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Abstract: The growing global demand for animal protein, particularly chicken meat,
challenges poultry farming to adapt production systems through the adoption of digital
technologies. Among the promising advances in artificial intelligence (Al), large language
models (LLMs) hold potential to enhance decision-making in broiler production by sup-
porting environmental control through the interpretation of climatic data, the generation of
reports to optimize conditions, guidance on ventilation adjustments, recommendations for
thermal management, assistance in air quality monitoring, and the translation of simula-
tion results into actionable suggestions to improve bird welfare. For this purpose, the key
limitations of LLMs in terms of transparency, accuracy, precision, and relevance must be
effectively addressed. This study investigates the impact of retrieval-augmented generation
(RAG) on improving LLM precision and relevance for environmental control in broiler
production. Experiments with the OpenAI GPT-40 model and semantic similarity analysis
were used to evaluate response quality with and without RAG. The results confirmed
the approach’s effectiveness while identifying areas for improvement. A paired t-test
revealed significantly higher similarity scores with RAG, demonstrating its impact on
response quality. This study contributes to the field by advancing RAG-enhanced LLMs for
environmental control, addressing market demands by demonstrating how Al improves
decision-making for productivity and animal welfare, and benefits society by providing
small-scale producers with cost-effective and accessible solutions for actionable insights.

Keywords: retrieval-augmented generation (RAG); GPT; large language model (LLM);
smart poultry farming; precision livestock farming

1. Introduction

Global demand for animal protein, particularly poultry, has dramatically increased
due to economic growth and changing dietary preferences, especially in developing regions
across Asia and South America. As incomes rise, diets shift toward more frequent animal
product consumption, a trend expected to drive a 70% increase in demand by 2050 [1-3].
This growth places immense pressure on the livestock sector to scale production while
maintaining quality and safety standards. In response, the poultry industry has adopted
intensive farming practices, where high-density production is essential for meeting de-
mand. Intensive poultry farming now accounts for approximately 92% of global poultry
production, with countries like Brazil exemplifying this shift through large-scale, integrated
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systems involving over 50,000 producers who follow strict health and safety standards
regulated by large corporations [1-4]. While necessary, this transformation to high-density
production introduces new challenges in managing animal health, welfare, and environ-
mental conditions. High-density systems require strict biosecurity and environmental
management to prevent disease, maintain productivity, and comply with complex animal
welfare standards. Effective environmental control is vital for optimizing growth and
feed conversion efficiency while ensuring sustainable production practices. The poultry
industry has increasingly turned to smart poultry farming, a subset of precision livestock
farming (PLF) that utilizes digital technologies to automate and enhance monitoring and
management processes to address these challenges. This approach meets modern poultry
farming’s rigorous demands by improving productive efficiency, promoting animal welfare,
and supporting regulatory compliance [1,3,5-8].

In smart poultry farming, PLF systems typically perform three main functions: de-
tection and monitoring, data analysis, and decision-making. Detection and monitoring
technologies, such as IoT-based environmental sensors, gather extensive data on critical
parameters within the poultry house environment, including temperature, humidity, air
speed, and gas concentrations. While advancements in detection and monitoring are con-
siderable, the sheer volume of data produced presents significant challenges in the stages
of analysis and decision-making. Transforming this raw data into actionable insights that
producers can use for real-time adjustments is complex, often requiring advanced analytical
tools and expertise that may not be readily accessible to producers [7-11].

Previous work has demonstrated significant advancements in integrating machine
learning for real-time health and welfare monitoring in poultry farms, highlighting the
critical role of data-driven insights in precision livestock management. For example,
computer vision systems have been employed to monitor and predict broiler behaviors
and recognize stress-related conditions using technologies such as convolutional neural
networks (CNNs) and deep reinforcement learning. Additionally, Al techniques like neural
networks and support vector machines (SVMs) have been applied to analyze poultry
vocalizations and behaviors, achieving high accuracy in classifying activities and detecting
health or welfare issues [12-14]. Despite illustrating the potential of machine learning to
address key challenges in poultry farming, these efforts have focused mainly on isolated Al
applications with limited exploration of contextual knowledge to enhance decision-making.
Consequently, they fall short of adequately addressing the complexities of analysis and
decision-making stages, which often require sophisticated tools and expertise that are not
readily accessible to producers [14].

