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1 Introduction

Artificial Intelligence (AI) is rapidly reshaping the landscape of sci-
entific research [10] by supporting and accelerating several key pro-
cesses: literature discovery, experimental design, data analysis, and
knowledge extraction. As scientific data continues to grow in volume
and complexity, there is a growing need for intelligent systems that
can assist researchers in navigating this information efficiently.

This work investigates how AI systems enriched with structured
or domain-specific expertise (i.e. knowledge-informed) can optimize
the organization and indexing of scientific documents, thereby im-
proving literature search. The goal of the current study is to enable
researchers to devote more time to high-level cognitive tasks, such
as hypothesis generation and creative exploration, while delegating
repetitive or computationally intensive steps to intelligent models.

To this end, the current study explores a range of methodolo-
gies including machine learning models infused with prior knowl-
edge (e.g. hierarchical taxonomies [1]), knowledge retrieval systems
that extract information from scientific texts [5], active learning algo-
rithms [8] that iteratively recommend relevant scientific documents
based on minimal annotation or interactive user feedback [4, 3]. Im-
plementing these approaches requires a diverse set of data sources,
including open repositories such as ACL Anthology, publicly avail-
able datasets (e.g. Forc4cl [1]), and custom datasets developed in
collaboration with domain experts.

The core research questions that guide this investigation are:

RQ1: How can explicit (e.g., published research and results, equa-
tions) and implicit (e.g., personal experience and scientific intu-
ition) prior knowledge of experts be represented and integrated to
improve search and retrieval, and classification tasks?

RQ2: How can natural language processing (NLP), machine learn-
ing, and knowledge representation enable extraction of expert
knowledge and its effective use?

RQ3: How can the information need of a scientist be effectively
modeled in relation to their specific field of interest?

RQ4: How can a search and retrieval system be designed to extract
and utilize relevant knowledge from various data types (structured,
semi-structured, unstructured) to support scientific inquiry?

RQ5: How can the efficiency of scientific workflows be quantified
and how can AI-based support systems be evaluated for their im-
pact on these workflows?
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The ultimate aim is to develop methods for: (a) the efficient repre-
sentation and management of expert knowledge, enabling its use in
recommendation systems, particularly to support new researchers or
promote best practices; and (b) effective search and retrieval of rele-
vant literature and data, facilitating the creation of predictive models
(e.g., via transfer learning), especially in domains with limited avail-
able data. Together, these approaches aim to shorten the research and
methodology development lifecycle by promoting the reuse and inte-
gration of prior knowledge and data throughout the scientific process.

2 Key Contributions

As a foundational step toward knowledge-informed AI that supports
scientific research, the current work focuses on organizing and in-
dexing scholarly documents, which is central to literature discovery.
By improving how scientific articles are classified and structured, the
aim is to enable more effective document retrieval in response to ex-
pert queries. This effort directly addresses RQ1 and RQ2.

Specifically, the problem of fine-grained hierarchical multi-label
classification of scientific articles [2], using structured taxonomies
[1] is studied. Unlike standard hierarchical classification [11], the
specific task is characterized by three complexities: (a) documents
may be assigned multiple labels; (b) labels may appear at any level
of the hierarchy; and (c) incomplete paths are allowed, i.e. there is no
requirement for labeled documents to have leaf-only labels.

To handle this, a cascade classification architecture (see Figure 1),
inspired by [6] informed by the label hierarchy is implemented and
systematically compared against a flat counterpart. This approach in-
tegrates multiple strategies to infuse prior knowledge into modeling.

Document Representation: Each article is represented using
SPECTER2 [9], a transformer-based model pretrained on scien-
tific literature. Inputs include title, abstract, and selected metadata
fields (e.g., authors, publisher, venue). This generates semantically
rich embeddings capturing high-level scientific discourse.

