristic importance
analysis of the random forest model was used to compare the importance of the embryonic stem cell and discover the
characteristics of the association between teratogenicity and cytotoxicity of the compounds, and a generalized linear
regression model combined with a Bayesian network was also constructed to reveal the potential effects among the
embryonic stem cell.’> In addition, researchers have interpreted estimation of the synthetic accessibility of small
molecules with the help of attention mechanism visualization, which helps to understand model learning and the effect
of structural differences on synthetic accessibility by visualizing atomic weights.>®

Application of XAl in Biological Drugs
Biological drugs occupy an increasingly important position in modern medicine, and the research of biological drugs
combined with XAl is mainly focused on peptide drugs.

In the study of antimicrobial peptide (AMP), XAI technology has revealed the importance of different features for
ABP identification and prediction through methods such as SHAP and Gini importance analysis.”’® These analyses
improve the transparency and interpretability of the model while optimizing the AMP design. For example, it has been
shown that overall energy estimation-based (RCEMT_75, RCEMT_46, RCEMT 172, and RCEMT _40), physicochem-
ical (ExPseAAC 26, ExPseAAC 22, and ExPseAAC 21), and sequential-based properties (DDE_262, DDE 218, and
DDE_149) contributed well to predicting accurate anti-Methicillin-resistant Staphylococcus aureus (MRSA) peptides.'

In the field of anticancer peptides (ACPs), t-SNE visualization and SHAP analysis were used to demonstrate the
ability of each module of the model to extract features and reveal the critical impact of the physicochemical properties
and the compositional properties on the model prediction results.’” ' Gini importance analysis further revealed the
distribution of different features’ contribution in ACP prediction, which can help in designing more effective and
selective ACPs.®>%

In neuropeptides (NPs) research, SHAP is used to evaluate the saliency of each feature, which solves the lack of
feature directivity problem and makes the feature selection more scientific and reasonable. By calculating the shap value
and selecting the top-ranked features, the feature vector was optimized and the performance of the model was improved.
These findings provide specific biological and chemical insights for optimizing NPs classification and help to design
more effective and selective NPs recognition models.'>*

In antiviral peptide (AVP) studies, variable importance plots and SHAP plots were used to assess the importance of
features and to understand the average impact of features on model predictions.®> The 35 highest-ranked features were
selected by SHAP analysis through interpreting the importance of each feature to the model prediction, which
significantly improved the prediction rate of the model.*®

Other types of peptide drug studies have also utilized XAI technology. For example, SCM effectively captured key
information about quorum sensing peptides (QSPs) and improved prediction performance. t-SNE visualization demon-
strated the advantages of feature vectors of the optimal propensity scores in distinguishing QSP classes, while the
identification of important physicochemical properties revealed the biological mechanisms behind the model
predictions.®’ In addition, the use of SCM provided insight into the biophysical and biochemical properties of blood-
brain barrier penetrating peptides (B3PPs), which helped to understand their functional mechanisms and guide future
experimental validation.®® Models constructed based on the SCM were used to analyze and understand the biophysical
and biochemical properties of bitter peptides, thus providing insight into the properties of bitter peptides.®

In addition, decision tree classifier as model architecture was used for antibody viscosity classification, optimizing the
development and production process for rational redesign of antibodies through its simplicity and interpretability.”
Gaussian naive Bayes classifiers, on the other hand, have a high level of classification accuracy for self-association and
accuracy for non-specific binding by limiting the number of features and selecting the most relevant ones, again
providing valuable biological and chemical information for rational antibody redesign.”' Moreover, the LRP (Layer-
wise Relevance Propagation) technique has been applied to analyze insulin infusion rates, which provides a deeper
understanding of diabetes treatment by determining the contribution of each variable to the decision on insulin infusion
rates by assigning the output values to the input states in an inverse manner.””
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Application of XAl in Traditional Chinese Medicine (TCM)

The multi-component, multi-target, and multi-pathway characteristics of TCM lead to the diversity and complexity of
TCM data, which hinders the process of modernization research of TCM. The application of artificial intelligence
technology to the research of the dispensing mechanism of Chinese herbal medicine, the similarity of drugs, and data
mining of Chinese herbal formulas can effectively promote the modernization and scientific process of TCM research.”*~
> However, the prediction results of Al applied to TCM research lacked interpretability and were difficult to understand
and convince, and the application of XAI solved this problem. XAI has achieved some results in the quality testing of
TCM, the prediction of effective active ingredients of TCM, and the research of personalized drug delivery,””’” which
not only accelerated the process of modernization of TCM but also strengthened the combination of TCM and the
modern pharmaceutical system.

In the study of the mechanism of action of TCM, network pharmacology based on complex network technology can
visualize the relationship among drugs, targets, and pathways by constructing networks, which can reveal the mechanism
of action of TCM at the molecular level.”® In the study of TCM efficacy, the decision tree model itself has strong
interpretability, and the traditional C4.5 decision tree algorithm can be improved based on the introduction of Conditional
Mutual Information (CMI) to predict and analyze the effects of exterior releasing, tonifying and replenishing, heat-
clearing, wind dampness dispelling, and other herbal effects.”’

In addition, Ma, Jing et al combined the SHAP technique to screen important variables related to the dosage of
Shengmai injection by calculating the SHAP values to achieve an interpretable study of personalized administration of
Chinese herbal medicine. Finally, in terms of quality control of herbal medicines, the authors and others combined the
t-distributed stochastic neighborhood embedding (t-SNE) technique and multivariate modeling to achieve the identifica-
tion and interpretable visualization of herbal medicines.®

Among the 573 retrieved documents, there are less than 10 studies related to TCM, which indicates that the
application of XAl in the field of TCM research is in its infancy, and both the techniques used and the fields of
application are limited.

