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Abstract

The growing complexity of enterprise resource planning (ERP) systems necessitates intelligent
approaches for dynamically identifying and evaluating key performance indicators (KPIs) that
accurately reflect organizational performance. This paper proposes a multi-agent architecture for
dynamic KPI management over Oracle E-Business Suite (EBS). The core design combines a dynamic
multi-agent analytics layer, an extendable dedicated EBS KPI Model Context Protocol (MCP) server
layer, and a data layer. The dynamic multi-agent analytics layer defines a set of independent large
language model (LLM) agents, each responsible for a specific task determined by the business
requirements of a particular company. The EBS KPI MCP server layer defines the tools required to
access and transform Oracle EBS data and exposes them to the Al agents in the upper layer. Above
these layers is the user layer, where the user actively participates in the process through a human-in-
the-loop approach. Based on this general architecture, we proposed and implemented, as a proof of
concept (PoC), a multi-agent system for dynamic business KPI selection, evaluation, and
quantification, in which three distinct agents for KPI selection, KPI quantification, and KPI
forecasting were instantiated within the multi-agent analytics layer. This demonstrates the practical
applicability of the proposed general architecture. The study contributes to intelligent business
analytics by showing how coordinated LLM agents can automate KPI lifecycle activities within ERP
ecosystems, enabling adaptive, data-driven performance management aligned with evolving
organizational needs.

Keywords: ERP analytics; Model Context Protocol; multi-agent systems; KPI generation; Oracle
EBS; LLM

1. Introduction

Enterprise resource planning (ERP) systems have evolved from transactional back-office
platforms into strategic digital infrastructures that support decision-making across finance, supply
chains, procurement, inventory, sales, and customer service. In particular, Oracle E-Business Suite
(EBS) provides organizations with large volumes of structured operational data that can be used for
performance monitoring and business analysis. In parallel, recent progress in artificial intelligence,
especially in large language models (LLMs), has created new opportunities for automating analytical
reasoning, natural-language interpretation, and decision support [1,2]. Together, these developments
open important possibilities for intelligent KPI management, but they also raise new questions about
how to design reliable, adaptable, and controllable Al-driven analytical systems.

A particularly important challenge in this context is the dynamic management of key
performance indicators (KPIs). KPIs play a central role in evaluating organizational performance by
translating raw enterprise data into actionable managerial insight [3]. Traditionally, KPI design and
performance measurement have been associated with structured managerial frameworks such as the
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Balanced Scorecard introduced by Kaplan and Norton [4]. This framework links strategic objectives
to measurable outcomes across multiple perspectives and remains one of the most influential
approaches to performance management [5]. However, despite their conceptual value, such
approaches are often implemented in a static and expert-driven way, relying on predefined indicators
that may no longer correspond to current business priorities, process changes, or available enterprise
data [5,6]. As ERP ecosystems become more complex and data-intensive, the limitations of static KPI
systems become increasingly visible [6].

Historically, performance measurement in ERP environments has depended on manual
analytical work. Analysts and domain experts must interpret business requirements, identify
relevant data domains, verify data availability, define formulas, and explain the results to decision-
makers. This workflow is difficult to scale in large enterprise systems, especially when multiple
modules, tables, and reporting needs are involved. In practice, organizations may continue to
monitor indicators that are technically computable but strategically outdated, or strategically
meaningful indicators that are poorly supported by the available data. This creates a need for more
adaptive approaches to KPI lifecycle management, including KPI identification, validation,
quantification, and interpretation [6].

Recent advances in LLMs suggest a promising direction for addressing this complexity. LLMs
have demonstrated strong capabilities in semantic interpretation, structured reasoning, and natural-
language generation [1,2,7]. These properties make them suitable for analytical tasks such as
interpreting business goals, proposing candidate KPIs, generating analytical logic, and explaining
results. At the same time, applying LLMs directly to enterprise systems remains problematic. ERP
data structures are highly specialized, semantically dense, and governed by strict access constraints.
Without a controlled interface to the underlying system, LLM-based analytics may generate
hallucinated schema elements, invalid query logic, or analytically unreliable outputs [8-11]. As a
result, effective Al support for KPI management requires more than a single assistant model; it
requires an architecture that combines semantic reasoning, controlled tool access, and explicit user
oversight.

Multi-agent systems provide a natural framework for such an architecture. Rather than
assigning all analytical responsibilities to a single model, multi-agent approaches decompose the
workflow into coordinated tasks performed by specialized agents [12]. Recent research has shown
that LLM-based multi-agent systems can improve reasoning quality, robustness, and factual
reliability through role specialization, redundancy, and crossvalidation [13,14]. In enterprise
analytics, this is especially relevant because KPI lifecycle management is inherently multi-stage:
business requirements must be interpreted, relevant data domains identified, candidate indicators
proposed, computational feasibility validated, values quantified, and future tendencies forecast.
These are distinct analytical tasks that may benefit from different agent roles and different
configurations depending on the company context.

A further challenge lies in connecting these reasoning agents to enterprise data in a reliable and
controlled way. Oracle EBS environments are characterized by tightly interrelated schemas and
business objects, while practical KPI computation often requires metadata inspection, validation of
SQL logic, and controlled execution of read-only queries. To address this, the present study adopts
the Model Context Protocol (MCP) as a structured interface between Al agents and Oracle EBS data.
MCP enables standardized tool invocation and controlled access to external resources, thereby
grounding LLM reasoning in actual enterprise structures and reducing the risk of unsupported
analytical outputs [15-17]. In this setting, the protocol layer does not merely transport data; it
functions as a semantic and operational boundary between Al reasoning and ERP execution.

To address the above challenges, we introduce a multi-agent architecture for dynamic KPI
management over Oracle E-Business Suite. The core idea is to separate the analytical workflow into
coordinated layers. At the center of the architecture is a dynamic multi-agent analytics layer, in which
the number and function of independent LLM agents are defined according to the business
requirements, process complexity, and available employee expertise of a particular company. Rather
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than fixing a universal agent structure in advance, the architecture allows the system to be configured
differently for different organizational contexts. This is complemented by an extendable EBS KPI
MCP server layer, which defines the tools required to access, validate, and transform Oracle EBS data
and exposes them to the agents through a controlled interface. Below this layer is the enterprise data
layer, while above it stands the user layer, where human participants remain actively involved
through a human-in-the-loop process.