The current approach to addressing these challenges relies on expert consultants who
analyze data, respond to producers’ inquiries, provide guidance, and support decision-
making. While these specialists play an important role in interpreting complex datasets
and delivering tailored recommendations, their services are often expensive, limiting ac-
cessibility for small-scale producers. Moreover, consultancy typically relies on historical
data, resulting in outdated insights that reduce the efficiency and effectiveness of recom-
mendations, particularly in the fast-paced environment of poultry farming [10-15]. These
limitations underscore the need for innovative solutions to enable real-time, cost-effective,
and accessible decision-making support for producers.

To address these challenges, large language models (LLMs) are a promising technology
with significant potential to generate insights from extensive textual data, leveraging deep
learning and natural language processing (NLP) techniques. Built on the Transformer archi-
tecture, LLMs—such as OpenAl’s GPT, Google’s BERT, and Meta’s LLaMA—incorporate
attention mechanisms that enable efficient contextual understanding of complex linguis-
tic datasets [16-18]. These capabilities allow LLMs to summarize documents, generate
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reports, and answer questions, transforming raw data into intuitive insights supporting
decision-making across healthcare, education, finance, agriculture, media, and scientific
research [19-22].

In environmental control for broiler production, LLMs can support producers in
environmental control activities such as monitoring climatic variables by analyzing and in-
terpreting real-time data generated by sensors (e.g., temperature, humidity, and gasses) and
producing automated reports with recommendations. They can also assist in ventilation
control by diagnosing problems, interpreting sensor data, and suggesting possible causes
based on known patterns. They act as a configuration assistant that guides producers in
natural language on adjusting fans and evaporative panels based on environmental data
and best practices. Additionally, LLMs can aid in heat and cold management by provid-
ing suggestions and recommendations to optimize thermal management (e.g., adjusting
curtains or fan intensity) using analyses of environmental conditions and historical data.
They can support air quality analysis by interpreting gas concentration readings, issuing
alerts for unsafe levels, explaining how gas levels impact bird health and performance,
and providing solutions based on best practices, as well as generating automated reports
on air quality, linking ammonia or carbon dioxide levels to environmental conditions.
Finally, LLMs can assist producers in operational adjustments by interpreting and trans-
lating simulation results and offering detailed suggestions on priority actions to improve
environmental conditions.

Despite their promise, LLMs face substantial limitations that hinder their applicability
in critical domains like environmental management in broiler farming. Their “black box”
nature limits transparency, reducing user trust, particularly where verifiable justification
is required. Additionally, LLMs often lack contextual specificity, generating generalized
responses that fail to address the unique conditions of production sites. This limitation
becomes more pronounced in rapidly evolving fields, as models trained on static datasets
may provide outdated or irrelevant information. Finally, another critical concern is the
generation of hallucinations, where LLMs produce plausible but incorrect responses, further
undermining reliability [20,22,23].

To mitigate these shortcomings, techniques such as retrieval-augmented generation
(RAG) and prompt engineering have been proposed [24,25]. In the RAG approach, a ‘smart
retriever’ technology gathers data from external knowledge bases and the user’s query to
create enriched input (Figure 1). The LLM then leverages this input to generate accurate,
context-sensitive responses [26-28]. RAG proposes to enhance LLMs by integrating a
retrieval mechanism that provides relevant and up-to-date information during response
generation. This approach aims to improve transparency, mitigate traditional models ‘black
box’ limitations, and address key challenges such as outdated training data, hallucinations,
and limited accuracy [26-33].

Retrieval Phase Augmentation Generation Phase

Phase

User Query
Initiation

*The LLM
synthesizes a

*The user ¢The system *The system
submits a searches an combines
query seeking external retrieved data

response using
the augmented
input.

information. database for with the

relevant data. original query.

Figure 1. Schematic of the RAG Process Flow. Source: the authors.

However, RAG performance relies on the quality and relevance of the retrieved data,
and maintaining updated databases remains resource-intensive. Scalability is another
challenge, as computational costs and response times can limit real-time applications
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despite ongoing advancements in storage and retrieval mechanisms to improve their
efficiency and reliability [26,30].

Given these considerations, this study employs an experimental design to investigate
whether the RAG technique enhances the precision and relevance of LLM-generated
responses for environmental control in broiler poultry farming. We hypothesize that RAG
will improve LLM performance by providing contextual information, enabling producers
to make informed decisions. The research framework ensures reliable conclusions through
controlled variables and reproducible methodologies.

This study contributes to science by advancing RAG-enhanced LLMs for environmen-
tal control, demonstrating how Al improves the precision and reliability of decision-making
in critical applications such as poultry farming. It addresses market demands by provid-
ing a practical framework that supports the poultry industry in enhancing productivity,
animal welfare, and regulatory compliance. Additionally, it benefits society by bridging
the knowledge gap for small-scale producers, offering cost-effective, accessible, and ac-
tionable insights to improve operations without requiring expert consultancy or advanced
technical expertise.

