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Abstract
Expert finding (EF) is a central task in scientific conference organization, particularly for reviewer assignment
and program planning, yet remains challenging due to increasing submission volumes and heterogeneous
metadata. While transformer-based embeddings enable semantic representation of scientific texts, there is a
lack of reproducible data preparation pipelines and cloud-capable retrieval frameworks that integrate abstracts,
author information, and semantic search in conference management contexts. This position paper argues that
these two gaps can be addressed through a modular, transformer-based architecture for supporting Professional
Congress Organizers (PCOs) in EF tasks. We propose (i) a reproducible embedding pipeline that prepares scientific
abstracts and aggregates them into author-level representations, and (ii) a cloud-capable retrieval architecture
that combines vector-based semantic search with structured metadata integration. Both designs are grounded
in the Nunamaker et al. research methodology and developed through systematic observation of the state of
the art and theory building. We further argue that the modular, decoupled nature of the proposed architecture
lowers the adoption barrier for PCOs, positioning semantic EF as a practical augmentation of existing conference
management workflows rather than a disruptive replacement.
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1. Introduction

The Meetings, Incentives, Conferences, Events (MICE) industry encompasses conferences, in-
centive travel, and exhibitions, representing a particularly knowledge-intensive and organizationally
complex sector with a global market cap of $645.7 billion in 2022 [1]. In recent years, the COVID-19
pandemic forced rapid adoption of virtual and hybrid event formats [2], climate concerns have driven
demands for more sustainable conference practices [3], and advances in Artificial Intelligence (AI),
particularly transformer architectures [4], have opened new possibilities for intelligent support systems
in conference management, a need equally recognized in data-intensive scientific domains such as
genomic diagnostics [5, 6].

Scientific conferences serve as crucial venues for knowledge exchange in academia and Informa-
tion Technology (IT) [7, 8]. Their organization involves complex coordination among Professional
Congress Organizerss (PCOs), authors, reviewers, chairs, and panelists. Among these tasks, Expert
Finding (EF) is particularly challenging: PCOs must identify and assign appropriate reviewers to
submitted papers, select qualified panelists, and recommend domain experts for various roles [9, 10].
This problem has become increasingly critical due to growing submission volumes and the complexity
of accurately matching reviewer expertise to paper topics [11, 12].

Traditional approaches rely on manual processes, keyword matching, or simple citation metrics [11,
12]. While some Conference Management Systemss (CMSs) offer basic filtering capabilities, they
generally lack sophisticated semantic understanding of research topics and cannot effectively capture
the nuanced relationships between expert profiles and submission content [10]. A reproducible data
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preparation pipeline that systematically transforms conference abstracts and author metadata into
semantic vector representations could enable PCOs to leverage modern language models for EF without
requiring deep technical expertise [13, 14]. Similarly, a cloud-capable retrieval framework providing
intuitive interfaces could make semantic EF practically accessible for conference organizers [6, 5].
Furthermore, systematic evaluation combining retrieval effectiveness with usability assessment would
demonstrate its practical viability [15, 16].

Previous work has addressed related challenges: the Cloud-based Information Extraction (CIE)
project developed cloud-capable NER systems for information extraction [17], and FIT4NER advanced
entity recognition across domains [18, 14]. The KGen4MICE initiative targets MICE challenges
including data-driven expert recommendation. Despite these advances, two fundamental gaps remain.
First, there is no broadly established, openly documented pipeline integrating conference abstracts
and author metadata into a coherent semantic embedding workflow, leaving it unclear how PCOs can
concretely transform their existing databases into semantically searchable representations. Second,
there is a lack of production-ready retrieval frameworks combining semantic vector representations with
structured metadata, cloud deployment, and systematic evaluation of both effectiveness and usability in
conference management scenarios.

We structure our research using the Nunamaker et al. framework [19], which interleaves four phases:
Observation, Theory Building, Systems Development, and Experimentation. The present paper covers
the first two phases and is organized around two research questions:

Research Question 1 (RQ1): How can scientific abstracts and author information be prepared and
represented to enable semantic vector embedding for thematic author retrieval?

Research Question 2 (RQ2): How can a cloud-capable retrieval system be developed that suggests
relevant authors for thematic queries, independent of data origin?

The two research questions map directly onto the two contributions of this paper. RQ1 motivates the
design of a modular embedding pipeline that processes conference abstracts and aggregates them into
author-level representations. RQ2 motivates the design of a cloud-capable retrieval architecture that
combines semantic vector search with structured metadata. Both designs are grounded in the state of
the art surveyed in Section 2 and operationalized in the conceptual architecture presented in Section 3.

