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Abstract

Driven by the global rise in animal protein demand, poultry farming has evolved into a highly
intensive and technically complex sector. According to FAO, animal protein production increased by
about 16% in the past decade, with poultry alone expanding 27% and becoming the leading source
of animal protein. This intensification requires rapid, complex decisions across multiple aspects of
production under uncertainty and strict time constraints. This study presents the development and
evaluation of a conversational decision support system (DSS) designed to support decision-making
to assist poultry producers in addressing technical queries across five key domains: environmental
control, nutrition, health, husbandry, and animal welfare. The system combines a large language
model (LLM) with retrieval-based generation (RAG) to ground responses in a curated corpus of
scientific and technical literature. Additionally, it adds a reasoning component using Paraconsistent
Annotated Evidential Logic Et, a non-classical logic designed to handle contradictory or incomplete
information. Evaluation was conducted by comparing system responses with expert reference
answers using semantic similarity (cosine similarity with SBERT embeddings). Results indicate that
the system successfully retrieves and composes relevant content, while the paraconsistent inference
layer makes results easier to interpret and more reliable in the presence of conflicting or insufficient
evidence. These findings suggest that the proposed architecture provides a viable foundation for
explainable and reliable decision support in modern poultry production, achieving consistent
reasoning under contradictory or incomplete information where conventional RAG chatbots would
fail.

Keywords: poultry production; poultry farming; decision support system; LLM large language
models; RAG retrieval augmented generation; paraconsistent annotated evidential logic Et; smart
farming

1. Introduction

Poultry production has become the most widely consumed source of animal protein worldwide,
driven by rising global demand, rapid urbanization, and the intensification of livestock systems [1-
4]. According to FAQ, animal protein production increased by about 16% in the past decade, with
poultry alone expanding 27% and becoming the leading source of animal protein [1]. As production
scales grow, poultry farmers are increasingly required to make rapid and complex decisions
involving environmental control, nutrition, health, animal welfare, and husbandry, often under
conditions of uncertainty, time pressure, and conflicting information [4,5].
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To cope with the growing decision complexity of intensive poultry systems, a variety of farm
management platforms integrating decision-support tools have been introduced [36,38,39]. Examples
include eFarm, a precision agriculture application that integrates health, feed, and production metrics
for dairy and poultry operations [39]; farmOS, a community-driven open-source platform for
planning and record keeping [40]; and the Poultry Farming Management System, which automates
data collection for inventory, production, sales, and expenses [41]. While these systems improve data
organization and reporting providing valuable functionalities for record keeping, planning, and
health or production tracking, they primarily serve as dashboards or recordkeeping applications.
Their embedded DSS modules, although useful for routine monitoring, are not designed to cope with
uncertainty, contradictory inputs, or overlapping decision domains —challenges that are common in
intensive poultry farming. As a result, similar to these platforms and their decision-support modules,
most existing tools remain narrow in scope, focused on isolated domains, with limited integration
across technical areas and little resilience to contradictory or incomplete information [4,5,36,38,39].

In practice, Decision Support Systems (DSS) in poultry farming often take the form of
deterministic rule-based or Al-based controllers, IoT monitoring platforms, big data solutions, and
statistical dashboards that track environmental conditions, animal health indicators, and production
metrics [5,29,30,36]. Although these technologies provide valuable data, they typically operate under
significant limitations—such as infrastructure demands, expertise gaps, and cost-related
constraints—and are frequently based on fixed thresholds or rigid decision rules, lacking
mechanisms for context-aware inference or adaptive reasoning [17,29]. Consequently, current
systems struggle to accommodate uncertainty, conflicting signals, and the need for multi-domain
integration in real-world decision-making scenarios [34,35].

These constraints have motivated the exploration of knowledge-based approaches that
incorporate structured reasoning and domain expertise to enhance decision robustness [8,36]. In this
context, recent advances in Large Language Models (LLMs) offer promising capabilities for
contextual understanding, flexible inference, and semantic generalization, particularly when
enriched with Retrieval-Augmented Generation (RAG) mechanisms that ground responses in
external content [6-10,36]. However, despite the potential of LLMs in extracting, composing, and
synthesizing complex technical knowledge from unstructured sources, these models still struggle
when faced with conflicting or incomplete information [8,11-13]. Moreover, there is a significant
knowledge gap in the application of LLMs to livestock production, particularly regarding the
challenges of poultry farming processes, which opens opportunities for further research and
technological advances [38]. This gap highlights the need for a framework that not only leverages
LLM+RAG but also introduces an evidential reasoning layer capable of contradiction-tolerant
inference. In this sense, standard RAG-based models collapse under contradictory signals, whereas
paraconsistent reasoning explicitly tolerates and structures such conflicts.

To address these challenges, this study examines the integration of LLMs and RAG with
Paraconsistent Annotated Evidential Logic Et (Logic Et). This non-classical framework enables
reasoning under contradictory, insufficient, or ambiguous evidence. While LLMs provide linguistic
generalization and RAG ensures factual grounding through external sources, Logic Et adds an
inferential layer that explicitly handles conflicting or incomplete evidence, providing transparency
and robustness in decision-making processes [8,14-16].

The objective of this proof-of-concept study is to develop and evaluate a conversational
knowledge-based DSS for poultry production, structured as a conversational agent—the Decision
Support Al-Copilot for Poultry Farming —that answers domain-specific queries using LLMs, content
retrieved via RAG, and paraconsistent inference based on Logic Et. The system supports five critical
areas of poultry production: environmental management, animal nutrition, health monitoring,
husbandry, and animal welfare. Its configuration was defined through controlled experiments
designed to evaluate both the quality of semantic retrieval and the strength of the reasoning,
optimizing generative behavior and logical consistency. Performance was then assessed through
comparison with expert-curated references using semantic similarity metrics (cosine similarity with
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SBERT embeddings) and evidential assessments. While the Discussion briefly contrasts the proposed
framework with recent LLM+RAG approaches, a comprehensive comparison with other DSS
approaches lies beyond the scope, as the focus here is on feasibility and methodological contribution.

2. Materials and Methods

This study adopts an applied and experimental methodology to design and evaluate a
knowledge-based decision support system for poultry production, combining theoretical modeling,
computational implementation, and empirical evaluation. All materials, algorithms, and procedures
are described in detail to ensure reproducibility and enable replication by future research.

2.1. Methodological Framework Overview

The methodological framework integrates three complementary components:

1. Theoretical modeling with Logic Et, which provides the inferential foundation for reasoning
under uncertainty and contradiction, supporting key decision points in the system workflow.

2. Experimental validation through Design of Experiments (DoE), conducted as proof-of-concept
trials to tune system-level parameters affecting semantic retrieval, preprocessing, and generative
behavior, rather than as large-scale validation.

3. System implementation of the Decision Support Al-Copilot for Poutry Farming, developed as a
modular RAG-based architecture that integrates LLMs with evidential reasoning mechanisms
based on Logic E.

The following subsections present each component in sequence, ensuring a coherent integration
between theoretical modeling, experimental validation, and system implementation.

2.2. Evidential Inference with Logic Et

Conventional LLM-based systems struggle when confronted with imprecise, incomplete, or
contradictory inputs, a critical limitation in technical decision-support scenarios [6,11]. To address
these challenges, the proposed system incorporates Logic Et as a complementary inference
mechanism for handling evidential uncertainty and inconsistency in a mathematically tractable
manner [14-16,32].

As a non-classical logical system, Logic Et is designed to support reasoning under uncertainty,
contradictory, and incomplete information. Its expressive capability stems from the use of dual
evidence degrees to express knowledge about a proposition enabling a granular representation of
evidential states [14,18].

Logic Et assigns to each proposition p an evidential annotation (u, A), where p and A denote
degrees of favorable and unfavorable evidence respectively. This dual-valued representation
prevents trivialization in inference, even when p and A simultaneously assume high values, a
condition under which Classical Logic becomes inconsistent and deductively trivial [14,32]. These
evidential annotations are formally interpreted within three conceptual spaces [14,15,32], depicted in
Figures 1a, 1b, 1c, each capturing a specific aspect of paraconsistent reasoning;:
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(a) (b) (©)

Figure 1. Key concepts about visual decision states in Logic Et, adapted from [14,15]. (a) The Lattice T with
partial order, where classical logical states: True, False, Inconsistent, and Paracomplete, correspond to extremal
vertices. (b) The USCP (Unit Square of the Cartesian Plane) provides a geometric representation of evidential
states (u, A), highlighting both extreme and non-extreme (quasi) logical regions. (c) The logical lattice T results
from a nonlinear transformation T (p, A)=(u—A, p+A-1), mapping evidential inputs into a plane where the
horizontal axis encodes certainty (Gee) and the vertical axis uncertainty (Gcet). This transformed space enables

graded reasoning across nuanced logical states.