This architectural perspective is important because it reframes KPI management as a
configurable, enterprise-specific analytical workflow rather than as a static reporting artifact. Some
organizations may require only a limited number of agents focused on KPI discovery and
measurement. Others may require additional agents for review, validation, explanation, forecasting,
or governance support. Similarly, the MCP server layer may initially expose only basic data-access
and validation tools, but in real deployments it may need to be extended with additional company-
specific capabilities. In this sense, the proposed architecture is not merely a technical implementation,
but a general design pattern for adaptive KPI management in ERP ecosystems.

Based on this general design, we further propose and implement, as a proof of concept, a multi-
agent system for dynamic business KPI selection, evaluation, and quantification. In this instantiation,
three specialized agents are defined within the multi-agent analytics layer: a KPI Selector, a KPI
Quantifier, and a KPI Forecaster. Together, these agents demonstrate how the general architecture
can be translated into a concrete Oracle EBS analytical solution. The proof of concept shows that the
proposed architectural model is not only conceptually flexible, but also practically applicable in a
realistic ERP setting.

The main contributions of this paper are as follows:

e A general multi-agent architecture for dynamic KPI management.

e A dynamic multi-agent analytics layer in which the number and role of agents are determined
by company-specific business requirements and employee expertise.

e  Anextendable EBS KPI MCP server layer as a controlled interface between Al agents and Oracle
EBS data.

e A proof-of-concept implementation with three specialized agents for KPI selection, KPI
quantification, and KPI forecasting.

e A demonstration of how coordinated LLM agents can support KPI lifecycle automation in ERP
ecosystems while preserving user participation and architectural extensibility.

The remainder of this paper is organized as follows. Section 2 reviews related work in KPI
management, LLM-based enterprise analytics, multi-agent systems, and protocol-based enterprise
integration. Section 3 presents the proposed methodology and architecture. Section 4 describes the
proof-of-concept implementation over Oracle EBS. Section 5 discusses the analytical workflow and
the role of the specialized agents. Section 6 examines the implications, limitations, and future
extensions of the approach. Finally, Section 7 concludes the paper.

2. Related Work

This work lies at the intersection of four research areas: KPI selection and performance
measurement, LLM-based access to enterprise data, multi-agent LLM systems for analytical
workflows, and protocol-based tool integration for enterprise AL While related studies address parts
of this problem, the integrated perspective proposed here remains insufficiently explored.

2.1. KPI Selection and Performance Measurement

The KPI literature recognizes that identifying meaningful performance indicators is a complex
task involving large candidate spaces, multiple criteria, and strong dependence on expert knowledge
[18]. Traditional approaches rely on structured frameworks such as the Balanced Scorecard, which
translates strategic objectives into measurable indicators across multiple dimensions [4]. More recent
work has focused on systematic KPI selection, prioritization, and adaptation to organizational goals.
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These studies emphasize that effective KPI systems must balance measurability, relevance,
comparability, and business interpretability [3,19].

At the same time, literature reviews have highlighted important limitations of current
performance measurement systems, including lack of adaptability, insufficient validation, and strong
dependence on subjective interpretation [6]. These limitations are particularly significant in ERP
environments, where data structures, process logic, and reporting needs evolve continuously. In such
settings, fixed KPI definitions may become outdated or poorly aligned with actual operational
conditions. These observations support the need for more dynamic and data-driven approaches to
KPI lifecycle management.

2.2. LLMs over Enterprise Data and ERP Systems

The application of LLMs to enterprise analytics introduces significant opportunities, but also
important challenges. LLMs can interpret natural-language business requests, generate analytical
descriptions, and support decision-making through contextual reasoning [1,2]. However, enterprise
data environments differ substantially from the open-domain textual settings in which many of these
models are trained. Research has shown that LLMs often struggle with structured enterprise data
because of schema complexity, domain-specific semantics, and the need for precise data grounding
[8,20,21].

Recent studies on enterprise text-to-SQL and structured-data reasoning further confirm these
limitations. Models may produce syntactically plausible but semantically invalid queries,
misinterpret schema relationships, or hallucinate missing attributes when no explicit metadata
grounding is provided [8,9,20,22]. Research in enterprise data engineering has also emphasized the
importance of contextual metadata, historical query patterns, and domain knowledge in making
LLM-based analytical systems reliable [23,24]. Although early ERP-specific LLM applications
demonstrate the feasibility of conversational querying and workflow support, they focus primarily
on data access or process automation rather than on dynamic KPI generation, quantification, and
evaluation [25,26].

2.3. Multi-Agent LLM Systems for Analytical Reasoning

Multi-agent systems offer a natural framework for decomposing complex analytical tasks into
coordinated subtasks [12]. In recent work, LLM-based multi-agent architectures have shown that
reasoning quality can improve when multiple agents specialize in different responsibilities and when
outputs are reviewed, challenged, or refined collaboratively [13,14]. This approach is especially useful
when tasks involve multiple stages of reasoning, validation, and explanation rather than a single
prompt-response interaction.

Surveys of LLM-based multi-agent systems emphasize advantages such as role specialization,
modularity, robustness, and scalability [27]. These properties are highly relevant for business
analytics, where KPI lifecycle management includes requirement interpretation, data-domain
identification, validation, quantification, and forecasting. Recent applications in finance and
enterprise analytics also suggest that multi-agent architectures can improve reliability when
extracting, validating, or standardizing KPI-related knowledge across heterogeneous sources [26,28].
However, existing research typically assumes a predefined set of agent roles and does not sufficiently
address the need for enterprise-specific configuration of agent number and function according to
company requirements and available expertise.

2.4. MCP for Enterprise Data Access

A critical challenge in enterprise Al is enabling reliable and controlled interaction between LLM-
based agents and external systems. Traditional direct API or database access mechanisms are often
insufficient for complex analytical workflows because they do not provide enough semantic context,
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structured validation, or governance control. This is particularly problematic in ERP environments,
where access to operational data must be carefully constrained and auditable.

