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Abstract. Recent technological advances have led to an increase in the volume
of available data that knowledge workers use in their daily routines. Current LLM-
based systems face challenges in providing accurate and relevant information in an
efficient manner. At the same time, because these large collections of documents
are unknown to the user, many knowledge workers struggle to process the data,
even when collaborating with an LLM-based system. To address this challenge,
we develop a prototype "ConSight" following a Design Science Research method-
ology. Based on insights from the construction industry, our system integrates
information retrieval with multi-modal data support to enhance information access
and contextual understanding. Our contribution to the IS domain is twofold: (1)
we provide insights into the interplay between LLM-based retrieval systems and
human information processing in real-world scenarios, and (2) we take the first
steps to derive design knowledge for LLM-based knowledge work support.
Keywords: Large Language Models, Information Retrieval, Knowledge Work,
Prototype.

1 Introduction

Effective management and retrieval of data are essential across various domains, en-
abling professionals to access and analyze information in complex tasks (Powell &
Snellman 2004, Choong & Leung 2022). Knowledge workers (KWs) need to process
large collections of documents (Taherdoost & Madanchian 2023) to perform actions and
conclude reasoning on complex tasks (Pakarinen & Huising 2023). Over the past decades,
the development of tools supporting KWs for information management and retrieval
has increased (Detlor 2010)—from early knowledge management platforms (Alavi &
Leidner 2001) to artificial intelligence(Al)-based information retrieval systems (Kim
et al. 2024, Kriitli & Hanne 2025, Zhai 2024). Recently, large language models (LLMs)
have emerged as a viable means to support KWs in information retrieval, offering the
ability to access vast knowledge bases and process large amounts of data (Xu et al. 2024,
Alavi et al. 2024, Lewis et al. 2020). For instance, Dell’ Acqua et al. (2023) show that
using LLMs for knowledge work can increase efficiency and effectiveness.
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Despite recent advances, KWs still face many challenges. Technological barriers
persist as LLM-based systems focus on free-form text and neglect multi-modal content,
such as structured tables, screenshots, and process diagrams (Alavi et al. 2024). Addi-
tionally, LLMs are constrained by risks of hallucination, outdated training data, limited
domain-specific knowledge, and restricted reasoning capabilities (Kaddour et al. 2023).
Beyond these technological constraints, real-world application challenges persist due to
issues in adopting LLM-based systems (De Vreede et al. 2024). In addition to fields like
law (Henderson et al. 2022) or healthcare (Kaddour et al. 2023), the construction indus-
try is characterized by a vast collection of unstructured and semi-structured documents
(e.g., contracts, technical specifications, drawings, maintenance logs, and inspection
reports) (Nedeljkovi¢ & Kovacevi¢ 2017). As a result, construction professionals such as
civil engineers, architects, and project managers face intensive information management
challenges, resulting in information overload, especially when KWs lack prior familiarity
with the collection and must manually retrieve information (Nedeljkovi¢ & Kovacevié
2017, Arnold et al. 2023, Kriitli & Hanne 2025, Duong & Lin 2022).

In this work, we take the first steps towards generating design knowledge by adopt-
ing a Design Science Research (DSR) methodology (Hevner et al. 2004) to develop a
prototype that bridges the capabilities of LLMs with the practical needs of KWs. By
collaborating with KWs from the Construction industry, as a representative context of
knowledge-intensive work, we derive design requirements (DRs) and design features
(DFs) to generate inSights in vast document collections (DCs) through the prototype
(“ConSight”). ConSight is designed to take unstructured DCs as input and output struc-
tured information based on the KWs context by tracking the source, timeliness, and
relevance of the information for the KWs. We share first insights into our investigated
problem space—knowledge work in the construction industry—through an initial design
cycle and instantiate the developed DFs in a prototype.

2 Research Approach

This study follows the DSR methodology (Hevner et al. 2004) and is guided by the
BAUSTEIN framework (Schoormann et al. 2024), which offers a configurable set of
activities specifically designed for DSR projects involving multiple stakeholders from
practice and research. Adopting a problem-solving configuration of BAUSTEIN allows
us to integrate practical problem-solving with theoretical development and to navigate
this and future design cycles in the scope of the larger-scale DSR project. We conducted
this research within an industry-research consortium composed of research institutes and
companies from the construction industry focusing on sustainable renovation measures.
Our research progress in this iteration is structured into three phases (see Figure 1).
Phase 1: Problem Space & Strategy. As part of an industry-research consortium, we
identified the problem of managing vast, unstructured DCs in the construction industry
(Nedeljkovi¢ & Kovacevi¢ 2017). We systematically conducted three focus groups
involving nine experts from three sectors in the construction domain: Construction and
Facility Management, Sustainability Engineering, and Civil Engineering Research. We
aimed to explore the problem space and understand the challenges in knowledge work
with large, unfamiliar and unstructured DCs. In these focus groups, we conducted semi-
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Figure 1. Research approach following the BAUSTEIN framework

structured interviews covering the topics of current workflows, information needs, pain
points, and requirements for a technological solution to their problems. See Table 1 for
an overview of participants.