1. Lattice T with Partial Order: This structure defines a complete lattice over the unit square [0,1] 2,
where each pair (i, A) encodes the degrees of favorable and unfavorable evidence about a
proposition. A partial order is defined by:

(n1, A1) < (p2, A2) © pul <p2 and A1 2 A2

This order reflects evidential dominance and enables lattice-theoretic operations (infimum,
supremum, neutral elements). A canonical negation operator ~ (u, A) = (A, 1) supports dual reasoning
and contradiction handling. The evidential lattice serves as the operational substrate for all inference
processes in Logic Et-based systems [14,15].

2. USCP (Unit Square of the Cartesian Plane), from a geometric standpoint, the evidential lattice
can be visualized as a unit square of the Cartesian plane. Each evidential pair (u, A) corresponds
to a point in this 2D unit square (Figure 1b), allowing for an intuitive representation of the
underlying information state. While the lattice defines logical and computational operations
through ordering, the USCP offers a descriptive and analytic space for visualizing evidential
distributions and for mapping them onto the logical plane [14-16,32].

3. Diagram of Certainty and Contradiction Degrees: A nonlinear transformation maps USCP into
the logical diagram, where inference operates in Figure 1c. The transformation defines two axes:
the certainty degree (Gcee), and the contradiction degree (Gct).

T (4, A) = Gee(pt, A), Ger(pt, A) = (-A, A=)

Extreme logical states (True, False, Inconsistent, Paracomplete) correspond to the four lattice
extremities (1,0) — true, (-1,0) — false, (0,1) — inconsistent, (0, —-1) — paracomplete (incomplete).
Intermediate regions correspond to non-extreme states such as quasi-true, quasi-false, quasi-
inconsistent and quasi-paracomplete and their respective tendencies, allowing graded reasoning, a
crucial asset in non-deterministic conversational contexts as shown in Table 1 [14,15,32].

Table 1. Symbolic representation of extreme and non-extreme logical states in Logic Et, including quasi-states

and transitional tendencies.

Symbol State
\% True
QV-T Quasi-true, tending to inconsistent;
QV—-l Quasi-true, tending to paracomplete
F False
QF-T Quasi-false, tending to inconsistent
QF—1 Quasi-false, tending to paracomplete
T Inconsistent
QT—-V Quasi-inconsistent, tending to true
QT—F Quasi-inconsistent, tending to false
1 Paracomplete or Indeterminate
QL-V Quasi-paracomplete, tending to true
Ql—F Quasi-paracomplete, tending to false
Adapted from [15].
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The annotations support the deduction of both extreme and non-extreme logical states,
including quasi-states and directional trends. Each of these logical outcomes serves as a semantic
signal that guides the system’s behavior, prompting clarification requests, refining domain
classification, or flagging inadequate answers. This evidential logic framework introduces
interpretability and resilience, avoiding reliance on brittle heuristics or handcrafted rules.

In Logic Et, the degree of certainty (Gce = u — A) expresses the balance between supporting and
opposing evidence, while the degree of uncertainty (Gco = p + A — 1) indicates the extent to which
such evidence is simultaneously conflicting.

Logic Et was applied as a reasoning component to handle contradictory and incomplete
information. Rather than functioning as a predictive or statistical model, it operated as a non-classical
framework that qualified evidential states and guided interpretation within the decision workflow.

As detailed in later sections, Logic ET underpins the system’s core inferential mechanisms by
enabling control decisions associated with propositions such as “The user question is clear”, “The
user question belongs to one of poultry production domains”, or “The generated answer is
adequate”.

2.3. Design of Experiments for System-Level Parameter Tuning

In decision-oriented systems that demand precision, traceability, and trust, it is critical to
address the limitations of large language models, particularly their non-deterministic behavior and
susceptibility to hallucinations [8,11-13,19]. This study applied a Design of Experiments (DoE)
approach to conduct a series of controlled tests, aiming to investigate how variations in system-level
configurations affect the reliability, interpretability, and semantic accuracy of responses generated by
the DSS architecture.

A controlled subset of the domain-specific knowledge base served as the foundation for the
experiments. This corpus enabled the development of a fixed set of predefined queries; each paired
with a gold-standard curated answer used as reference in the evaluation process. Two
complementary metrics were analyzed. The first assessed system performance by measuring the
semantic similarity (cosine similarity with SBERT embeddings) between the retrieved content and
the reference answer, serving as a proxy for content fidelity and practical utility. The second
examined the semantic alignment between the retrieved content and the original query, reflecting
contextual coherence. While informative, this second metric does not guarantee factual correctness
and may overvalue responses that are lexically aligned but semantically inaccurate or incomplete.

All experiments shared the same computational setup, including preprocessing libraries, LLM
access, and vector-based retrieval infrastructure. The experimental dataset consisted of synthetic
question—answer pairs generated from a curated knowledge base. This knowledge base was built
from scientific literature, technical manuals, and extension materials covering poultry nutrition,
welfare, housing, and husbandry. Inputs to the system are therefore natural-language queries, not
raw sensor data or farm records. Full implementation details and software versions are provided in
Section 2.4 (Reproducibility and Software Environment).

Five experiments investigated the chunking strategy, input preprocessing, and generation
parameters:

1. Chunk Size and Overlap: In the RAG pipeline, chunk size refers to the number of tokens in each
embedded segment, while overlap specifies the number of tokens repeated between adjacent
chunks, directly affecting contextual continuity and information density. The interaction
between these parameters affects retrieval precision, semantic cohesion, and computational
efficiency [20].

The experiment utilized set of predefined question—answer pairs adopted across the other
experiments and assessed both semantic alignment with the reference answer and contextual
relevance to the original query. Three chunk sizes were tested: 128 tokens (high semantic precision,
suitable for fine-grained reasoning), 256 tokens (practical optimum in most RAG pipelines), and 512
tokens (which maximizes cohesion in technical paragraphs). Overlap values included 32 tokens

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(minimal redundancy, avoiding abrupt cuts), 64 tokens (standard default, balances coherence and

cost), and 128 tokens (high redundancy, beneficial for larger chunks but computationally heavier)

[20,21]. A complete factorial design (3 x 3) was employed to investigate the combined effects of chunk

size and overlap.

The objective was to identify optimal trade-offs between granularity and cohesion, determine
points of diminishing semantic returns, and establish thresholds beyond which overlap increases
computational cost without improving retrieval quality.

2. Lemmatization: This preprocessing step reduces inflected or derived words to their base form
(lemma), preserving grammatical context and semantic identity. By mapping morphological
variants to a unified lexical representation, it may reduce embedding dispersion and improve
retrieval alignment [22,23].

Lemmatization was evaluated as a binary configuration: either applied or omitted symmetrically
to both the indexed corpus and the user question-answer pairs. This experiment employed the
chunking configuration identified in Experiment 1 and used the same set of predefined question-
answer pairs, along with the evaluation criteria previously established.

The objective was to determine whether the inclusion of lemmatization improves semantic
similarity to the reference answer and enhances contextual alignment with the original query.

3. Normalization: This preprocessing step standardizes both the domain-specific corpus and the
question—answer pairs by reducing superficial variability that does not affect meaning. It
directly influences lexical alignment, improves embedding consistency, and enhances semantic
matching, particularly in architectures where token-level similarity governs access to relevant
content [24].

Normalization was evaluated before vectorization as a binary configuration: either applied or
omitted symmetrically to both the indexed corpus and the question—answer pairs used for evaluation.
A complete 2¢ factorial design was used to test all possible combinations of four operations:
lowercasing, punctuation removal, diacritic stripping, and whitespace collapsing.

The objective was to determine whether these steps, individually or in combination, enhanced
retrieval quality in terms of semantic similarity and contextual relevance.