2. State of the Art in Science and Technology

Contextual embeddings produced by transformer models [20, 21] have become the de-facto standard
for semantic text representation, superseding sparse approaches such as TF-IDF and BM25 [22]. Models
fine-tuned for sentence or document similarity, such as Sentence-BERT (SBERT) [21], MiniLM [23], and
MPNet [24], produce dense representations suitable for large-scale nearest-neighbor retrieval. Domain-
specific variants such as SciBERT [25] further improve performance on scientific corpora. For author
representation, several studies aggregate publication embeddings into author-level vectors [13, 26]
and report strong retrieval performance on bibliographic benchmarks. However, these studies assume
homogeneous, preprocessed datasets, but none provides an openly documented, end-to-end pipeline
that handles the heterogeneous metadata conditions typical of live CMS environments.

Remaining Challenge 1 (RC1): A reproducible, openly documented pipeline integrating scientific
abstracts and author metadata for semantic vector embedding in MICE contexts does not yet exist.

Dense retrieval frameworks such as FAISS [27], Weaviate, and Elasticsearch support approximate
nearest-neighbor search at scale and have become standard infrastructure for vector-based Information
Retrieval (IR) systems. Neural and dense retrieval models address the semantic gap of traditional term-
based approaches by embedding queries and documents into a shared vector space [28], while hybrid
methods that combine sparse lexical signals with dense representations further improve robustness
across diverse query types [29, 30]. To ensure reusability and scalability, modern retrieval systems
increasingly adopt containerized microservice architectures: frameworks like Docker and FastAPI
facilitate deployment, isolation, and dynamic scaling of components such as embedding generation,



indexing, and retrieval APIs. Although these frameworks provide strong infrastructural support, they
lack domain-specific adaptation for EF in conference contexts. Furthermore, usability has rarely been
evaluated alongside retrieval effectiveness in CMS scenarios, leaving it unclear whether technically
sound systems are also practically accessible to PCOs.
Remaining Challenge 2 (RC2): A cloud-capable retrieval framework combining semantic vector

search with author metadata, systematically evaluated for both retrieval quality and usability in MICE
scenarios, is required.

From the outlined state of the art, two design requirements emerge: a system architecture that
processes scientific abstracts and author information into consistent semantic representations (RC1),
and a cloud-capable retrieval framework with hybrid query processing that is evaluated for both retrieval
effectiveness and practical usability (RC2). The following section addresses these requirements through
a conceptual system design.

3. Modeling and Design

Following Nunamaker et al. [19], this section establishes the conceptual foundation for the system,
operationalizing the embedding pipeline (RQ1) and the retrieval architecture (RQ2). The conceptual
modeling approach integrates User Centered System Design (UCSD) [31, 32] to ensure methodolog-
ical rigor and user relevance, placing the needs of PCOs and administrators at the center of design
decisions. Unified Modeling Language (UML) [33] is used selectively to provide formal notation for
describing data structures, interactions, and system components, supporting the theoretical formulation
of both research objectives.

Use Cases and Information Model
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Figure 1: UML Use Case Diagram showing the application use cases.

As illustrated in Figure 1, the system supports two actor groups. Researchers interact through four use
cases: (UC1) semantic author search for expert finding, (UC2) semantic abstract search, (UC3) similar
author search by embedding proximity, and (UC4) metadata-based result filtering. Administrators
manage the system through (UC5) CRUD operations on data objects, (UC6) dynamic index rebuilding,
(UC7) system configuration, and (UC8) health monitoring.



To illustrate how these use cases interact in practice, consider the following scenario. A PCO receives
a submission on privacy-preserving federated learning for clinical NLP. No obvious reviewer comes to
mind, as the topic spans machine learning, privacy, and biomedical text processing. The PCO enters the
abstract as a free-text query (UC1). The system encodes the query on-the-fly, retrieves the ten most
semantically similar author profiles, and returns a ranked list with titles of associated publications.
Noticing that the top result specialises in federated learning but has limited NLP background, the
PCO navigates to that author’s profile and invokes the similar-author view (UC3), which surfaces two
researchers with stronger NLP publication records. A topic filter (UC4) further narrows the candidates
to those affiliated with a European institution, satisfying a regional balance requirement. The entire
process should take less than a minute and requires no knowledge of the underlying vector indices or
embedding models.

Abstract

+ id: UUID

+ title: String

+ submissionDate: Date

+ publicationDate: Date

+ content_raw: String

+ content: String

Author

+ id: UUID

+ name: String

+ affiliation: String

+ researchFields: [String]

Embedding

+ embeddingID: UUID

+ vector: [Float]

1..n1..m

Figure 2: UML Class Diagram showing the relationship between experts, documents, and topics.

The information model comprises three core entity classes. Abstract stores the submission with
identifier, title, submission and publication dates, and both raw and cleaned textual content, preserving
the original text alongside a normalised version suitable for embedding. Author captures the expert
profile with identifier, name, institutional affiliation, and a list of research fields, providing the structured
metadata needed for filtering and result enrichment. Embedding holds the dense vector representation
linked to both abstracts and authors via a many-to-many relationship, identified by an embedding ID
and a float vector array. This many-to-many design reflects the reality that a single author is associated
with multiple abstracts, and that each abstract may be embedded under different model configurations
for comparative purposes. The deliberate separation of Embedding from the domain entities follows
established practices in modular retrieval system design [27]: vector representations can be regenerated
with improved models without affecting metadata integrity, and multiple embedding configurations
can coexist for evaluation or model comparison.