2. Materials and Methods

This study employs an experimental design to assess the impact of the RAG technique
on the quality of responses generated by an LLM. By introducing RAG as a variable, the
experiment measures its effect on the semantic similarity index, quantifying the responses’
accuracy and relevance. Responses with and without RAG are compared under controlled
conditions to evaluate how contextual augmentation influences semantic alignment.

To achieve this, the methodology is structured into three main phases (Figure 2):
database creation, experimental execution, and comparative analysis. These phases evalu-
ate the effectiveness of RAG in improving the precision and relevance of LLM-generated
responses within the domain of environmental control in broiler poultry farming.

Database Creation Experimental Comparative Analysis

eSelection of Articles: Execution Semanﬁ.c Similarity

«Database Construction Response Generation Evaluat]c?n o

«Prompting and Data > | with and without 5| *Semantic Su'mlanty
Generation RAG Assessment:

¢ Alignment Check eExecution of Prompts *Statistical Analysis

Figure 2. Schematic flow of the research approach. Source: the authors.

The structured methodology, including tools, datasets, and computational frameworks,
supports the replication of this experiment.

2.1. Technologies

We selected Python version 3.13 for this experiment due to its versatility, extensive
library ecosystem, and strong support for NLP and machine learning applications. Lla-
malndex and LangChain were adopted to implement RAG and non-RAG models. At the
same time, FAISS was used to store, index, and retrieve high-dimensional vectors efficiently,
enabling fast and accurate retrieval of relevant information to enhance the RAG process.
Additionally, we utilized OpenAl’s ChatGPT-40 model, recognized for its state-of-the-art
natural language understanding and generation capabilities and its compatibility with
RAG frameworks to improve response accuracy [19].
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2.2. Database Creation

The database aims to organize and store all relevant information necessary for exe-
cuting all experiment phases to evaluate RAG’s effectiveness in improving the response’s
accuracy.

2.2.1. Selection of Article

Initially, we conducted a targeted literature review to identify recent studies on envi-
ronmental control in broiler poultry farming. We used the following query string in the
Scopus and Web of Science databases to identify relevant studies on environmental control
in broiler production:

TITLE-ABS-KEY (“broiler chickens” OR “broiler production” OR “broiler houses”
OR “poultry house” OR “broiler chicken barns”) AND (TITLE-ABS-KEY (“environmental
control” OR “environmental management” OR “climate control” OR “air quality”) AND
TITLE-ABS-KEY (“ventilation” OR “temperature” OR “humidity” OR “gas emissions” OR
“NH;3” OR “ammonia” OR “CO,"” OR “carbon dioxide” OR “CO” OR “carbon monoxide”
OR “H;S” OR “hydrogen sulfide”) AND TITLE-ABS-KEY (“welfare” OR “comfort” OR
“performance” OR “productivity”)) AND PUBYEAR > 2019 AND PUBYEAR < 2023 AND
(LIMIT-TO (SUBJAREA, “AGRI”) OR LIMIT-TO (SUBJAREA, “VETE”) OR LIMIT-TO
(SUBJAREA, “ENVI”)) AND (LIMIT-TO (LANGUAGE, “English”))

This query is structured to capture articles focused on broiler chicken production
(including terms like “broiler houses” and “poultry house”) with a strong emphasis on
environmental control aspects (e.g., ventilation, temperature, humidity, and gas emissions).
It also targets research on animal welfare, performance, and productivity, reflecting the
multi-dimensional impacts of environmental factors on broiler farming. The search is
limited to studies published between 2020 and 2023 and includes relevant subject areas:
agriculture and veterinary and environmental science.

The cut-off date was set because the GPT-40 model was trained with data up to
2023 [16]. This limitation was intentionally established to avoid creating a scenario where
the RAG approach would naturally perform better, as the LLM would not have access
to articles published beyond 2023. By excluding more recent materials, the comparison
ensures a fair evaluation of RAG’s effectiveness.

We selected a sample of the ten most-cited articles from the search results. This
citation-based sampling approach ensured that our dataset included high-impact studies
widely recognized within the field, likely to offer comprehensive and relevant insights into
environmental control in broiler production.

Our targeted search identified the ten most-cited articles on environmental control in
broiler farming to form our dataset. Table 1 lists these selected articles, which serve as the
foundation for evaluating the effectiveness of RAG in enhancing response accuracy.