Interpretability techniques do have a broad application prospect in the field of TCM research. In particular,
interpretable techniques have the potential to assist in the analysis of the mechanism of action of TCM formulas, the in-
depth exploration of the rules of drug compounding, and the research on the safety and efficacy of TCM. The choice of
interpretable techniques is extremely wide; in addition to the widely used methods such as network pharmacology and
SHAP value analysis, we can also consider the integration of local interpretable model-agnostic interpretation (LIME),
partial dependence plots (PDP) and other techniques. Considering the multidimensionality, complexity, and nonlinear
characteristics of TCM research data, appropriate methods should be used accordingly for different studies; eg, causal
inference can be used when studying the effects of TCM ingredients on specific biological targets, ie, exploring a clear
causal relationship, while the LIME technique can provide intuitive local interpretations when performing pattern
recognition of large-scale datasets. In addition, for multi-omics data analysis of TCM ingredients, the use of deep
learning models combined with interpretable deep learning techniques can reveal key information hidden in complex data
structures. By combining advanced XAI technology, it can not only improve researchers’ understanding of the complex
mechanism of action of TCM but also provide more scientific treatment plans for the clinical use of TCM and promote
the development of TCM in the direction of being more scientific and precise.

Prospects and Challenges
In summary, XAI technology has been widely used in several aspects of drug research. These applications demonstrate
the potential of XAl to enhance the efficiency of the drug development process, reduce costs, and accelerate innovation.
In addition, XAI provides researchers and clinicians with a deeper understanding by enhancing the transparency and
credibility of the models, thus enabling them to have more trust in and effectively utilize the predicted results of Al
systems. However, despite significant progress in the application of XAl in drug research, several challenges remain.
The first is the balance between model accuracy and interpretability. While pursuing the interpretability of a model, it
is a key challenge to maintain or enhance the predictive accuracy of the model. For example, in drug response prediction,
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decision tree models are easy to interpret due to the transparency of their structure, allowing researchers to clearly trace
the decision path of the model. However, the simplifying assumptions of decision trees may limit their ability to capture
complex patterns in the data, which in turn affects the predictive accuracy of the model. Comparatively, while gradient
boosting models such as XGBoost perform better in terms of prediction accuracy, their inherent complexity and lack of
intuitive interpretation may lead to questionable model credibility. To achieve a balance between model accuracy and
interpretability, researchers have explored strategies to develop variants of existing models or model fusion. These
approaches can reveal the decision-making process of the model to a certain extent, thus increasing the transparency of
the model. However, these efforts do not always fully satisfy the need for a global interpretation of the model.

The second is the quality of the data and the complexity of modeling biological systems. The validity of XAI relies
heavily on the quality and completeness of the input data. In pharmaceutical research, missing, biased, or noisy data may
affect the explanatory power of the model and the reliability of the predicted results. In addition, the high complexity and
dynamics of biological systems pose challenges to the construction and interpretation of XAI models. For example, in
drug interaction analysis, the interactions of multiple biomolecules and pathways need to be considered, which increases
the complexity of the model.

The third is that a unified and reasonable standard has not yet been formed to assess whether model interpretation is
accurate and reasonable. Traditional assessment metrics usually focus on evaluating the predictive performance of
a model, while the assessment of the interpretability itself currently relies on subjective judgment and lacks a unified
framework and standard. For example, the SHAP value can assign an importance score to each feature but does not
provide clear criteria to judge whether this score is consistent with the actual causal relationship or data distribution. The
expert’s empirical judgment is usually the only assessment criterion, which not only brings about subjectivity in
assessment but also leads to poor comparability of results between different methods.

Therefore, future research should be devoted to the simultaneous improvement of model interpretability and accuracy,
the development of XAI technology that is less dependent on data quality and has the ability to simulate the behavioral
patterns of complex biological systems, and the development of a unified and scientific interpretability assessment
framework in conjunction with the characteristics of pharmaceutical research. This will help promote the in-depth
development of XAI technology in the field of pharmaceutical research, address the key technical challenges currently
faced, and push the field to new heights.

Conclusion

In this paper, 573 publications from 55 countries/regions were comprehensively analyzed by bibliometric methods to
reveal the research progress and trends of interpretable artificial intelligence (XAI) technology in drug discovery and
development. The analysis of the number of publications shows that the attention and application of XAI technology in
the field of drug research continues to grow, reflecting the gradual importance and strong development potential of this
technology in drug discovery and development.

In terms of country/region distribution, China and the United States not only lead in the number of publications but
also play an important role in international cooperation. Although a certain scale of cooperation network has been formed
in this field, collaborative research on a global scale is still insufficient. With their high-quality research results,
Switzerland, Germany, and Thailand have made significant progress in exploring innovative applications of XAlI.

The keyword analysis shows that XAI is deeply integrated with artificial intelligence, machine learning, deep
learning, and other technologies, and SHAP and attention mechanisms are the commonly used interpretable techniques
in the field of drug research at present. The application of these techniques not only enhances the interpretability of drug
development models but also provides more transparent and reliable theoretical support for drug design, optimization,
and validation.

This paper also discusses the current status of the XAI application in the fields of chemical, biological, and TCM,
providing a clear prospective perspective for future research directions. It also looks forward to the future innovation and
development direction of this technology in the field of drug research from three perspectives: model performance, data
quality, and evaluation criteria. With the continuous development of XAl technology, it will play a more important role in
various fields of drug research in the future, helping the realization of personalized medicine, precision therapy, and

4512 https: Drug Design, Development and Therapy 2025:19



Ding et al

modernization research of TCM. In this regard, international cooperation should be further strengthened to promote
cross-field integration of technology applications and improve the existing technological framework so as to promote the
innovation and development of global drug research and development.
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