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Abstract

As artificial intelligence (Al) increasingly integrates into scientific research, explainability
has become a cornerstone for ensuring reliability and innovation in discovery processes.
This review offers a forward-looking integration of explainable Al (XAlI)-based research
paradigms, encompassing small domain-specific models, large language models (LLMs),
and agent-based large-small model collaboration. For domain-specific models, we introduce
a knowledge-oriented taxonomy categorizing methods into knowledge-agnostic, knowl-
edge-based, knowledge-infused, and knowledge-verified approaches, emphasizing the bal-
ance between domain knowledge and innovative insights. For LLMs, we examine three
strategies for integrating domain knowledge—prompt engineering, retrieval-augmented
generation, and supervised fine-tuning—along with advances in explainability, including
local, global, and conversation-based explanations. We also envision future agent-based
model collaborations within automated laboratories, stressing the need for context-aware
explanations tailored to research goals. Additionally, we discuss the unique characteristics
and limitations of both explainable small domain-specific models and LLMs in the realm
of scientific discovery. Finally, we highlight methodological challenges, potential pitfalls,
and the necessity of rigorous validation to ensure XAI’s transformative role in accelerating
scientific discovery and reshaping research paradigms.

Keywords Al for science - Explainable Al - Scientific discovery - Domain knowledge -
Research paradigm

1 Introduction

Artificial intelligence (Al), including small domain-specific models and large language
models (LLMs), has been more commonly adopted across scientific disciplines to collect
(Polak and Morgan 2024), augment, and auto-label data (Roh et al. 2021), generate hypoth-
eses and design experiments (Jain et al. 2023), analyze complex data and gain insights (Leist
et al. 2022), and enhance predictive modeling and drive new discoveries (Chen et al. 2018).
Scientists are excited about the capabilities of Al as it can accomplish many tasks that were

Extended author information available on the last page of the article

Published online: 08 October 2025 @ Springer


https://doi.org/10.1007/s10462-025-11365-w
http://crossmark.crossref.org/dialog/?doi=10.1007/s10462-025-11365-w&domain=pdf&date_stamp=2025-9-12

371 Page 2 of 39 H.Yu et al.

not previously feasible (Van Noorden and Perkel 2023). Besides, the unprecedented success
of LLMs has revolutionized the approach to scientific problem-solving in many fields, such
as life science (Shanker et al. 2024), medicine (Li et al. 2024), drug discovery (Wong et al.
2023; Lu et al. 2025), chemistry (Bran et al. 2024), and materials (Kang and Kim 2024).
Collaborations across fields of expertise are increasing, which provides computational sci-
entists with access to novel real-world scientific problems and enhances their research’s
impact; concurrently, experimentalists benefit from advanced computational analyses that
accelerate their research progress and improve the technical correctness (Littmann et al.
2020). However, at the same time, there are widespread concerns regarding Al’s potential
to increase dependence on uncomprehended patterns, entrench biases, facilitate fraud, and
contribute to irreproducible research (Van Noorden and Perkel 2023), especially for those
high-stakes research decisions (Eshete 2021). Ignoring these concerns and possible failures
in validity, reproducibility, explainability, and generalizability can undermine the credibility
of Al in scientific research (Kapoor et al. 2024). Embracing these concerns and actively
working to bridge them is essential for unlocking AI’s transformative potential in scientific
discovery (Yu and Jin 2025).

Recent advances in Al are transforming the scientific research paradigm (Fig. 1), shift-
ing it from traditional hypothesis-driven methods toward explanation-driven approaches
guided by Al models. Explainable Al (XAI) is able to make Al more human-understandable
and expose its capabilities and limitations by providing explanations for model behaviors,
which is essential for users to troubleshoot, manage, and trust Al tools (Gunning et al.
2019). Following the resurgence of Al, particularly deep learning (LeCun et al. 2015), XAI
has received increasing attention across numerous fields since 2018. Previous surveys and
reviews discussed the current research status of XAl from different perspectives, such as
the definition, concepts and taxonomies (Murdoch et al. 2019; Barredo Arrieta et al. 2020;
Minh et al. 2022; Gorriz et al. 2023), explanation methods (Guidotti et al. 2019), evalua-
tion methods (Vilone and Longo 2021), counterfactuals and causability (Chou et al. 2022),
insights from social sciences (Miller 2019a), and stakeholders’ desiderata (Langer et al.
2021). By leveraging XAlI, researchers can not only enhance the explainability of complex
models but also gain deeper insights into the underlying mechanisms driving the observed
data. Some surveys and reviews, based on the above concepts, introduced the XAI into
scientific community (Roscher et al. 2020) and specific fields, especially for the fields of
materials and chemistry (Feng et al. 2020; Oviedo et al. 2022), medicine and healthcare
(Tjoa and Guan 2021; Klauschen et al. 2024), and computational biology (Chen et al. 2024).
Recently, LLMs have demonstrated remarkable potential in advancing scientific research
across diverse domains (Boiko et al. 2023). By integrating agents based on LLMs with a
broader set of automated tools in laboratories, researchers can develop autonomous sys-
tems capable of designing, optimizing, and executing scientific experiments. These systems
leverage LLMSs’ capabilities in reasoning, problem-solving, and contextual understanding
to enhance the efficiency and autonomy of the scientific process. However, the vast number
of parameters in LLMs presents significant challenges for explainability, a critical factor in
ensuring regulatory compliance and system credibility. Ongoing research seeks to address
these challenges by developing techniques to make model outputs and underlying processes
more understandable to researchers and stakeholders (Zhao et al. 2024), paving the way for
wider adoption of these systems in scientific inquiry.
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Fig. 1 The evolution of scientific research paradigms: from hypothesis-driven paradigm to XAlI-driv-
en and agent-driven paradigms. A Developing a sound hypothesis is essential in the classical research
workflow, requiring researchers to draw upon their observations, expertise, and inspiration to propose
a hypothesis. This hypothesis is then supported by a thorough review of existing literature, ensuring
a greater chance of being confirmed. Formulating plausible hypotheses can be time-consuming, but it
is essential for ensuring the validity of experimental design and advancing scientific understanding. B
With the increasing volume of data, Al-driven scientific research significantly accelerates the field by
accurately predicting complex systems and enabling high-throughput screening. Al serves as an excellent
tool for handling nonlinearities and identifying crucial factors, thereby enhancing research efficiency and
precision. C Integrating prior knowledge into data engineering and Al modeling enhances their reliability
and addresses the limitation of having limited data in certain domains. XAl further promotes scientific
research by aiding in model management and debugging, thus enhancing trust in the models. XAl reveals
the underlying behavior of Al systems, which can lead to the formulation of new hypotheses. When prior
knowledge is incorporated, the explanations provided by XAl align more closely with established prior
knowledge, increasing the consistency and validity of the results. D The emerging agent-based research
paradigm envisions multiple intelligent agents collaborating seamlessly to tackle complex tasks. These
agents will integrate domain-specific models tailored for precise tasks with the broader capabilities of
LLMs, enabling synergistic interactions with external resources and automated laboratory systems. Cru-
cially, this paradigm must incorporate explainability to meet regulatory, ethical, and scientific demands,
ensuring transparency and trustworthiness in both the process and outcomes of research

Instead of the question of whether we trust Al, now the question becomes whether we
trust XAI’s explanations. Researchers argue that we should stop explaining black-box mod-
els for high-stakes decisions because these explanations cannot capture the full behaviors
of the model and low-fidelity explanations hurt our trust in model explanations and results
(Rudin 2019). However, the alternative—self-explainable models—currently perform
poorly when solving complex problems, making them less practical. Another question is
whether the model explanation can be mapped into a form familiar to scientists. When XAI
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tools provide explanations that are inconsistent with established scientific theories and ter-
minologies, the integration of XAl tools into existing scientific workflows faces challenges.
Experimental scientists prefer simpler and more explainable models if gaining scientific
insights (Tao et al. 2021) or making trustworthy predictions is their primary interest. Despite
the growing interest in XAl for scientific research, the integration of XAl-aided workflows
remains relatively rare, highlighting a significant untapped potential for further exploration.

