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("Abstract )
The application of Al and large language models is fast becoming a revolutionary tool for decision intelligence in ERP
(enterprise resource planning), supply chain, and manufacturing ecosystems. In this paper, there will be an
examination of the technical background, market dynamics, and empirical evidence on the use of LLMs in these
interconnected fields. Through a systematic literature review combined with a quantitative analysis of market
data, this paper uses findings from reputable scholarly databases such as Scopus, Web of Science, and arXiv, as
well as from credible market reports in the industry. This results in unmistakable market traction, as the size of the
enterprise Al market has been projected to exceed 114 billion dollars in 2026, and even beyond to reach 270
billion dollars in 2031. There is empirical evidence that the proper use of LLMs improves demand forecasting,
planning latency, and coordination in the supply chain. The use of hybrid models that integrate language models
together with digital twins shows some promising potential in relation to decision support in manufacturing, where
more resources are used. Still, there are some drawbacks in the sphere discussed, including the absence of
theoretical background, insufficient verification in various industries, as well as governance and security concerns
related to data. Specifically, the authors focus on the gap between the optimistic prospects concerning
commercial markets and the empirical background of these technologies. In conclusion, the authors point out that
despite the fact that large language models can really transform the industry of enterprise decision intelligence,

(_further independent studies are required.
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Introduction

ERP systems and supply chain management generate a massive volume of structured and
unstructured operational data on an everyday basis. Modern analytics solutions find it
difficult to turn the collected data into business intelligence. Large language models provide
transformer architectures capable of understanding context in complex data sets. Such
models enable natural language querying, demand forecasting, anomaly detection, and
automatic procurement decisions. Artificial intelligence is implemented in manufacturing
value chains as part of production scheduling, predictive maintenance, and quality assurance
procedures. International organizations are shifting from experimenting with generative Al
solutions to their full implementation (Angstrém et al., 2023). The global enterprise Al
market size amounted to USD 114.87 billion in 2026 and will increase to USD 273.08 billion
in 2031. The global Al for ERP market is estimated at USD 7.33 billion in 2026 and is
anticipated to expand to nearly USD 58.7 billion in 2035. The cloud deployment segment
held the largest share of Al ERP adopters in 2025.

The machine learning technology segment was one of the leading segments among all the
others related to Al-powered ERP solutions. The market for enterprise large language models
is expected to grow from USD 5.91 billion in 2026 to USD 48.25 billion by 2034. Big
companies such as Deutsche Telekom have been using Al technology for live network
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operations with more than fifty thousand internal users (Perepelitsyn, 2023). Companies like
Microsoft, Google Cloud, and AWS continue working on enterprise large language models
that include not only reasoning capabilities but also data protection and workflow
automation. Decision intelligence platforms use predictive analytics and generative reasoning
to streamline supply chain processes. Improvements in forecasting accuracy, inventory
management,nt and reaction time have been noticed as a result of the application of Al
solutions (Aderibigbe et al., 2023). However, many challenges are still faced in terms of data
governance, model explainability, integration, and staffing preparation . It is a significant
technological transformation from enterprise software to generative intelligence. In order to
comprehend this changing landscape, it is crucial to evaluate technical architectures and
adoption trends.

Related Work

Recent research in the academic field has also been considering the use of large language
models as decision support systems for enterprise decision-making in the domain of logistics
and operations management. Effective implementation of LLMs in SCM planning has shown
benefits like accurate forecasts, faster planning processes, and improved collaboration.
Simchi-Levi et al. provided groundbreaking work in 2025 that considers ways to use language
models to address problems related to sourcing strategies, planning, and execution in SCM.
Modern supply chains are complicated, dynamic, and heterogeneous in data, and this makes
decision-making in such an environment problematic with traditional decision support tools;
thus, large language models become an option due to their ability for semantic reasoning
(Aghaei et al., 2025). A systematic literature review has been conducted on both Scopus
and Web of Science databases regarding the capabilities of LLMs in the context of five key
processes of the SCOR model.

Such hybrid techniques leverage LLMs to learn structure in text so that the signals can
be used for predictions by predictive models later on, and it is evident that prediction
accuracy will improve by leveraging the combination of statistics or graphs. Other
researchers have leveraged LLMs to interpret natural language queries and to conduct
reasoning in the context of digital twins of closed-loop supply chain designs of resource-
intensive industries, such as steel production. In addition, simulation was employed to
evaluate the capability of LLMs to act as a behavioral proxy in logistics science through
the equivalence test to human beings. All of these recent findings demonstrate the
growing scientific community interest in using LLMs for decision intelligence, but these
attempts seem largely exploratory without theoretical integration of capabilities with
enterprise performance (Wu et al., 2025).