Synonym Expansion: This preprocessing strategy enriches the indexed corpus and the question—
answer pairs by appending or substituting terms with semantically equivalent alternatives. It aims
to mitigate vocabulary mismatches and improve alignment between the user formulation and the
stored knowledge base [25]. Following established evidence in information retrieval [45], synonym
expansion was applied to reduce vocabulary mismatch and increase recall. This was particularly
effective in poultry-related contexts: for instance, queries with ‘feed formulation” improved retrieval
when expanded with ‘broiler diet’, and ‘temperature control” benefited from the inclusion of ‘thermal
regulation’. While this strategy increased coverage, it also introduced a small number of false positives
(e.g., ‘lighting program’ matched with ‘lightweight’), which we acknowledge as a trade-off in retrieval
precision.

Synonym expansion was evaluated as a binary configuration: either applied or omitted
symmetrically to both the indexed corpus and the question—answer pairs. Lexical resources,
including the semantic lexicon WordNet and its multilingual extension OMW, were used to identify
synonym candidates prior to vectorization.

The objective was to assess whether this strategy enhances retrieval performance, particularly
in terms of semantic similarity to the reference answer, in scenarios where lexical variation might
otherwise reduce retrieval effectiveness.

4. Temperature and Top-p: The foundation model parameters regulate the stochastic behavior of
the language model during response generation. Temperature controls the entropy of the output
distribution, modulating the balance between determinism and exploration [26,27]. Top-p
(nucleus sampling) constrains the sampling space to the smallest set of tokens whose cumulative
probability exceeds a given threshold, shaping the diversity and unpredictability of the
generated text [26,27].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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This experiment employed the chunking configuration identified in Experiment 1 and utilized
the same set of predefined question-answer pairs, along with the evaluation criteria previously
established. This model generated responses across a parameter space that ranged from factual and
deterministic completions to controlled interpretative outputs and exploratory generations. The
tested values were temperature € {0.0, 0.3, 0.6, 0.9} and top-p € {0.8, 0.9, 1.0}. A complete 4 x 3 factorial
design was employed to isolate the interaction effects of parameters within a realistic retrieval-
augmented generation workflow. The tested ranges for temperature and top-p were informed by
previous research on LLM generation parameters, which demonstrated that very low temperature
values tend to produce deterministic and repetitive outputs, while very high values increase
incoherence [11,46—48]. Similarly, top-p values between 0.6 and 1.0 have been widely adopted in
foundational work to balance output diversity with factual reliability [46,48] (Brown et al., 2020).
These ranges therefore represent established practice in controlled experiments with large language
models.

The objective was to evaluate how different sampling configurations impact semantic fidelity to
the reference answer and contextual relevance to the original query, while maintaining generation
stability of generation and interpretability.

Collectively, the experiments provided the empirical foundation for configuring the
conversational agent. The selected parameters were directly incorporated into the final architecture,
ensuring that the system strikes a balance between semantic precision, contextual relevance, and
computational efficiency under realistic decision-making conditions. All procedures described here
were executed within a controlled and reproducible software environment (see Section 2.4 for
details).

2.4. System Architecture

The Decision Support Al-Copilot for Poultry Farming is implemented as a functional decision-
support system composed of integrated modules structured around a RAG architecture (Figure 2).
The first module, the Knowledge Base Construction Pipeline (KB-CP), performs the collection,
preprocessing, segmentation, embedding, and indexing of curated scientific and technical sources.
The resulting repository, the Domain-Specific Knowledge Base (DS-KB), organizes poultry
production knowledge by thematic domains to enable precise and semantically guided retrieval.

The second module, the Conversational Decision-Support Agent (C-DSS-A), operates as the
reasoning core of the system. It manages query interpretation, evidence retrieval, answer generation,
and logical evaluation by integrating a large language model (GPT-40) with the DS-KB through the
RAG pipeline and the Logic Et. The agent can be accessed through a variety of client applications —
such as web chat interfaces, mobile apps, dashboards, or voice-assistant integrations —that instantiate
the conversational layer of the DSS and serve as its user-facing interface. Together, these modules
enable the system to provide explainable and evidence-qualified responses under conditions of
informational incompleteness or contradiction.

The architecture integrates LLMs and RAG techniques with Logic Et to support decision-
making across multiple technical domains in poultry production. Its structure allows for independent
evaluation and fine-tuning of semantic retrieval, language generation, and paraconsistent reasoning.

The system employs GPT-40 as its core language model. GPT-40 was selected for its semantic
precision, low latency, and cost-efficiency, which make it particularly suitable for domain-specific
RAG applications [28]. At the time of implementation, it was the most recent publicly available model
in the GPT-4-turbo family. Its extended context window (up to 128k tokens) enables the integration
of long retrieved passages while maintaining stable performance, an essential requirement for logic-
grounded decision support. No training or fine-tuning of GPT-40 was performed in this study.

The operational parameters, such as chunking configurations, preprocessing routines, and
generation settings, were empirically defined through the controlled experiments described in
Section 2.1.2. These tests guided the selection of configurations that optimize trade-offs between
granularity and cohesion, improve semantic similarity (cosine similarity with SBERT embeddings)
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between generated responses and the knowledge base, and enhance retrieval quality in terms of both
content fidelity and contextual relevance. The system was also tuned to enhance robustness under
lexical variability, strengthen alignment with the indexed content, and ensure generation stability
and interpretability of generation across decision-making scenarios.
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Figure 2. Modular architecture of the Decision Support Al-Copilot. The KB-CP preprocesses and embeds
domain-specific content into the DS-KB. The C-DSS-A accesses this indexed repository to interpret user queries,

retrieve relevant content, and generate logic-informed responses.

Semantic search is powered by FAISS (Facebook Al Similarity Search), selected for its scalability,
support for both CPU and GPU backends, and proven efficiency in dense retrieval pipelines. The
system utilized OpenAl’s text-embedding-ada-002 model to encode knowledge base segments, and
computes similarity via inner product (dot product), consistent with the model’s scoring logic.

Vector indexing adopts the IndexFlatIP structure, a non-quantized flat index based on inner
product similarity. This configuration ensures exact search results, which is crucial given the
moderate scale of the dataset (fewer than 10,000 vectors) and the need for precise retrieval. The
system performs retrieval via k-nearest neighbor (k-NN) search with a setting that balances
contextual diversity with semantic relevance. Since latency is not a limiting factor in this application,
exact k-NN was preferred to ensure retrieval fidelity and grounding quality in all downstream
generations.

This architectural foundation supports the system’s core functionalities and establishes the
baseline over which configuration-level experiments (Section2.1) were conducted to optimize
performance and interpretability. Full details on code availability, software versions, and
reproducibility protocols are provided in Section 2.4.

2.4.1. Knowledge Base Construction Pipeline (KB-CP)

To support domain-grounded retrieval and ensure high semantic precision during generation,
the system relies on a knowledge base specifically constructed for poultry production decision-
making. This repository was built through a structured pipeline comprising five main stages:

1. Document Collection: A sample of 48 technical documents were curated from authoritative
sources, including peer-reviewed scientific articles, poultry extension bulletins, technical
production manuals, and sanitary protocols. The selection prioritized content with high
informational density, practical relevance, and clear domain affiliation. Documents were
collected through targeted searches in scientific databases, institutional repositories, and
validated extension services.
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Domain Classification: Each document was manually assigned to one of five predefined poultry
production domains: (i) Housing and Environmental Control, (ii) Animal Nutrition, (iii) Poultry
Health, (iv) Husbandry Practices, and (v) Animal Welfare.
These domains reflect core areas of technical decision-making in intensive poultry systems and
are grounded in established animal welfare frameworks. The FAO’s work on poultry welfare
identifies health, nutrition, environmental comfort, and welfare as core aspects of assessment
[29,30,42—-44]. Classification was performed based on thematic focus, terminology patterns, and
stated objectives of the material. In cases of overlap, domain assignment favored the dominant
technical axis addressed by the document.
Preprocessing: All documents were converted to plain text and segmented into overlapping
chunks, preserving local semantic cohesion. Chunk size and overlap were defined according to
the optimal configuration identified in Experiment1 (Section 2.1.2), which balances retrieval
granularity with contextual integrity. This preprocessing step ensured that segment boundaries
did not compromise sentence-level coherence, thereby improving embedding stability.
Vectorization: Each chunk was embedded using OpenAl’s text-embedding-ada-002 model,
producing dense vector representations in a high-dimensional semantic space. These
embeddings captured contextual relationships at the subparagraph level, enabling fine-grained
semantic retrieval aligned with user queries.
Domain-Based Indexing: For each knowledge domain, a separate FAISS index was created using
the IndexFlatIP configuration (inner product similarity). This design supports fast and exact k-
nearest neighbor (k-NN) search within each semantic repository. The use of independent
indexes per domain facilitates targeted retrieval and minimizes semantic noise during
generation.
The complete dataset, including raw documents, processed embeddings, and the full indexing
pipeline, is publicly available via GitHub at [33].