Etymologically, the term “science” comes from the classical Latin word scientia, which
means knowledge (Oxford English Dictionary 2024). In other words, scientific research
serves, to some extent, as a means for humanity to transform reality and transcend bound-
aries through the application of knowledge and the pursuit of new discoveries. The emer-
gence of vast amounts of data and advancements in Al technologies have created significant
opportunities for uncovering hidden patterns and discovering new knowledge through XAI
(Krenn et al. 2022). On the other hand, prior knowledge can be a valuable tool for uncover-
ing previously unknown insights (Cornelio et al. 2023) and for mitigating the limitations
associated with insufficient training data (Von Rueden et al. 2021). It becomes easier for
researchers to understand and trust these models if the model’s explanations align with
the prior knowledge. This alignment facilitates the seamless integration of XAl tools into
existing scientific workflows, ensuring that XAI-driven insights are both reliable and action-
able. What differentiates this review from existing works is its distinct perspective rooted in
knowledge-driven scientific discovery. Our review emphasizes the role of prior knowledge
in XAlI, highlighting how knowledge integration enhances model explainability, guides sci-
entific interpretation, and mitigates data limitations. This perspective not only aligns XAI
with established scientific methodologies but also facilitates its seamless incorporation into
scientific research.

Considering the pivotal role of knowledge in scientific discovery, this review adopts
a forward-looking perspective encompassing established (small domain-specific models),
emerging (LLMs), and future agent-based (collaboration between large and small models)
research paradigms. For small domain-specific models, we present a knowledge-oriented
taxonomy derived from recent progress, categorizing methods into knowledge-agnostic,
knowledge-based, knowledge-infused, and knowledge-verified approaches. The interplay
between leveraging prior knowledge and fostering innovation is explored as a key chal-
lenge warranting deeper investigation. For LLMs, we discuss three principal strategies for
incorporating knowledge and three analytical approaches to model explainability. Looking
ahead, we envision a paradigm shift towards Al scientist agents integrated with automated
laboratories, highlighting the critical need for robust explanations and precise identification
of explanation targets. Additionally, we highlight the pitfalls and methodological challenges
in the thriving XAl-empowered scientific discovery.

2 Examples of explainable Al for scientific research

While the broader landscape of Al applications is vast, the deployment of XAl in real-
world scientific research remains relatively nascent. However, a growing body of compel-
ling studies demonstrates that XAl is not only being successfully applied but is also yielding
significant and often transformative results across various scientific domains. The follow-
ing four examples exemplify how XAI, by providing human-understandable insights into
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AT’s decision-making processes (Fig. 2), is empowering researchers to make more informed
decisions, fostering trust, facilitating knowledge generation, and ensuring responsible appli-
cation of Al

In dermatology (Fig. 2A), an XAI system was developed to assist in melanoma and
nevus diagnosis (Chanda et al. 2024). This system leverages domain knowledge by pre-
dicting specific, human-understandable characteristics based on dermatological expertise.
The Al then infers a diagnosis from these features, providing clinicians with transparent
explanations that align with their own diagnostic reasoning, thereby increasing trust and
confidence. Besides, for single-cell data analysis (Fig. 2B), researchers created expiMap
(Lotfollahi et al. 2023), a deep learning architecture that integrates domain knowledge from
databases, articles, and expert insights to construct a binary matrix of “gene programs”. This
matrix is used to program a linear decoder within the model, allowing expiMap to learn
and represent cell states through biologically understandable gene programs. Furthermore,
efforts towards model explainability can be made not only during the model building pro-
cess but also after it. In the area of antibiotic discovery (Fig. 2C), a graph neural network
was initially developed and trained to predict antibiotic activity (Wong et al. 2024), leverag-
ing the power of vast datasets. Critically, after model establishment, researchers shifted their
focus to explainability. They applied a subgraph search algorithm, inspired by chemical
domain knowledge, to identify the key substructures that influence a compound’s activ-
ity. This post-prediction analysis provides substructure-based rationales, offering concrete
chemical insights that directly guide the discovery of new and effective antibiotic classes.
However, understanding and explaining LLMs can be particularly challenging due to their
vast parameter counts, often ranging from billions to hundreds of billions. Fortunately, their
inherent conversational nature offers a unique avenue toward achieving a certain degree
of interpretability. For instance, in the field of disease diagnosis assistance (Fig. 2D), the
MedFound LLM was developed for clinical diagnosis (Liu et al. 2025). Crucially, it was
fine-tuned using diagnostic rationales and inferential processes derived from physicians’
domain knowledge. This involved a self-bootstrapping strategy and a unified preference
alignment framework, ensuring the LLM’s outputs were not just accurate but also aligned
with standard clinical practice and diagnostic hierarchy preferences, making its diagnostic
suggestions more interpretable and trustworthy to medical professionals.

In the subsequent sections of this review, we delve into various methodologies for effec-
tively incorporating knowledge into Al systems and subsequently enhancing their explain-
ability, further solidifying XAlI’s seamless integration into scientific discovery.

3 Small domain-specific models: a knowledge-oriented taxonomy

Based on how and to what extent prior knowledge is incorporated into the domain-specific
XALI pipeline, we classify XAI methods into four categories: knowledge-agnostic (data-
driven methods that do not rely on domain knowledge), knowledge-based (methods that
integrate knowledge into model construction independently), knowledge-infused (methods
where model construction model construction is driven by both data and knowledge), and
knowledge-verified (methods that integrate knowledge into model explanation rather than
model construction).
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Fig. 2 Four examples of explainable Al for scientific research. A Prediction of domain-knowledge-de-
rived features enables explainable medical diagnoses. Reproduced with permission from (Chanda et al.

2024).

Copyright 2024, The Author(s). B Domain knowledge guides the construction of a linear decoder for gene
program analysis. Adapted with permission from (Lotfollahi et al. 2023). Copyright 2023, The Author(s).
C Following prediction, a domain knowledge-inspired search method is employed to identify key sub-
structures that influence antibiotic activity. Reproduced with permission from (Wong et al. 2024). Copy-
right 2023, The Author(s), under exclusive licence to Springer Nature Limited. D Diagnostic rationales
and domain knowledge refine LLM output and align user preferences. Reproduced with permission from
(Liu et al. 2025). Copyright 2025, The Author(s), under exclusive licence to Springer Nature America, Inc
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The selection of appropriate categories for different tasks should take into account
several factors, including task requirements, data availability, and the accessibility of
domain-specific knowledge. Even within a single field, different tasks may require distinct
approaches depending on the context and available resources. For example, in the domain
of material property prediction, the selection of methods should be guided by data avail-
ability and research focus. When sufficient data is available, knowledge-agnostic methods
or low-degree knowledge-infused methods may suffice. In scenarios where data is scarce,
leveraging knowledge-based methods or high-degree knowledge-infused methods can
compensate by incorporating domain expertise. For studies focusing on structure—property
relationships, high-degree knowledge-infused methods ensure consistency with scientific
theories. Conversely, for exploring unknown structure—property relationships, knowledge-
agnostic methods or knowledge-verified methods are more suitable, allowing for unbiased
exploration and validation against established knowledge.