Recent work emphasizes the value of protocol-based integration layers for agent systems. MCP
has been proposed as a standardized interface for tool invocation and structured data exchange,
enabling secure and interoperable communication between models and external tools [29-31].
Related research on tool-augmented LLMSs similarly highlights the importance of external tool
interfaces for improving reasoning reliability and operational usefulness [15-17]. In enterprise
settings, such structured interfaces can serve as both semantic bridges and governance boundaries,
allowing agents to operate over real data while preserving control over how those data are accessed
and transformed.

For Oracle EBS-based KPI management, this type of protocol layer is particularly important. KPI
computation often requires metadata inspection, SQL validation, transformation logic, and bounded
read-only execution over complex relational structures. An MCP server layer can encapsulate these
operations as explicit tools, exposing only the required functionality to the agent layer and allowing
the tool set to be extended when company-specific requirements demand additional capabilities.

2.5. Research Gap

The literature confirms the importance of KPI engineering, the potential of LLMs for analytical
reasoning, the advantages of multi-agent architectures, and the need for structured tool access in
enterprise Al. However, these areas are still largely treated separately. KPI studies mainly address
methodological relevance and prioritization [18,19], LLM studies focus on reasoning and text
generation over enterprise data [8,20,23,24], multi-agent studies emphasize specialization and
collaboration [13,14,27], and MCP-related approaches focus on protocol-mediated tool access [29].
What remains insufficiently explored is the integration of these dimensions into a unified architecture
for dynamic KP1 lifecycle management in ERP environments.

To the best of our knowledge, prior work does not provide a general architecture that
simultaneously supports:

e dynamic configuration of the number and role of analytical agents according to company-
specific business requirements;

e  controlled protocol-based access to Oracle EBS data through an extendable MCP tool layer;

e  human-in-the-loop validation within the KPI lifecycle;

. KPI selection, evaluation, quantification, forecasting, etc. within one coordinated analytical
framework.

This paper addresses that gap by proposing a general multi-agent architecture for dynamic KPI
management over Oracle E-Business Suite and by demonstrating its practical applicability through a
proof-of-concept implementation with three specialized agents for KPI selection, KPI quantification,
and KPI forecasting.

3. Methodology and Architecture

This study follows a design-oriented research approach aimed at defining and validating an
architectural model for dynamic KPI management in Oracle E-Business Suite environments. Rather
than focusing on a single predictive model or isolated automation task, the objective is to formulate
a general framework that integrates business requirement interpretation, controlled enterprise data
access, configurable multi-agent reasoning, and human-in-the-loop decision support. The
methodological focus is therefore placed on architectural decomposition, functional layering, and the
practical realization of the KPI lifecycle within ERP ecosystems.

The starting point of the methodology is the observation that KPI management in enterprise
systems is not a purely technical problem. It is simultaneously a business, analytical, and governance
problem. A KPI is useful only when it reflects a relevant business objective, can be grounded in actual
enterprise data, is interpretable by decision-makers, and can be maintained under evolving process
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conditions. For that reason, the proposed methodology does not assume a fixed set of indicators or a
fixed analytical workflow. Instead, it adopts a layered architecture in which the analytical logic can
be configured according to the needs of the target organization.

3.1. General Architectural Logic

The proposed architecture is organized into four layers: a user layer, a dynamic multi-agent
analytics layer, an extendable EBS KPI MCP server layer, and a data layer (Figure 1). These layers
form a structured analytical pipeline in which each layer has a distinct role, while the interactions
between layers remain explicit and controlled.

General Design Architecture for
MCP-Based Dynamic Multi-Agent KPIl Analytics

The four-layer pattern remains stable
The number of agents and MCP tools is configured per company context

User Layer I Business Stakeholders W ( Business Requirements W Outputs |
| managers, analysts, J L process goals, KPI needs, dashboard views,

domain experts, end users governance censtraints narratives, alerts

requirements configuration results,

%
Agents Layer Dynamic Multi-Agent Analytics Layer teview | Human Oversight
agent count is set during company-specific design approval
roles depend on business scope and employee expertise feedback
possible roles: selector, validator, quantifier, forecaster, explainer, reviewer reconfiguration
toal call
MCP Layer ( Extensible KP1 MCP Server Layer etend  Tool Extensions
core twols plus company-specific extensions new tools can be added
schema access, validation, execution, metadata, and domain tools when requirements expand
'
tead-only data access
Data Layer ( : |
Enterprise Data and Systems
Oracle EBS, adjacent ERP modules, APIs,
documents, and historical KPI repositories

Figure 1. General Design Architecture for MCP-Based Dynamic Multi-Agent KPI analytics.

The user layer represents the business-facing and analyst-facing entry point of the system. At
this level, users express business needs, validate intermediate results, and consume KPI analyses.
This layer is intentionally not limited to simple input and output. Instead, it is designed around
human-in-the-loop participation, meaning that users may intervene at critical points of the process,
for example when confirming business areas, approving KPI candidates, or validating analytical logic
before execution.

The dynamic multi-agent analytics layer is the central analytical component of the architecture.
Its defining property is configurability. The number of agents and their responsibilities are not fixed
in advance, but are determined during system design according to the business requirements, process
complexity, and available employee expertise in the target company. In one organization, the
analytical process may require only a small number of agents; in another, it may require additional
agents for validation, review, explanation, or forecasting. In this sense, the architecture does not
impose a universal agent structure, but instead provides a framework within which enterprise-
specific analytical teams of agents can be instantiated.

The extendable EBS KPI MCP server layer acts as an intermediary between the analytical agents
and Oracle EBS data. It exposes the tools required for controlled data access, validation, and
transformation. This layer ensures that analytical agents do not interact directly with the ERP
database or system interfaces, but only through explicitly defined tools that can enforce access
policies, validation rules, and read-only constraints. The tool set is also extendable, meaning that
different company deployments can enrich the server with additional domain-specific capabilities
when required.
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The data layer contains Oracle EBS and related enterprise data sources. This includes
transactional tables, metadata structures, and any additional supporting resources relevant to KPI
management, such as historical KPI repositories, adjacent ERP modules, APIs, or documents. The
role of this layer is not to expose data directly to the analytical workflow, but to serve as the
underlying source that is accessed through the MCP server layer.

