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Abstract: This paper introduces a conceptual framework for integrating Conversational Al (CAI),
specifically conversational agents (CAs), with Decision Support Systems (DSS) to enhance Supply Chain
Management (SCM) decision-making processes. In today's complex supply chain environment,
characterized by diverse processes and entities operating across different geographic locations, the effective
use of Al in DSS is crucial. The proposed framework envisions a Conversationally Enabled Supply Chain
(CESC) where decision-makers interact with the DSS using natural language through a CA, facilitating
tasks such as data analysis, scenario analysis, and simulation. The choice of a conceptual framework as a
research tool provides a systematic approach to collect and organize elements, offering a clear reference
structure and a common language. This framework aims to enhance understanding, guide research and
analysis, and integrate knowledge from diverse sources, contributing to a holistic understanding of the
proposed CA-empowered DSS for SCM. The paper emphasizes the significance of CESC and sets the stage
for future research and development in the domain, providing a foundation for ongoing work.

Copyright © 2024 The Authors. This is an open access article under the CC BY-NC-ND license
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1. INTRODUCTION

A supply chain (SC) is typically described as a highly complex
system, encompassing numerous processes (from the
procurement of raw materials to the distribution of finished
products to consumers) and entities (i.e., the different
companies with their peculiar roles involved in the
abovementioned processes), often extending across different
geographic locations. The effective management of such a
complex system — operating in an even more complex
environment composed of different customers, global markets,
competitors, and legal systems — necessitates a focalized effort
for planning, execution, and control. Decision Support
Systems (DSS) emerge as an essential tool in this context. A
DSS is an information system intended to support business or
organizational decision-making processes merging human
intuition judgement and computer systems (Eom & Lee,
1990). A DSS offers a mix of data, analytical tools, and
computational capabilities to support the decision-maker in
selecting the best course of action to increase efficiency, profit,
and customer satisfaction (Teniwut & Hasyim, 2020).
Integrating Artificial intelligence (AI) in DSS may offer
significant opportunities for supply chain management (SCM)
enhancement (Dwivedi et al., 2021; Pournader et al., 2021;
Tirkolaee et al., 2021; Toorajipour et al., 2021): Machine
Learning (ML), Deep Learning (DL) and other methods can
support the detection of patterns and the generation of new
insights to direct the user in the decision-making process (e.g.
demand forecasting, quality control, suppliers risks

management, dynamic pricing, collaborative decision-
making). Further, Al-enhanced or Al-empowered DSS can
continuously learn from new data, adapt to changes, and
proactively address complex challenges. However, not all of
the possible factors behind an optimal decision can be
algorithmically implemented due to the complexity or the
nature of the factors. In the SCM decision-making processes,
a DSS must be able to deal with highly complex environments
where both qualitative and quantitative criteria play a
substantial role. This aspect emphasizes the role and
contribution of a human expert in integrating qualitative
knowledge into the decision process and highlights the critical
role of human specialists in bringing qualitative understanding
to the decision-making table (Pinto et al.,, 2013). Indeed,
traditional decision support tools leave the initiative to the
users to choose the elements they want to observe or analyze
(Ltifi et al., 2013). Thus, the interaction between the DSS and
the decision-maker is a critical factor to be addressed. In this
respect, a specific form of Al growing in relevance in practice
and research is conversational AI (CAI) (Mariani et al., 2023).
CAl is “the study of techniques for creating software agents
that can engage in natural conversational interactions with
humans” (Khatri et al., 2018), allowing humans to interact
with computers using text and voice. Conversational Al
enables Al-empowered conversational agents (CAs), which
are “software systems that mimic interactions with real
people” (Radziwill & Benton, 2017). One of the most common
examples of — relatively simple — CAs is represented by
chatbots (Dilmegani, 2024), which exploit the potential of
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Natural Language Processing (NLP) in marketing campaigns,
online advertisement, brand management, customer
relationship management and data collection (Toorajipour et
al., 2021).

1.1 Research contribution

In this paper, we envision the integration of CAls — and CAs
in particular — with DSS to support SCM decision-making
processes. Through a CA that provides a conversational
interface, the decision-maker interacts with the DSS using
natural language (textual or voice) to harness the
computational power of the underlying system. The CA
mediates between the decision-maker and the DSS, translating
the users’ queries into computational tasks — i.e., data
collection, statistical analysis, data exploration, reporting,
scenario analysis and simulation — that can be executed on the
DSS. In this respect, the system operates as a decision-maker
companion (or a copilof) that dialogue with the user and
provides answers based on the available data and the
exploration of the solution space using the analytical tools
provided by the DSS. Such a CA would exploit the
computational capabilities of the DSS, enhancing the
effectiveness of the user experience in interacting with the
system. We propose a conceptual framework of a high-level
functional architecture for a CA-empowered DSS. The
framework outlines the core components and main
functionalities, with our approach focusing on key processes
such as data analysis, user interaction, and decision-making
facilitation. In this initial framework, we intentionally omit
technical and specific implementation details to focus on the
broader operational processes, ensuring the framework’s
adaptability across various industrial applications. The paper
is structured as follows: Section 2 describes the basic
requirements defining a conversationally enabled supply
chain. Section 3 provides the methodology for this research.
Then, Section 4 provides a detailed description of the proposed
conceptual framework. Finally, Section 5 concludes the paper
by delineating future work directions.