Table 1. Selected sources, article identification (DOI), and the number of citations received.

Source Digital Object Identifier (DOI) Cited by
Bist et al. [34] 10.1016/j.jenvman.2022.116919 52
Bloch et al. [35] 10.1016/j.biosystemseng.2019.08.011 28
Costantino et al. [36] 10.1016/j.biosystemseng.2020.01.002 25
Costantino et al. [37] 10.3390/ani10091539 24
Ahmadi Babadi et al. [38] 10.1016/j.compag.2021.106677 21
Lietal. [39] 10.3390/ani10122252 21
Al Assaad et al. [40] 10.1016/j.biosystemseng.2021.01.002 18
Soliman et al. [41] 10.17582/JOURNAL.AAVS/2020/8.9.997.1008 17
Peng et al. [42] 10.1016/j.psj.2021.101587 15

Source: the authors.
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2.2.2. Database Construction

We created a structured database based on scientific articles about environmental
control in broiler chicken farming. This database stored all the necessary information to
evaluate the effectiveness of RAG in improving response accuracy (Table 2).

Table 2. Database columns.

Column Description
Article Citation Identifies the source of the article.
Page Number Specifies the page from which the question was derived.
Full Text of the Page ~ Contains the full text of the page used to generate the question.
Question Contains the question derived from the specified page.

Provides an interpretive response that captures the implied
Correct Answer ; L
meaning within the context of the text.
Original Text
Answering the Extracts the direct answer as stated in the article.

Question

2.2.3. Prompting and Data Generation

To generate questions that would be answered by the LLM both without and using the
RAG technique, we created questions using each of the selected articles. For this purpose,
we utilized OpenAl’s ChatGPT-4o based on the GPT-40 model.

We developed a set of tailored prompts to generate questions from each article. The
primary prompt outlined the task’s objective, specifying that the questions be generated
from scientific articles according to specific criteria. First, they should be relevant to broiler
producers, addressing genuine concerns, challenges, or curiosities related to environmental
control in poultry farming. Second, the questions should align with the page content,
ensuring they can be answered using the information explicitly or implicitly available on
the specific page. Additionally, the questions should be clear, simple, concise, and free
of overly technical jargon while maintaining accuracy and professionalism. A practical
focus should also be emphasized, prioritizing actionable information producers can use
to improve farm management or decision-making. To ensure broad applicability, the
questions should avoid references to paper-specific terminology, methodologies, or findings,
instead generalizing the content into a form relatable to the producer’s context. Finally,
the questions should be designed to encourage meaningful responses through open-ended
exploration or contextualizing specific issues. Adhering to these guidelines ensured that
the generated questions were realistic, practical, and aligned with the intended purpose of
evaluating LLM performance in addressing practical queries.

The article input prompt provided the scientific article in PDF format. Finally, the
iterative question-generation prompts repeated for each page to create a question for each
page in each article.

An initial set of 133 questions was generated by these prompts and was saved in
the experiment database. The results reflect the state of the Scopus and Web of Science
databases as of October 2024, when the searches were executed.

2.2.4. Alignment Check of Generated Questions

We checked the adherence of each generated question with the established guidelines
to ensure that they aligned with the intended purpose of evaluating the LLM’s performance
in dealing with practical questions. At the end of this process, a set of 100 questions was
selected for the experiments.



AgriEngineering 2025, 7,12

7 of 15

2.3. Experimental Execution: Response Generation with and Without RAG

To evaluate the performance of the GPT-40 model in terms of responding to the
100 queries related to environmental control in broiler poultry farming, we developed a
Python-based program using advanced NLP techniques and the RAG framework (Figure 3).
The program, built on the LangChain framework, facilitated the comparison of responses
generated with and without RAG to analyze the impact of contextual information on
response accuracy.

0008 O romuwe

x 4

C | ® hupin27.0.0.:50000formAnalysis 000 & @ :