3.1 Knowledge-agnostic methods

Knowledge-agnostic explanation methods play a crucial role in the field of Al-aided scien-
tific research (Fig. 3), particularly when dealing with complex and opaque models like deep
neural networks. These methods aim to elucidate model decision-making without requiring
knowledge of its architecture, parameters, internal workings, or domain-specific expertise,
making them highly versatile and applicable across various types of models and domains.
Most unified model explanation methods are knowledge-agnostic methods, such as the
widely used SHapley Additive exPlanations (SHAP) based on coalitional game theory (Lun-
dberg and Lee 2017) and saliency maps derived from the gradient of predictions (Rebuffi et
al. 2020). To provide a concrete example, SHAP offers a unified framework for interpreting
machine learning model predictions by attributing contributions to individual features based
on Shapley values from cooperative game theory. Shapley values ensure a fair allocation
of feature importance by satisfying three key properties: local accuracy, missingness, and
consistency. Local accuracy guarantees that the sum of SHAP values across all features,
combined with a baseline prediction, equals the model’s output for a given instance. Miss-
ingness ensures that features absent from the model’s input receive zero attribution. Con-
sistency mandates that if a model changes such that a feature’s contribution increases, its
SHAP value should not decrease. A key factor behind SHAP’s widespread adoption in the
field of scientific discovery is the availability of user-friendly packages and visualization
tools provided by its developers. These resources play a crucial role in enhancing the acces-
sibility and practical applicability of Al research outcomes within the scientific discovery
domain. These methods have been used in various scientific research fields with different
data types and tasks such as identifying disease-specific metabolite profiles (Buergel et al.
2022), screening risk biomarkers for subgroups of osteoarthritis (Nielsen et al. 2024), inves-
tigating single-cell gene regulatory network (Keyl et al. 2023), screening protein—protein
binding sites (Hou et al. 2023), disentangling compounding effects in river flood risks under
climate change (Jiang et al. 2024), understanding effects of anatomical and pathological
markers on Alzheimer’s disease (Qiu et al. 2022), achieving explainable diagnosis of ovar-
ian cancer (Xiang et al. 2024), understanding particle-property relationships of nanozymes
(Wei et al. 2022) and molecules (Harren et al. 2022), explaining permeability-selectivity
trade-off in gas separation membranes based on polymers (Yang et al. 2022), understanding
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Fig. 3 Knowledge-agnostic methods for easier-to-use XAl in scientific research. A Knowledge-agnos-
tic explanation methods are versatile and applicable across various types of data and models. With the
help of visualization methods, researchers can obtain clear explanations of model behavior. B Current
knowledge-agnostic methods can be categorized along several dimensions: transparent models (recom-
mended for high-risk decisions) versus post hoc methods; model-agnostic explanation versus model-
specific explanation; and instance-level explanation versus dataset-level explanation. Besides, contrastive
explanations clarify why a model made a specific prediction (O) instead of another plausible outcome
(P) from the given input (A). It is also possible to compare the contribution of two samples (A versus B)
with respect to different features. Counterfactual explanations, a specific type of contrastive explanation,
reveal the minimal changes to the input feature (A) that would cause the model’s prediction to switch
from the actual outcome (O) to a desired different outcome (P). Additionally, by asking the model ques-
tions (such as why, what, and how questions) through user-oriented interactive interfaces, this approach
can assist researchers in obtaining a better understanding of relevant scientific contexts. C Comparison of
seven user-friendly model explanation tools. The superscripts in (B) indicate the corresponding tools in
(C) that support implementation of each method, including *imodels (Python: pip install imodels) (Singh
et al. 2021), ®PDPbox (Python: pip install pdpbox), SSHAP (Python: pip install shap) (Lundberg and Lee
2017), %Captum (Python: pip install captum) (Kokhlikyan et al. 2020), ¢iml (R: install.packages("im]"))
(Molnar 2018), LIME (Python: pip install lime) (Ribeiro et al. 2016), and 2AIX360 (Python: pip install
aix360) (Arya et al. 2019)
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the benefit-risk trade-off of nanoagrochemicals (Yu et al. 2024), and extracting visual symp-
toms of plant stresses in machine vision-based phenotyping (Ghosal et al. 2018).

The knowledge-agnostic methods do not imply a lack of value from the knowledge
perspective. On the contrary, these methods offer experimental scientists accessible model
explanations using existing packages that demands minimal programming effort and limited
domain expertise, as shown in Fig. 3C. Therefore, researchers in the fields of materials sci-
ence and chemistry argue that there is no reason to keep the AI model a black box (Oviedo
et al. 2022). Moreover, ensemble strategies are recommended in small-sample experimen-
tal studies, as they consider all explanation results rather than relying on a single split or
model (Yu et al. 2023). There are many surveys and reviews (Feng et al. 2020; Oviedo et al.
2022; Chen et al. 2024) on knowledge-independent explainable Al, as we mentioned earlier.
We provide a basic classification framework in Fig. 3 to facilitate the retrieval of existing
methods by researchers. In the context of scientific research, XAl has predominantly been
utilized to explain model behavior and extract useful information (evidence-based explana-
tions) (Wu et al. 2023b). However, the potential of XAl extends beyond these applications.

Explanations are contrastive, selected, and socially interactive based on the insights
obtained from social science (Miller 2019a). Contrastive and counterfactual explanations
are more human-like explanations, receiving Al researchers’ attention in recent years (Ste-
pin et al. 2021). When people seek explanations for events or facts, they are often implicitly
asking for comparisons to alternative scenarios (“Why did P happen instead of Q?” and
“Why could instance A achieve the given target rather than instance B?”) (Lipton 1990).
Counterfactual explanation was considered a potential way to provide human causally
understandable explanations (Chou et al. 2022) byidentifying a new instance that is both
close to the original one in feature space and likely to occur in a real-world situation, but
yields a different prediction (Mittelstadt et al. 2019). Counterfactual explanations are char-
acterized by desirable properties such as validity (changing the classification outcome),
minimality (minimal changes to the input), similarity (closeness to the original instance),
plausibility (realistic and coherent with observed data), actionability (focus on mutable
features), causality (respecting known causal relationships among features), discriminative
power (highlighting reasons for the decision), and diversity (offering varied counterfactuals
to enable multiple actionable insights) (Guidotti 2024). These properties collectively ensure
that counterfactuals are interpretable, realistic, and practically useful for decision-making.
Multiple counterfactual examples enhanced non-expert users’ objective understanding and
satisfaction scores compared with single example (Bove et al. 2023). Contrastive and coun-
terfactual explanations can be especially valuable in scientific research, where hypotheses
often involve exploring differences between experimental conditions, object properties, or
theoretical scenarios, enhancing scientific reasoning and discovery.

People are skilled at selecting several causes from a vast array of potential factors to
serve as explanations (Miller 2019a). Comparative explanations provide a structured
method for focusing on several key factors that significantly influence outcomes rather
than all. For example, in the context of bankruptcy prediction, a model-agnostic feature-
weighted counterfactual generation method using multi-objective genetic algorithms has
been proposed (Cho and Shin 2023). This approach leverages SHAP values to assign feature
importance weights, ensuring that counterfactuals prioritize relevant and important features
over irrelevant ones. Besides, user preference input can be leveraged to design selective
explanation system to be more human-compatible (Lai et al. 2023). Furthermore, human—
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computer interaction is a critical topic in human-centered XAl, as human-centric interactive
user interfaces could empower user trust, knowledge transfer and model usability (Sokol
and Flach 2020; Rong et al. 2024), which receives increasing attention from healthcare
(Célem et al. 2024) to broader fields. For example, a visual case-based reasoning method
was proposed for breast cancer management, which could achieve automatic classification
and visual explanations (Lamy et al. 2019). Visualization websites or softwares equipped
with XAI have been developed to predict chemical toxicity (Togo et al. 2023; Lou et al.
2024). A chemically explainable platform, based on deep graph network, scoring module of
atom-level features, and interactive web interface, was presented for the discovery of high-
performance semiconductors (Gao et al. 2024a). Most existing work focuses on explaining
how models achieve predictions, while asking questions to Al systems will further advance
the field.

3.2 Knowledge-based methods

In scenarios with high-stakes decisions such as medicine and healthcare (Albahri et al.
2023), autonomous driving (Atakishiyev et al. 2024), robotics (Christov-Moore et al. 2023),
financial services (Sachan et al. 2020), law enforcement (Hall et al. 2022), and policy deci-
sion making (Green and Chen 2021), the knowledge-agnostic methods are problematic due
to confirmation bias (Ghassemi et al. 2021) and potentially unfaithful explanations (Rudin
2019). These explanations could be insufficiently accurate, confusing, or misleading (Chen
et al. 2023) even if we assume that the model does not make the mistake of Clever Hans
(i.e., making correct predictions based on wrong evidence). Besides, explanations are inher-
ently context-sensitive, as they arise from specific questions that themselves are grounded
in particular contexts (Beckh et al. 2023). However, the knowledge-agnostic method itself
is usually not context-aware. Transparent and self-explainable models are therefore recom-
mended for high-stakes decision making (Rudin 2019), but they currently face challenges in
predictive accuracy when dealing with complex problems. The use of sophisticated black-
box models is sometimes unavoidable and may be more prevalent than realized due to their
superior predictive capabilities (London 2019). In these cases, full automation can often be
undesirable, not only because of the critical nature of the outcomes but also because human
experts can leverage their domain knowledge to complement the model’s capabilities,
ensuring the success of the task (Zhang et al. 2020). Furthermore, the knowledge foundation
provides an effective way to adjust human trust in Al systems according to specific circum-
stances (discerning when to trust or question the AI). Considering the key roles of knowl-
edge consistency and knowledge-based inspection, we classify individual knowledge-based
components with human-understandable results within XAl pipelines as knowledge-based
methods (Fig. 4), distinguishing them from knowledge-infused methods (discussed in the
next section), which are driven by both data and knowledge.