While the information model defines what data is stored and how entities relate, the system architec-
ture defines how this data is processed, indexed, and made retrievable at runtime.

System Architecture

Figure 3 shows the component architecture mapped to four functional layers, each with clearly sepa-
rated responsibilities. The Persistence layer forms the foundation of the system, separating relational
metadata storage (PostgreSQL) from vector-based similarity search (FAISS [27]). This decoupling
allows each storage backend to be scaled, replaced, or upgraded independently. The Core layer builds
upon persistence by providing three services: the Embedding component handles transformer-based



vector generation for abstracts and authors; the Index Manager controls the lifecycle of FAISS indices
including incremental updates and rebuilds; and the Data Import component validates and ingests
structured metadata. The Search layer exposes three domain-specific retrieval services: Author Search
for expert finding by semantic query, Abstract Search for document-level retrieval, and Similar Author
for embedding-proximity-based recommendations. Finally, the API layer exposes a single Search Or-
chestrator that acts as the unified gateway, routing incoming requests to the appropriate search service
and coordinating response aggregation. This layered design ensures that components can be developed,
deployed, and scaled independently [6].

Persistence
PostgreSQL FAISS

Core
Embedding Index Manager Data Import

Search
Author Search Abstract Search Similar Author

API

Search Orchestrator

Figure 3: Four-layer component architecture with inter-layer communication. Components are grouped by
functional responsibility, with the Persistence layer being storage-technology agnostic.

Embedding and Retrieval Workflow

The embedding workflow addresses RQ1 by ingesting structured JSON containing abstracts and author
profiles. After validation and deduplication, textual content is encoded by a configurable transformer
model from the SBERT family [21], such as all-MiniLM-L6-v2 [23] or domain-adapted variants like
SciBERT [25] for scientific corpora. Each abstract is encoded into a dense vector in a shared semantic
space. Author-level embeddings are then constructed by mean-aggregating the embeddings of all
abstracts associated with a given author, a strategy shown to be effective for academic expert repre-
sentation [13, 34]. The design decouples metadata management from embedding generation: new
submissions trigger incremental embedding updates without requiring full index rebuilds, and improved
language models can be substituted without altering the underlying relational schema.

The retrieval workflow addresses RQ2 through a dual-path query strategy. For semantic queries, the
user’s free-text input is encoded on-the-fly using the same transformer model, and the resulting query
vector is matched against precomputed author or abstract embeddings via an oversampled k-nearest-
neighbour search in the FAISS index [27]. Oversampling compensates for candidates subsequently
removed by metadata filters, preserving result quality in paginated views. Results are then enriched with
structured metadata from the relational database before being returned to the user. For metadata-only
queries, the embedding step is bypassed entirely and the database is queried directly, reducing latency
for filtered lookups that do not require semantic ranking. This hybrid strategy draws on insights from
large-scale IR benchmarking [30] and provides natural extension points for future improvements such
as cross-encoder re-ranking [29] or lexical boosting via BM25.



4. Summary and Future Work

This paper has argued for a transformer-based approach to semantic EF in the MICE and conference
management domain. Grounded in the Nunamaker et al. methodology [19], we identified two unresolved
challenges through observation of the state of the art and addressed them through a conceptual system
design. RC1 is resolved by a modular embedding pipeline that transforms heterogeneous conference
metadata into author-level vector representations using models such as SBERT [21] and SciBERT [25],
following aggregation strategies validated in prior expert retrieval work [13, 34]. RC2 is resolved
by a four-layer retrieval architecture that combines FAISS-based vector search [27] with structured
metadata, supporting both semantic and metadata-only query paths in the spirit of hybrid retrieval
benchmarking [30].

Beyond technical feasibility, we argue that semantic EF represents a qualitative shift in how PCOs
interact with scientific knowledge. Current practice reduces a researcher’s publication record to key-
words or h-index values, discarding the semantic relationships that make expert matching meaningful.
Dense vector representations [20, 21] restore this richness by capturing thematic proximity across
terminological variation between subfields. For the MICE industry, where reviewers are recruited
across institutional and disciplinary boundaries [11], this directly affects the fairness and scientific
value of the review process. The modular, cloud-native design further lowers the adoption barrier for
PCOs who lack dedicated IT infrastructure: by decoupling embedding generation from retrieval and
both from the underlying CMS, the architecture integrates incrementally into existing workflows [6, 5].
Ensuring that the resulting interfaces remain comprehensible and free of usability deficiencies is equally
essential [15, 16].

Future work will operationalize the proposed design through a prototypical implementation and
systematic evaluation against a gold standard benchmark, covering intrinsic embedding quality and
established IR retrieval metrics. Integration with heterogeneous CMSs through wrapper-mediator archi-
tectures and extension toward hybrid lexical-semantic retrieval [29] represent the primary directions
for subsequent research.
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