3.2. Dynamic Multi-Agent Analytics Layer

The dynamic multi-agent analytics layer is the key methodological contribution of the
architecture. Existing multi-agent systems often define agent roles in advance, assuming a stable
workflow that can be reused across contexts [8,9,23]. In contrast, the present design assumes that the
structure of the agent layer must depend on the needs of the specific company. This assumption
follows from the practical reality that KPI management requirements differ across organizations in
terms of process scope, data maturity, control requirements, and analytical expertise.

For example, a company with relatively straightforward reporting needs may require agents
only for KPI selection and KPI quantification. A more complex company environment may require
additional agents for query validation, explanation generation, business-rule checking, or
forecasting. Similarly, organizations with less internal analytical expertise may benefit from a
stronger explanation-oriented layer, while organizations with advanced BI capabilities may prefer
agents specialized in formal validation and SQL generation. Therefore, the architecture does not
define the dynamic multi-agent analytics layer as a fixed set of roles, but as a configurable analytical
environment capable of hosting multiple independent LLM agents, each assigned to a task derived
from the company’s requirements.

Methodologically, this means that the analytical process begins with system design rather than
with immediate implementation. Before instantiating a concrete multi-agent workflow, the
organization must determine which analytical functions are needed, which decisions require human
participation, and which tasks can be reliably delegated to specialized agents. This design-first logic
makes the architecture adaptable and prevents premature restriction of the system to one
predetermined workflow.

3.3. Extendable EBS KPI MCP Server Layer

The MCP server layer is introduced to ensure that the analytical flexibility of the agent layer is
matched by a controlled and reliable data-access mechanism. This is particularly important in Oracle
EBS environments, where enterprise data structures are complex and operational constraints are
significant [21]. In the proposed architecture, the EBS KPI MCP server layer is not merely a
communication interface, but a semantic and operational control boundary.

At the proof-of-concept level, the server exposes a minimal core set of tools needed for KPI-
oriented analysis. These include tools for retrieving schema metadata, validating SQL queries, and
executing approved read-only KPI queries. This baseline tool set is sufficient to demonstrate how
analytical agents can interpret business requirements, verify data structures, transform KPI
definitions into executable analytical logic, and retrieve measurable results from Oracle EBS.

However, one of the key methodological assumptions of the architecture is that this tool set must
remain extendable. Different company deployments may require additional tools for domain-specific
metadata access, KPI template retrieval, business-calendar normalization, organizational-unit
mapping, document lookup, or integration with adjacent enterprise systems. Therefore, the server
layer is defined as extensible by design. It provides a stable architectural role, while allowing the
actual tools exposed through it to evolve according to enterprise-specific analytical requirements.

This design is consistent with recent work on protocol-based tool integration, which emphasizes
that structured external tools can improve the reliability, traceability, and governance of LLM-based
systems [13-15,25]. In the present architecture, the MCP server layer fulfills exactly this role by
grounding the analytical reasoning of the agent layer in validated enterprise structures.
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3.4. Human-in-the-Loop as a Methodological Principle

A further methodological principle of the proposed architecture is active user participation. The
system is not designed as a fully autonomous analytical engine, but as a human-in-the-loop
architecture in which users remain involved at key stages of the KPI lifecycle. This is particularly
important because KPI management involves semantic and organizational judgments that cannot
always be reduced to data availability or technical computability.

For example, even when a candidate KPI is measurable from Oracle EBS data, it may still be
unsuitable if it does not properly reflect the intended business objective. Likewise, an automatically
generated query may be syntactically valid but misaligned with managerial meaning. Human
participation therefore serves both as a quality-control mechanism and as a governance safeguard. It
allows business experts and analysts to validate whether the outputs of the system are not only
technically feasible, but also organizationally meaningful.

From a methodological perspective, the human-in-the-loop principle also strengthens the
architecture’s adaptability. It allows the system to evolve iteratively as users provide corrections,
confirmations, and refinements. This creates a feedback loop in which the analytical workflow
becomes progressively better aligned with the enterprise context.

3.5. Proof-of-Concept Instantiation

To demonstrate the practical applicability of the general architecture, the study implements a
proof of concept system in which the dynamic multi-agent analytics layer is instantiated with three
specialized agents: a KPI Selector, a KPI Quantifier, and a KPI Forecaster. This proof-of-concept
implementation should be understood not as the only possible realization of the architecture, but as
one concrete specialization derived from the broader design principles described above.

The KPI Selector is responsible for identifying relevant KPI categories and candidate indicators
based on the business area specified by the user. The KPI Quantifier transforms confirmed KPI
definitions into measurable analytical logic and interacts with the MCP server layer to validate and
execute the required operations over Oracle EBS data. The KPI Forecaster operates on measured KPI
values and historical information to generate projected tendencies and explanatory interpretations.
Together, these three agents instantiate a minimal but functionally complete KPI lifecycle workflow
and serve as evidence that the proposed architecture can be translated into an operational analytical
system.

The proof-of-concept configuration also illustrates the central methodological claim of the paper:
that a general architecture with a dynamic agent layer and an extendable MCP layer can support
concrete and useful KPI management solutions in ERP environments. The specific three-agent
implementation is therefore not the goal in itself, but a validation of the broader architectural model.

Oracle EBS KPI Multi-Agent System

KPI agents, EBS KP| MCP Server, and safeguarded Oracle EBS/SQLc| access

User I Business Input ( Human Approval j r SQL Approval j Output
| target area L ;ﬂf‘é‘i’r‘i;(;’:z J l validated SELECT J KPI analysis

' .
input approval SOL ok result]

| L r g

Agents 1. KPI Selector approwed KFls 2. KPI Quantifier | KPI values 3. KPI Forecaster forecast;
35 data categorles | ) sqQL forecasting
data-availability checks query validation explanations
candidate KPI definitions KPI values confidence estimates
metadata f checks) validate + execul historical data;
R &
MCP Layer ( ]
EBS KPI MCP Server
FastMCP adaptation layer
get_ebs_schema_metadata | validate_sql_query |
Execute_kpi_query
SQLel J SELECT
Data ' ™
SQLcl / Oracle EBS
read-only SELECT requests over Oracle EBS tables

Artifacts

categories > approved KPIS -> approved SQL = KP| values - forecast narrative
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Figure 2. MAS for dynamic business KPI selection, evaluation and quantification based on Oracle EBS

architecture.

