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Abstract— The integration of Artificial Intelligence (Al) with Enterprise Resource Planning (ERP) systems has
fundamentally changed how businesses automate processes, increasingly in the area of spend classification. Where spend
classification has traditionally relied on manual or rule-based systems for classification, leading to inefficiencies, errors,
and scalability challenges, Al technologies, including machine learning, natural language processing, and deep learning,
provide organizations with the opportunity to automate tasks, and enable deep insights and real-time capabilities on
classification tasks. This review paper highlights the strategic and technology aspects of Al-facilitated spend classification
in ERP systems. We begin by discussing the architecture of ERP platforms with Al capabilities, then various algorithmic
approaches to achieve automated spend classification, potential implementation issues using Al and where we see
operational and financial value by automating processes. We examine a variety of classification methods and highlight the
role of Al in improving visibility, compliance and decision-making practices. We also highlight broad trends and strategic
issues related to future integration of Al in ERP systems, and delineate how automated spend classification is the critical
foundation for digital transformation.

Index Terms— Al in ERP, spend classification, machine learning, procurement automation.
1. Introduction

A key driver of the digital transformation of business processes is the increasing adoption of Artificial Intelligence (Al) in
Enterprise Resource Planning (ERP) systems. From the myriad primary and ancillary functions of ERP systems, there are a
number of areas that can leverage Al-enabled automation with spend classification—an essential aspect of procurement and
financial planning—seeing considerable improvement. In adopting automation for spend classification, organizations improve
efficiency, accuracy, and better positioning themselves for strategic decision making. Al can allow organizations to better
understand enterprise-wide spending behaviour by using technology to gain better visibility into spending patterns. In the past,
organizations relied heavily on manual categorisation and rule based classification systems as their primary method for shed on
supply spend, Al-enabled automation to access spend classification are offering organizations new scaled, data driven, and real
time classification methods. The use of Al in ERP does go beyond automation, as organizations leverage these analytic tools to
applied its value to reshape business intelligence and adopting a more agile and responsive procurement destination.

Al-enabled spend classification helps overcome several challenges posed by ERP systems, including differences in procurement
data sources, suppliers having various names, discrepancies in how data is entered, and the failings of a rule-based classification
system with a lack of understanding of new data structures. Al models, using ML, NLP, and/or neural networks, can both
understand and learn from complex datasets; this allows for greater classification accuracy and reduces the costs related to the
errors from manual data processing, as well as achieving related organizational objectives of digital transformation, cost
efficiency, and sustainable procurement practices.

Recent studies, especially from Sundararajan and Hsu (2023), show how disruptive Al is for "getting things done", or, when
activation or composing machines go from process automation to an intelligent or cognitive decision support system. Spend
classification has been a clear target because it contributes to financial transparency, procurement productivity, and compliance.
As firms try to aggregate spending data from different tools and regions, Al offers a common, scalable classification solution that
continues to maintain accuracy and currency in the classification of spend. This article will evaluate Al in ERP systems, but
specifically look at some of the technical mechanisms, strategic benefits, and practical repercussions of Al in automating spend
classification in ERP systems, using existing literature and examples in practice.

2. Integration of Al in ERP Systems

Al incorporation with ERP systems has signified a movement away from traditional transactional BPM to intelligent automated
BPM. Al technologies such as machine learning, predictive analytics, and natural language processing (NLP) are being
incorporated into ERP software so companies can expand the efficiency of business practices and empower decision-making to be
data-driven. This mélange of technologies provides broader real-time analytics, anomaly detection for fraud detection, enablers
for forecasting, and pattern identification necessary for intelligent spend management. ERP systems that have gone beyond
simply managing internal business processes to managing intelligent platforms that include Al applications and provide
contextual decision support.
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In current ERP contexts, a core Al-based machine learning function is the classification process that would occur with all
historical transactional data stored in the system, where Al algorithms can detect the categorization and classification patterns of
spending resulting and build from those characteristics with each new record SPENDING for automatic classification. By
employing Al, the need to have defined rules and manual entries to induce consistency generated becomes limited. Al can read
and compare unstructured data against a set of previous records, reconcile differences and inconsistencies, and identify spending
anomalies, thus serving reliable need in spend classification. This is particularly useful for large organisations with multiple areas
of business and vendors that generate a high frequency of heterogeneous spend data for decision-makers to act [1].

