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Abstract
The Meetings, Incentives, Conferences and Exhibitions (MICE) industry generates large volumes of heterogeneous
and predominantly unstructured data (e.g., submissions, programs, feedback, and social media interactions). As a
digitally evolving ecosystem, these data streams contain valuable information about Attendee Engagement and
Satisfaction as well as Speaker Performance and Reputation, but also increase information overload and hinder
data-driven decision-making for Professional Congress Organizers (PCOs). This position paper analyzes the
state of the art in lifecycle-oriented information extraction and knowledge management for MICE and identifies
key gaps, including the lack of integrated, lifecycle-oriented pipelines for multi-source data collection and
preparation, insufficient alignment between extraction outputs, taxonomies, and KPI-oriented knowledge, and
limited operationalization through information access and retrieval. In addition, existing approaches often lack
unified, cloud-based lifecycle integration. To address these challenges, we introduce IELC4AS2P, an Information
Extraction Lifecycle (IELC)-based reference model for Attendee Satisfaction and Speaker Performance. The
model integrates (i) a use case perspective and (ii) a workflow model connecting Data Collection and Preparation,
Information Extraction, Information and Knowledge Organization, and Information Access and Retrieval. As a
position paper, this work provides an initial modeling foundation for lifecycle-oriented information extraction in
evolving MICE ecosystems.
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1. Introduction

The Meetings, Incentives, Conferences and Exhibitions (MICE) industry supports professional
knowledge exchange, collaboration, and networking across business, academia, and public institutions
[1, 2]. Recent developments driven by digitization, the COVID-19 pandemic, and climate change have
led to the generation of large volumes of heterogeneous and predominantly unstructured data, including
scientific submissions, programs, surveys, and social media interactions [3, 4, 5]. In this context, the
MICE domain can be conceptualized as a digital ecosystem in which multiple actors, platforms, and
data streams interact dynamically across the event lifecycle. While these data streams contain valuable
insights into Attendee Engagement (AE), Attendee Satisfaction (AS), Attendee Interest (AtI),
Speaker Performance (SP), and Speaker Reputation (SR), their volume and unstructured nature
contribute to Information Overload (IOL) and hinder data-driven decision-making for Professional
Congress Organizers (PCOs).

Existing research projects such as RecomRatio [6], AI4H3 [7], and FIT4NER [8] demonstrate the effec-
tiveness of cloud-based Information Extraction (IE) and knowledge management using techniques
such as Named Entity Recognition (NER) and Natural Language Processing (NLP). These systems
successfully extract structured knowledge from domain-specific corpora, particularly in biomedical
and technical contexts. However, these approaches primarily operate on relatively homogeneous and
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well-structured datasets and do not address the challenges of heterogeneous, multi-source, and dynamically
evolving ecosystems such as the MICE domain [9, 10, 11].

This heterogeneity challenges all phases of the Information Extraction Life Cycle (IELC) [12].
Current approaches lack scalable integration of heterogeneous sources and do not sufficiently support
preprocessing, normalization, and temporal alignment [13, 14]. In addition, the combined use of
methods such as NER, Topic Modeling (TM), Sentiment Analysis (SA), and Predictive Analytics
(PAs) for deriving structured vocabularies and predictive insights remains limited. Furthermore,
the transformation of extracted outputs into taxonomies and Key Performance Indicators (KPI)-
oriented knowledge, as well as their operationalization in Content and Knowledge Management
System (CKMS) such as Content and Knowledge Management Ecosystem Portal (KM-EP), is
insufficiently addressed [15, 16, 17, 18, 19].

This paper addresses these gaps by proposing a lifecycle-oriented, cloud-based Information Extrac-
tion Activities (IEA) approach that integrates Data Collection, Data Preparation, IE, Information
and Knowledge Organization (IKO), and Information Access and Retrieval (IAR) into a uni-
fied framework to derive Professional Congress Organizer Knowledge Vocabularies (PCOKV),
transform them into Professional Congress Organizer Knowledge Taxonomies (PCOKT), and
operationalize KPI-oriented knowledge for decision-making.

The research addresses three Research Questions (RQs): (RQ1) how the MICE domain can be char-
acterized as a digital ecosystem to support lifecycle-oriented model for data collection, data preparation,
IE, and metrics-based measurement to derive PCOKV and predictive scores for AE, AS, SP, and SR;
(RQ2) how a PCOK IKO model can be developed to transform PCOKV into PCOKT and support the
derivation of KPIs; and (RQ3) how can a PCOK IAR model enable efficient search, browsing, and access
to PCOKT, PCOKV, predictive scores, and KPIs for data-driven decision-making.