2.4.2. Reasoning Workflow of the Conversational DSS Agent (C-DSS-A)

The C-DSS-A operates through a structured reasoning cycle (Figure 3) that integrates language
comprehension, evidential assessment, semantic retrieval, and logical consistency checks.

Iterative Iterative Domain Domain-Guided Answer
User Queries Clarification . . Knowledge Generation and
. Classification . . .
Preprocessing Assessment Retrieval Evaluation

< —_\% o [o% 82 w="
= oo <) —
QN a lo kW e (™))

o) = .2 : — R
£ @)

4 LLM-assisted

(4, A) Logic Et-driven

Figure 3. Workflow of the Conversational DSS Agent (C-DSS-A), detailing five sequential stages that combine
LLM-based understanding with paraconsistent logic operations for query refinement, domain inference,

knowledge retrieval, and evidence-grounded response generation.

Each decision stage is governed by a logic-based proposition evaluated under Logic Et. The
complete workflow is composed of the following stages:
1. User Queries Preprocessing: User queries were preprocessed before both vector-based retrieval
and language model inference. The adopted preprocessing configuration reflected the outcomes
of controlled experiments. Synonym expansion was enabled as the only non-trivial
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transformation, selected for its capacity to bridge lexical gaps between user queries and indexed

content. Lemmatization and punctuation removal were also applied, given their low

computational cost and consistent contribution to lexical normalization. Conversely, diacritic
stripping and whitespace collapsing were turned off by default, as their empirical impact on
retrieval effectiveness proved negligible.

Iterative Clarification Assessment: Upon receiving a preprocessed user query, the system

initiates an iterative process to evaluate and refine the clarity of the input. This is framed as the

proposition:
Pi(u, A): “The user question is clear.”

The annotation relies on a structured prompting protocol that infers evidential values directly
from the LLM. Two specialized prompts quantify distinct epistemic dimensions: Clarity, defined as
technical specificity and semantic coherence, and Vagueness, defined as conceptual ambiguity or
logical imprecision. Both values are returned on a continuous scale from 0 to 1 and respectively,
correspond to (i, A).

The Gcee(u, A) determines whether the system has sufficient confidence to proceed. Following
prior applications of Logic Et in expert systems, a conservative threshold of Gee > 0.75 was adopted
to prevent unstable classifications in quasi-state borderline regions of the USCP [14-16,18]. If Gce(y,
A) <0.75, the query is considered underdetermined. Insuch cases, the model generates a clarification
prompt, which is appended to the conversational context. The revised input is re-evaluated using the
same procedure, forming an iterative loop that continues until the certainty threshold is met (Gce(L,
A) 2 0.75). At that point, the system proceeds to domain classification.

Iterative Domain Classification: Once the question is considered clear, the system prompts the

LLM to classify it into one of five predefined poultry production domains: (i) housing and

environmental control, (ii) animal nutrition, (iii) poultry health, (iv) husbandry practices, or (v)

animal welfare. The classification is formalized as an annotated proposition:

Py(u, A) = "The question pertains to [identified domain]”.

As in the previous step, the evidential values p and A are inferred by the LLM through guided
prompting and interpreted under Logic Et. If the resulting Gee(u, A) falls below 0.75, the system
generates a meta-question to validate the classification (e.g., “Does your question relate to [suggested
domain]?”). If the user confirms the domain, the classification is accepted and the system proceeds. If
the user rejects it, the domain is removed from the candidate list, and the LLM is prompted again
using the updated domain set. This loop continues until a confident domain assignment is achieved,
enabling the system to advance to semantic evidence retrieval.

Domain-Guided Knowledge Retrieval: With a clarified question and an identified domain, the

system proceeds to semantic retrieval. The input query is embedded using OpenAl's text-

embedding-ada-002 model, and a k-NN search (k = 5) is performed in a FAISS vector index

(IndexFlatIP with dot-product similarity) to retrieve the most relevant content chunks. Each

passage is linked to its original source and metadata.

Answer Generation and Evaluation: The retrieved passages are concatenated with the clarified

user query and submitted as the prompt context to GPT-40 (via OpenAl API). The model then

generates a draft response. In parallel, it evaluates the annotated proposition:
P3(u, A) = “The generated answer appropriately addresses the user’s question.”

Asin previous stages, the values p and A are inferred through guided prompting and interpreted
under Logic Et. The resulting Gee(u, A) reflects the system’s internal confidence in the adequacy of
the response. If Gee(p, A) <0.75, the response is flagged as potentially unreliable and may be revised
or explicitly marked with a disclaimer to inform the user of evidential insufficiency or contradiction.
The evidential outputs produced in this stage are then passed to the logical evaluation module,
detailed in the following section.

Section 2.4 provides a detailed account of the software stack, experimental environment, and
reproducibility measures employed in this work.
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2.4.3. Reasoning Support with Logic Et

Each proposition formalizes a key decision point in the conversational reasoning cycle.
Evidential values p and A are interpreted under Logic Et, and the resulting Gee(u, A) determines
whether the system proceeds, flags the interaction, or initiates an iterative refinement. Thresholds
and corresponding actions are defined to ensure interpretability, domain alignment, and response
adequacy (Table 2)

Table 2. Annotated Propositions and Evidential Control Logic.

System
Propositio Evaluated Purposein  Threshol Action if Interaction
nID Statement System d (Gce)* Gcee< Threshold Type
Pi(u, A) “The user question is Assess linguistic 0.75 Trigger clarificationlIterative
clear.” clarity; ensure question; append  clarification loop
interpretability user response
Py(u, A) “The question pertainsClassify query 0.75 Pose meta-question Iterative domain
to [identified into production to user; eliminate  pruning
domain].” domain rejected domain
Pi(w, A) “The generated Assess adequacy 0.75 Flagresponse as  Response
answer and relevance of uncertain; flagging or
appropriately generated optionally trigger regeneration
addresses the user’s  response regeneration

question.”
* Threshold adopted to prevent quasi-state borderline regions of the USCP [14-16,18].

2.5. Evaluation Protocol

The evaluation protocol focused on unit-level assessment of each reasoning stage within the C-
DSS-A architecture and comprised three sets of tests, each designed to isolate and validate the
behavior of individual components under controlled conditions. This approach enabled precise
attribution of strengths and limitations at each stage of the decision workflow.

4. The test of the Iterative Clarification Assessment stage used a synthetic dataset of 130 user
questions, generated from the DS-KB and labeled as Clear or Unclear. Each label encompassed
a gradient of linguistic phenomena, including ambiguous phrasing, underspecified referents,
non-technical constructions, and malformed syntax. Manual validation ensured internal
consistency and class balance. The objective was to assess the system’s ability to evaluate the
proposition Pi(u, A): “The user question is clear”, by discriminating underdetermined inputs
based on evidential clarity rather than surface features. System performance was measured by
its ability to converge to the correct classification through iterative reformulation, with
convergence defined as Gee(u, A) = 0.75 for proposition P;.

5.  The second test targeted the Iterative Domain Classification stage, using a new set of 100
synthetically generated questions, randomly assigned to one of the five defined domains,
Housing and Environment, Animal Nutrition, Poultry Health, Husbandry Practices, Animal
Welfare, or to no domain at all. This randomized distribution simulated open-query conditions.
The dataset also included domainless questions to test rejection behavior under semantic
uncertainty. The objective was to evaluate the system’s ability to assess the proposition Pa(p, A):
“The question belongs to [domain]”, identifying the most appropriate category without forcing
classification when evidential support was lacking. Classification was accepted only when the
certainty degree satisfied Gce(p, A)20.75, ensuring evidential convergence before domain
attribution.