Phase 2: Conceptualization & Structural Analysis. The focus group interviews
from Phase 1 were recorded, transcribed, and analyzed through systematic inductive
coding following Gioia et al. (2013). We employed the methodology’s three-tier pro-
gression iteratively, moving from in-vivo first-order codes through theory-augmented
second-order themes to theoretical aggregate dimensions. Existing literature was primar-
ily integrated during the final stage, resulting in eight DRs. Based on the derived design
knowledge, we develop DFs as high-level technical modules with defined functionalities
and concepts that are instantiated in our preliminary prototype.

Table 1. Overview of interviewed experts, their professional role, years (yrs) of experience and
their interaction with DCs

Group ID Role Experience Interaction
El1 Project Manager 8 yrs Moderate
. . E2 Head of Construction 30 yrs Extensive
Group 1 (40:18 min) E3 Sustainability and Due Diligence Expert 17 yrs Extensive
E4 Digital Process Coordinator 8 yrs Moderate
. . E5 Researcher 2 yrs Limited
Group 2 (41:55 min) E6 Architect 3 yrs Moderate
E7 Product Manager 2 yrs Limited
Group 3 (57:13 min) E8 Civil Engineer and Energy Consultant 3 yrs Moderate
E9 Senior Architect 30 yrs Extensive

Phase 3: Prototype & Further Research. The goal of this first prototype is to
explore the solution space and gain further insights into the problem domain through
interactive workshops with stakeholders that inform our design knowledge evolution,



with BAUSTEIN framework configurations added for future research. In future work-
shops, we want to evaluate the prototype qualitatively to revisit and refine the DRs and
DFs for further design iterations. With the knowledge gained, we plan to implement a
fully functioning prototype. Through qualitative and quantitative evaluations, we then
plan on investigating efficiency gains in the form of time savings, technology acceptance
and adoption according to Venkatesh et al. (2012). Following livari (2015), we aim at
developing design principles after iterating and evaluating our prototype.

3 Design Requirements for ConSight

Based on our approach outlined in Section 2, we derived the following eight DRs:

Multi-perspective document organization across disciplines (DR1) emerged as a
primary requirement. The KWs emphasized the need for a filtering and categorization
system of document content that goes beyond simple file format classification, enabling
distinction between document types such as floor plans, energy certificates, CAD models,
and construction regulations (Nepal & Staub-French 2016, Seidel et al. 2008). To address
this, the prototype should provide search, categorization, and sorting functionalities,
allowing users to filter documents based on content-related criteria and relevance.

Key information display based on user’s disciplinary perspective (DR2) ensures
the automated retrieval and tailored display of essential information based on the user’s
disciplinary needs (Nepal & Staub-French 2016). It supports topic-specific filtering
based on the KW’s disciplinary perspective, for instance, displaying energy-related
content like energy demand (topic) for energy consultants (discipline). The prototype
should automatically extract and prioritize information, ensuring that critical details (e.g.,
hazardous materials such as asbestos) are retrieved and presented.

Document organization across timeline (DR3) addresses the need for a temporal
overview to interpret changes, resolve discrepancies, and understand the complete
history of a building. Building documentation should be structured in alignment with the
building’s life cycle (Rezgui et al. 2013), from initial construction, through renovation
periods, to its current state. The prototype should use time-related metadata, such as
document creation dates, to visualize the life cycle of a building.

Regulatory and operational compliance schedule (DR4) aims to identify doc-
uments with urgent regulatory or operational information. It emphasizes automatic
retrieval and displaying of time-sensitive information, such as deadlines from safety
inspections, enabling users to prioritize actions according to compliance timelines and
maintain operational integrity (Khan et al. 2023, Chen et al. 2024).

Detection and resolution of data inconsistencies and gaps (DRS) emphasizes the
integration and cross-referencing of multiple data sources to automatically identify and
resolve discrepancies, missing elements or errors (Nepal & Staub-French 2016). By
detecting issues, such as misaligned information regarding window insulation material
or mismatches between floor plans and cadastral maps, the artifact should enable KW's
to pinpoint inconsistencies and fill gaps, thus enhancing the overall reliability and
completeness of the documentation.