Problem definition is crucial for effectively addressing scientific challenges. The process
encompasses several key aspects, such as causal relationships within the field, the potential
need for problem simplification, the identification of key factors, and the requirement for
specific data. Among them, causal relationships are fundamental to ensuring the reproduc-
ibility of data-driven scientific research via machine learning (Li et al. 2020). It is crucial
to recognize that accurate model predictions do not imply that the variables are the true
causes of the observed outcomes (this may be due to correlations). Although there are some
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Fig. 4 Knowledge-based methods for more trustworthy XAl in scientific research. A The incorporation
of domain knowledge can improve the trustworthiness of AI models across different dimensions, such
as explainability, human oversight, accountability, and non-discrimination. This is because the integra-
tion of prior knowledge can help the model better achieve consistency with domain knowledge, and the
independence of prior knowledge can also enable more effective human supervision. B Independent prior
knowledge modules can be integrated into the steps of problem definition and data collection, data pre-
processing and feature engineering, and the initial and final stages of modeling

efforts to integrate causal inference and machine learning (Cui and Athey 2022), such as the
example in healthcare (Prosperi et al. 2020), the prevalence of observational p(y|x) model-
ing underscores the importance of the causal understanding at the outset. Besides, data are
the cornerstone of Al for science, and they determine the accuracy and reproducibility of
the model from the source. Data preparation may take up 45% or even 80% of the time
and effort of the entire project (Whang et al. 2023). With deep domain insights and clear
problem definition, the need for extensive data collection can be minimized, and the qual-
ity of the collected data can be substantially improved. This alignment between data and
problem definition enhances the validity of the research outcomes. For example, to increase
the number of negative samples in a study on senolytic discovery using machine learning,
the negative samples were selected based on the assumption that compounds from diverse
chemical libraries lack senolytic activity (Smer-Barreto et al. 2023). The Materials Project
of the Materials Genome Initiative collected computed structural, electronic, and energetic
data for uncovering the properties of inorganic materials (Jain et al. 2013). The COVID
Moonshot project established an open knowledge base with publicly available compound
designs, crystallographic data, assay data, and synthesized molecules to accelerate the iden-
tification, synthesis, and test inhibitors against SARS-CoV-2 (Boby et al. 2023).

Data preprocessing and feature engineering are critical components in the development
of robust machine learning models, and they stand out as areas where domain knowledge
plays a pivotal role, especially for fields with small data (Murdock et al. 2020). Domain
knowledge is indispensable during preprocessing, especially when it involves data cleaning,
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transformation, augmentation, and balancing. For example, domain knowledge has been
used in the material classification based on bandgap energy ranges (Kailkhura et al. 2019),
filtering unreasonable samples with positive photovoltaic power at midnight (Luo et al.
2021), data augmentation of XRD powder patterns (Oviedo et al. 2019), and preparation of
training data in case of class imbalance (Hirsch et al. 2023). Feature engineering, the process
of selecting, modifying, creating or discovering new features, is another area where domain
expertise is crucial. Well-engineered features can significantly enhance model performance,
sometimes even more so than sophisticated algorithms. For example, structured features
were transformed from raw extinction spectra based on plasmonic knowledge, improving
the performance of nanoparticle size and distribution prediction (Tan et al. 2022). Fluores-
cence changes from fluorescamine labeling on a protein were identified as novel features for
the prediction of protein corona (Duan et al. 2020). Dimensionality reduction methods (such
as principal component analysis) can be used to reduce the dimensionality and improve
model performance, but these new features are more difficult to understand than the original
features and need to be used with caution in tasks where interpretability is a concern.

The hybrid model, combining individual knowledge-based and data-driven modules,
offers ease of use for scientists with limited Al expertise while achieving a balanced per-
formance. These hybrid models can be divided into two main types, named knowledg-first
and knowledge-last methods, according to the order of modules. Knowledge-first methods
were usually conducted for problem simplification. For instance, using the valence electron
concentration criterion (domain knowledge) to narrow down the unexplored space in an
active learning-assisted design of a high entropy alloy, six iterative loops led to the synthe-
sis of an alloy with an ultimate strength of 1258 MPa and an elongation of 17.3% (Li et al.
2022a). In a binary classification task with uncertainty, fuzzy logic was first used to classify
it into three categories (positive, negative, or boundary), and deep learning was then used
to classify the boundary samples (Subhashini et al. 2022). Besides, knowledge-last methods
were primarily intended to enhance human supervision. For instance, compared to direct
end-to-end melanoma diagnosis, the method of first predicting features and then making a
diagnosis based on domain knowledge significantly increased dermatologists’ trust in XAI
(Chanda et al. 2024).

3.3 Knowledge-infused methods

Al models relying solely on data-driven approaches often lack reasoning capabilities and
may generate predictions inconsistent with fundamental laws or amplify pre-existing biases
(Ntoutsi et al. 2020). Integrating knowledge into these models introduces appropriate
inductive biases, resulting in scientifically valid predictions, simplified model architectures,
enhanced generalization on unseen data, and improved explainability (Yu and Wang 2024).
There is growing interest in integrating more knowledge into Al models, not only as an indi-
vidual module, resulting in approaches with various names, such as knowledge-informed Al
(Von Rueden et al. 2021) and physics-informed Al (Karniadakis et al. 2021a). This category
examines the infusion of domain-knowledge by means of the hypothesis set and learning
algorithm (Fig. 5). The hypothesis set refers to the collection of all possible models or
functions that a learning algorithm can explore to generate predictions. This set typically
includes various model architectures, such as neural networks, decision trees, or support
vector machines, and the corresponding learnable parameters, such as weights, biases, or
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Fig. 5 Knowledge-infused methods for more balanced XAl in scientific research. A By infusing knowl-
edge, some constraints are added to the model, effectively narrowing the search space. This helps reduce
model complexity, thereby lowering the amount of data required for training while enhancing generaliza-
tion capabilities. Additionally, knowledge infusion contributes to improving the model’s explainability,
as it aligns predictions with domain-relevant reasoning. B Knowledge can be embedded directly into
both the hypothesis set and the learning algorithm. Incorporating knowledge into the hypothesis set helps
guide the model toward more plausible solutions, while embedding it in the learning algorithm helps op-
timize the learning process itself, ensuring that the model prioritizes scientifically valid outcomes

kernel functions. Domain-specific knowledge can be integrated into the hypothesis set by
constraining the model architectures or parameter ranges to reflect known principles from
the domain. The learning algorithm is responsible for searching through this hypothesis set
to find the model that best explains the training data. Domain-specific knowledge can be
integrated into the learning algorithm through knowledge-based regularization, parameter
priors, or constraint-driven optimization.

To demonstrate how knowledge-infused models can be applied to scientific research,
we can examine specific examples of model structures, learning parameters, and loss func-
tions where domain knowledge plays a critical role. Explainable programmable mapper
(ExpiMap) was a deep-learning model for single-cell reference that integrated biological
knowledge in the forms of gene programs into its structure (Lotfollahi et al. 2023), making
data analysis more interpretable and aligned with known biological processes. In scenarios
with fewer samples, incorporating prior knowledge made learning models more efficient
compared to non-biologically informed models, while expiMap could also handle complex

@ Springer



371 Page 14 of 39 H.Yu et al.

nonlinear models when more training samples were available. To solve the issue where a
model’s nodes, edges, and weights lack correspondence with meaningful biological con-
cepts, knowledge-primed neural networks (KPNNs) were designed to allocate interpretable
weights across multiple hidden layers (Fortelny and Bock 2020). This enables the model to
identify and prioritize key regulatory proteins, facilitating their use in experimental valida-
tion and enhancing the biological interpretability of the model’s predictions.