6. The third test focused on the stages of Domain-Guided Knowledge Retrieval and Answer
Generation and Evaluation, using 100 synthetically generated question-answer pairs curated
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from source articles in the DS-KB. Each question was processed under two conditions: first,
through direct prompting without retrieval or evidential evaluation, and second, through the
whole system workflow, which includes retrieval from the DS-KB, generative response, and
Logic Et-based self-assessment. In the second condition, the system instructed the model to
evaluate the adequacy of its answer using Logic Et, producing an evidential annotation for the
proposition P3(u, A): “The generated answer is adequate”. This annotation served as a meta-level
judgment of response quality. For both conditions, the generated answers were compared to
gold-standard references using semantic similarity metrics (cosine similarity with SBERT
embeddings). The objective was to assess whether the evidential reasoning introduced by
Logic Et improves the system’s capacity to generate semantically valid responses and enhances
the interpretability and trustworthiness of the final output.

2.6. Reproducibility and Software Environment

All system developments, experimental procedures, and evaluation workflows were
implemented and executed in a reproducible Python environment (v3.9.6) using Visual Studio Code.
The implementation leveraged a modular architecture composed of tools for retrieval orchestration,
language generation, vector search, preprocessing, and evaluation. The main libraries and
frameworks include:

e Language modeling and embedding: Openai 1.95.1 (for GPT-40 and text-embedding-ada-002),
tiktoken 0.9.0 (for token counting and window control).

e  Retrieval and orchestration: faiss-cpu 1.11.0 (for dense vector search using IndexFlatIP),
langchain 0.3.25 and related packages (langchain-core, langchain-openai, langchain-community,
langchain-text-splitters, langchain-xai, langsmith) for chaining retrieval, embedding, and
generation steps.

e  Text preprocessing and NLP: spaCy 3.8.7 (for lemmatization and syntactic analysis), nltk 3.9.1
(for lexical resources and linguistic tagging), including downloads: punkt, wordnet, omw-1.4,
averaged_perceptron_tagger, averaged_perceptron_tagger_eng, punkt_tab.

e Data analysis and visualization: Pandas 2.3.1 (for data manipulation), scikit-learn 1.6.1 (for
combinatorial evaluation routines), matplotlib 3.10.3 and seaborn 0.13.2 (for results
visualization).

e  Auxiliary and system tools: python-dotenv 1.1.0, requests 2.32.3, aiohttp 3.12.2, httpx 0.28.1 (for
API and system orchestration), tenacity, joblib, threadpoolctl, Django 5.0.4 (web framework),
djangorestframework 3.15.1 (APIs RESTful), and tqdm (for robustness, parallelization, and
progress monitoring).

All software dependencies are publicly listed and version-pinned in the project’s
requirements.txt file. The complete codebase, prompts, dataset, and reproducibility pipeline are
available via GitHub at [33]. All the versions indicated are up to date and consistent with the releases
available until July 2025.

2.7. GenAl Disclosure

Generative Al was employed for development support (integrated into Visual Studio Code), the
construction of synthetic test data, and the refinement of analysis statements. Synthetic questions and
answers used in unit tests and controlled experiments were generated from real source material,
under strict semantic constraints and manually curated for consistency and domain alignment. All
experimental evidence and analytical results derive exclusively from real system outputs or curated
domain content.

3. Results

This section presents the results of a two-part evaluation. The first part presents controlled
experiments assessing how system-level configurations influence response quality, interpretability,
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and semantic alignment. The second part analyzes the behavior of the complete system in end-to-end
operation, with emphasis on evidential consistency and domain adequacy.

3.1. Experimental Results

The system was systematically tested through a design of experiments approach, comprising
multiple controlled evaluations of preprocessing, retrieval, and generation parameters.

The controlled experiments were conducted as proof-of-concept to evaluate the impact of
variations in chunking strategy, input preprocessing, and generation parameters impact the quality
of retrieval and response formulation. Each test isolates a specific configuration variable, allowing for
a precise assessment of its impact on semantic accuracy, contextual relevance, and output stability.

3.1.1. Effects of Chunk Size and Overlap on Retrieval Quality

The experiment evaluated the impact of chunk size and overlap on retrieval quality in the RAG
workflow (Figures 4a and 4b). With 128-token chunks, semantic similarity averaged ~ 0.886 (RA vs.
R) and = 0.860 (RA vs. Q) across all overlap levels. For 256-token chunks, overlaps of 32 and 64 tokens
resulted in lower similarity values, while an overlap of 128 tokens restored similarity to = 0.883 (RA
vs. R) and = 0.854 (RA vs. Q). For 512-token chunks, similarity remained consistently lower across
both metrics, even at maximum overlap.

Generated Answer vs. Reference — Semantic Similarity by Chunk vs, Overlap Retrieved Answer vs. Question — Semantic Similarity by Chunk vs. Overlap
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Figure 4. Heatmaps showing the average semantic similarity (cosine similarity with SBERT embeddings)
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between (a) retrieved answers (RA) and gold-standard reference (R) and (b) retrieved answers (RA) and
questions (Q), measured across different chunk and overlap configurations. The experiment corresponds to the
parameter tuning analysis described. Each cell represents the mean similarity score for a given combination,
using a controlled query set and vector retrieval via FAISS. Higher scores indicate a greater alignment between

retrieved content and the expert reference.

Based on these results, the system was configured with a chunk size of 128 tokens and an overlap
of 32 tokens, as this setting provided stable similarity scores with minimal redundancy. The similarity
plateau observed (around ~0.865) should be interpreted as an internal performance reference that
guided parameter tuning in this proof-of-concept study, rather than as an optimal or benchmark
value.

3.1.2. Effects of Preprocessing on Retrieval Quality

The experiment assessed the isolated impact of standard preprocessing techniques on semantic
similarity (cosine similarity with SBERT embeddings) between retrieved answers and gold-standard
references, while keeping the retrieval architecture constant (Figures 5a and 5b). Synonym expansion
produced the highest gain, increasing similarity by +0.0374, the largest delta among all
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transformations. Lemmatization and punctuation removal also showed positive contributions
(+0.0091 and +0.0082, respectively). Lowercasing and whitespace collapsing yielded marginal
improvements (< +0.002), while diacritic stripping showed no measurable effect. None of the tested
techniques decreased retrieval quality.

Impact of Preprocessing Techniques on Semantic Similarity = :’;;’.'L Performance Gain by Preprocessing Technique

Synonym Expansion H00374

Lemmatization +0.0091

Punctuation Removal +0.0082
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Figure 5. (a) Radar chart comparing semantic similarity (cosine similarity with SBERT embeddings) between
retrieved answers and reference answers, with and without each preprocessing technique. The orange contour
represents performance with preprocessing applied; the dashed blue line corresponds to the baseline (absent).
(b) Delta plot showing absolute performance gain (A similarity) for each technique, ordered from highest to

lowest. Positive deltas indicate increased semantic alignment after applying the corresponding transformation.

Based on these results, the system was configured to enable synonym expansion as the only non-
trivial transformation. Lemmatization and punctuation removal were also adopted due to their
consistent but lightweight benefits, while diacritic stripping and whitespace collapsing were turned
off by default.

3.1.3. Effects of Temperature and Top-p on Response Quality

The experiment examined the impact of sampling temperature and top-p on the semantic
similarity (cosine similarity with SBERT embeddings) of generated answers, measured both against
gold-standard references and the original user question (Figures 6a and 6b). Across the entire grid,
response similarity to the reference (GA vs. R) remained stable, with most configurations converging
around = 0.865. The lowest value was observed at (temperature = 0.6, top-p = 1.0), where similarity
decreased to 0.857. In contrast, alignment with the original question (GA vs. Q) varied more. The
highest similarity (0.902) occurred at both (0.6, 0.8) and (0.9, 0.8). Configurations with top-p = 1.0
showed lower contextual alignment, with scores around 0.894-0.899.
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Figure 6. Heatmaps showing the average semantic similarity (cosine similarity with SBERT embeddings)
between (a) generated answers (GA) and gold-standard reference (R), and (b) generated answers (GA) and
original questions (Q), across different combinations of temperature and top-p values. Each cell indicates the
mean similarity score for a fixed (temperature, top-p) configuration, based on cosine distance between sentence

embeddings. Higher scores represent greater semantic alignment.