2. CONVERSATIONALLY ENABLED SUPPLY CHAINS

Paraphrasing (Cui et al., 2023), “the future of autonomous
supply chains lies in the convergence of human-centric design
and advanced Al capabilities”. Human decision-makers
grappling with the growing complexity of modern supply
chains must interact with tailored SCM-DSS that leverage Al
and other digital technologies to navigate an overwhelming
amount of data and information effectively. In this respect, a
Conversationally Enabled Supply Chain (CESC) is a supply
chain in which decision-making activities (and, potentially,
operational activities) can be managed through natural
language interactions between the decision-maker and the
SCM-DSS, where the latter has to provide detailed
information on various aspects of the supply chain, as well as
to identify, understand and solve problems and implement
corrective actions. To this end, a CA-empowered SCM-DSS
must be capable of: 1) engaging in natural language dialogue
with the human decision-makers, understanding their specific
requests and inquiries, and interpreting their underlying needs
or intentions; 2) understanding the business context in which
the analysis should be performed, which includes

understanding industry-specific nuances, market dynamics,
and organizational goals that influence decision-making; 3)
conducting suitable data analysis and/or scenario
optimization/simulation to identify the best answers to the
decision-makers requests by processing large data sets and
model potential outcomes; 4) detecting problems (i.e.,
deviations from expected performance) proactively from data,
and autonomously alert the decision-makers to initiate an
interaction with them; 5) learning from previous interactions,
mistakes, and feedback provided by the decision-makers,
thereby ensuring the system’s evolution and adaptation; and 6)
managing exceptions and unforeseen events to guarantee a
safe and reliable process execution. These capabilities also
delineate the boundaries of possible use cases for the CA-
empowered DSS: cases in which the decision-maker needs to
interact with data and systems to make informed SCM
decisions. The following sections provide a conceptual
framework that could guide the definition of a functional
architecture of a CA-empowered DSS with the
abovementioned capabilities.

3. METHODOLOGY

A conceptual framework is a research tool supporting the
understanding of a concept or system by systematically
collecting and organising its underlying elements. It enhances
understanding of a concept or system by providing a clear
reference structure, a common reference language, and
clarifying relationships among the different elements. It could
be helpful to guide research and analysis by providing a
systematic interpretation of the concept or system under
consideration, thereby enabling the integration of knowledge
from different sources or disciplines, leading to a more holistic
understanding. This is particularly important when the concept
or system is new. Additionally, a conceptual framework may
facilitate longitudinal analysis by documenting changes to the
initial reference structure and relationships among elements
over time. From a scientific viewpoint, the framework
structure and contents may serve to analyze the existing
literature, thus enabling the identification of each work's
strong points and weaknesses concerning the different aspects
indicated in the conceptual framework (Alarcon et al., 2009).
By developing a conceptual framework, new knowledge is
created by building on selected sources of information not
derived from data in the traditional sense but through the
assimilation and combination of evidence in the form of
previously developed concepts and theories (Hirschheim,
2008; Jaakkola, 2020). The purpose is thus to develop logical
and complete arguments about these associations rather than
testing them empirically (Gilson & Goldberg, 2015). A
conceptual framework gives a broad overview, which cannot
usually be achieved by applying other traditional methods
(Tirkolaee et al., 2021). It must contain the principal concepts
and elements characterizing the subject to be studied and allow
the identification, description, organization and understanding
of these aspects. Figure 1 depicts the overall architecture of the
proposed system, where the Core Computational System
(CCS) (Section 4.3) represents where most data analysis
activities (including understanding the input/problem) occur.
The CCS is fed through the User Interface (Section 4.1) or by
Contextual Inputs provided by the system itself and the
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external environment (Section 4.2). The CCS generates the
Outputs to be provided to the user (Section 4.4) and
information about the System Status (e.g., request for
feedback, exception) (Section 4.5). This architecture is further
detailed in Figure 2 and the subsequent Section 4.

