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Abstract. Unstructured data challenges traditional
business intelligence (BI), particularly when pro-
cessing layout-rich documents like scanned images
or PDFs. This paper explores using large language
models (LLMs) for extracting structured information,
focusing on the LMDX (Language Model-based
Document Information Extraction and Localization)
approach. LMDX encodes document layout by in-
serting coordinate tokens directly into the prompt,
eliminating the need for vision-based models or
architectural changes. We also propose a blockchain-
enabled, cloud-based pipeline that integrates LMDX
for secure and scalable document intelligence. The pa-
per presents key findings and outlines future research
to enhance document processing and automated
decision-making in modern BI systems.
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1 Introduction

Today, most of the data generated in the digital world
is classified as unstructured, characterized by the ab-
sence of a predefined model or organized structure,
which prevents it from being stored in traditional re-
lational databases. Unstructured data, often referred to
as qualitative data, is recognized for its rich informa-
tion, but is also criticized for its complexity in analysis
due to its ambiguous and unstandardized nature (Oza
et al., 2023). The exponential growth of unstructured
data, mostly scanned images, handwritten notes, PDFs,
emails, and text documents, requires intelligent doc-
ument processing solutions (Mahadevkar et al., 2024;
Singh & Hooda, 2023). Although structured data is
well managed, difficulties are encountered in process-
ing, retrieving, and understanding information from a
variety of document formats by traditional business in-
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telligence (BI) systems (Majid et al., 2024). Through
the application of machine learning and natural lan-
guage processing techniques, unstructured data can be
analyzed to extract valuable information (Mahadevkar
et al., 2024), which is then used to inform business de-
cisions, enhance customer understanding, and support
strategic planning for future needs (Sever, 2024).

Recent advances in deep learning, especially large-
scale language models such as one proposed by (Perot
et al., 2024) and pre-trained neural networks (Sage et
al., 2019, 2021; X. Yang et al., 2017), have redefined
how documents are analyzed and structured (Mahade-
vkar et al., 2024). Tasks such as text recognition, en-
tity extraction, summarization, and multi-modal data
processing are excelled in by these models (He et al.,
2024; Yue et al., 2024), making them essential to auto-
mate processes that were previously required to be han-
dled by considerable human effort. Unlike rule-based
or template-based approaches, machine learning (ML)
document processing can adapt to different document
types, context can be inferred, and accuracy can be in-
creased over time (Baviskar et al., 2021).

The potential of machine learning to transform docu-
ment processing in business intelligence is explored in
this paper. First, a comprehensive analysis of the im-
pact of ML approaches and their use in BI is provided.
Secondly, the problem and impact of unstructured data
in business intelligence are examined. In the following
chapter, LLMs for information extraction from layout-
rich documents are explored with emphasis on LMDX
by (Perot et al., 2024). Next, we propose a way to in-
tegrate LMDX into a cloud-based business intelligence
system. Finally, key findings are summarized and fu-
ture research directions are proposed to address the on-
going challenges of analyzing unstructured documents
and their role in business intelligence.
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2 Advancing Business Intelligence
with Machine Learning

Machine learning has been recognized as a game-
changer in business intelligence (Bharadiya, 2023;
Sage et al., 2019), with its ability to enable organi-
zations to move beyond traditional, static reporting to
dynamic, data-driven decision-making (Hindle et al.,
2019). Unlike rule-based systems, which are designed
to rely on predetermined logic, ML models are trained
on patterns in data, allowing hidden insights, anoma-
lies, and accurate predictions to be uncovered (Bloch
& Sacks, 2018; Taddy, 2018). Tasks involving high-
dimensional data, where accuracy and efficiency are
difficult to maintain with traditional methods, are par-
ticularly well-suited to these models (Taddy, 2018).
Decision-making processes across all sectors are im-
proved, operations are optimized, customer experience
is enhanced, strategic growth is driven, and businesses
are given a competitive advantage (Attaran & Deb,
2018; Prasanth et al., 2023). Additionally, new mar-
ket opportunities and potential supply chain risks can
be proactively identified before companies fall victim
to predictive analytics, which is regarded as an essen-
tial part of machine learning in business intelligence.
Rather than responding to problems as they arise, a
forward-looking strategy is enabled, allowing proactive
action to be taken (Pasupuleti et al., 2024).