Based on these results, the system was configured with temperature = 0.6 and top-p = 0.8, as this
setting achieved the best overall contextual alignment (0.902 GA vs. Q) while maintaining high
factual similarity (0.865 GA vs. R).

3.2. Evaluation of Conversational DSS Agent Workflow Stages
The results of the stage-specific evaluations of the C-DSS-A enabled a fine-grained analysis of
performance, robustness, and evidential behavior across the decision workflow.

3.2.1. Results for the Iterative Clarification Assessment Stage

The classification of the proposition “The user question is clear” achieved high overall performance
(Table 3), with accuracy of 0.931, macro-averaged F1 of 0.931, and substantial agreement across both
classes. Precision for Clear was 1.000, while recall was 0.866. For Unclear, recall reached 1.000 with
precision of 0.875. These values indicate that the system consistently recognized unclear queries,
while occasionally misclassifying clear queries as ambiguous.

Table 3. Performance Metrics for Clarity Classification stage (Clear vs. Unclear).

Precision Recall F1-score Support
Clear 1.000 0.866 0.928 67
Unclear 0.875 1.000 0.933 63
Accuracy 0.931 130
Macro avg 0.938 0.933 0.931 130
Weighted avg 0.939 0.931 0.931 130

The confusion matrix (Figure 7a) shows that most errors occurred when Clear queries were
labeled as Unclear (9 instances), while no Unclear queries were misclassified as Clear. The USCP
projection (Figure 7b) illustrates that Clear queries concentrated in regions of high p and low A, while
Unclear queries clustered in areas of higher A values, particularly near inconsistent or paracomplete

regions.
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Figure 7. (a) Confusion matrix comparing the system’s final classification of the proposition “The user question
is clear” against the ground truth labels (Clear vs. Unclear). The matrix reflects the asymmetric robustness of the
model. The observed misclassifications reveal a conservative tendency, with a stricter evidential threshold for
confirming clarity. (b) Two-dimensional representation of the evidential annotations (p, A) in the QUPC,
illustrating the distribution of outputs from the Iterative Clarification Assessment module. Points are colored
according to their final classification and plotted against the paraconsistent decision regions derived from
Logic Et. The separation between classes and the concentration near t-lattice diagonals highlight the model’s

discriminative sensitivity to varying degrees of clarity and vagueness.

Based on these results, the module was retained with its default evidential thresholds (Gce >
0.75), as this setting balanced precision for Clear with maximal recall for Unclear, ensuring reliable
detection of underdetermined inputs.

3.2.2. Results for the Domain Classification Stage

The classification of the proposition “The question belongs to [domain]” showed variation across
categories (Table 4). Animal Nutrition achieved precision of 0.818 and recall of 1.000 (F1 = 0.900).
Animal Welfare reached precision of 0.600 and recall of 0.947 (F1 = 0.735). Housing and Environment
obtained precision of 0.762 and recall of 0.889 (F1 = 0.821). Poultry Health registered precision and
recall of 0.813 each (F1 =0.813).

No instances of the domain “Husbandry Practices” were available in the test set; this class was
therefore excluded from Table 4, as no meaningful metrics could be computed. The absence of this
domain results from corpus imbalance, since the curated knowledge base and question set contained
fewer examples related to husbandry practices compared with other domains such as nutrition,
welfare, and housing. This condition was anticipated under the experimental design and does not
represent a technical limitation but rather an opportunity for future corpus expansion.

The class labeled “Out-of-scope queries” corresponds to test inputs that could not be associated
with any of the predefined domains. This behavior was intentional, as the system was designed to
detect and explicitly signal questions outside its modeled scope rather than forcing uncertain
assignments. The explicit recognition of out-of-scope queries reinforces the robustness and
transparency of the classification process, reflecting realistic operating conditions in which users may
submit questions beyond the coverage of the retrieved knowledge context. For this class, precision
was 1.000 and recall 0.800 (F1 =0.889). Overall accuracy was 0.737, with a macro-averaged F1 of 0.693.

Table 4. Performance metrics for domain classification stage.

Precision Recall F1-score Support
Animal Nutrition 0.818 1.000 0.900 18
Animal Welfare 0.600 0.947 0.735 19
Housing and Environment 0.762 0.889 0.821 18
Poultry Health 0.813 0.813 0.813 16
Out-of-scope queries 2 1.000 0.800 0.889 10
Accuracy 0.737 99
Macro avg 0.665 0.741 0.693 99
Weighted avg 0.635 0.737 0.675 99

1 No instances of the domain Husbandry Practices were present in the test set; therefore, no metrics were computed
for this class. 2 Out-of-scope queries denotes test inputs that did not correspond to any predefined domain and

were intentionally flagged by the system.

The confusion matrix (Figure 8a) shows that most errors involved confusion between
Husbandry Practices and semantically adjacent categories (Animal Welfare and Poultry Health). The
USCP projection (Figure 8b) indicates that most accepted classifications occupied regions of high
certainty (1 > 0.75, A <0.25), while a few borderline cases appeared near decision boundaries.
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Figure 8. (a) Confusion matrix comparing predicted and reference labels for the proposition “The question
belongs to [domain]”, across five poultry production domains and an out-of-domain class (None).
Misclassifications are concentrated in semantically adjacent categories, particularly in Husbandry Practices.
Correct abstentions in the None class confirm the system’s capacity to reject uncertain assignments when
evidential support is insufficient. (b) USCP projection of the evidential annotations (u, A) associated with domain
classification decisions. Most points fall within regions of high certainty and low contradiction, consistent with
valid assignments. The sparse activation near decision boundaries highlights borderline cases, suggesting

residual ambiguity in specific domain transitions.

Based on these results, the module was retained with the same evidential threshold (Gce > 0.75),
as this configuration supported robust rejection of out-of-domain queries while maintaining reliable
classification for most domains.

3.2.3. Results for the Domain-Guided Knowledge Retrieval and Answer Generation and Evaluation
Stages

The comparative evaluation between direct and system-guided queries showed consistent
differences in semantic similarity (cosine similarity with SBERT embeddings) as shown in Figures 9a
and 9b. System-mediated responses displayed a higher median similarity and reduced variance
compared to direct queries, with fewer low-similarity outliers. The similarity curve (Figure 10)
showed that system queries concentrated around higher similarity values, with a sharper peak near
0.97.
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Figure 9. (a) Histogram of similarity scores comparing direct queries and system-mediated queries against the

gold-standard answers. System responses exhibit a higher concentration of high-similarity outputs, with a clear
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rightward shift in distribution. (b) Boxplot summarizing similarity score distributions for each query type.
System-mediated queries show higher median similarity and reduced variance, indicating more consistent

semantic alignment.

The similarity distribution and polynomial trend curves (Figures 10 and 11) showed consistent
differences across configurations. System-mediated queries concentrated around higher similarity
values, with a sharper peak near 0.97, while RAG-only queries also shifted the distribution toward
higher alignment compared to the LLM-only baseline. In contrast, the LLM-only setting displayed a
flatter and more dispersed distribution, with a larger proportion of low-similarity outputs. The
sharper peaks for both RAG and System-mediated configurations indicate a higher concentration of
well-aligned responses and reduced variance, highlighting the stabilizing effect of knowledge
retrieval.

Similarity of Generated Answers

—e—LLMonly o LLM+RAG —e— System queries

= o= = NN N W W
N G e = RN O W

Number of occurrences

0.77 0.79 0.81 0.83 0.85 0.87 0.89 0.91 095 0.97 0.99
Similarity (coeficient cosine similarity with SBERT embeddings)

Figure 10. Distribution of semantic similarity coefficients (cosine similarity with SBERT embeddings) between
generated answers and gold-standard references, across three configurations: LLM only (blue), LLM+RAG
(green), and System-mediated with Logic Et (red).