To investigate these RQs, this study follows the Information Systems framework of Nunamaker et
al. [20], focusing on the Observation and Theory Building phases, while System Development and
Evaluation are left for future work. Section 2 analyzes the MICE domain and reviews related work
across the IELC phases. Section 3 presents the proposed models, and Section 4 concludes the paper and
outlines future work.

2. State of the Art in Science and Technology

This chapter addresses the Observation phase by reviewing the scientific and technological foundations
for lifecycle-oriented, cloud-based IEA in the MICE domain. Based on literature and an initial field
study of a PCO software ecosystem, it characterizes MICE as a digital ecosystem and analyzes methods
for data collection, data preparation, IE, IKO, IAR, and their cloud-based operationalization.

2.1. MICE Ecosystems and Lifecycle-Oriented Models

The MICE industry has evolved into a digitally transformed ecosystem characterized by increasing
complexity, technological diversification, and strong interdependencies between stakeholders, platforms,
and data flows [21, 5, 11]. Event-related data is generated across preparation, execution, and post-event
phases, resulting in heterogeneous landscapes combining structured, semi-structured, and unstructured
data. While such environments offer significant potential for data-driven decision-making [22], they
require systematic transformation processes from raw data to actionable knowledge, as conceptualized
by Data, Information, Knowledge, Wisdom (DIKW) [23] and knowledge creation models such
as Socialization, Externalization, Combination, and Internalization (SECI) [24]. The IELC
structures this transformation across Data Collection, Data Preparation, IE, IKO, and IAR [25], yet current
approaches do not provide an integrated, lifecycle-aware framework capable of consistently transforming
heterogeneous, dynamically evolving MICE data into structured and decision-relevant knowledge across all
phases, indicating the need for a unified lifecycle model that enables continuous and coherent knowledge
generation within such ecosystems.



2.2. PCOK Vocabulary Construction

MICE data collection relies on APIs, databases, and web-based sources, often resulting in fragmented
and evolving datasets [9, 26]. Data preparation transforms raw data into analysis-ready corpora through
Extract, Transform, Load (ETL)/Extract, Load, Transform (ELT) pipelines, cleaning, normalization,
deduplication, and integration [27, 14], but remains largely tool-centric and insufficiently aligned with
lifecycle requirements and temporal dynamics. On this basis, IE methods derive structured vocabularies,
where NER extracts entities such as persons and organizations [28, 29], TM identifies thematic structures
including emerging and trending topics, and neural approaches such as BERTopic improve topic
quality in short texts [30], while extensions such as BERTrend incorporate temporal evolution [31]. In
addition, SA and PA enable the derivation of indicators related to AE, AS, SP, and SR [17, 32]. However,
these methods are typically applied in isolation and lack integration into coherent, lifecycle-aware
pipelines, highlighting the need for a unified approach that orchestrates data collection, preparation, and
multi-method IE to enable consistent, temporally aware construction of PCOKV and predictive indicators.

2.3. PCOK Knowledge Organization and Access

Building on extracted vocabularies, IKO and IAR transform PCOKV into structured and actionable
knowledge assets. IKO organizes extracted information into PCOKTs and semantic structures that
enable interpretation, comparison, and reuse [33, 16], with approaches such as NetTaxo supporting
automated hierarchy construction [34]. It further enables the derivation of KPI-oriented knowledge
linking extracted information to decision-relevant metrics such as AE, AS, SP, and SR [35]. In parallel,
prior work in Human-Computer Interaction has demonstrated that user interaction data can reveal
implicit indicators of system performance and user experience. In particular, the concept of usability
smells [36] has been introduced as observable patterns in user behavior (e.g., navigation deviations,
task failures, or repeated backtracking) that indicate potential usability issues and user confusion. This
information is typically derived from interaction logs and visualized to support usability evaluation.
However, such approaches remain primarily focused on isolated evaluation contexts and do not formalize
this information into structured, reusable knowledge assets or integrate them into taxonomy-driven or
KPI-oriented knowledge representations. IAR enables access through search, browsing, and retrieval
mechanisms, where Information Access (IA) provides structured access to known resources and
InformationRetrieval (IR) supports exploratory search [37, 38, 18], increasingly enhanced by machine
learning and Transformer-based models for semantic retrieval [39, 40], as well as faceted search for
interactive exploration [41, 42]. Despite these advances, there is a lack of integrated frameworks that
consistently connect vocabularies, taxonomies, behavioral information (such as usability smells), and
KPI-oriented knowledge with lifecycle-aware access mechanisms, indicating the need for unified models
that combine semantic organization with efficient, exploratory, and decision-oriented access.