Analysis of GPT-Generated Responses

Database
with  without
Id Generated Question Reference Answer RAG RAG
1 | How can poultry producers Poultry producers can maintain optimal thermal environments and indoor air quality by implementing sustainable | ok ok
maintain optimal thermal ventilation designs that utilize passive cooling techniques such as direct evaporative cooling (DEC). This includes
environments and indoor air quality | ensuring temperatures remain between 20-24 °C and relative humidity levels stay within 50-70%. Additionally,
far their flocks in hot climates? effective air distribution systems, such as mixed ventilation or tunnel ventilation, can help dilute harmful gases
like CO2 and NH3 to safe levels.
2 | What are the benefits of using a SampleThe dew-point indirect evaporative cooling (DPIEC) system provides several advantages over the direct | ok | ok
dew-point indirect evaporative evaporative cooling (DEC) system, including: Greater Cooling Capacity: DPIEC can cool the supply air below its
cooling (DPIEC) system over a wet bulb temperature without increasing moisture levels, making it more effective in high humidity conditions.
direct evaporative cooling (DEC) Lower Supply Flow Rate: It can achieve the required cooling and indoor air quality (IAQ) at a lower air supply flow
system in poultry houses? rate, which reduces energy and water consumption. Improved Thermal Sensation: Studies have shown that
DPIEC enhances birds' thermal comfort more effectively than DEC, particularly during hotter months.
3 | What are the recommended The recommended temperature levels for maintaining optimal conditions for laying hens in a poultry house are ok ok

Selected Question GPT-4o Results Similarity
Generated Question with RAG with RAG
How can poultry producers maintain optimal thermal Poultry producers can maintain optimal thermal 0,951332211494446
environments and indoor air quality for their flocks in environments and indoor air quality for their flocks in

hot climates?

hot climates by implementing sustainable ventilation

Reference Answer without RAG without RAG
Poultry producers can maintain optimal thermal Maintaining optimal thermal environments and 0,832019805908203
environments and indoor air quality by implementing indoor air quality for poultry in hot climates can be
sustainable ventilation designs that utilize passive challenging but is crucial for the birds' health,

Submit question

Figure 3. GPT-40 and RAG implementation user print screen interface. Source: the authors.

The evaluation involved generating responses for each query under two distinct
conditions. In the first condition, without RAG, the model was provided with only the
question and minimal guidance (basic prompt). In the second condition, with RAG, the
model received both the question and the full-text page containing relevant contextual
information (contextual prompt).

To implement the system, we used a two-step pipeline. First, we created a vector
store using the FAISS library, where documents were converted into dense embeddings
via OpenAl’s embedding model to enable efficient similarity-based retrieval. Second, we
constructed a conversational chain by integrating the GPT-40 model with the retrieval
mechanism and a memory module. The retrieval system fetched relevant documents from
the vector store based on user queries, while the memory module preserved dialog context
across multiple interactions.

The generated responses were stored in the database for further analysis. Each re-
sponse was recorded in one of two dedicated columns: response_without_RAG and re-
sponse_with_RAG. This structured approach facilitated a direct comparison between the
two types of responses, allowing subsequent steps to assess their similarity.

2.4. Comparative Analysis: Semantic Similarity Evaluation

In NLP, evaluating semantic similarity is crucial for information retrieval, question-
answering, and summarization tasks. Semantic similarity measures how closely two textual
elements convey related meanings, focusing on ideas rather than exact word matches [32].
Techniques for measuring have evolved from basic methods like Jaccard and cosine sim-



AgriEngineering 2025, 7,12

8 of 15

ilarity to word embeddings such as Word2Vec, GloVe, and FastText, which represent
words in vector spaces but lack sentence-level context. Transformer models like BERT and
RoBERTa improved contextual understanding but at high computational costs. Sentence-
BERT (SBERT) addressed this by combining BERT’s contextual capabilities with efficiency,
producing sentence-level embeddings optimized for semantic similarity tasks [33].

2.4.1. Semantic Similarity Assessment

We used semantic similarity as a metric to evaluate the responses generated by the
model under RAG and non-RAG conditions. We employed the SentenceTransformer
model to compute semantic similarity, specifically the pre-trained paraphrase-multilingual-
MiniLM-L12-v2, designed to generate sentence embeddings. This model was selected for
its ability to work across multiple languages, including English, and its effectiveness in
representing the semantic meaning of sentences.

This approach allowed us to quantitatively assess how closely the responses generated
by the model align with the expected answers. By comparing cosine similarity scores across
RAG and non-RAG responses, we could evaluate the impact of contextual retrieval on
the model’s ability to generate semantically accurate answers. This step was critical for
determining the effectiveness of RAG in improving the relevance and accuracy of responses
in the domain of environmental control in broiler poultry farming.

The process involved three main steps. First, each sentence was passed through the
model using the encoding method, which converted the text into a dense numerical vector,
or embedding, to capture its semantic meaning. Second, the resulting embeddings were
transformed into tensors, a data structure optimized for mathematical operations and
essential for performing similarity computations. Finally, the semantic similarity between
two sentences was calculated using the cosine similarity index, a standard metric for
comparing high-dimensional vectors such as sentence embeddings. This index measures
the cosine of the angle between two vectors, with values ranging from —1 to 1, where
1 indicates semantically identical sentences, 0 indicates no semantic similarity, and —1
indicates semantic opposition (a rare outcome in such tasks) [32,33].