The polynomial curves further emphasize these overall distribution patterns, making the
relative gains in similarity concentration and reliability more evident when evidential reasoning is
incorporated

Evidential judgments (Figures 12a and 12b) showed that 95% of cases fell in high-certainty
regions (i > 0.75, A < 0.25), with most outputs classified as True (V). A minority were assigned to
False (2%), Quasi-false tending to Paracomplete (1%), and Quasi-true tending to Paracomplete (2%).
Approximately 5% of the outputs appeared near contradictory regions, corresponding to marginally
lower similarity scores.

Table 5 provides illustrative cases where the system flagged generated answers as inadequate,
showing the corresponding user queries, excerpts of the outputs, evidential judgments (u, A, and
Gce), and the user-facing messages that communicate uncertainty in a neutral and supportive tone.

Based on these results, the system was configured to operate with retrieval and Logic Et-based
self-assessment enabled by default, as this combination consistently improved similarity alignment
and provided evidential annotations for reliability control.
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Polinomial Similarity Curves of Generated Answers
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Figure 11. Polynomial trend curves of semantic similarity (cosine similarity with SBERT embeddings) between

generated answers and gold-standard references, comparing three configurations: LLM only (blue), LLM+RAG
(green), and System-mediated with Logic Et (red).
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Figure 12. a) USCP projection of the evidential annotations (u, A) for the proposition “The generated answer is
adequate.” Most points concentrate in regions of high certainty and low contradiction, reflecting confident
adequacy judgments. Sparse activation in quasi-inconsistent zones highlights borderline or semantically
ambiguous responses. (b) Normalized distribution of the resulting logical states, with 95% classified as True (V),
and a minority assigned to False (F, 2%), Quasi-false tending to paracomplete (QF— 1, 1%), and Quasi-true
tending to paracomplete (QV— 1, 2%). The distribution reinforces the predominance of reliable outputs and the
system’s ability to flag marginal cases with non-extreme logical states.
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Table 5. [llustrative Cases of Evidence-Based Inadequacy Judgments.

User Generated Evidential User-Facing
Query Answer (excerpt) Judgment Message

What is the Conflicting n=0.61, “Some retrieved

recommended broiler  guidelines were A=0.12 information appears

diet for heat stress? retrieved, some Gece=0.49 inconsistent. The answer
emphasizing (Inadequate) may need clarification.
increased Please consider refining
electrolytes, others your query or reviewing
focusing on energy the supporting
adjustment evidence.”

What is the optimal Broilers at 21 days u=0.64, “Retrieved guidelines

temperature for broiler should be kept at A=0.39 vary across sources.

housing at 21 days of 28 °C; some Gee=0.25 Please consider

age? sources also (Inadequate) reviewing the suggested
mention 24-26 °C ranges or providing
depending on more context for your
ventilation query.”

How often should Some sources u=0.78, “The retrieved evidence

litter be replaced in recommend A=0.17 shows differing

broiler houses? complete Gee=0.61 recommendations. The
replacement each (Inadequate)  answer may depend on
cycle, others farm conditions—please
suggest partial review the supporting
reuse if treated guidelines.”
with drying agents

Is vaccination against ~ Most sources u=0.62, “Evidence for this query

coccidiosis always recommend A=0.14 is partly inconsistent.

required in broilers? vaccination for Gee =0.48 The system combined
long-cycle broilers;  (Inadequate)  both vaccination and

some mention

prophylaxis

prophylaxis may approaches—please
suffice under high interpret according to
biosecurity. your production context”

4. Discussion

This section examines the findings from two complementary dimensions: system-level tuning
experiments that revealed how configuration choices condition retrieval and generation, and stage-
wise evaluations that demonstrated how evidential mechanisms regulate reasoning across modules.
Considered together, these findings outline an integrative perspective on how technical optimization
and modular inference interact in shaping the overall behavior of the DSS.

4.1. Implications of System-Level Parameter Tuning Experiments

The experiments conducted as proof-of-concept trials, provided evidence on how system-level
parameters influenced retrieval fidelity, contextual alignment, and the stability of generative outputs.
These results revealed trade-offs that guided the technical configuration of the DSS and offered
methodological insights for the design of RAG pipelines.
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The experiments on chunk size and overlap indicate that smaller segments tend to preserve
semantic integrity, reducing the need for redundant overlap. At 256 tokens, additional overlap was
required to restore retrieval quality, suggesting the presence of a threshold below which segment
boundaries start to fragment contextual cohesion. Very large chunks of 512 tokens, even with high
overlap, showed limited benefit, indicating the constraints of relying on size alone to secure retrieval
accuracy. These findings highlight that segment configuration is not a neutral choice but a
determinant factor for balancing semantic precision, contextual cohesion, and computational cost.

The analysis of preprocessing strategies shows that synonym expansion proved particularly
influential in bridging lexical gaps between queries and knowledge base content, strengthening
retrieval precision through semantic diversification. Lemmatization and punctuation removal also
proved beneficial, though to a lesser extent, by reducing morphological variability and surface noise
that can obscure semantic matches. By contrast, lowercasing, whitespace collapsing, and diacritic
stripping offered negligible contributions, indicating that common normalization routines may be
redundant in embedding spaces that already capture semantic robustness. The overall absence of
negative effects suggests that preprocessing choices can be selectively applied, with meaningful gains
concentrated in a few targeted transformations rather than in broad, indiscriminate normalization.

The evaluation of generation parameters indicated that factual accuracy remained relatively
stable across configurations, while contextual alignment was more sensitive to variation. The
performance drop observed at mid-level temperature combined with unfiltered sampling (0.6, 1.0)
reflected a weakening of grounding when lexical openness was high. In contrast, settings that paired
moderate or high diversity with a constrained nucleus, such as (0.6, 0.8) and (0.9, 0.8), improved
relevance to user queries without compromising fidelity to reference answers. Configurations with
top-p = 1.0 confirmed the risk of topic drift, as unrestricted sampling introduced variability that
diluted semantic focus. These patterns suggest that balanced decoding strategies, exemplified by the
adopted profile of temperature = 0.6 and top-p = 0.8, provide a practical equilibrium between
determinism and contextual flexibility in domain-constrained tasks.

As proof-of-concept, these experiments suggested key trade-offs and helped establish a
preliminary foundation for subsequent system evaluations. They delineate a methodological basis
from which broader validations and domain-specific extensions can be pursued, emphasizing that
parameter tuning is not a peripheral adjustment but a defining step that conditions the robustness of
the DSS.

4.2. Evidential Reasoning in Stage-Wise System Evaluations

Beyond parameter tuning, the stage-wise evaluation of the C-DSS-A showed how evidential
reasoning shaped system behavior across successive modules, revealing distinct patterns of
performance and uncertainty management. At the same time, the agent as a whole exhibited a
coherent operational profile, with all modules displaying controlled behavior under uncertainty.
Logic Et provided the continuous interpretive structure that supported query clarification, domain
attribution, and answer validation across stages [14,32].

The system demonstrated high sensitivity to semantic underdetermination during question
clarification. Its conservative bias toward flagging inputs as “Unclear’ was not merely a trade-off, but
an intentional mechanism for ambiguity control. By embedding classification within a Logic Et
approach, the system preserved the evidential structure of borderline cases, avoiding premature
resolution. This behavior prevented uncertain queries from propagating unchecked into subsequent
inference stages, ensuring that downstream modules operated on well-formed and contextually
interpretable inputs, thereby reducing the risk of hallucinations and erratic responses [11-14].
However, this imbalance between precision and recall in the Clear class also suggests that some
genuine queries may elicit unnecessary clarification prompts. While maximizing recall for Unclear
inputs ensures robust detection of ambiguity, it introduces a usability concern: repeated clarification
loops could affect user perception of responsiveness, potentially causing frustration when clear
questions are unnecessarily flagged. To mitigate this, future work will explore adaptive calibration
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of evidential thresholds and dynamic adjustment strategies to minimize superfluous prompts while
maintaining reliability in detecting truly ambiguous queries.