3.6. Methodological Outcome

The outcome of the proposed methodology is a layered, configurable architecture for dynamic
KPI management in Oracle EBS environments. It combines business-oriented interaction,
configurable multi-agent reasoning, protocol-based enterprise data access, and active human
participation within a single integrated framework. In this way, the methodology addresses the
limitations of static KPI systems and provides a foundation for adaptive KPI lifecycle automation in
ERP ecosystems.

4. Implementation

To validate the proposed architecture, we implemented a prototype system as web-based
application, which implementation follows the layered design introduced in the previous section, but
here the focus is placed on the technical realization of the orchestration logic, the MCP-based tool
layer, and the interaction with Oracle EBS. In contrast to a purely conceptual description, this section
presents the system as an executable workflow.

The prototype is organized into three operational layers. The first is the interaction layer, where
the user provides the target business area, reviews intermediate outputs, and approves critical
decisions. The second is the LangGraph-based multi-agent layer, which manages the analytical state
and routes execution between specialized agents. The third is the enterprise access layer,
implemented through the EBS KPI MCP Server, which mediates between the agents and Oracle EBS.
This separation provides a clear boundary between reasoning, orchestration, and data access, and
prevents the LLM agents from interacting directly with the ERP system.

4.1. Web application

At the presentation layer, the prototype includes a user interface implemented with Streamlit.
The choice of Streamlit is motivated by the need for a lightweight but functional analytical front end
that can rapidly expose the workflow to business users and researchers without requiring a separate
full-scale web application framework. Through this interface, the user specifies the business area,
reviews the categories and KPI proposals generated by the agents, confirms SQL statements before
execution, and receives the resulting KPI values and forecast-oriented explanations. In this way,
Streamlit serves as the interaction point between the human participant and the multi-agent
analytical backend, while also supporting the human-in-the-loop control model embedded in the
architecture.

4.2. Multi-Agent System Orchestration

The core execution logic of the implemented system is realized through LangGraph, which
coordinates the analytical process as a stateful graph rather than as a simple sequential chain. This
choice is important because the KPI lifecycle contains multiple approval points, iterative refinement
loops, and transitions between heterogeneous tasks such as category discovery, KPI definition, SQL
generation, validation, execution, and forecasting. In the present implementation, LangGraph is
responsible for maintaining the workflow state, routing control between specialized agents, and
ensuring that rejected outputs are returned to the relevant earlier stage for revision. The graph state
stores the main analytical artifacts generated during execution. These include the user-specified
business area, candidate data categories, metadata validation results, proposed KPI definitions,
generated SQL statements, SQL validation status, approved KPI values, and forecast outputs. Each
graph node receives the current state, updates the fields associated with its responsibility, and passes
the modified state to the next stage. In this way, LangGraph serves both as an orchestration engine
and as a shared memory structure for the entire multi-agent process.
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The LLMs used in the prototype are implemented through the OpenAl API rather than through
locally hosted models. In the current system, OpenAl ChatGPT-family models are used as the
common reasoning backbone for the KPI Selector, KPI Quantifier, and KPI Forecaster agents.

Figure 3 represents the agent’s logic as follows:

. LangGraph KPI KPI KPI EBS KPI Oracle EBS
User Streamlit Ul Sup;enrispor Selector Quantifier Forecaster MCP Server /5QLel
submit business area

start warkflow
= 7| propose categories and kPis

get_ebs_schema_metadata

validated metadata
[ U N ... 1L U S —
category and KP1 proposal
display proposal for approval |+ [approved path]
—abloy P

approval status

generate measurement SQL

validate_sal_auery

validate read-only SELECT
[rejected SQL or KPI proposal -> revise and retry] ... validation result
SQL valid

validated SOL proposal
display SQL for approval
b oY 2 T APPIOVE

request SQL approval

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

apprave SQL

approval status

execute appraved KPI query

execute_kpi_query

run read-only query
KPI values

N ool ot |
bounded result set

measured KP| values

farecast current and histarical vaiues

forecast narrative + explanation
final kPl analysis
deliver result

Usel streamlit UI = gGraph KPI KPI KPI EBS KPI Oracle EBS
uperviso

Selector Quantifier Forecaster MCP Server 150l
Figure 3. Multi-agent system sequence diagram.

The KPI Selector is the entry point of the analytical workflow. After receiving the business area
from the user, it proposes between three and five candidate data categories relevant to the selected
business scope. These categories are not accepted immediately. Instead, the agent invokes the MCP
tool layer to check whether Oracle EBS contains actual data corresponding to the proposed categories.
The result is a structured validation artifact containing the category, the executed check, and a flag
indicating whether relevant data exists. Only after this step, and after user confirmation, does the
agent produce a list of KPI candidates with names, descriptions, and associated categories.

The KPI Quantifier receives the approved KPI definitions and transforms them into executable
measurement logic. In practice, this means generating SQL statements grounded in Oracle EBS
schema metadata and the previously validated categories. The generated SQL is then passed to the
MCP validation tool before it can be executed. This introduces a technical control point between SQL
generation and database access. After validation, the SQL is shown for user confirmation, and only
then is it executed against Oracle EBS in read-only mode. The output of this stage is a set of measured
KPI values together with the validated SQL logic that produced them.

The KPI Forecaster consumes the measured KPI values and the available historical data. Its task
is to derive forecast-oriented output and generate an explanatory interpretation of the observed
tendencies. In implementation terms, this stage extends the workflow from descriptive analytics
toward predictive support. The output is not limited to a numeric forecast. It also includes an
explanation of the historical basis, the identified trend, and the resulting interpretation.