Besides, physics-informed neural networks (PINNs) have gained significant attention
due to their ability to seamlessly incorporate prior knowledge from physics into the learning
process, leading to enhanced accuracy in predictions, reduced data requirements, and the
capability to solve complex partial differential equations (PDEs) efficiently. For instance, the
incompressibility condition, and Dirichlet and Neumann boundary conditions were formu-
lated into loss terms of the mean squared residuals of the PDE to analyze internal structures
and defects in materials (Zhang et al. 2022). The constraints of elastic coupling relation,
input features wave speed, and wave amplitude were added to the loss function to predict
lab earthquakes (Borate et al. 2023). A physics-informed gated recurrent graph attention unit
network integrates prior knowledge as graph regularization to model variable dependencies
into a directed graph, ensuring adherence to underlying physical laws for improved unsu-
pervised anomaly detection in industrial cyber-physical systems (Wu et al. 2023a). Besides,
the knowledge incorporated into the loss function is not limited to physical knowledge. For
instance, by using the knowledge of repetitive streaking and star-shaped patterns caused by
metal artifacts in CT scans, an explainable convolutional dictionary network was built with
simple and physically meaningful operations (Wang et al. 2022a). This approach not only
encodes prior knowledge into a learnable framework but also ensures fine explainability by
mapping each network module to specific physical operators, enabling clear analysis of the
model’s mechanisms and enhancing both performance and understanding in metal artifact
reduction. Moreover, the knowledge of mass balance, the range of yield, and key factor
responses were infused into loss function to improve carbon cycle quantification in agro-
ecosystems (Liu et al. 2024a). This method was developed by designing a machine learn-
ing architecture based on causal relationships from an agricultural process-based model,
pre-training it with synthetic data, and fine-tuning it with observed crop yield and carbon
flux data. Knowledge-guided loss functions were integrated to constrain variable responses
during training, enhancing the accuracy of carbon cycle predictions in agroecosystems.

3.4 Knowledge-verified methods

In the scenarios where large datasets are available, such as drug discovery (Zhao et al. 2020),
protein-protein interaction prediction (Bryant et al. 2022), and weather forecasting (Lam et
al. 2023), a data-driven modeling approach is particularly advantageous due to the abun-
dance of available data. Relying on purely data-driven modeling can prevent constraints
imposed by domain knowledge from limiting the model’s capacity to uncover novel insights
and discoveries. Researchers can fully harness the potential of large datasets to explore
uncharted territories. In this framework, domain knowledge is strategically employed solely
in the explanation of the model’s outcomes, enhancing interpretability without restricting
the model’s exploratory capabilities. Therefore, knowledge-verified methods were proposed
in these cases (Fig. 6), such as prediction-based methods (finding fundamental rationales
that match domain knowledge) and concept-based methods (discovering and validat-
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Fig.6 Knowledge-verified methods for more exploratory XAl in scientific research. A In scenarios where
abundant data are available, a purely data-driven approach can fully leverage the data’s potential to dis-
cover new insights without the constraints of existing knowledge. Once the model is developed, knowl-
edge infusion can be used in the model’s explanation to enhance understanding of its predictive behavior
and uncover meaningful patterns. B Two primary methods of knowledge infusion are prediction-based
and concept-based approaches. Prediction-based methods focus on identifying the influence of funda-
mental rationales—such as structures or patterns—on the model’s predictions using domain knowledge.
Meanwhile, concept-based methods rely on domain-specific concepts, or automatically learned high-
level concepts, to assess their impact on model outcomes. These explanation methods ensure that knowl-
edge is applied post-hoc, preserving the model’s ability to explore new knowledge while improving the
interpretability of its predictions

ing understandable patterns), which not only foster innovation but also allow for a more
nuanced understanding of the phenomena involved. Compared to knowledge-agnostic post
hoc explanation methods, knowledge-verified methods offer explanations that are more
aligned with the intuition of domain experts, focusing on meaningful structures and patterns
rather than isolated pixels or individual atoms.

Currently, knowledge-verified methods are less commonly used compared to other expla-
nation techniques, but they are gaining increasing attention from researchers. These meth-
ods validate model predictions by comparing them against established domain knowledge,
providing an additional layer of reliability and understandability. For example, leverag-
ing domain knowledge—such as the classification of antibiotics based on shared substruc-
tures—an explainable deep learning method was employed to identify substructure-based
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rationales for compounds with high predicted antibiotic activity and low predicted cytotox-
icity (Wong et al. 2024). The substructure identification was guided by three key substruc-
ture properties: the maximum size being below a defined atom limit, the substructure being
a connected subgraph, and the subgraph’s predicted values exceeding an activity threshold.
Concept-based methods begin with concepts identified by domain experts. For example,
six concepts, i.e., high-grade carcinoma, low-grade carcinoma, invasive lobular carcinoma,
ductal carcinoma in-situ, tumor-adjacent desmoplastic stromal changes, and tumor infil-
trating lymphocytes, were determined by experienced breast subspecialist pathologists
for evaluating the association of specific histomorphological features with the biomarker
predictions (Gamble et al. 2021). Additionally, concepts can be automatically discovered
(Ghorbani et al. 2019) and evaluated (FEL et al. 2023), reducing the need for manual super-
vision in labeling them. However, before these concepts are applied as explanations, they
can be verified and screened using expert knowledge or experimental data to ensure the reli-
ability and relevance of the automatically identified concepts in scientific contexts.

3.5 Trade-off between leveraging prior knowledge and exploring scientific novelty

There is a trade-off between leveraging prior knowledge and exploring scientific novelty
(Fig. 7). As mentioned earlier, knowledge-based methods are favored in high-stakes fields
due to their transparency and reliability (Batra et al. 2021; Li et al. 2022b). The integration
of knowledge reduces reliance on data volume, particularly beneficial when data is scarce or
of poor quality. It would accelerate the model’s convergence and provide the model expla-
nation with a better alignment with human domain expertise (Singhal et al. 2023). Regard-
less of the manifestation of knowledge incorporation, the essential substance, however, is
to restrict the searching space of models (Willard et al. 2022). Thereby, the valuable rules
or implicit patterns that are not yet fully grasped within the domain underlying the data
would be neglected, with over-reliance on pre-existing knowledge. Such an overfitting issue
can even be exacerbated, leading the model to produce biased predictions if the injected
knowledge is overly partial or subjective. On the other hand, AI models have demonstrated
aremarkable capability to handle vast amounts of data and uncover complex patterns within
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Fig. 7 The trade-off between prior knowledge and novelty, and the positioning of methods on varying
dimensions. A The trade-off between domain-specific knowledge and scientific novelty in XAI. B Nine
dimensions representing key considerations for the evaluation and comparison of different methods or
method combinations. The methods are abbreviated as knowledge-based (B), knowledge-injected (I),
knowledge-verified (V), and knowledge-agnostic (A)
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data (Topol 2019). Incorporating explainable methods allows models to generate insights
that form the foundation for new scientific discoveries. However, it is noteworthy that the
AT’s superior performance in some cases may rely on spurious correlations rather than the
true causal relationship, driven by the pursuit of the training goal of accuracy, which results
in insights provided by the model of less utility (Lapuschkin et al. 2019; Messeri and Crock-
ett 2024). Furthermore, large datasets are frequently unavailable in many domains at their
current stage of development (Karniadakis et al. 2021).

Generally speaking, the comprehensibility of the method is proportional to its depen-
dency on prior knowledge. However, such dependency would reduce the model’s discov-
ery capabilities beyond the boundary of that knowledge, limiting the potential for new
scientific discoveries. Knowledge dependency is highest in knowledge-based methods,
where the expertise module serves as the foundation of the entire pipeline. In contrast, the
knowledge-infused methods primarily incorporate knowledge during the training process,
imposing fewer constraints and allowing the model a broader exploration space. Compared
to knowledge-verified methods, knowledge-agnostic approaches tend to focus solely on
explaining black-box model behavior within the Al context, and the explanations lacking
domain consensus would be innovative but challenging for experimentalists to understand
or directly verify, resulting in a gap between the extracted rules or explanations and the
expertise of experts. Thereby, as the novelty of a method increases, its comprehensibility
tends to decrease, highlighting the trade-off between knowledge integration and scientific
innovation.