In domain classification, the system exhibited variable performance across categories. Domains
such as Animal Nutrition and Housing and Environment were consistently well distinguished. No
instances of Husbandry Practices were observed during testing, a limitation that reflects corpus
imbalance rather than a modeling issue. Consequently, questions from this domain were often
absorbed by semantically neighboring categories. This pattern highlights intrinsic challenges in
domain categorization and likely reflects both the underrepresentation of Husbandry Practices in the
corpus and its semantic proximity to related domains such as Animal Welfare and Poultry Health,
resulting in boundary errors. The absence of inter-rater validation may also have introduced
annotation noise, underscoring the need for corpus diversification and multi-annotator validation to
strengthen domain coverage and reliability. Despite these issues, the system demonstrated robust
rejection behavior for queries outside predefined domains, with the evidential threshold effectively
blocking premature assignments. The emergence of the “Out-of-scope queries” category further
illustrates the system’s ability to detect and signal questions beyond its modeled knowledge
boundaries, ensuring transparency and preventing forced assignments under uncertainty. This
selective restraint is particularly relevant for LLM-based architectures [36], which often default to
overgeneralization in the face of ambiguity [8,13].

The comparative distributions further illustrate the incremental contribution of retrieval and
evidential reasoning to answer quality. The flatter and more dispersed curve of the LLM-only
baseline reflects a higher incidence of poorly aligned responses, whereas the inclusion of RAG
concentrated outputs closer to the reference. The system-mediated configuration, which integrates
Logic Et, sharpened this peak, reducing variance and reinforcing reliability. Although these
differences are visually clear, their statistical significance was not formally tested, and the trends
should therefore be interpreted with caution.

Ultimately, the system demonstrated that evidential inference plays a central role in enhancing
response reliability. When retrieval and Logic Et-based self-assessment were active in the system
workflow, responses shifted toward higher semantic alignment with reference answers and exhibited
reduced variance. The analysis showed that most outputs were evaluated as highly adequate under
the proposition Ps, while borderline or contradictory cases were correctly flagged through hesitant
or inconsistent annotations. This evidential trace, absent in standard generation workflows,
introduced a meta-level of interpretability that reinforced the trustworthiness of the final output
[8,9,14,15].

Taken together, these results demonstrate that Logic Et is not merely an explanatory overlay but
a functional mechanism that modulates the system’s behavior. It enables abstention, detects
vagueness, calibrates domain attribution, and qualifies the generative output, all within a consistent
inferential framework. Importantly, it achieves these functions without relying on heuristics or hard-
coded decision trees [14-16,32,36,37].

From a practical standpoint, this evidential strictness positions the system for real-world
deployment in complex poultry production contexts [36,37]. It is relevant for high-stakes scenarios
where interpretive caution, traceable reasoning, and the ability to admit uncertainty are critical
requirements [2-5]

These findings reinforce the working hypothesis that integrating Logic Et with LLM and RAG
architectures enhances reliability and interpretability in decision-support scenarios. By enabling
structured self-assessment and evidential control, the system addresses key limitations of previous
approaches, particularly their brittleness in the face ambiguity or contradiction [8,11-13]. The
observed behaviors align with prior research on paraconsistent reasoning in uncertain environments
[32], while extending its application to high-level semantic workflows.
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4.3. Integrative Perspective: From Parameter Tuning to System Behavior

Taken together, the results from the tuning experiments and the stage-wise evaluations converge
on a complementary view: parameter tuning defined the conditions for stable and precise retrieval
and generation, while Logic Et qualified and constrained outputs under uncertainty. This integration
illustrates that robustness emerges not from isolated components, but from their interaction. It also
underscores that technical optimization alone is insufficient; without evidential reasoning, the system
would remain vulnerable to contradiction, while Logic Et itself depends on a calibrated retrieval
pipeline.

In this respect, the proposed framework diverges from recent LLM+RAG approaches. While
those systems improve contextual reasoning and factual grounding, they still rely on classical logic
assumptions and lack mechanisms to formally manage contradictory or incomplete evidence [8,11-
13]. By adding Logic Et, the present architecture introduces explicit evidential quantification and
structured self-assessment, enabling the system to qualify ambiguous inputs and outputs rather than
force binary resolutions [14-16,18]. This contrast clarifies that the contribution of the study is not a
replacement of existing RAG pipelines, but their extension with contradiction-tolerant reasoning,
oriented toward explainable and trustworthy decision support in poultry production.

4.4. Limitations and Future Work

While the system exhibited coherent and controlled behavior across all inference stages, some
important limitations must be acknowledged.

The experimental design relied on a restricted sample size and a limited evaluation scope, which
constrains the transferability of the findings. These experiments should therefore be regarded as
proof-of-concept trials to test the feasibility of combining LLMs and RAG with Logic Et under
controlled conditions, rather than as large-scale validation. In particular, the evaluation of chunk size
and overlap was restricted to a narrow set of parameter configurations and metrics, without
validation across different poultry production domains. Future work will expand the parameter
range and validate chunking strategies in multiple domains to improve robustness and
generalization.

Another limitation concerns the representativeness of the knowledge base used in the RAG
pipeline. The current corpus was intentionally restricted to a small and homogeneous set of
documents, which enabled controlled testing but limited the diversity of contexts and production
scenarios represented. This restriction may affect retrieval performance and response reliability. In
addition, domain classification was conducted by a single annotator without inter-rater validation,
and cross-domain materials were reduced to a dominant category. The block segmentation strategy,
optimized with synthetic QA data, has also not yet been validated for semantic integrity in long
technical documents. Future work should expand the knowledge base with more diverse sources
including manuals, scientific literature, regulatory guidelines, and field reports, while ensuring
balance across document types, timeframes, and regions. Multi-annotator validation and extended
segmentation assessments will also be incorporated to strengthen corpus reliability and semantic
fidelity.

The system has not yet been validated by domain experts nor tested in real production
environments. The current implementation should therefore be regarded as an early-stage prototype,
evaluated under controlled conditions. Next steps should prioritize participatory assessments with
poultry specialists and in-situ deployments to assess usability, robustness, and contextual
adaptability. From an operational perspective, deployment feasibility is constrained by available
computing resources. Performance testing, including stress scenarios, will be required to validate
scalability, and farms with limited infrastructure may still require hybrid cloud-based solutions.
Large-scale deployment will also require optimization to support thousands of concurrent queries
and integration with sensor-driven alarm systems, ensuring timely responses in intensive production
environments. Such evaluations are crucial for consolidating operational maturity and refining
evidential thresholds in response to practical decision-making demands. In parallel, future work may
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explore adaptive calibration strategies for domain boundaries and clarity thresholds, as well as
pathways for generalization beyond poultry production.

Finally, although evidential reasoning improved robustness against uncertainty and
contradictions, the system has not yet been stress-tested under adversarial, hostile, or multilingual
queries. These scenarios represent potential points of failure and should be included in future
evaluations to better characterize resilience beyond the controlled settings adopted here. Future work
will also include comprehensive comparisons with existing DSS approaches, as well as direct
baselines with standard RAG implementations such as Haystack and the LangChain default pipeline,
together with RAG+LLM systems without evidential reasoning, to contextualize the impact of the
proposed framework and preprocessing strategies.

5. Conclusions

This study demonstrated that integrating Large Language Models, Retrieval-Augmented
Generation, and Paraconsistent Annotated Evidential Logic Et enables the development of a
conversational, knowledge-based, and contradiction-tolerant decision-support system for poultry
production that remains interpretable and robust under uncertainty.

By embedding evidential reasoning at each stage of the conversational workflow, the Decision
Support Al-Copilot for Poultry Farming exhibited promising behavior in terms of semantic
alignment, inference under uncertainty, and domain attribution. The architecture avoided heuristic
shortcuts, relying instead on structured logical evaluation to manage ambiguous or borderline cases.
In this context, the present work contributes to the field of Al-based decision support in agriculture
by introducing an integrative, multi-domain, knowledge-grounded, and contradiction-tolerant
approach tailored to the specific demands of poultry production.

At the same time, the system should be regarded as a proof-of-concept prototype that
demonstrates the technical feasibility of integrating evidential logic with LLM-based reasoning.
Although the experiments were conducted under controlled conditions and with a restricted corpus,
the outcomes provide a solid foundation for subsequent validations in real production environments.
These results highlight the system’s potential for scalability and operational deployment while
consolidating its methodological contribution to explainable decision support.

Building on these results, this study also outlines a roadmap for expanding and validating the
framework across broader agricultural contexts. Future research may extend its scope to other
livestock systems, incorporate additional data modalities, and refine evidential thresholds based on
field feedback. In doing so, the research not only establishes a conceptual foundation but also defines
a practical agenda for advancing evidentially guided decision support in smart farming.
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