4.3. Prompting Strategy

An important implementation aspect of the proposed system is the prompting strategy used to
coordinate the specialized agents. Although the analytical workflow is controlled by LangGraph, the
quality of the generated outputs depends strongly on how each agent is instructed. In the current
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prototype, the agents use specialization is achieved primarily through role-specific prompting rather
than through different model architectures. Each prompt combines four elements: role definition,
workflow context, allowed actions, and expected output format. The prompting strategy is designed
to reduce ambiguity and improve traceability. Figure 4 presents an example of the prompt used for
the KPI Selector agent.

prompt = (
"You are the KPI Selector agent. Based on confirmed Oracle EBS data categories with available data, "
"propose KPI definitions. Do not invent tables or columns. Return only a JSON array. Each object must contain: "
"kpi_name, description, data_categories.\n"
"data_categories must be an array of category_name values from the confirmed categories.\n\n"

f"Business area: {business_area}\n"
f"Confirmed categories: {json.dumps(available categories, ensure_ascii= H\n™
f"User feedback or requested changes: {feedback ‘None " }"

Figure 4. Example of prompt for the KPI Selector.

4.4. EBS KPI MCP Server

The enterprise integration layer is implemented as EBS KPI MCP Server, built with FastMCP.
This server acts as an intermediate service between the LangGraph agents and Oracle EBS. Its
primary role is to encapsulate all ERP-facing operations behind explicit tools, thereby ensuring that
the agents never issue uncontrolled database actions.

In the current implementation, the server exposes three core tools:

e get ebs_schema_metadata
e validate_sql_query
e execute_kpi_query

The get_ebs_schema_metadata tool is used to retrieve structural information from Oracle EBS,
including table and column metadata derived from the Oracle data dictionary. This tool reduces
schema hallucination by grounding agent reasoning in real ERP structures. It is used primarily by
the KPI Selector and KPI Quantifier when selecting data categories and constructing SQL-based KPI
measurements.

The validate_sql_query tool checks whether a generated statement satisfies the system’s
execution constraints. In the current implementation, the main requirement is that the statement must
be a valid read-only SELECT expression. This validation step is essential because it introduces a
formal gate between SQL generation and execution.

The execute_kpi_query tool is responsible for running approved KPI queries and returning a
bounded result set with column names and data values. Before execution, the implementation
performs an additional safety check to ensure that the statement begins with SELECT. This tool is
therefore the final execution endpoint in the measurement stage.

4.5. Oracle EBS Access and Execution Mode

The MCP server uses connection parameters supplied through environment configuration, via
.env. At runtime, the implementation supports direct Oracle access through python-oracledb, while
also allowing SQLcl fallback in scenarios where a SQLcl-based execution layer is required. This dual-
access strategy makes the prototype more robust because it decouples agent behavior from the
specific low-level mechanism used to reach Oracle EBS.

A key implementation principle is that all database access remains read-only. The system is
designed for analytical KPI workflows, not for transactional modification of ERP records.
Consequently, the allowed SQL subset is intentionally restricted. This aligns the implementation with
enterprise governance requirements and reduces operational risk.
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4.6. Human-in-the-Loop Control Points

The implementation includes explicit human-in-the-loop checkpoints embedded into the
LangGraph process. These checkpoints are not auxiliary interface features, but execution-level
control nodes. User confirmation is required at least at the following stages: after the proposal of data
categories, after the proposal of KPI definitions, and after the generation of SQL statements for KPI
quantification.

When a confirmation is not granted, the graph does not terminate. Instead, it routes execution
back to the relevant agent so that a revised proposal can be generated. This mechanism is particularly
important in ERP analytics because semantic correctness cannot always be inferred from schema
validity alone. A KPI may be technically measurable yet still be unsuitable from a business
perspective. The implementation therefore combines automated reasoning with controlled expert
validation.

4.7. Execution Example and Resulting Analytical Output

To illustrate the operation of the implemented system, this subsection presents an example
execution for the business area Order management. The example covers the main stages of the
workflow, from category discovery and KPI definition to SQL-based quantification and forecast-
oriented output.

Figure 5 presents the KPI Selector stage. After the user specifies the business area, the system
proposes relevant Oracle EBS data categories and evaluates their suitability through generated data-
check SQL. In the example, the proposed categories include Sales Order Headers, Sales Order Lines,
Shipping Delivery Details, Order Holds, and Returns and RMA Lines. The interface also shows the
corresponding Oracle EBS tables and judge scores, after which the categories with available data are
confirmed. This step grounds the workflow in data that are both semantically relevant and available
in the ERP environment.

Business area

Order management

1. KPI Selector
Category feedback

Propose and Check Data Categories Regenerate Categories
heck
Sales Order Headers Sales order header records for analyzing order volume, booking trends, order status, OE_ORDER_HEADERS_ALL  SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM OE_C 99
Sales Order Lines Sales order line records for analyzing ordered items, quantities, fulfillment status, cai OE_ORDER_LINES_ALL SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM OE_C @9
Shipping Delivery Details  Shipping delivery detail records linked to order lines for analyzing pick, pack, ship, b: WSH_DELIVERY_DETAILS  SELECT COUNT(") AS RECORD_COUNT FROM (SELECT 1 FROM WSH, 54
Order Holds Order hold records for analyzing credit holds, compliance holds, fulfillment blocks, h OE_ORDER_HOLDS_ALL  SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM OE_C %0
Returns and RMA Lines Return order line records for analyzing RMA volume, returned quantities, return reasc OE_ORDER_LINES_ALL SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM OE_C 88
Run Edited Data Checks Confirm Categories and Propose KPIs

Confirmed Categories With Available Data

Sales Order Headers Sales order header records for analyzing order volume, booking trends, order status, OE_ORDER_HEADERS_ALL SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM OE_ORDER_HEADERS_
Sales Order Lines Sales order line records for analyzing ordered items, quantities, fulfillment status, cai OE_ORDER_LINES_ALL SELECT COUNT(*) AS RECORD_COUNT FROM [SELECT 1 FROM OE_ORDER_LINES_ALI
Shipping Delivery Details  Shipping delivery detail recards linked to order lines for analyzing pick, pack, ship, b: WSH_DELIVERY_DETAILS ~ SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM WSH_DELIVERY_DETAI
Order Holds Order hold records for analyzing credit holds, compliance holds, fulfiliment blocks, h- OE_ORDER_HOLDS_ALL ~ SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM OE_ORDER_HOLDS_Al

Returnsand RMALines  Return order line records for analyzing RMA volume, returned quantities, return reasc OE_ORDER_LINES_ALL SELECT COUNT(*) AS RECORD_COUNT FROM (SELECT 1 FROM OE_ORDER_LINES_ALI

Figure 5. Data Categories proposal and evaluation.