Thus, we argue that finding the optimal balance between data-driven approaches and
knowledge integration requires consideration of the application context and underlying
requirements. In our taxonomy, we assess methods and their combinations against key
dimensions most considered in the design of Al systems, scoring from 0 to 10, allowing
researchers with different backgrounds to select suitable approaches based on their goals.
For instance, in domains where the data is abundant but the theoretical understanding is
limited, the knowledge-agnostic methods can be an optimal choice, which offers a suffi-
cient level of scientific novelty but produces explanations that are hard to validate and less
understandable. Additionally, such methods always require meticulous model architectural
design, parameter tuning, and longer convergence times for the model to effectively learn
from large amounts of data. On the contrary, in fields where scientific principles are well
understood, knowledge-related methods might be prioritized to maintain the integrity and
interpretability of the model. This is particularly critical in the development of applica-
tion-oriented Al, where the primary goal should be to minimize risk and provide reliability
(Dong et al. 2023). In these scenarios, models that integrate knowledge throughout the entire
process—from data processing to training—and are equipped with knowledge-consistent
explanations should be prioritized. These come, however, with greater dependency on
domain knowledge limiting the model’s ability to explore unknown patterns and increased
task complexity. Additionally, factors such as generalization and robustness should also be
considered when selecting a suitable method.

Combining human expertise with Al-driven insights remains challenging. Therefore, we
recommend verifying and comparing the impact of incorporating specific domain knowl-
edge on model performance and explainability. This requires assessing whether to priori-
tize knowledge integration or rely more heavily on data based on expert judgment and
task requirements. For instance, if domain knowledge suggests a causal relationship that
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contradicts empirical data, a critical evaluation is necessary to determine the most appro-
priate approach to knowledge incorporation. If the domain knowledge is grounded in well-
established principles, it may take precedence even if the data does not fully support it.
Conversely, if strong data-driven evidence challenges existing knowledge, it may be nec-
essary to reassess and refine the domain understanding. The decision should be guided by
task objectives: if the goal is to improve generalization, rigorous validation methods such as
cross-validation should be used to ensure that knowledge integration enhances performance
without leading to overfitting; if the focus is on model explainability, incorporating domain
knowledge may yield smoother and more intuitive factor effects, even if it slightly compro-
mises predictive accuracy.

4 LLMs: knowledge injection and explainability

LLMs have attracted significant attention in scientific research, providing unprecedented
capabilities in natural language understanding, generation, reasoning, and interaction with
the surrounding environment (Caldas Ramos et al. 2024). LLMs can achieve performance
improvements on specific tasks through domain knowledge injection. This approach is par-
ticularly valuable for both prediction and generation tasks in domains where sufficient data
is lacking. By leveraging the generalization capabilities of LLMs, domain knowledge can be
effectively integrated to enhance their predictive accuracy and enable the generation of new,
contextually relevant samples. Such knowledge infusion allows the model to compensate
for data scarcity, providing more accurate predictions and facilitating the creation of novel
content even in low-data scenarios. Moreover, improving the explainability is important for
increasing trust in LLMs and future LLM-based scientist agents.

4.1 Knowledge injection into LLMs

The processes of infusing domain knowledge into LLMs typically involve three key
approaches (Fig. 8): prompt engineering, retrieval-augmented generation (RAG), and
supervised fine-tuning (SFT).

The performance of LLMs is highly sensitive to the quality and design of the prompts
provided (Zhou et al. 2022). Prompts can be considered a form of inference code expressed
in natural language, guiding the model’s reasoning and output. This unique characteristic
highlights the dual role of prompts as both an interface for human-model interaction and a
mechanism for task-specific optimization, underscoring their critical importance in lever-
aging the full potential of LLMs. Prompt engineering enables the use of LLMs to gener-
ate high-quality textual data for sparse materials science problems, significantly improving
classification accuracy (Liu et al. 2024b). By integrating optimized prompts with fine-tuned
deep learning models, this approach improves accuracy in material feature-label classifica-
tion tasks by up to 48% compared to traditional machine learning models. Prompt-based
embeddings facilitate advanced molecular optimization by enhancing the model’s ability
to adjust specific properties, even with limited multi-property data, leading to significant
improvements in optimization success rates compared to traditional models (Wu et al.
2024). Few-shot learning enhances the performance of protein language models in predict-
ing protein fitness under extreme data scarcity, requiring only minimal labeled data for
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Fig. 8 Three main approaches to infusing domain knowledge into LLMs. A Prompt engineering involves
tailoring input prompts to guide LLMs with specific domain knowledge, while B RAG enhances LLM
outputs by integrating external information sources, and C SFT improves performance and relevance by
fine-tuning LLMs on domain-specific data

optimization, with a 25% improvement in performance (Zhou et al. 2024). Chain-of-thought
reasoning, when integrated with tool-augmented frameworks, transforms LLMs from con-
fident information sources into iterative problem-solving engines, enabling precise and
dynamic applications in complex domains such as chemistry (Bran et al. 2024). Manually
designing prompts requires extensive experience and significant effort. Prompt engineering
is evolving towards automation, with several emerging technologies, such as Automatic
Prompt Engineering (Google) (Zhou et al. 2022), Active Prompting (Diao et al. 2023), and
PromptWizard (Microsoft) (Agarwal et al. 2024), showing great potential. Although still
in their early stages, these technologies have not yet been fully leveraged to address spe-
cific scientific challenges. However, they hold great potential to revolutionize the field by
streamlining and enhancing the prompt design process.

The extent to which next-token prediction, the foundational mechanism of LLMs, can
genuinely emulate human intelligence remains a subject of debate (Bachmann and Nagara-
jan 2024). This approach inherently risks introducing factual inaccuracies, posing challenges
to achieving the precision and reliability demanded by knowledge-intensive tasks (Lewis et
al. 2020). RAG enhances LLMs by incorporating external data, providing domain-specific
context to improve accuracy and reliability beyond pre-training knowledge. For example,
RAG enhances BioinspiredLLM by integrating external knowledge sources, enabling pre-
cise numerical recall, accurate responses to complex queries, and traceability of information,
thus advancing its utility in bio-inspired materials research (Luu and Buehler 2024). RAG
and well-designed prompts can achieve numerous powerful functions, such as Nova (Hu
et al. 2024), which integrates RAG, prompt engineering, and iterative planning and search
methods to enhance the novelty and diversity of scientific ideas generated by LLMs. This
approach effectively avoids the issue of simplistic and repetitive suggestions, which can
result from limited external innovation knowledge. Graph-based RAG extends traditional
text-based RAG by incorporating structured knowledge graphs and hierarchical community
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summaries, making it particularly valuable in knowledge-intensive domains where deeper
contextual understanding and relationships enhance retrieval and generation accuracy.
Graph-based RAG is currently underutilized in addressing specific scientific challenges.
However, recent advancements, such as the GraphRAG framework (Microsoft) (Edge et
al. 2024) and LightRAG (Guo et al. 2024), are making this approach more accessible to
researchers, thereby facilitating broader adoption in scientific problem-solving.

SFT of LLMs tailors their general capabilities to specific scientific domains, enabling
enhanced contextual understanding and task-specific performance. SFT has been applied
in chemical text mining tasks, enabling automated extraction and transformation tasks such
as compound entity recognition and reaction role labeling with high accuracy (Zhang et al.
2024). Besides, fine-tuning GPT-3 enabled it to effectively tackle a range of chemical and
materials science tasks, outperforming conventional machine learning models, particularly
in low-data scenarios, and offering a powerful tool for both predictive tasks and inverse
design (Jablonka et al. 2024). As model parameters continue to scale up, the expenses asso-
ciated with SFT and the storage of all these parameters escalate significantly, ultimately
rendering such processes impractical. Delta-tuning is recognized as a parameter-efficient
adaptation strategy that focuses on modifying only a small subset of model parameters dur-
ing training, optimizing resource use while maintaining performance (Ding et al. 2023).

4.2 Explainability of LLMs

In comparison to smaller, domain-specific models, LLMs possess significantly more param-
eters, allowing them to generalize across a wide range of tasks and languages. However, this
richness in representation comes at the cost of explainability. Existing work has focused on
constructing smaller, domain-specific models that are easier to interpret and can help pro-
vide explanations for LLMs (Frank et al. 2024). To address this challenge, many approaches
have been proposed to uncover the inner working mechanisms of LLMs. In this context,
we taxonomize the explanation methods of LLMs that are more likely to be used in scien-
tific discoveries into three main types (Fig. 9): local explanation, global explanation, and
conversation-based explanation.