Dynamic contextual detail access (DR6) mandates that the interface adapts the
level of detail to the current context of the KW. It presents a high-level summary (DR1



and DR2) and then progressively reveals deeper, context-sensitive insights (Shneiderman
1996, Amershi et al. 2019), as KW information needs evolve. This adaptive approach
ensures users can navigate between broad overviews and granular information.

Traceable source reference and contextual validation (DR7) ensures that KWs
can transparently trace retrieved information back to its sources. It emphasizes validating
LLM-generated insights by linking each piece of information to its original document
context (Huang & Chang 2024). Additionally, the prototype should display specialized
file formats (e.g., CAD files), eliminating the need for dedicated software licenses and
facilitating the direct inspection of source materials.

Transparent and trustworthy Al interaction (DR8) fosters human-centered in-
teraction with the LLM-based system. It mandates that the interface provides clear,
visual feedback—such as processing times and confidence scores—and transparently
links information to its sources (Reyes et al. 2025, Amershi et al. 2019). Moreover, the
prototype should communicate its limitations by explicitly acknowledging uncertainty.

4 Design and Implementation of the Prototype

To address the DRs, we iteratively developed, evaluated, and refined five DFs instantiated
as interconnected modules. Figure 2 provides an overview of the overall architecture of
ConSight, while Figure 3 shows two screenshots of the dashboard module.
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Figure 2. ConSight Architecture

DF1: Dashboard Module. This module provides the primary user interface, sup-
porting KWs in navigating large DCs by leveraging outputs of DF2.2 and DF3. To avoid
information overload (Arnold et al. 2023), it shows key general information, lists relevant
data points and groups them by topic and discipline according to DF2.2 (DR2, DR6)
while ensuring traceability for all presented information back to the source document
(DR8). Documents are organized by topic coverage or along the timeline (DR1, DR3).
Prior research demonstrates that dashboard-based summarization and visual interaction
enhance accessibility and supports KWs (Matheus et al. 2020, Kus et al. 2022).

DF2: Adaptive Intelligence Module. This core module uses multiple AI components
like LLMs, embedding models (Patil et al. 2023), optical character recognition (OCR)
(Thorat et al. 2022) and retrieval-augmented generation (RAG) (Klesel & Wittmann
2025), which enables the prototype to extract information from documents and process
them to provide the user with a structured information display.

DF2.1: Document Management Module. This module extracts information from
documents such as construction documentation, energy certificates or renovation records.



OCR is applied to textual documents, while multi-modal approaches handle complex
elements like diagrams (Ma et al. 2024, Xu et al. 2020). Extracted information chunks
are embedded in a vector database to facilitate semantic similarity search.

DF2.2: Contextual Information Retrieval Module. Informed by co-created tem-
plates with domain experts, this module maintains discipline-specific data schemata
consisting of their respective pre-defined information requests (DR1, DR2, DR4, DR6).
For each of the requested data points, relevant text chunks from the vector database are
retrieved (DF2.1), and matching information is output, using RAG. This enables fast
and structured display of critical information without explicit prompting. Additionally, it
allows custom querying to retrieve information not covered by predefined lists, ensuring
flexibility and comprehensive support (Schmidt et al. 2025, Ghosh et al. 2024).

DF3: Validation and Traceability Module. This module links all extracted infor-
mation to its original source, including document ID, page number, and location on page
(DRS5, DR7). This enables KWs to verify the origin of each data point. Beyond traceabil-
ity, the module also communicates uncertainty at multiple processing stages—spanning
OCR confidence, embedding similarity, and LLLM generation uncertainty (Bhatt et al.
2021). While quantifying LLM uncertainty remains a challenge, promising methods are
emerging (Yin 2025). Prior research emphasizes that transparency, when combined with
confidence indicators, plays a crucial role in cultivating trust in Al-based systems (Reyes
et al. 2025, Afroogh et al. 2024).

(a) General information arranged by topic (b) Specific information arranged by year

Figure 3. Screenshots of ConSight’s dashboard module

5 Conclusion and Outlook

This paper introduces ConSight, an LLM-based prototype to support KWs in the con-
struction industry with information retrieval and contextual understanding of large,
unstructured DCs. Our prototype implements DFs that address DRs derived from our
qualitative analysis. As a next step, we conclude the first design cycle through qualitative
evaluation and plan to employ quantitative methods to assess the appropriateness and
effectiveness of the derived design knowledge in the form of design principles. This
research-in-progress provides initial insights into how LLM-based information retrieval
systems can effectively support KWs in structuring information from unstructured DCs,
contributing to the advancement of Al-assisted support tools for KWs.
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