For the present study, we established three thresholds to categorize performance based
on similarity scores. Responses with a similarity score between 0.0 and 0.6 were classified
as having low similarity. These responses exhibited minimal alignment with the original
text, with key concepts either missing, imprecisely represented, or significantly divergent
from the source content. Linguistic and structural elements also showed notable deviations.
Responses with a score between 0.6 and 0.8 were categorized as moderate-similarity. These
responses partially aligned with the original text, reflecting some key concepts but with
notable omissions or inaccuracies. Variations in language and structure were evident,
and extraneous information not present in the original text could be included. Finally,
responses with a similarity score between 0.8 and 1.0 were classified as high-similarity.
These responses closely mirrored the original text, accurately capturing primary ideas and
concepts. Language and structural organization were either highly consistent with the
source material or appropriately adapted while maintaining fidelity without introducing
significant inaccuracies or unrelated information.

2.4.2. Statistical Analysis

To evaluate the impact of the RAG technique on response quality, we analyzed the
semantic similarity scores of response sets with and without RAG. Descriptive statistics
summarized overall performance and variability. A line plot illustrated trends in similarity
scores across all questions, with performance ranges visually represented. A histogram
was generated to compare the frequency distributions of similarity scores, and a difference
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plot highlighted the degree of improvement across questions. Finally, boxplots were used
to illustrate the distributions of similarity scores for visual comparison.

We also compared the statistical results between the two conditions and calculated the
difference between scores with and without RAG to quantify the degree of improvement.
Additionally, we determined the proportion of cases where RAG enhanced similarity
scores. A paired t-test was conducted to assess the statistical significance of the observed
differences. Together, these analyses provided a comprehensive evaluation of the RAG
technique’s effectiveness in improving the semantic relevance of the generated responses.

3. Results
3.1. Descriptive Analysis

The analysis confirms the improvement in the performance of the RAG technique,
highlighting its positive impact (Table 3). The increase in the median similarity index
indicates that RAG consistently improved most responses in this dataset. Specifically, the
average and the median similarity index with RAG compared without RAG represents a
percentage increase of 13.45% for the mean and 12.68% for the median, demonstrating a
consistent enhancement in semantic similarity when RAG is applied.

Table 3. Measures of central tendency.

Similarity Without Similarity with

Measures RAG RAG Difference
Mean 0.6369 0.7713 ~0.1345
Median 0.6569 0.7836 ~0.1268
Standard deviation 0.1660 0.1192 ~—4.68

Source: the authors.

The higher standard deviation for similarity indices without RAG reflects more signif-
icant variability in the results, suggesting that the model’s performance is less consistent
when relying solely on internal knowledge. Conversely, the lower standard deviation for
similarity indices with RAG indicates that the technique improves the average similarity
scores and stabilizes the results by 4.68%. RAG appears to act as a normalizing factor, reduc-
ing variability in the similarity indices and providing more consistent, semantically aligned
responses. This consistency supports the hypothesis that RAG enhances the generated
responses’ quality and reliability.

3.2. Statistical Validation of RAG’s Effectiveness

The paired t-test revealed a statistically significant difference between the similarity
indices of responses generated with and without RAG (t = —7.610, p-value = 1.63 x 10~ !1).
The negative t-value indicates that, on average, similarity scores with RAG were signifi-
cantly higher than those without RAG. The extremely small p-value demonstrates that the
likelihood of this difference being due to chance is negligible, allowing us to confidently
reject the null hypothesis that there is no significant difference between the two groups.

These results confirm that the observed improvement in similarity indices with RAG
is not a random fluctuation but an actual effect. Combined with the descriptive statistics
and visual analyses, these findings reinforce the conclusion that RAG consistently enhances
semantic alignment in generated responses, further validating its effectiveness as a retrieval-
based augmentation technique.

3.3. Similarity Comparison

Figure 4 illustrates the similarity index for responses generated with and without the
RAG technique across all questions.
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Figure 4. Similarity index comparison, without RAG vs. with RAG. Source: the authors.