An example of ML’s capabilities is seen in demand
forecasting, a crucial yet intricate aspect of supply
chain management, where precise predictions of future
demand must be made while accounting for numer-
ous dynamic variables (Abolghasemi et al., 2019; Pa-
supuleti et al., 2024). Predefined statistical approaches
are traditionally used in forecasting models, yet they
struggle to capture nuanced market fluctuations, lead-
ing to inefficiencies such as overstocking or stockouts
(J. Wang et al., 2018). In contrast, machine learn-
ing techniques, including ensemble methods and deep
learning, are applied to vast and diverse datasets, rang-
ing from historical sales records to external factors like
economic indicators, seasonal trends, and consumer
sentiment analysis (Pasupuleti et al., 2024). Predictive
models are continuously refined with real-time data,
significantly improving forecast accuracy and allowing
inventory levels to be optimized, waste to be reduced,
and resource allocation to be enhanced (Morariu et al.,
2020).

Beyond forecasting, logistical operations such as ve-
hicle routing, transportation planning, and inventory
optimization are significantly refined through ML ap-
plications (Alam et al., 2020; G.-B. Huang et al., 2006).
Real-time data sources, including traffic conditions,
weather patterns, and customer order updates, are in-
tegrated into ML algorithms, allowing delivery sched-
ules to be dynamically adjusted and routes to be op-
timized, reducing transportation costs and increasing
efficiency (Jayaprakash et al., 2021). Through this
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adaptability, customer demands can be met more effec-
tively, ensuring improved service reliability and satis-
faction (Pasupuleti et al., 2024). Additionally, strategic
decision-making is enhanced as market trends, shifts
in consumer behavior, and supply chain vulnerabilities
are uncovered. With these predictive insights, opera-
tional adjustments can be made proactively, allowing
risks to be mitigated and emerging opportunities to be
capitalized upon (M. Yang et al., 2019). Across in-
dustries, ML’s transformative impact has been demon-
strated through case studies, in which Al-driven ana-
lytics have been leveraged to streamline supply chain
processes, minimize disruptions, and maintain a com-
petitive edge (Pasupuleti et al., 2024).

3 The Issue of Unstructured Data in
Business Intelligence

The main problem with unstructured data in BI lies in
its inherent complexity (Attaran & Deb, 2018; Majid
et al., 2024). Numerous information sources are un-
structured or semi-structured, such as customer emails,
web pages with competitor information, sales force re-
ports, research paper repositories, and more (Baars &
Kemper, 2008). These diverse types of data come in
different formats—ranging from free-form text to im-
ages and audio(Baviskar et al., 2021)—which compli-
cates the application of traditional BI tools, typically
designed to handle structured, tabular data (Baars &
Kemper, 2008). Additionally, extracting embedded in-
formation from visual data such as scanned documents,
pictures and videos poses a challenge to current pro-
cessing techniques (Adnan & Akbar, 2019). This lack
of standardisation is exacerbated by the fact that BI
systems rely on predefined models and structured data
formats to produce meaningful insights (Sharma et al.,
2021).