Contextual

Inputs
Section 4.2

v

User Core Computational
Interface System
Section 4.1 Section 4.3
Outputs System Safety
and Improvement
Section 4.4 Section 4.5

Figure 1. Conceptual framework structure

4. A CONCEPTUAL FRAMEWORK FOR A CA-
EMPOWERED DSS

The proposed conceptual framework structure is composed of
manager modules (Figure 2). Each module manages a specific
aspect of the overall process and interacts with other modules
to answer the user’s input or respond to external stimuli related
to external events, disturbances, or deviation from expected
performance. Within these manager modules, processes and
resources are orchestrated — that is, arranged, coordinated, and
directed — to gather, generate, process, and organize data,
information, and knowledge to support the decision-making
process. We provide an abridged description of each manager
module’s scope, role, and main functions.

4.1 User Interface

In a conversationally empowered DSS, efficient and effective
user interaction is pivotal. The User interface manager
manages the two-way interaction with the users (also referred
to as episode, which is a single, continuous conversation
between the user and the DSS) getting the input — either in
voice or textual form using Natural Language Processing
(NLP) and Understanding (NLU) or Automatic Speech
Recognition (ASR) tools — and converting the output in
conversation form through the use of generative Al and Large
Language Models (LLM). Unlike traditional autonomous
systems, which generally lack the capacity for language
understanding, LLMs can handle complex requests, offer real-
time feedback and comprehensive explanations, and assist in
decision-making (Cui et al., 2023).

4.2 Contextual Inputs

Contextual inputs refer to inputs coming from the context (i.e.,
the supply chain) rather than the users. In this respect, the
Event and context manager modules allows to achieve
situational or situation awareness, which requires a system
capable of sensing the operational environment, including
supply chain participants and objects, their interactions and
changes in their state. In this respect, Complex Event
Processing (CEP) and Supply Chain Event Management

(SCEM) systems aim to recognize interesting situations when
they occur (Flouris et al., 2017). This is a rather complex task,
and most existing approaches lack the capability of handling
events that originate not only from within the supply chain
itself but also from the entire operational environment of the
supply chain (Vlahakis et al., 2018). The Performance
manager, instead, is devoted to problem detection. In our
context, a problem is a (measurable) deviation from an
expectation that prevents achieving a goal; therefore, the
Performance manager is responsible for monitoring the
supply chain’s performance and detecting deviations
concerning the targets and the overall company’s objectives to
define the problem to be tackled. Current performance and
well-defined objectives and targets are crucial elements to be
formalized and quantified.

4.3 Core Computational System

The Core Computational System comprises multiple modules
devoted to analysis and data management. The Goals manager
aims to define the goal to achieve given the input from the user
or a stimulus from an external event. In other words, the goals
manager determines the problem to be addressed and identifies
the goal to pursue. It requires decoding the input (i.e.,
converting the external input to a format the system can
understand) and may imply its decomposition in smaller sub-
problems. In this respect, approaches such as Chain of Thought
(Wei et al., 2023) or Tree of Thoughts (Yao et al., 2023) can
decompose long and complex input into smaller and simpler
steps. The output of this manager feeds the Task manager that
organizes and supervises the actual execution. In our context,
a task is a work that should be completed to generate a usable
result. The system should be able to generate, plan, prioritize,
and complete tasks in order to achieve the goal. The task may
involve the use of data (through the Knowledge and data
manager), external services (via the External API manager) as
well as the interaction with computational models (via the
Models manager) or existing software applications through the
Enterprise software portfolio manager. In particular, the
Models manager orchestrates the interaction between
computational models and the Task manager to provide
relevant data. In this context, meta-modelling can provide the
rules and constraints to build models addressing the specific
problem under consideration in the specific (sub)field of
supply chain management and operations management. A
relevant tool encompassed in this manager module is the
Supply Chain Digital Twin (Ivanov, 2023), a digital replica of
the physical supply chain network that emulates the flows and
interactions among the involved actors to detect issues in
advances and test alternative courses of action. Finally, this
manager may also encompass Machine Learning (ML) models
to analyse the data and identify patterns or clusters in the data.
The Knowledge and data manager represents the memory of
the system. Managing data and knowledge — i.e., efficiently
retrieving existing information and storing new pieces of
knowledge to be recalled in the future — represents a critical
element of the system. The system's memory can be
differentiated into short-term memory that allows the system
to maintain a context of the episode, which in turn allows
reasoning and to provide coherent and relevant responses
based on the ongoing conversation with the users, and /ong-
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term memory to store information over a significant period. In
general, conversational systems are characterized by
statelessness between episodes (i.e., new episodes do not have
memory of previous episodes). Long-term memory allows us
to overcome this limitation to support long-term context and
improvement through self-reflection (see Feedback and alert
manager). The External API manager is responsible for
interacting with systems external to the company, usually
through API calls. For example, it allows searching the
Internet for data or information or interacting autonomously
with external data sources and service providers. The external
API calls must be orchestrated according to the goals, and the
responses must be reconciled and integrated. This is an
important capability that should be contextualised concerning
the intended use of the system (i.e., the APIs to be used may
depend on the intended scope of the system). Finally,
Enterprise  software  portfolio  manager  orchestrates
interactions with software applications and tools an
organization uses for business operations. It typically includes
applications for ERP, CRM, data analysis, and the like, each
tailored to specific business functions. Like the External API
manager, this manager requires contextualisation and tailored
interfaces to communicate with existing in-house software
applications in the company’s portfolio.