Figure 4 shows the overall positive impact of RAG, with responses using RAG gen-
erally achieving higher similarity scores than those without it. Responses without RAG
predominantly fall into the low-similarity range, while those with RAG are more frequently
distributed across the moderate- and high-similarity ranges, reflecting improved align-
ment with the source content. However, RAG’s performance is not consistently excellent.
Around 10% of RAG-generated responses fall below the low-similarity threshold, and
only about 30% reach the high-similarity range. The majority, approximately 60%, fall
within the moderate-similarity range, indicating partial alignment with some omissions or
inaccuracies. Additionally, in 12% of cases, responses without RAG outperformed those
with RAG, suggesting that RAG is not always the optimal solution. These results highlight
RAG’s potential and limitations, emphasizing the need for further refinement to achieve
more consistent, high-quality performance.

3.4. Impact of RAG

The bar graph (Figure 5) indicates the positive impact of RAG by presenting the
differences between similarity indices with and without RAG (i.e., the similarity index
with RAG minus the index without RAG), with 88% of the differences being positive,
confirming RAG’s effectiveness in improving semantic similarity. This result aligns with
earlier analyses, such as the boxplot and histogram, which showed higher medians and a
concentration of RAG responses in higher similarity ranges. The 12% of negative differences
indicate cases where RAG underperformed, likely due to specific question or reference text
characteristics, but these losses had smaller magnitudes, minimizing their overall impact.
Positive differences often exceeded 0.4, highlighting significant gains for specific responses,
while the majority of bars above the reference line (y = 0) underscore the consistency of RAG
in enhancing semantic alignment. These findings confirm that RAG improves response
quality and stability across most cases while identifying areas for further refinement to
address the few cases where RAG was less effective.

3.5. Distribution

The histogram in Figure 6 provides a detailed comparison of the similarity indices
for responses generated with and without RAG, revealing distinct distribution patterns.
Responses with RAG are more concentrated in higher similarity ranges, with a tighter
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distribution and reduced variability, indicating a more consistent performance. In con-
trast, responses without RAG are more dispersed, with a higher concentration in the
intermediate range and limited representation above 0.8, reflecting greater variability and
lower alignment with the source content. This aligns with the descriptive analysis, which
showed higher mean and median similarity indices for RAG responses than non-RAG
responses. Additionally, the similarity comparison graph and the histogram highlight
RAG'’s stabilizing effect, shifting the distribution toward higher values.

Differences between Similarities With and Without RAG

-- No Difference

0.6 1

0.4 4

0.2 1

nJﬂuH L] L i 1 0
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Figure 5. Differences between the similarity rate with RAG and without RAG. Source: the authors.
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Figure 6. Differences between the frequencies of similarity indices with RAG and without RAG.
Source: the authors.

However, limitations remain evident: approximately 10% of RAG responses fall below
0.6, only 30% achieve high similarity (0.8-1.0), and around 12% of non-RAG responses
outperform RAG responses. These findings confirm that while RAG improves response
quality and consistency overall, its effectiveness varies, leaving room for further refinement.

The boxplot in Figure 7 highlights differences in the distribution of similarity indices
for responses generated with and without the RAG technique. The median similarity index
for responses with RAG is visibly higher than those without RAG, confirming that most
responses with RAG achieve better alignment with the source content. This finding is
consistent with the descriptive analysis, which showed higher mean and median values for
RAG responses than without RAG responses.

The smaller interquartile range (IQR) for RAG responses indicates reduced variability
among the central 50% of scores, indicating a more consistent performance. In contrast, the
larger IQR for responses without RAG reflects greater dispersion and inconsistency, as also
seen in the similarity comparison graph and histogram, where non-RAG responses showed
broader variability and a higher concentration of lower similarity scores. Additionally,
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while responses with RAG exhibit more outliers, these are concentrated in higher similarity
ranges, suggesting occasional high-performing cases. Conversely, the outliers for responses
without RAG occur in much lower similarity ranges, underscoring poor alignment and
significantly lower response quality.

10

T

0.8 1

e
=l
L

Similarity Index
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0.29 o

e

T T
Without RAG With RAG

Figure 7. Boxplot comparison of the distributions considering the similarity indices with and without
RAG. Source: the authors.

The histogram also supports this observation, showing a denser concentration of RAG
responses in higher similarity ranges and non-RAG responses more scattered in interme-
diate ranges. These results reinforce the conclusion that RAG improves both the average
similarity scores and the consistency of responses, although occasional limitations remain.

The results indicate the effectiveness of the RAG technique in enhancing the semantic
similarity of generated responses. Across all analyses, RAG consistently outperformed
the non-RAG approach, as evidenced by higher mean and median similarity indices and
reduced variability, with a decrease in standard deviation. The paired t-test confirmed
these improvements’ statistical significance, reinforcing that the observed gains were not
due to random chance. The graph analysis highlighted the concentration of RAG responses
in higher similarity ranges, demonstrating improved accuracy and greater consistency.
It further revealed that 88% of cases showed positive gains with RAG, with significant
improvements in some cases exceeding 0.4.