2.4. Cloud Computing

Cloud computing (CC) provides the infrastructural basis for coordinating data collection, preparation,
extraction, organization, and retrieval in large-scale systems by enabling scalable processing, elastic
resource allocation, and continuous workflows [43, 44]. It further supports orchestration, monitoring,
reproducible deployment, and data provenance for traceability and comparability [45, 46], while modern
architectural paradigms such as microservices, container orchestration, and serverless computing
enable flexible and distributed processing environments [47, 48, 49]. However, current cloud-based
solutions often remain tool-centric and do not achieve end-to-end lifecycle integration across all IELC
phases, highlighting the need for cloud-native architectures that unify these phases into a reproducible,
continuously evolving system capable of handling heterogeneous and dynamic MICE ecosystems.

2.5. Summary

The analysis shows that MICE environments constitute heterogeneous and dynamically evolving digital



ecosystems requiring lifecycle-oriented approaches for transforming data into knowledge. Existing
methods for data collection, data preparation, and IE remain insufficiently integrated for systematic
vocabulary construction, while IKO and IAR approaches lack alignment with KPI-oriented knowledge
and decision-making, and cloud solutions do not yet provide unified lifecycle integration. These limita-
tions motivate the need for an integrated, lifecycle-oriented, and cloud-based model that consistently
connects all IELC phases, from data acquisition to knowledge access, to transform heterogeneous and
unstructured MICE data into structured, actionable knowledge, forming the basis for the design and
modeling approach presented in the next chapter.

3. Modeling Strategy

This chapter presents the conceptual and technical modeling required to address the previously in-
troduced RQs and the related RCs identified in the state of the art, structured along the phases of the
IELC. The chapter develops two complementary modeling views. First, a use case modeling specifies
the main lifecycle phases, actors, and functional responsibilities, ranging from data collection to data
preparation, IE, IKO, and IAR. Second, a workflow modeling describes how these phases are connected
in an iterative end-to-end process that transforms heterogeneous event data into governed knowledge
assets and predictive information. Therefore the name of the reference model is Information Extrac-
tion Lifecycle for Attendee Satisfaction & Speaker Performance (IELC4AS2P) as it combines a
lifecycle-oriented IE with a focus on supporting attendee satisfaction and speaker performance analysis
in the MICE domain.

3.1. Use Case Modeling

The use case model structures the IELC4AS2P lifecycle as a set of interconnected, multi-entity interaction
processes spanning Data Collection and Preparation, IE, IKO, and IAR. The model explicitly reflects the
include relationships between functional components and the continuous transformation of data into
knowledge assets. The overall lifecycle is supervised and configured by the Administrator, who manages
data ingestion, preprocessing, and analytical workflows. The PCO acts as the primary consumer of the
resulting knowledge assets through search and exploration functionalities.

As illustrated in Figure 1, the process begins with Data Collection and Preparation (orange box), where
heterogeneous event data is continuously ingested from multiple sources. This phase includes data
cleaning, deduplication, and tokenization, producing analysis-ready corpora. The IE phase (green box)
builds on this prepared data and includes the coordinated application of multiple analytical methods.
Specifically, methods such as NER, TM, and SA contribute to the generation of PCOKVs. In parallel, PA
is applied to derive predictive scores, which quantify aspects such as Attendee Engagement, Satisfaction,
and Speaker Performance. In the IKO (blue box), the extracted vocabularies and predictive scores are
transformed into structured knowledge assets. This includes the construction of PCOKTs, the derivation
of KPI-oriented knowledge, and the creation of profile structures for speakers and attendees. These
components are explicitly linked through include relationships, ensuring a consistent transformation
from extracted data to decision-relevant knowledge. Finally, the IAR phase (purple box) enables PCOs
to interact with the system through faceted search and browsing mechanisms. This phase provides
integrated access to profiles, events, topics, and interaction data, supporting exploratory analysis and
decision-making processes such as session planning and performance evaluation.