4.4 Outputs

The main outputs are presented in the Results manager
module. The execution of all the tasks may result in a set of
outcomes from different sources (i.e., from the computational
models, from the interaction with the other software in the
portfolio, from the interaction with external services) that
should be reconciled in order to provide a coherent answer to
the user. In this respect, this manager plays the important role
of “making sense” of all the data and results from other
managers. This manager is quite challenging to be described
exhaustively. However, the power of LLMs can be used to
summarise the results coherently. The outcome of this
manager is then transferred back to the User interface
manager, who is in charge of communicating the results to the
user in a conversational way.

4.5 System Safety and Improvement

A key aspect of the overall system is the integration of
feedback loops that enable self-reflection capabilities to
review past decisions and iteratively learn from prior mistakes
to improve performance (Shinn et al., 2023). The Feedback
and alert manager supports this aspect. In particular,
feedbacks can be framed into two main categories: user-
provided and retrospective. User-provided feedback is
explicitly generated by the user during the conversation
episode, therefore reflecting the user experience and
representing a direct assessment from the user of the system's
performance, relevance, and utility. This kind of feedback may
also guide the next steps that the system should perform.
Conversely, the retrospective feedback mechanism tracks the
implementation and outcomes of the DSS recommendations
over time. This long-term tracking is essential for assessing the
real-world effectiveness of the advices provided, determining
whether it led to successful outcomes, and facilitating the
system’s learning and adaptation processes. Such a dual

feedback approach ensures system correction of errors, as well
as stimulates evolution to meet user needs and expectations
contributing to a dynamic and self-improving Al assistant.
Although the system is meant to be autonomous in the
definition, execution and summarization of all the tasks,
sometimes it may require further input from the user to discern
how to progress. The Exception manager is meant to safeguard
against problems during the system operation, and to
overcome stalling situations in which the system cannot
progress autonomously. In this respect, an exception can be
defined as an event or a situation occurring during the
execution of a task that prevents the fulfilment of one or more
tasks and the progress towards the goal. In this case, the
interaction with the user may be necessary to solve
inconsistencies or address specific problems encountered
during the execution. Further, an alert system may determine
the initiation of a conversation episode with the user when the
system detects a problem through the Performance manager.
Finally, the aim of the Security manager module is twofold: on
one side, it should ensure that the output generated by the
system complies with business, ethical and safety standards
and guidelines, thereby reducing the risk of unintended
consequences on the systems, its users, and the stakeholders.
For instance, it could enforce data privacy regulations and
operational safety checks. On the other hand, it aims to
mitigate risks associated with data breaches and prevent
malicious use of the system, such as unauthorized access or
exploitation of system vulnerabilities. This element is critical
in a broader cybersecurity strategy that extends beyond the
immediate system.

5. CONCLUSION

The paper proposes integrating Conversational Al (CAI),
specifically conversational agents (CAs), with Decision
Support Systems (DSS) to enhance decision-making in SCM.
CAs facilitate natural language interactions as mediators,
translating queries into computational tasks. The framework
envisions a Conversationally Enabled Supply Chain (CESC),
emphasizing seamless CA, DSS, and external systems
integration. The primary contribution of this research is the
development of a high-level framework for a CA-empowered
SCM-DSS, highlighting the potential of human-Al
collaboration, and acknowledging the importance of user
feedback and cybersecurity measures. One of the main
limitations of this paper is the lack of an assessment of the
current technology on the path to a real implementation.
However, the proposed version of the framework should be
considered a first attempt to systematize the required elements
and factors; subsequent studies should investigate different
aspects of the framework. In this respect, we highlight the
following future research directions: i) develop use cases
including the types of data that can be analysed, the algorithms
used for scenario optimization/simulation, and the
visualization tools used to present results; ii) develop the
technical requirements of the functional architecture outlining
the integration of the different components, referring to
existing technologies; iii) explore the potentialities of existing
LLM models and the requirements to implement local LLM
specifically trained for the purpose of the CA-empowered
SCM-DSS.
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