4. Discussion

In the present study, the results demonstrated the potential of RAG to enhance the
accuracy and relevance of LLM-generated responses in environmental control for broiler
poultry farming. The findings supported our hypothesis that RAG would improve LLM
performance by providing contextual information to support informed decision-making.
Integrating RAG with LLMs demonstrated potential by improving contextual alignment, as
evidenced by a 13.45% increase in mean similarity scores. Since PLF in broiler production
relies on detection, monitoring, analysis, and decision-making to ensure productivity and
welfare [2,3], these enhancements are crucial for addressing complex environmental data
and supporting real-time decision-making [3,8].

Despite these encouraging results, some limitations were observed. In 12% of cases,
responses without RAG outperformed those with RAG, indicating that retrieval quality
and relevance can occasionally hinder performance. This highlights the need to enhance
retrieval mechanisms and ensure external knowledge bases remain current and comprehen-
sive [25,26]. Computational costs and scalability are also important challenges, particularly



AgriEngineering 2025, 7,12

13 of 15

for high-density poultry production, where real-time decision-making demands both effi-
ciency and reliability [11].

The findings also emphasize the practicality of RAG for small-scale producers, offering
a cost-effective alternative to traditional consultancy services. By retrieving and integrating
relevant knowledge, RAG-equipped LLMs ensure more dynamic and tailored support,
making real-time environmental control adjustments feasible even in resource-limited
settings [26-30].

From a practical perspective, the enhanced performance of RAG has clear implications
for the poultry industry. Its ability to deliver consistent, context-sensitive insights into
environmental variables, such as temperature, humidity, and ammonia levels, supports
producers in maintaining optimal conditions for animal welfare and productivity. Fur-
thermore, RAG addresses key industry challenges by analyzing sensor data, generating
reports, optimizing ventilation, managing thermal conditions, and monitoring air quality,
providing actionable insights that improve productivity and bird welfare.

The controlled variables and reproducible methodologies used in this study further
ensured the validation of the hypothesis by isolating the impact of RAG on response quality.
The improvement in semantic similarity demonstrates that integrating relevant external
knowledge into LLM workflows leads to more precise and context-sensitive outputs. These
findings underscore the effectiveness of RAG in overcoming common limitations of LLMs,
such as generalized responses and reliance on static training data [2,3,16-18].

In conclusion, the results confirm our initial hypothesis, demonstrating that RAG
improves LLM performance by providing contextual information. While some areas require
refinement, the observed improvements validate the viability of RAG as a transformative
tool for modern poultry farming.

5. Conclusions

The present study demonstrates the effectiveness of integrating RAG with LLMs to
enhance decision-making and improve environmental control in broiler poultry farming.
The findings highlight RAG’s capacity to improve the semantic accuracy and contextual
relevance of LLM responses, making it a promising approach for addressing the com-
plex challenges of high-density poultry production systems. The statistical and semantic
analyses confirmed that RAG reduces variability and enhances LLM response consistency,
enabling producers to make data-driven adjustments informed by LLM answers and
analysis, optimizing animal welfare and productivity.

Despite these promising results, there is still room for improvement. Challenges
in managing retrieval quality, addressing inconsistencies in retrieved information, and
ensuring scalability underscore the need for continued refinement of RAG frameworks.

Beyond its immediate benefits, integrating RAG into LLM workflows offers a scalable
and cost-effective solution for supporting small-scale producers who often lack access to
expert consultancy. By bridging the gap between raw sensor data and actionable insights,
RAG-equipped LLMs demonstrate significant potential to transform environmental man-
agement practices, fostering sustainability and regulatory compliance in broiler farming.

Future research should focus on enhancing the precision and reliability of RAG by
addressing uncertainties in retrieved information and incorporating non-classical logic,
such as Fuzzy and Paraconsistent Logic, to handle variability and ambiguity in data.
Exploring alternative metrics—perplexity, precision, and factual accuracy—could provide
deeper insights into RAG performance. Comparative studies with other LLMs, including
models from different providers, would also establish valuable benchmarks for scalability
and generalizability. Another promising avenue lies in integrating sensor data from poultry
houses with RAG-enabled knowledge bases, generating real-time, context-sensitive insights
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to advance precision livestock farming further. Such developments would solidify RAG’s
role as a transformative tool for improving environmental control and decision-making in
modern agriculture.
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