Figure 6 shows the next stage, in which candidate KPI definitions are generated from the
confirmed categories. The proposed indicators include operational and financial measures such as
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Line Fill Rate, Line Cancellation Rate, Open Order Backlog Value, On-Time Shipment Rate, and
Order-to-Fulfillment Cycle Time. Each KPI is presented together with a short description and its
associated data category. In this way, the system transforms the validated ERP categories into a
candidate KPI portfolio suitable for further review and quantification.

KPI Definitions
KP! definition feedback

dptional: ask for more operational, financial, risk, or tre

i-focused KP!:

KPI Nar

Line Fill Rate Percentage of ordered quantity fulfilled or shipped, calculated as FULFILLED_QUANTITY or SHIPPEC Sales Order Lines

Line Cancellation Rate Percentage of sales order line quantity cancelled, calculated as CANCELLED_QUANTITY divided by C Sales Order Lines

Open Order Backlog Value Estimated value of open, unfulfilled sales order line backlog using open lines and remaining quantit Sales Order Lines
On-Time Shipment Rate Percentage of shipped sales order lines where ACTUAL_SHIPMENT_DATE is on or before SCHEDULE. Sales Order Lines
Order-to-Fulfiliment Cycle Time Average elapsed time from sales order header ORDERED_DATE or BOOKED_DATE to line FULFILLME: Sales Order Headers, Sales Order Lines
Shipping Release Status Mix Distribution of shipping delivery details by RELEASED_STATUS, showing the volume of delivery deta Shipping Delivery Details
Shipped Quantity Total SHIPPED_QUANTITY from shipping delivery details, analyzed by item, organization, ship meth: Shipping Delivery Details
Pick Completion Rate Percentage of requested shipping quantity picked, calculated as PICKED_QUANTITY divided by REQ  Shipping Delivery Details
Shipping Backlog Quantity Unshipped quantity remaining in shipping execution, calculated from REQUESTED_QUANTITY less € Shipping Delivery Details
Delivery Schedule Adherence Percentage of shipping delivery details where shipment activity is completed on or before DATE_SCI Shipping Delivery Details

Regenerate KPI Definitions Confirm KPIs and Propose SQL

Figure 6. KPI Definitions.

Figure 7 illustrates the KPI Quantifier stage. At this point, the system generates SQL statements
for the approved KPIs and presents them for user approval before execution. This stage is technically
important because it introduces an explicit control point between KPI definition and Oracle EBS
access. Rather than allowing automatic execution of all generated SQL, the system requires the user
to approve the selected statements, after which they are executed through the MCP layer in read-only
mode.

2. KPI Quantifier

QL feedback
Optional: ask ewrite SQL, change grouping, or simplify formulas
%
lame [ ation Meth o E o
Active Order Holds Count order hold records with RELEASED_FLAG = 'N' SELECT COUNTI(*) AS ACTIVE_ORDER_HOLDS FROM OE_ORDER_HOLDS_ALL WHERE RELEASED_FL
Hold Release Rate Calculate percentage of order hold records with RELEASED_FLAG ="' SELECT ROUND(100 * SUM(CASE WHEN RELEASED_FLAG ='Y" THEN 1 ELSE 0 END) / NULLIF(COUN1
Average Hold Age Calculate average unreleased hold age from CREATION_DATE to SVS SELECT AVG(CASE WHEN RELEASED_FLAG ='N' THEN SYSDATE - CREATION_DATE END) AS AVG_UN
Held Order Rate Calculate percentage of sales order headers with at least one associ SELECT ROUND(100 * COUNT(DISTINCT CASE WHEN oh.ORDER_HOLD_ID IS NOT NULL THEN h.HE/
RMA Line Count Count return order lines where LINE_CATEGORY_CODE ='RETURN'. SELECT COUNT(*) AS RMA_LINE_COUNT FROM OE_ORDER_LINES_ALL WHERE LINE_CATEGORY_C(
Returned Quantity Sum accepted quantity where populated, otherwise fulfilled quanti: SELECT SUM(COALESCE(ACCEPTED_QUANTITY, FULFILLED_QUANTITY, ORDERED_QUANTITY, 0}) A¢
Return Rate by Quantity Calculate returned quantity from return lines as a percentage of shij SELECT ROUND(100 * SUM(CASE WHEN LINE_CATEGORY_CODE ="RETURN' THEN COALESCE(ACCE
Return Reason Mix Count return order lines by RETURN_REASON_CODE SELECT RETURN_REASON_CODE, COUNT(*) AS RETURN_LINE_COUNT FROM OE_ORDER_LINES_A|
Order Source Mix Count sales order headers by ORDER_SOURCE_ID and SOURCE_DO SELECT ORDER_SOURCE_ID, SOURCE_DOCUMENT _TYPE_|D, COUNT(*) AS ORDER_COUNT FROM C
Regenerate Quantification SQL Execute Approved SQL

— Executing approved KPI SQL through MCP...

Figure 7. KPI Quantifier.

Figure 8 presents the quantification results returned from Oracle EBS after execution of the
approved queries. In the example, the system produces measured values such as Booked Order
Count = 36, Cancelled Order Rate = 4.65, and Order Line Revenue = 421146.5. These results confirm
that the previously proposed KPIs are not only conceptually meaningful, but also computable from
the available Oracle EBS data.

CC BY license.



https://doi.org/10.20944/preprints202604.2193.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 May 2026 d0i:10.20944/preprints202604.2193.

14 of 17

Quantification Results

~ Booked Order Count

Open Order Count

<

Cancelled Order Rate

465

Order Booking Lead Time

¢

Order Line Revenue

4211465

Figure 8. Quantification Results.