The use of Al in ERP also includes new features such as intelligent agents, real-time triggers, and flexible Ul. These additions
provide users with context and actionable information right on the ERP dashboard. Because Al models learn continuously, they
demonstrate the effect of time and get better and better as they are supplied with data. Because of its adaptive learning model,
ERP systems can be flexible and adaptive to changing business conditions ([2]).

Additionally, cloud-based ERP is a game changer for the mass adoption of Al because it offers scalable computing and direct
access to Al services. Al-based cloud ERP will utilize Al data ingest pipelines that allow you to automate parts of the data ingest
process, data cleaning, and real-time analytics. Spend classification, which has historically been a cumbersome task, has become
easier with cloud-based Al models that can classify spend with consistent accuracy through several regions and business units

([3D-

Al-based classification algorithms typically involve supervised learning models, such as decision trees, support vector machines
and neural networks. Supervised learning models are trained with labeled data where the model can connect the associations of
transaction-specific attributes to pooled spend categories; these models identify complex rules and relationships between the
attributes of the transaction and the corresponding spend category. Deep learning models make extensive use of RNNs and
transformers to represent textual descriptions within each procurement record and link these representations to the spend
categories. Deep learning algorithms have improved classification accuracy, while allowing the person labelling the transactions
to devote less time to the classification task [4].

3. Benefits of Al-Powered Spend Classification

The implementation of Al to automate spend classification provides organisations with a range of operational and strategic
benefits, the most obvious of which is improved data accuracy. Manual and traditional rule-based classification methods are
subject to inconsistency and human error, and this becomes more prevalent with an increase in the number of transactions
requiring classification. Al algorithms, which are trained with historical procurement data, produce consistent and repeatable
classification results. This means classification, and ultimately data quality, is recognised consistently throughout the organisation

[5].

Al-based classification of spend also enables improved spend visibility, which is critical to optimising procurement, negotiating
with suppliers and managing risk. Accurate classification of spend data provides a less distorted view of overall spending patterns
with suppliers, across categories, and by operating business unit [6]. This visibility creates opportunities for procurement leaders
to identify for further consolidation, renegotiate terms, and control maverick spend.

Al also enables real-time classification so enterprises can continuously process and analyse spend as the transaction is processed.
This immediacy fosters dynamic budgeting and agile procurement strategies and enable organisations to respond more quickly to
changing market conditions, supply chain interruptions and emerging risks. Real-time visibility means decision-makers can
proactively act rather than just review historical data leading to a more strategic and effective approach to managing spend [7].
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The diagram below illustrates how Al integrates into ERP systems for spend classification:

' ™

Enterprise Resource Planning (ERP)

Financial Data Procurement Data

N S

Spend Classification

;

AT/ML Engine
- NLP for text processing
- Supervised learming
- Unsupervised clustering

- Deep learning (RNN, CNN)

:

Spend Category Assignment

Y
Spend Analytics Dashboard

Y

Procurement Decisions

Figure 2: Al Integration for Spend Classification in ERP Systems
Source: Adapted from Volikatla et al. (2021) [5]

Finally, Al also greatly improves the scalability of spend classification. Enterprises with operations in multiple countries or
subsidiaries, for example, often struggle to standardise their spend data due to differences in languages, currency formats, and
local procurement ways. Al models, especially those utilising NLP, can read the transaction narratives in many different
languages and classify the spend. This leads to global spend analytics.

Another strong benefit is the automation of compliance checks. Al can be trained to identify and flag non-compliant transactions,
or to classify how expenses meet regulatory obligations and internal controls. This allows organisations to reduce the risk of
regulatory fines as well as have their spending comply with corporate governance policies.

A comparative analysis of manual, rule-based, and Al-based classification methods is shown in the following table:

Table 1: Comparison of Spend Classification Methods

IMethod ||Accuracy||ScaIabiIityHReaI—Time Capability||Maintenance Effort||Cost Effectivenessl
[Manual Classification |Low  |[Low INo | High |Low |
IRule-Based System  ||Medium |Medium ||Limited | Medium | Medium |
|Al-Based Classification| High | [High | Yes |Low |High (Long Term) |

Source: Compiled from Kunduru (2023) and Jhurani (2022) [3][4]
4. Al Algorithms and Techniques in Spend Classification

Al-based spend classification employs a diverse suite of algorithms and learning schemes to assign meaning to complex datasets
of procurement activity. Most Al applications use supervised learning, wherein the model is trained on labeled transaction data to
learn the relationships between input variables such as supplier name, description, quantity and unit price, and the output spend
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classification. The trained model can make with a high accuracy classification of any unseen transaction to the appropriate
classification [8].