Local explanations involve methods that offer insights into how a model makes predic-
tions for a given input. One common approach is feature attribution, which can be achieved
through linear approximations (Yang et al. 2023) or by calculating integrated gradients
(Enguehard 2023) to assess the contribution of individual tokens to the model’s predic-
tion. Example-based methods explore how the model’s behavior changes with the modi-
fied input, using techniques like masking, perturbing inputs (Barkan et al. 2024) or the
generation of counterfactual samples (Chen et al. 2021). Another important approach is the
attention map, a key component of transformer-based architectures, which reveals how the
model distributes its focus across different tokens during the forward pass. Visualizing the
attention weights assigned to tokens could help with identifying most relevant parts of input
for the model’s decision-making process (Barkan et al. 2021). Attention maps have also
been utilized to investigate how LLMs make predictions in protein phase transition tasks
(Frank et al. 2024). In the Lamole approach, the authors integrate gradient-based explana-
tions with attention mechanisms to capture how functional groups and their interactions
contribute to molecular property predictions (Wang et al. 2024b).
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Fig. 9 Explanation approaches for LLMs. A Local explanation focuses on specific input—output relation-
ships to reveal how individual predictions are made. B Global explanation provides an overarching view
of the model’s behavior by analyzing general patterns and decision rules. C Conversation-based explana-
tion clarifies the model’s reasoning and outputs through interactive dialogue with users

Despite the simplicity and intuitiveness of these methods, the relevance of attention
weights to the final prediction in LLMs still requires further validation (Bibal et al. 2022).
Moreover, feature attribution methods often overlook the complex interactions underlying
tokens, which can be particularly evident in scientific research. Additionally, local explana-
tion methods can offer only a fragmented or partial understanding of the model’s behavior
rather than capturing the full scope of the decision-making process. As a result, these meth-
ods limit their usefulness in generating scientifically robust insights.

Global explanations provide an explanation of the overall mechanism encoded in the
neurons, hidden layers or modules of a model by consolidating all possible predictions.
The concept mapping aims at extracting neural representations into human-understandable
concepts. K-sparse autoencoders are introduced to effectively control sparsity and enhance
feature extraction from GPT-4 activations, achieving a 16 million latent model trained on
40 billion tokens with improved reconstruction and sparsity (Gao et al. 2024b). A concept
bottleneck approach has been proposed for protein generation using LLMs. By analyzing
the weights of the linear decoder, researchers have been able to uncover the complex rela-
tionships between abstract concepts and amino acids (Ismail et al. 2024). In probe detection
approaches, an auxiliary model, referred to as a probe, is trained to classify the representa-
tions and model parameters into specific properties (Peng et al. 2022). Neuron explanation
methods focus on interpreting the contribution of individual neuron or groups of neurons, as
well as their interactions, to the overall language processing of the model. For example, the
individual neuron could be activated by different patterns in the input, representing differ-
ent meanings encoded by that neuron (Mukherjee et al. 2023). One notable example is the
identification of a specific circuit of neurons within an LLM responsible for performing the
indirect object identification task (Wang et al. 2022b). Existing studies have shown that neu-
rons in shallow layers are more focused on word-level syntax, such as determining the part
of speech for each token, while deeper neurons capture higher-level semantic knowledge,
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allowing for a more comprehensive understanding of sentence meaning, such as relation-
ships between entities within the sentence (Jawahar et al. 2019).

It is computationally expensive to explain the billions of neurons in LLMs; therefore,
a commonly adopted method is to rank neurons and retain only the most important ones.
However, this approach may overlook the complex interactions between features or entities,
particularly in domains such as molecular structure prediction and gene sequence analysis.
Furthermore, current global explanation methods primarily focus on general LLMs, provid-
ing linguistic and semantic insights. For non-linguistic tasks, however, translating these
interpretations into domain-specific knowledge remains a significant challenge, represent-
ing a key difficulty in scientific research.

Fine-tuning and prompt-based approaches involve designing or guiding the model to
generate explanations as part of the prediction process, without requiring external inter-
pretability tools. This can be achieved by finetuning LLMs with training data that contains
extra causal relationships or contextual explanations between inputs and outputs (Yang et al.
2024). Furthermore, LLMs can be instructed by users to generate reasonings as contextual
explanations for their output, making prompt design a powerful tool for guiding the model
to produce self-explanations during the prediction process (Huang et al. 2023). Compared
to other methods, prompt-based explanations offer particular advantages for users, allow-
ing them to adjust the type and level of detail of the explanation provided based on their
specific requirements, without any additional tools or modifications. Moreover, in early
2025, reasoning LLMs began to attract significant attention, with models like DeepSeek-R1
(DeepSeek-Al et al. 2025) leading the way into the open-source stage. At the same time,
the reasoning process inherent in the models provides valuable insights into understand-
ing their behavior. DeepSeek-R1-Zero pioneers pure reinforcement learning (RL) training
without SFT, leveraging the GRPO algorithm to autonomously develop reasoning capabili-
ties like error self-correction, demonstrating emergent “Aha Moments” during training. In
contrast, DeepSeek-R1 adopts a four-stage hybrid framework: starting with SFT cold-start
training for output readability, followed by reasoning-oriented RL with automated reward
mechanisms (accuracy, formatting, and language consistency), rejection sampling to gener-
ate high-quality trajectories, and RL from human feedback for human alignment. Reason-
ing models hold tremendous potential for applications in scientific discovery, especially
when assisted by RAG that incorporate domain-specific knowledge. However, for tasks that
require rapid responses, the speed of reasoning may present certain limitations.

However, concerns arise regarding the potential for LLMs to generate “hallucinated” con-
tent—outputs that may seem plausible but are factually incorrect (Augenstein et al. 2024).
Additionally, even when the model’s output is reliable, the self-explanations it generates
may not align with its actual reasoning process, raising issues about the LLM’s faithfulness
(Madsen et al. 2024). Fortunately, the above-mentioned method of injecting knowledge into
the model will help alleviate these problems. The integration of domain knowledge injec-
tion with interpretability analysis of large models offers transformative opportunities for
scientific discovery, particularly in addressing complex challenges that demand extensive
knowledge bases. These approaches not only enhance the reliability and explainability of
Al-driven methods but also lower the barriers for practitioners without extensive Al exper-
tise. Techniques such as retrieval-augmented generation and prompt engineering provide
accessible and effective tools, enabling domain experts to leverage advanced Al systems for
accelerating breakthroughs in their fields.
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5 Agent-based large-small model collaboration: automated
laboratories for scientific discovery

Recent advancements in scientist agents and laboratory robotics have catalyzed the emer-
gence of a transformative agent-based scientific research paradigm, particularly in fields
such as biomedicine (Gao et al. 2024c) and chemistry (Bran et al. 2024). In research
domains characterized by standardized experimental procedures and a high frequency of
experiments, agent-based collaborations can significantly reduce setup complexity and
automate routine tasks, freeing scientists to focus on higher-level analysis and innovation
while ensuring transparency and oversight through explainability. Within the workflow
of agent-based automated laboratories (Fig. 10A), agents powered by LLMs seamlessly
integrate with diverse external tools to execute complex sequences of scientific tasks. For
example, Coscientist, driven by GPT-4, autonomously designs, plans, and executes sci-
entific experiments by leveraging tools such as internet and documentation search, code
execution, and experimental automation, demonstrating its versatility and efficacy across
six diverse tasks, including the optimization of palladium-catalyzed cross-couplings (Boiko
et al. 2023). However, agent-based automated laboratories are still in their early stages of
development and face numerous challenges. LLM-based autonomous agents face signifi-
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cant challenges including role-playing limitations, generalized human alignment, prompt
robustness, hallucination, knowledge boundary management, and efficiency (Wang et al.
2024a). The challenges in robotic automation of laboratories lay in developing versatile,
safe, and interoperable systems that can perform a broad spectrum of tasks with high preci-
sion and autonomy (Angelopoulos et al. 2024).