Method

The research uses systematic literature review and market data analysis methods in
order to examine the use of artificial intelligence in the enterprise resource planning
and supply chain ecosystems (Paul & Barari, 2022). The relevant literature articles
about large language models, enterprise resource planning, and supply chain
decision intelligence have been identified using keyword searches in Scopus, Web of
Science, and arXiv. Articles from peer-reviewed journals and conferences from 2020
to 2026 have been selected. The research works have been screened according to
the following themes: enterprise decision-making, prediction accuracy, and
automation of operations (Samokhvalov, 2024). Market statistics data were
validated by several independent research companies. The thematic synthesis
approach has been used in order to categorize findings into three types: technology
architecture, application domains, and business outcomes.
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Results

Accelerating Market Growth in Enterprise Al Adoption

There has been a quick move of global companies from Al pilots to implementations.
This has been supported by findings from independent researchers (Liao et al.,
2024). The market size of enterprise Al was at 114.87 billion US dollars in 2026
and was expected to reach 273.08 billion US dollars in 2031 at an 18.91% CAGR
between 2026 and 2031. Another research company estimates the market size to
be 30.18 billion US dollars in 2025 and will grow to 570.36 billion US dollars in 2035
at a 34.20% CAGR.
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Figure 1: Enterprise Artificial Intelligence Market Report 2026
(Source: The Business Research Company. 2026)

Growth will be driven by computing hardware and cloud computing technology. Growth in the market due to
hardware accelerators will outpace growth in the market because of the deployment of GPUs and TPUs for

language models (Peng et al.

, 2023). Evidence from real-world deployment shows that this finding is very

accurate. One example of this trend is Deutsche Telekom, which has moved from pilot to production usage
through OpenAl. The company has used Al for more than 50,000 people in live call handling and network

management systems.

Al Integration Driving ERP Transformation

There are some exciting perspectives for using Al with ERP systems as well. The size of the Al in ERP
market in 2025 is forecasted at USD 5.82 billion and will rise to USD 58.7 billion by 2035 at a CAGR of
26.00%. There are a number of reasons why there is a need for growth - namely, intelligent
automation and enhanced enterprise decision-making.
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Figure 2: Global Al in ERP Transformation
(Source: Appinventiv, 2025)

As far as the geographic segments of the market go, North America accounted for the biggest market
share (39%), while Asia Pacific is forecasted to have the highest CAGR. If we look at the deployment of
ERP systems, then we can observe that the preference is related to enterprises as well (Polivka, 2023).
Thus, the most significant part of all deployments is cloud-based SaaS deployment (it is equal to 82%).
In terms of technologies, the most popular technology segment is machine learning, which accounts for
63% of all deployments. Finally, NLP is forecasted to have the highest CAGR between 2026 and 2035
in the ERP technology segment (Jha, Jha & Islam, 2025).

LLMs Enhancing Supply Chain Forecasting and Planning

Academic research has proven that the adoption of large language models brings a range of practical
benefits for the performance of supply chain planning activities. According to the research, large
language models make demand forecasting more accurate, shorten the time needed for planning, and
enhance cross-functional collaboration if adopted within the processes of supply chain management
planning (Lu, Garcia & Lee, 2024). The list of strategic benefits is not limited to operational ones. From
the strategic point of view, such models help organizations predict structural risks and develop
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alternative scenarios thanks to improved forecasting and scenario-making capabilities.

Multi-Head Attention

: Output Embeddings :\\ SR e S e S S 1
i i Cutput - Forecast: Output i
i Add & Layer T T o i !
| | \ A7 I T i
| t Y # | ;
! Feed Forward ' . [‘ output projection J' [ Linear E
! 4 i i S L i
| | \ T : f |
| Add & Layer i B e ! Output Patch i
i t i % T ik Embeddings E
i i i

i i

i i

i i

i L

_______ i o | o o i oy e,
4 Modal Alignment
7 Output

| I
i I
i '
i I
: . 8 ]
| SDC Output 1 / i r
! t i /,’ S = Cross Attention !
| Linear ! / | |
! } ; S i :
I ! = | 5 S 1
! Cross Attention | ‘ Modal Ahgnment ' Muilti-Head Attention '
| 1 4 1 b Patching ! |
i i / A i :
- 2 \
(=) (2] L | :
| eries Series | ’ A x I
| | bs v Linear i
) L ’ . . . . . - . ¢ ! i 1
| Split . Origin Time Series Time Series Description | ke Tokenizer H
| vy D T AN |
! I . 1% ' E \!' Time Series Description Pre-trained Word !
| Input Time Series ! i { Embeddings |
L I

: g
___________________ /J\P'k\) | For example: (i ([ R S i
! This time series data come from xxx, consisting of :
ol \ Vf'\ | which feature groups or how many attributes, |
/7 ]
1

i collected pace 81 xx time.
e el e

:%: Frozen * Trainable Fine-tune @ Merge

Figure 3: LLM time series forecasting method based on integer-decimal decomposition
(Source: Wang, Dong & Zhao, 2025)

Fundamental research carried out by scientists from Microsoft and MIT is devoted to the key problems
of planning. The supply chain management domain faces a wide variety of decision-making problems
that require solutions in the fields of sourcing, planning, and execution. Hybrid approaches, which
combine language models and prediction systems, have turned out to be especially successful. In the
hybrid approach, LLMs are used to detect signals in the text data that are further processed with the
help of downstream prediction models (Wu et al., 2025).