As the amount of unstructured data increases expo-
nentially, traditional BI systems face considerable con-
straints in processing data and making strategic deci-
sions. Traditional BI systems, which aggregate and
process data in life cycles (Czvetko et al., 2022), fail to
provide timely analysis for stratigic planning, and with
it limit businesses’ from fully capitalising on emerg-
ing trends in real-time. The sectors producing large
volumes of non-structured content, such as legal con-
tracts or medical records, are prime examples of data-
driven decision-making problems (Kumar & Singh,
2019; S.-H. Park et al., 2021). This challenge also ex-
tends to businesses, which may miss out on valuable in-
sights contained in customer feedback, market trends,
social media content, feedback on news or operational
reports. Lack of strategic planning is a significant fac-
tor contributing to the failure of businesses, especially
those just starting (Chukwuelue, 2024).
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Figure 1. Methodology of LMDX

4 LLMs as Tools for Layout-Rich
Document Data Extraction

Within organisations, the key information is often con-
tained in layout-aware documents (LRDs), such as re-
ports and presentations, which combine layout-aware
visual elements (e.g., graphs, tables, charts) with text
structure and content (Colakoglu et al., 2025; S. Park
etal., 2019; Z. Wang et al., 2023; Zmigrod et al., 2024).
LRDs are challenging traditional natural language pro-
cessing (NLP) techniques designed for plain text (Cui
et al., 2021; Tang et al., 2023) by incorporating visual
and structural features to improve the extraction of in-
formation from LRDs (Colakoglu et al., 2025). How-
ever, these models require significant fine-tuning of the
dataset to be accurate; users must manually annotate
the training dataset with bounding boxes and extrac-
tion elements for each new document set (Colakoglu et
al., 2025).

The emergence of large-scale language models, such
as GPT-4 (Achiam et al., 2023), has significantly ad-
vanced the NLP domain due to their exceptional ability
to understand and generate text (Liu et al., 2024; D. Xu
et al., 2023). Retraining language teachers via auto-
matic regression prediction allows them to capture nat-
ural patterns and semantic knowledge within the text
corpus (Lyu et al., 2024; D. Xu et al., 2023). This
enables LLMs to perform zero and few-shot learning,
model various tasks consistently, and serve as tools for
data augmentation. Additionally, LLMs can act as in-
telligent agents for complex planning and task execu-
tion, leveraging memory mining and various tools to
increase efficiency and ensure successful task comple-
tion (D. Xu et al., 2023).
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Since visually rich documents (VRDs) combine both
textual and visual elements, with spatial positioning
crucial for understanding, many approaches have ex-
plored custom architectures and pretraining strategies
to model the relationship between text, layout, and im-
age modalities. For instance, (Y. Xu et al., 2022) use
a separate image encoder to add features to token en-
codings, while (Y. Huang et al., 2022) jointly model
page image patches and tokens, using self-supervised
pretraining tasks to learn modality connections (Perot
et al., 2024). (Hong et al., 2022) propose encoding the
relative 2D distances of text blocks in transformer at-
tention and learning from unlabeled documents with an
area-masking strategy. (Kim et al., 2022) and (Lee et
al., 2023) abandon the text modality entirely, opting
for a vision transformer encoder with an autoregressive
decoder pretrained on pseudo-optical character recog-
nition (OCR) and region masking tasks. LLMs for ex-
traction have mostly been studied in the text domain
(Keraghel et al., 2024), either generally (Laskar et al.,
2023) or domain-specific (De Toni et al., 2022; Hu et
al., 2023). (S. Wang et al., 2023) use an LLM to insert
special tokens to mark the boundaries of target entities,
building a layout-aware LLM with various document
understanding capabilities (Perot et al., 2024).