Cascade Classification with Hierarchical Sampling: For each la-
bel node in the taxonomy, a dedicated logistic regression classi-
fier is trained as part of a cascading framework. To improve label
discrimination and reflect the taxonomy, hierarchy-aware negative
sampling is applied, where documents explicitly labeled with the
current node are selected as positives, while documents from sib-
ling categories or parent-exclusive samples (i.e., labeled with the
parent but not with the current or sibling nodes) are selected as
negatives. In the absence of siblings, sibling categories of the par-
ent node are used to maintain contrastive training. This structure
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Figure 1. Diagram of the hierarchical multi-label classification process. The figure illustrates the stages of document representation, node-specific classifiers
ci training, soft-to-hard label mapping, hierarchy-enforcing post-processing, and generation of final output.

Method
Micro Macro Weighted

Prec Rec F1 Prec Rec F1 Prec Rec F1

Flat baseline 0.803 0.601 0.687 0.625 0.392 0.467 0.790 0.601 0.673

Hierarchical 0.668 0.679 0.673 0.521 0.413 0.446 0.665 0.679 0.664

Table 1. Evaluation of flat baseline and hierarchical method, using micro, macro, and weighted precision, recall, and F1 score.

ensures that each classifier learns to make fine-grained distinc-
tions between closely related categories, reducing misclassifica-
tion among semantically similar labels.

Soft-to-Hard Label Mapping: Each classifier produces a confi-
dence score (in [0, 1]). These are converted to discrete label pre-
dictions using one of three strategies: (a) thresholding-based se-
lection; (b) top-k label selection; and (c) LLM-guided selection.

Hierarchy-Enforcing Post-Processing: To ensure structural con-
sistency, one of several hierarchy-enforcing policies is applied:
from no changes to predictions, to recursively adding ancestor la-
bels, to enforcing full parent inclusion, or requiring at least one
parent label.

These strategies allow us to flexibly adjust the degree to which
hierarchy is enforced.

An experimental evaluation, conducted on a curated set of NLP
research papers from the ACL Anthology, demonstrates that the hi-
erarchical approach improves recall and reduces false negatives com-
pared to the flat counterpart, as presented in Table 1. Although the flat
approach is superior in terms of precision and F1, integrating prior
knowledge from domain taxonomies can improve the relevance of
retrieved documents that could otherwise be missed, which consti-
tutes a key asset for scientific discovery tasks where missing relevant
work might be more costly than reviewing a few false positives.

Statistical significance testing confirms these trends, and the find-
ings underscore that the method of hierarchical information infusion
can significantly influence the classification outcome.

In summary, the contribution of current work lies in demonstrating
that structured prior knowledge, when effectively integrated (e.g. via
the proposed post-processing), enhances the classification of scien-
tific literature. This lays the groundwork for AI systems to support
researchers in navigating the ever-expanding scientific landscape.

3 Future Directions

Building on the current focus of enhancing scientific workflows
through knowledge-informed AI, future work will further explore

both methodological advancements and expanded application areas.
The current findings indicate that incorporating hierarchical

knowledge improves recall in scientific document classification, but
not precision or F1, highlighting challenges in balanced perfor-
mance. As a next step, the plan is to investigate more efficient repre-
sentations of hierarchical information, moving beyond rigid parent-
child constraints. This includes exploring graph neural networks and
attention-based models that can better model inter-label dependen-
cies across levels of the taxonomy [12], and integrating knowledge-
informed features, such as metadata-derived embeddings and cita-
tion network information [7], to enrich the input representations and
improve generalization. These enhancements aim to strengthen the
model in leveraging structure without sacrificing prediction quality.

To support dynamic literature discovery (addressing RQ3 and
RQ4), future work will implement active learning frameworks that
recommend documents, iteratively, based on the evolving informa-
tion needs of researchers. This involves (a) developing adaptive user
modeling techniques that infer a researcher’s intent based on their
queries, prior interactions, domain-specific terminology, and current
stage in the research process; and (b) implementing active learning-
based retrieval systems that iteratively refine document recommenda-
tions by incorporating minimal user feedback, enabling the system to
surface increasingly relevant literature over time.

Finally, to address RQ5, future work will explore methods for
quantitatively evaluating the efficiency and effectiveness of AI-
supported research processes, defining task-specific metrics for dif-
ferent stages of the scientific workflow (e.g. time saved in literature
review) and collecting user-centered feedback from domain experts
to assess how AI influences productivity and innovation outcomes.
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