Hybrid Al-Digital Twin Models in Manufacturing Decision Support

Hybrid methods are becoming increasingly popular in manufacturing ecosystems where both language
models and digital twin simulations are utilized. Such a combination is needed to resolve complex
problems requiring interpretation and synchronization in a physical sense. Studying closed-loop supply
chains, researchers found that although decision models transfer operational processes into analytics,
there were some challenges in natural language understanding and data-driven reasoning for decision-
making (Wan et al., 2025). To overcome the challenge, researchers proposed an intelligent digital twin-
based framework.
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Figure 4: Digital twin for product versus project lifecycles’ development in manufacturing and
construction industries
(Source: Abanda et al., 2025)

Stimulated by advances in large language models, researchers designed an intelligent digital twin-based
framework for decision support that would allow automatic interpretation, reasoning, and solving
closed-loop supply chain operation problems, and synchronization of physical and digital objects.
Knowledge graph, benchmark, and accurate query-explanation consistency were the metrics for
evaluating the framework's performance in decision-making related to steel distribution and scrap
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collection. In a simulation study, LLMs can be tested as behavioral proxies in logistics environments and
compared to humans (Xu et al., 2026).

Enterprise Adoption Barriers and Governance Challenges

Despite all the positive trends, there are still significant structural obstacles preventing large-scale Al
adoption. Recent research revealed that, at this point,t the existing body of literature on LLMs in the
area of supply chain management is underdeveloped (Ghosh, Virmani & Tripathi, 2026). Currently,y the
situation can be described in terms of fragmented knowledge and an exploratory approach to LLMs in
the area of supply chain management, which does not have a single framework for developing
theoretical and practical applications. The fragmented approach to the topic is explained by the fact
that some issues regarding governance and standardization are yet to be solved. At the same time,
the existing enterprise concerns related to security and customization are reflected in various market
reports. OpenAl tried to solve some of those concerns by providing enterprises with Al solutions
incorporating better models and data protection and functioning within enterprise workflows (Chang &
Lu, 2025). In this connection, it should be mentioned that all vendors face similar problems regarding
governance of their products. Thus, Microsoft released a new version of Azure Al services with better
customization and security opportunities for business applications.

Discussion

Together, these results suggest a truly huge discrepancy between forecasts about explosive
market growth and the actual level of development of research that substantiates such
forecasts. Despite market analysts giving optimistic estimates on the growth of enterprise Al
reaching hundreds of billions of dollars, most of such optimism is based on the
announcements and forecasts of vendors and not on the independent confirmation of their
successes. In the scientific literature itself, the fragmented state of affairs is recognized since
there is no way to establish connections between the capabilities of LLMs and the practical
outcomes in the area of business operations (Nordlander, 2026). The advantages associated
with greater precision in forecasting and lower delay in planning, while being very attractive,
largely result from the efforts of a rather narrow circle of researchers tied to some
technology vendors. However, governance, explainability, and data security considerations
suggest that enterprise Al implementation may very well come before organizational
readiness. The heavy reliance on cloud computing suggests that there are still questions
about vendor lock-in and data sovereignty that remain unanswered (Trimborn, 2026). In sum,
it can be said that this entire discussion implies that decision intelligence using large
language models is indeed an emerging discipline where hype does not yet equal evidence.

Conclusion

It is clear from this research that Al and LLMs have brought about revolutionary changes in
decision intelligence in ERP, supply chain, and manufacturing ecosystems. The commercial
evidence shows the rapid development trends in these spheres, and the Al in enterprise and
Al-enabled ERP market is predicted to show rapid development in the next decade. There is
substantial academic evidence proving the benefits of accurate forecasts, delayed planning,
and inter-departmental cooperation through the proper use of LLMs in business processes.
This research also highlights the lack of theoretical frameworks and the fact that empirical
evidence is limited to the case study. Hybrid solutions, including the use of language models
together with digital twins and predictive systems, have shown great potential and good
results but are still not tested in industry. The problems of governance, data protection, and
model explainability do not allow enterprises to apply LLMs extensively. In general, large
language models represent innovative technology for enterprise decision intelligence,e which
is continuously evolving.
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