Across all phases, the lifecycle is supported by a cloud-based environment that enables scalable
processing, orchestration, and continuous updates, ensuring that knowledge assets evolve dynamically
with incoming data streams.

3.2. Workflow Model

The IELC4AS2P workflow model describes the end-to-end transformation of heterogeneous MICE data
into structured and actionable knowledge assets through a lifecycle-oriented, cloud-based process. As
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illustrated in Figure 2, the workflow begins with Data and Content Collection, where event-generated
data is acquired from multiple sources across the event lifecycle. These include pre-event data (e.g.,
submissions, participant information, program drafts), in-event data (e.g., session attendance, interaction
logs, real-time feedback), and post-event data (e.g., surveys, evaluations, and reports). This results in a
heterogeneous mix of structured, semi-structured, and unstructured data.
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Figure 2: IELC4AS2P Workflow Model

In the Data Preparation phase, raw data is transformed into event-prepared data through systematic
preprocessing steps, including data cleaning, deduplication, normalization, and integration. These steps
ensure data consistency, comparability, and readiness for downstream analytical processing. The IE
phase applies multiple analytical methods in a coordinated manner to derive structured knowledge
representations. TM, NER, and SA jointly contribute to the construction of PCOKVs, capturing entities,
topics, and sentiment patterns. In parallel, PA is applied to generate predictive scores, representing



measurable indicators such as attendee engagement, satisfaction, and speaker performance. In the IKO
phase, these outputs are systematically transformed into structured knowledge assets. The PCOKV
is organized into PCOKTs, enabling semantic structuring and hierarchical representation. At the
same time, predictive scores are integrated into KPI-oriented knowledge, and profile structures for
speakers and attendees are constructed, linking extracted information to decision-relevant metrics.
Finally, the IAR phase operationalizes these knowledge assets by enabling structured access through
searching and browsing mechanisms. This includes access to topics, events, interaction data, and profile
information. In particular, faceted search and taxonomy-guided navigation support exploratory analysis
and decision-oriented use cases, such as session recommendation, performance monitoring, and event
optimization.

Overall, the workflow model reflects a continuous and iterative lifecycle, where newly ingested
data is continuously processed and integrated into evolving knowledge structures. The cloud-based
infrastructure ensures scalability, orchestration, and reproducibility across all phases, enabling consistent
transformation from raw data to actionable knowledge in dynamic MICE ecosystems.

3.3. Summary

This chapter presented the modeling foundations of the proposed IELC4AS2P strategy for transforming
heterogeneous MICE data into decision-relevant knowledge assets for PCOs. Three complementary
views were developed: a use case model, a workflow model, and a cloud-based architecture. The models
structure the lifecycle into four phases—Data Collection & Preparation, IE, IKO, and IAR—describing the
transformation from raw event data to structured vocabularies, predictive scores, taxonomies, and KPI-
oriented knowledge, and their subsequent access through search and browsing. As a position paper, this
work represents an initial modeling attempt that conceptualizes a lifecycle-oriented approach for MICE
ecosystems. Future work will extend this foundation through deeper domain and data understanding,
refined modeling, and comprehensive system development and evaluation.

4. Conclusion and Future Work

This position paper addressed the challenge that the MICE domain produces large volumes of heteroge-
neous, predominantly unstructured data, which increases information overload and limits data-driven
decision-making for PCOs. Based on an IELC-oriented analysis, the state of the art was structured along
data collection and preparation, information extraction, knowledge organization, and information access
and retrieval. This analysis revealed key challenges, including the lack of lifecycle-aware integration,
insufficient alignment between vocabularies, taxonomies, and KPI-oriented knowledge, and the absence
of unified, cloud-based end-to-end architectures for evolving MICE ecosystems. To address these gaps
at the modeling level, the paper proposed the IELC4AS2P strategy and introduced a use case model
and workflow model that make the transformation from heterogeneous event data to decision-ready
knowledge explicit. Future work focuses on three main directions. First, the proposed IELC4AS2P
models will be instantiated and validated through a prototype implementation using real, edition-based
MICE data and multi-source ingestion. Second, the modeling approach will be extended by developing
a detailed MVC-based architecture to operationalize the lifecycle phases within a modular, cloud-based
system. Third, the approach will be evaluated through technical and user-centered studies, assessing
extraction quality, taxonomy and KPI consistency, and the effectiveness of information access and
retrieval for decision-oriented use.
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