Among various approaches and previous research,
the LMDX (Language Model-based Document Infor-
mation Extraction and Localization) framework by
Perot et al. (2024) stands out. It reframes infor-
mation extraction from visually rich documents as a
sequence-to-JSON generation task, enabling large lan-
guage models to perform layout-aware extraction using
only text-based prompts. LMDX encodes document
layout by appending normalized coordinate tokens to
each line or word segment, allowing the LLM to infer
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spatial relationships without needing vision encoders
or architecture modifications. As shown in Fig.1, the
pipeline begins by chunking documents: pages are
processed individually and truncated line by line un-
til each chunk satisfies the model’s token limit. This
approach minimizes entity fragmentation across pages.
Each chunk is embedded in a structured prompt that
includes the text, coordinate tokens, a task descrip-
tion, and a predefined extraction schema formatted in
JSON. This schema supports singular, repeated, and
hierarchical entities. During inference, multiple com-
pletions are sampled from the LLM for each chunk to
introduce diversity. These completions are structured
JSON outputs in which each extracted value is paired
with its corresponding coordinate tokens. The decod-
ing stage then verifies that the extracted text exists at
the specified coordinates in the original document. If
the referenced segment does not match exactly—either
by content or location—the prediction is flagged as a
hallucination and discarded. For valid outputs, bound-
ing boxes are reconstructed by aggregating the posi-
tions of all verified segments. Finally, majority voting
across completions is used to consolidate predictions,
improving both consistency and resilience to spurious
outputs. Zero-shot extraction allows processing of new
document types without training, while fine-tuning im-
proves accuracy with minimal data. Multiple responses
are aggregated for reliability, making LMDX effective
for automating document processing tasks. LMDX
shows state-of-the-art results with space for improve-
ment.

5 Integrating Data Extraction into
Cloud

Integrating LMDX (Language Model-based Docu-
ment Information Extraction and Localization) into a
blockchain-enabled cloud-based business intelligence
(BI) system, shown in Fig. 2, presents a novel ap-
proach to secure, decentralized, and intelligent doc-
ument processing. LMDX leverages large language
models (LLMs) to extract structured information from
visually rich documents while ensuring entity localiza-
tion. When combined with a blockchain infrastruc-
ture, this integration enhances data integrity, auditabil-
ity, and automation in enterprise workflows.

The proposed architecture incorporates a cloud-
hosted LMDX deployment that interacts with a
blockchain-based storage and verification system. An
automated system processes documents, with LMDX
converting unstructured information into structured
formats. To ensure tamper-resistant integrity and ver-
ifiable audit trails, the processed data is hashed and
recorded on a blockchain ledger. The structured out-
puts are subsequently integrated into a BI framework
for advanced analytics, visualization, and decision sup-
port. A decentralized storage layer maintains the im-
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Figure 2. Implementation of LMDX into a business
system in the cloud

mutability of raw document data while allowing for
controlled access through smart contracts deployed on
blockchain platforms such as Ethereum or Hyperledger
Fabric.

This integration enables a secure, scalable, and au-
tomated workflow f or d ocument i ntelligence, partic-
ularly in applications such as financial a uditing, reg-
ulatory compliance, and enterprise contract analysis.
By utilizing machine learning for data extraction and
blockchain for authentication, companies can boost op-
erational productivity, minimize fraud potential, and
maintain compliance with legal standards such as
GDPR and financial reporting s tandards. The B sys-
tem further enriches decision-making processes by pro-
viding real-time insights, trend analysis, and anomaly
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detection based on structured document data. The syn-
ergy between LLM-based document intelligence and
blockchain’s decentralized trust framework establishes
a robust, future-proof solution for enterprises seeking
to streamline document-driven workflows in a secure
manner.

6 Conclusion and Future Work

Machine learning, in particular through large-scale lan-
guage models, has proved to be indispensable to over-
come the limitations of traditional BI systems in the
processing of unstructured data. By automating the
extraction of information from structured documents,
ML improves the accuracy of data analysis, reduces
human effort and allows for real-time decision-making
based on data. Although the best available techniques
are showing promising results, further improvements
in fine-tuning and model adaptability are needed to
further optimise their use in a variety of document
types. Future research will focus on using LMDX
(Language Model-based Document Information Ex-
traction and Localization) as a foundation for further
advancing document extraction techniques. We plan to
enhance its capabilities, refining the model for better
accuracy and adaptability to various document types.
Additionally, we aim to integrate this improved version
of LMDX into cloud-based business intelligence sys-
tems, enabling real-time, scalable document process-
ing. This integration will help streamline BI processes
and empower organizations with more efficient, auto-
mated decision-making capabilities in the cloud.
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