Ensuring explainability (Fig. 10B) across decision-making processes in intelligent agent-
based scientists and LLM-powered robots, as well as throughout data analysis and model-
ing using both domain-specific models and LLMs, is essential for maintaining scientific
rigor and building trust in automated results. Practitioners often face challenges in selecting
and interpreting appropriate explainability methods, but LLMs offer more accessible, user-
friendly explanations through interactive natural language dialogue systems (Slack et al.
2023). This explanation not only fosters confidence among researchers and stakeholders
but also facilitates the validation and reproducibility of scientific findings. Furthermore, the
explainability of Al is crucial for harnessing human intellectual engagement and deriving
scientific insights that can inform new design principles (Su et al. 2024). As researchers
increasingly rely on autonomous experimentation, their role may shift toward translating the
results into scientific understanding, a process that is significantly enhanced by advances in
XAI (Tom et al. 2024).

6 Comparison between explainable small domain-specific models and
LLMs

Understanding the practical distinctions between explainable small domain-specific mod-
els and explainable LLMs is essential for their effective application in scientific research.
While small models built from scratch offer transparency, precision, and deep integration of
expert knowledge within narrowly defined domains, LLMs, leveraging prompt engineering,
RAG, and fine-tuning, provide scalable generalization and rapid adaptability across diverse
scientific tasks. Figure 11 below systematically compares these two model classes across
five key dimensions relevant to scientific use, including explainability, knowledge injection,
generalizability, domain-specific performance, and data requirements.

7 Challenges, pitfalls, and future directions

While the development of XAI has provided valuable insights into the mechanics of Al
decisions and enhanced trust in Al tools, many expectations have been proposed in existing
research, including human-centered design (Kong et al. 2024), robust benchmark (Kenny et
al. 2021), and human-machine collaboration system (Saeed and Omlin 2023). These expec-
tations have already been addressed or can be effectively mitigated through the combina-
tions of methods we suggested above. Moreover, several challenges have been pointed out
to be encountered within the XAI pipeline, such as knowledge identification (Xie et al.
2021; Tiddi and Schlobach 2022), knowledge representation (Peng et al. 2023), knowledge
conflict (Xu et al. 2024), explanation evaluation (Longo et al. 2024), and accuracy trade-
off (Crook et al. 2023). These issues can either be technically resolved or become apparent
once explanations are provided. In this review, we aim to outline unintended pitfalls related
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foundation models, and are adapted to specific tasks through prompt engineering, RAG, or fine-tuning

to scientific research that imperceptibly make errors, particularly from the perspective of
experimental scientists who may integrate XAl tools into their work, discussed as follows:

Illusion of explanation: Explanations yielded by XAI methods sometimes appear reason-
able but actually reflect spurious correlations that the model has learned due to biases or
errors, even though the model has demonstrated high accuracy. These explanations may fail
to uncover the true causal mechanisms within the data generation process, providing only
superficial explanations that lack the depth required for a comprehensive understanding of
complex scientific phenomena.

Over-reliance on model explanations: Experimental scientists may risk placing exces-
sive trust in the explanations produced by XAI methods (Ehsan and Riedl 2024), poten-
tially leading them to mistakenly accept these explanations as the definitive rationale for
model decisions. Such over-reliance is particularly concerning when the model is based on
spurious correlations or flawed assumptions (Lapuschkin et al. 2019; Messeri and Crock-
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ett 2024), which can result in erroneous research findings or conclusions. Therefore, it is
crucial to approach these explanations with a critical mindset and rigorously validate them
through experimental verification.

Oversimplified explanations: Explanations produced by XAI methods may be inherently
partial. For example, local interpretable model-agnostic explanations (LIME) and SHAP use
linear approximations to represent a model’s decision rules (Renftle et al. 2024; Salih et al.
2025), potentially overlooking higher-order nonlinear relationships in complex models. It
would lead researchers to unintentionally focus on the ‘easy-to-interpret’ parts of the model
while overlooking potentially more critical but less explainable decision processes (Miller
2019b), thereby hindering a comprehensive understanding of the scientific phenomena.

Bias toward hypotheses: Different XAI methods can produce vastly different explana-
tions, and even variations of the parameters can do so (Weber et al. 2023). Researchers
might unconsciously favor methods or emphasize a subset of explanations that align with
their expectations or hypotheses to support their assumptions (Holman et al. 2015). Such a
cognitive bias can lead to the neglect of rigorous comparison and validation of the chosen
methods.

High-dimensional explanation: In scientific research, data is often high-dimensional, as
seen in fields like genomics, which imposes additional challenges for explanation (Pahud de
Mortanges et al. 2024). Summarizing explanations from complex models can be difficult, as
these models are more prone to overfitting to noise and irrelevant information. The interac-
tion effects between features for the model can be intricate and multifaceted. Interpreting the
model requires nuanced consideration, making it challenging to derive clear and actionable
insights from the model.

Explanation of generative Al: Generative Al has garnered significant attention from
the research community, particularly in drug (Gangwal and Lavecchia 2024; Farhadi et al.
2025), material (Liu et al. 2023), and protein (Ingraham et al. 2023) design. In these fields,
XAl is critical as it empowers scientists to understand why a model produces a specific
design, enabling them to adjust, verify, and optimize outputs for safe, effective, and ethical
high-impact applications (Schneider 2024). However, achieving true XAl remains chal-
lenging due to the opacity of commercial Generative Al models, the inherent complexity of
their systems and outputs, and the difficulty in evaluating explanations themselves. Future
directions should focus on enhancing interactivity, allowing deeper engagement with expla-
nation systems, and broadening the scope of explanations to encompass not only inputs
but also various facets of the generated outputs, including specific attributes and holistic
characteristics.

A persistent issue in XAl is balancing explainability and predictive performance, as sim-
pler models offer transparency but often lack the accuracy of deep learning models. Future
research should focus on enhancing the explainability of high-performing models without
compromising their effectiveness. Another critical challenge is the integration of domain
knowledge into XAI models; while prior knowledge can improve reliability and explain-
ability, scalable and systematic methods for its incorporation remain an open research area.
Additionally, current evaluation metrics for explainability are often designed for general Al
applications rather than scientific discovery, necessitating new domain-specific metrics to
ensure Al-generated insights are both valid and practically useful. As LLMs and autono-
mous systems begin to play a role in hypothesis generation and experimentation, ensuring
their outputs are explainable, trustworthy, and actionable will be critical, particularly in
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fields where validation and reproducibility are paramount. Ultimately, fostering effective
human-AI collaboration, where researchers can intuitively interact with and trust Al expla-
nations, will be essential for embedding XAl into scientific workflows and maximizing its
transformative potential.

8 Conclusion

The integration of XAl into scientific research is set to revolutionize discovery, innovation,
and collaboration. This review has highlighted three key paradigms: small domain-spe-
cific models, LLMs, and agent-based large-small model collaboration. For small domain-
specific models, we introduced a knowledge-oriented taxonomy that categorizes methods
into knowledge-agnostic, knowledge-based, knowledge-infused, and knowledge-verified
approaches. This framework helps researchers balance established knowledge with novel
insights, ensuring that models are both reliable and innovative. LLMs have emerged as
powerful tools in scientific research, offering advanced capabilities in natural language
understanding, generation, reasoning, and interaction. The review discussed strategies for
integrating domain knowledge into LLMs and enhancing their explainability, which is cru-
cial for building trust and effective application in scientific discovery. The development of
LLM-based scientist agents highlights the need for robust, context-aware explanations tai-
lored to specific research goals. Looking ahead, agent-based automated laboratories repre-
sent a transformative shift. These laboratories, powered by explainable LLMs and advanced
robotics, will enable the execution of complex scientific tasks with unprecedented precision
and efficiency.

However, methodological challenges and usage pitfalls persist. Issues such as spurious
correlations, over-reliance on model explanations, and cognitive biases highlight the need
for rigorous validation and critical interpretation. Additionally, high-dimensional data and
oversimplified explanations demand more nuanced approaches to ensure scientific rigor.
Emerging technologies like LLM-based agents and automated laboratories show promise
but face hurdles in robustness, explanation, and transparency. Ensuring explainability across
all stages of Al integration is essential to maintain trust, foster human-AlI collaboration, and
drive meaningful scientific insights.

Together, the integration of XAl into scientific research holds immense promise. By
leveraging the strengths of explainable small domain-specific models and LLMs, and by
addressing methodological challenges and pitfalls, we can usher in a new era of scientific
advancement. This review serves as a foundation for future research, encouraging the sci-
entific community to embrace the opportunities and challenges presented by XAl to drive
innovation and collaboration in scientific discovery.
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