Natural Language Processing (NLP) is critical to classifying spend data, particularly for transactions with unstructured
descriptions and significant variations in how the descriptions are formatted or worded. NLP techniques such as tokenization,
part-of-speech tagging, and named entity detection help the Al-based system extract meaning from text-based data. These
techniques are particularly critical for interpreting supplier invoices, purchase orders and other free-text fields in ERP systems
where conventional rule-based systems tend to break down due to inconsistencies and variations in language [8].

Some Al-powered applications use unsupervised learning processes, including clustering methods, to find patterns in unlabelled
data. In the field of data mining, a clustering algorithm such as k-means clustering or hierarchical clustering groups transactions
with similar properties, which can initiate categorizing spend even when there are no pre-existing labels. Unsupervised learning
techniques, such as clustering, are particularly powerful for exploratory data analysis and for identifying anomalies in spending
patterns.

Deep learning methods, especially models based on convolutional networks and recurrent networks, have also begun to influence
the development of ERP applications because they model complex data relationships. In particular, the recurrent neural networks
effectively model sequential data, such as transaction records optimized over time, which can in turn predict future spending
patterns or abnormal tendencies. Transformer-based networks that build on architectures including BERT are increasingly being
established for use in ERP data applications because of their exceptional language distribution and learning by context.

These advanced Al models improve not only classification accuracy but also help in implementing self-learning systems. Over
time, the models learn and update their predictions as new data becomes available. This continuous learning loop implies that
classification performance will improve as more people use the system, as it learns from changes in procurement patterns,
suppliers, or new categories of expenditure [8].

In addition, Al systems can also include feedback mechanisms that enable procurement practitioners to review and validate
automated classifications. The humans-in-the-loop approach builds trust in Al outputs and supports additional training data to
retrain the classification algorithms. Hybrid systems or a combination of total automation, but combined with human judgement
balances speed of machines with context that comes from industry experience.

Al models can also facilitate categorisation at more than one level of hierarchy, for example, tracing a spend transaction to the
UNSPSC (United Nations Standard Products and Services Code) as well as other taxonomies customary for the sector. This
multi-level classification allows the comparison of and benchmarking against spend at more granularity; from supplier-level detail
at a regional level, or burning view across rinsing business units.

The following graph illustrates the accuracy improvements achieved through different classification methods:
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Figure 2: Classification Accuracy Comparison
Source: Adapted from Guida et al. (2024) and Rizvi (2024) [8][9]
5. Implementation Challenges and Considerations

There are some hurdles to overcome prior to reaping the benefits of Al in the realm of ERPs and spend classification. Perhaps the
most significant hurdle relates to data quality. The large-scale data that is required to train effective Al models often requires vast
volumes of high-quality, labelled data and many organisations do not have this for historic spend data. A lot of the past data may
be incomplete, have inconsistent references, or be unstructured in nature. At a minimum, data cleanliness and standardisation is
an essential prerequisite for Al within this specific domain [1].

The complexities of system integration also creates barriers. Many ERP implementers will initially opt for a legacy ERP system,
and legacy systems are more likely not to have the capacity for Al development, as they do not have the relevant APIs, or data
pipelines, in place to facilitate real-time data transfer. Therefore, an Al intervention into these environments will need to be
established with a fair degree of planning with technical specialists, and possibly total systems upgrades.

The integration required between different ERP-related systems associated with procurement, finance, and supply chain
development, for example, adds further to the general levels of technical complexity.

Finally, and perhaps somewhat of a paradox, is cost. Although Al development can incur costs that are considerably higher, in the
long run, be absorbed by way of reduced costs, efficiencies, and errors, any initial investment that accompanies the technology,
hardware and skilled personnel of an Al intervention may be initially excessive. It is not uncommon for a small or medium-sized
enterprise (SME) to financially preclude engagement as it would not make sense to engage without return-on-investment
scenarios being vey clear to see from the outset.