Finally, Figure 9 shows the KPI Forecaster stage. Based on the measured KPI values, the system
generates forecast values and short explanatory outputs. The lower part of the interface presents
dashboard-style KPI indicators that combine the current measured value with the forecasted one. For
example, the prototype reports Booked Order Count with current value 36 and forecast 38, Cancelled
Order Rate with current value 4.65 and forecast 4.8, and Order Line Revenue with current value
421146.5 and forecast 433781. This stage demonstrates that the workflow extends beyond descriptive
KPI measurement and supports forward-looking analytical interpretation.

3. KPI Forecaster

Generate Forecasts

Booked Order Count 38 Directional forecast because the result is a current aggregate snapshot, not a historical time series. Applied a conservati
Cancelled Order Rate 48 Directional percentage forecast based on the 4.65% snapshot. Used light mean-reversion with a small upward adjustme
Order Line Revenue 433781 Directional revenue forecast because only a cumulative snapshot is available. Applied a modest 3% statistical uplift to tt
Line Cancellation Rate 132 Directional forecast from the current 13.574% line cancellation snapshot. Used conservative mean-reversion, assuming li
Pick Completion Rate 98.5 Directional forecast because the current 100% result is a point-in-time operational snapshot. Applied boundary-aware n
Average Hold Age {'avg_unreleased_hold_age_days': 1936, "avg_rele Directional forecast from snapshot averages. Unreleased hold age is projected to rise slightly as aging continues, while
Returned Quantity 6 Directional forecast because the result is a low-volume snapshat. Used a Poisson-style count assumption around the ob
Return Rate by Quantity 0.04 Directional percentage forecast fram the very low 0.03% snapshot. Applied small-count smoathing, assuming return act

KPI Indicators

Booked Order Count Cancelled Order Rate Order Line Revenue
36 4.65 421,146.5
Forecast: 38 orecast: 4.8 Forecast: 433,

Line Cancellation Rate Pick Completion Rate Average Hold Age
13.57 100 1,922

Forecast: 13.2 orecast: 98.5 Forecast: 1,936
Returned Quantity Return Rate by Quantity

5 0.03

Figure 9. KPI Forecaster.

Taken together, Figures 5-9 illustrate the full execution logic of the implemented prototype.
Starting from a user-defined business area, the system verifies relevant data categories, proposes KPI
definitions, generates and validates measurement SQL, retrieves KPI values from Oracle EBS, and
produces forecast-oriented analytical output. The example confirms the practical applicability of the
proposed architecture as an executable enterprise KPI analytics workflow.
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5. Discussion

The proposed system contributes to enterprise analytics in three interconnected ways. First, it
reframes KPI engineering as a lifecycle rather than as a one-time dashboard configuration exercise.
This lifecycle is dynamic because every stage can revisit earlier decisions when data availability,
validation status, or analyst feedback changes. Second, it demonstrates how protocol-mediated tool
access can operationalize trust boundaries in LLM-based enterprise systems. Third, it shows that
multi-agent decomposition is especially valuable when analytical correctness depends on
intermediate approvals and semantically different reasoning tasks.

Several limitations should also be acknowledged. The current manuscript presents detailed
architecture and an illustrative Oracle EBS scenario, but not a large-scale benchmark over multiple
real installations. In practice, KPI performance thresholds, acceptable confidence ranges, and
business-area taxonomies would need to be localized for each organization. Likewise, the forecasting
stage is intentionally modular and can host methods of varying sophistication; future empirical work
should compare alternative ensemble designs under real historical workloads.

Another limitation concerns metadata quality. The architecture assumes that schema metadata
and table semantics are available in a sufficiently usable form. In real Oracle EBS environments,
customizations, local naming conventions, and legacy extensions may complicate this assumption.
This is precisely why the MCP server is valuable: it concentrates schema translation and policy
control in one layer. Nevertheless, enterprise deployment would benefit from an additional semantic
registry that stores curated business meanings for critical fields and joins.

From a governance perspective, the paper argues for a strong human-in-the-loop model. This
choice may appear conservative, but it is appropriate for enterprise analytics where a mathematically
plausible indicator can still be organizationally misleading. A mature deployment can gradually
automate more steps, yet the architecture should preserve the possibility of human intervention at
high-risk transitions.

6. Conclusions and Future Work

This paper proposed a general multi-agent architecture for dynamic business KPI management
over Oracle E-Business Suite (EBS). The study addressed the limitations of static KPI engineering by
introducing a configurable analytical framework in which specialized LLM-based agents operate
over enterprise data through a controlled Model Context Protocol (MCP) layer. The proposed design
separates the system into a user layer, a dynamic multi-agent analytics layer, an extendable EBS KPI
MCP server layer, and a data layer, thereby establishing a clear boundary between semantic
reasoning, tool invocation, and enterprise data access.

A key contribution of the paper is the introduction of the EBS KPI MCP server as a semantic and
operational control layer between the agents and Oracle EBS. Instead of allowing direct and
potentially unsafe interaction with ERP data, the system exposes a bounded set of tools for schema
inspection, SQL validation, and KPI query execution. This architectural decision improves
traceability, reduces the risk of hallucinated or invalid analytical outputs, and aligns the analytical
workflow with enterprise governance requirements. In parallel, the use of LangGraph enables
explicit workflow state management, conditional branching, and iterative return loops, which are
essential for human-in-the-loop validation in KPI lifecycle management.

The proof-of-concept implementation further demonstrated that the general architecture can be
instantiated in a concrete Oracle EBS setting. Through the coordinated work of the KPI Selector, KPI
Quantifier, and KPI Forecaster, the prototype showed how business-area requests can be transformed
into validated KPI proposals, measurable SQL logic, quantified KPI values, and forecast-oriented
interpretations. In this way, the paper contributes not only a conceptual model, but also a technically
grounded implementation pattern for enterprise KPI analytics.

Overall, the results support the view that coordinated LLM agents, when combined with
protocol-mediated enterprise access and explicit human oversight, can form a practical foundation
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for adaptive KPI management in ERP ecosystems. The proposed approach is therefore relevant both
as a research contribution in intelligent business analytics and as a basis for future enterprise-oriented
analytical assistants built on Oracle EBS and related ERP environments.
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