Change management can be a significant organisational challenge. Implementing artificial intelligence into ERP systems changes
traditional processes, and users who have always relied on manual processes may experience resistance. Strong training,
stakeholder engagement -including user acceptance testing, and openly communicating the benefits of the proposed Al
applications will help mitigate any user resistance. Moreover, organisations must grapple with ethical issues concerning the use of
Al, including data privacy, algorithmic explainability, and potential bias in automated classifications [2].

In addition, organisations also face challenges associated with the maintenance and retraining of Al models. Business conditions
change, categories of spend will change, and supplier data will regularly be updated. As such, an organisation's Al models will
then require retraining to remain effective. Al models will require an ongoing cycle of monitoring, validation and retraining,
including the allocation of resources to develop a re-training process, as well as consider version control.
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Security is another undeniable consideration when deploying Al within ERP systems, particularly when engaging with sensitive
financial and procurement data. Any strategy relating to deploying Al with an ERP system must consider securing data in transit
and at rest, information security best practices, compliance with data protection regulations such as the GDPR, and ensuring
proper data access controls to sensitive financial, supplier and procurement data [6].

Finally, it is becoming increasingly common for ERP applications to have an explainable Al (XAI) component. Business
stakeholders almost always want an explanation of the rationale behind Al-mediated classifications, certainly when regulatory
compliance is concerned. Agreeing upon forks in the road for classification, let alone establishing a model which generates
interpretable outputs and enables transparency with respect to the reasoning behind classification is needed to sustain the same
trust and compliance [7].

6. Future Directions and Strategic Implications

As Al continues to develop, it is likely that the potential for Al to automate the spend classification domain with ERP applications
will also develop. The next generation of enterprise Al tools increasingly rely on federated learning, edge computing, and transfer
learning models to enable a more personalised and dynamic form of classification. The benefit of being able to push classification
actions closer to the source of data, reduce latency, and potentially enhance data privacy by forgoing a centralised data gathering
ability is one that may be advantageous for business.

If the function of classification were to inform or integrate with a blockchain profile of spending/financial transactions, one could
see potentially radical additions in the compliance automation space. For example, leveraging Al to classify financial transactions
with the support of smart contracts and transaction ledgers via blockchain, the future could see the ability for automated
compliance databases, audit trails, and human capacity limitations on enterprise risk in procurement and regulatory compliance.

Al-enabled spend classification, in a broader strategic perspective, also supports the movement to autonomous procurement,
where systems can not only evaluate and classify spend, but also initiate sourcing, negotiate with suppliers and administer
contracts without human involvement. This vision fits well within the Industry 4.0 and digital transformation initiatives that
support efficiency, agility, and cost reductions.

Another area of promise is in combining machine-driven spend classification with sustainability. By classifying spend around
environmental, social and governance (ESG) measures, organisations would be able to measure the sustainability consequences of
procurement decisions. Complementing ESG metrics would enable businesses to better link procurement strategies with corporate
social responsibility and sustainability aims.

Further research in academic settings, practitioners committing to joint research with industry and open-source innovation, will all
be important factors in developing Al capability in ERP. Real-life situations and longitudinal data will contribute to improving
models through longitudinal research, and ultimately well-developed best practices for usage across industries.

7. Conclusion

Automating spend classification via Al solutions available through ERP systems represents a significant milestone in enterprise-
operational-level digital transformation. Al technologies help to not only establish solutions to long-term challenges associated
with manual and rule-based classification systems but also become a method for better visibility of spending, more accuracy, and
real-time processing capabilities. Machine learning, natural language processing, and deep learning can intelligently interpret
transaction data throughout an organization and facilitates better procurement outcomes due to fewer errors and greater insight as
part of a strategic sourcing initiative. Furthermore, having an Al-enabled technology inside cloud-based ERP systems supports
organizations with scaling operations around the world and amongst their many business units while having a consistent approach
to data classification.

Challenges like data quality, integration complications, and organizational resistance remain key challenges despite these be nefits.
Success in artificial intelligence depends on a harmony of technology and human intelligence, enabled by established data
governance, human-led training, and systems flexibility. As the overall technology continues to evolve and become more
advanced, we can anticipate that spend classification will embrace a wider and wider range of areas of application such as
compliance checks in real-time, ESG based classifications, and fully autonomous purchasing functions.

Ultimately, Al-enabled spend classification is not merely an enhancement to an enterprise's ERP functionality — but rather a
"strategic capability” for enterprises to use in driving their optimization, procurement intelligence, and operational alignment to
overall enterprise goals in a changing market.
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