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RESUMEN

En el contexto de las compras públicas en Ecuador, donde la transparencia y la equidad son
fundamentales, este estudio aborda el desafío de identificar comentarios acusatorios realizados por los
proveedores durante la etapa de preguntas y respuestas en los procesos de licitación. Se recopilaron un
total de 5,005 frases del portal de compras públicas, de las cuales solo 147 fueron etiquetadas como
acusatorias, evidenciando un desbalance significativo entre clases. Se evaluaron cuatro modelos de
lenguaje de gran escala (LLMs): ChatGPT 4o-mini, Llama 3.1 (8B y 70B) y PHI 3.5 mini, utilizando
técnicas avanzadas de prompting como greedy search y beam search. Los resultados muestran que
ChatGPT 4o-mini logró el mejor desempeño, con un AUC de 0.97222 y un recall del 96.55% para la
clase acusatoria, seguido de cerca por Llama 3.1 8B con un AUC de 0.96099 y un recall del 93.10%.
Aunque Llama 3.1 70B presentó un rendimiento competitivo con un AUC de 0.94611 y un recall del
90.00%, sus resultados se vieron influenciados por el tamaño del modelo, lo que requirió el uso de
técnicas de optimización de recursos, como la cuantización a 4 bits y la reducción de la ventana de
contexto. PHI 3.5 mini mostró un rendimiento significativamente inferior, con un recall del 75.86%. A
pesar del liderazgo de ChatGPT, se recomienda Llama 3.1 8B debido a su desempeño comparable
y su naturaleza de código abierto, que permite su implementación en infraestructura local sin los
costos asociados al uso de API. Este estudio destaca la importancia de los modelos de lenguaje en
la detección temprana de posibles irregularidades en las compras públicas, ofreciendo un enfoque
escalable y eficiente para mejorar la transparencia y la supervisión gubernamental en Ecuador.

Palabras clave: LLM, búsqueda codiciosa, búsqueda en haces, Chat-GPT, Llama, PHI.
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ABSTRACT
In the context of public procurement in Ecuador, where transparency and fairness are essential,

this study addresses the challenge of identifying accusatory comments made by suppliers during the
question-and-answer stage of bidding processes. A total of 5,005 phrases were collected from the
public procurement portal, of which only 147 were labeled as accusatory, highlighting a significant
class imbalance. Four large language models (LLMs) were evaluated: ChatGPT 4o-mini, Llama 3.1
(8B and 70B), and PHI 3.5 mini, leveraging advanced prompting techniques such as greedy search
and beam search. The results show that ChatGPT 4o-mini achieved the best performance, with an
AUC of 0.97222 and a recall of 96.55% for the accusatory class, followed closely by Llama 3.1 8B
with an AUC of 0.96099 and a recall of 93.10%. Although Llama 3.1 70B demonstrated competitive
performance with an AUC of 0.94611 and a recall of 90.00%, its results were influenced by the
model’s size, necessitating the use of resource optimization techniques such as 4-bit quantization
and a reduction in the context window. PHI 3.5 mini showed significantly lower performance, with a
recall of 75.86%. Despite ChatGPT’s leadership, Llama 3.1 8B is recommended due to its comparable
performance and open-source nature, which allows implementation on local infrastructure without
the costs associated with API usage. This study highlights the importance of language models in
the early detection of potential irregularities in public procurement, offering a scalable and efficient
approach to enhance transparency and government oversight in Ecuador.

Key words: LLM, greedy search, beam search, Chat-GPT, Llama, PHI.
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Smart Citizen Control of Public Procurement in
Ecuador: Classification of accusatory comments from
“Sistema Oficial de Contratación Pública del Ecuador

(SOCE)” using LLMs
Felipe Grijalva, Senior Member, IEEE, Bryan Núñez, Member, IEEE,

Abstract—In the context of public procurement in
Ecuador, where transparency and fairness are essen-
tial, this study addresses the challenge of identifying
accusatory comments made by suppliers during the
question-and-answer stage of bidding processes. A
total of 5,005 phrases were collected from the public
procurement portal, of which only 147 were labeled as
accusatory, highlighting a significant class imbalance.
Four large language models (LLMs) were evaluated:
ChatGPT 4o-mini, Llama 3.1 (8B and 70B), and PHI 3.5
mini, leveraging advanced prompting techniques such
as greedy search and beam search. The results show
that ChatGPT 4o-mini achieved the best performance,
with an AUC of 0.97222 and a recall of 96.55% for the
accusatory class, followed closely by Llama 3.1 8B with
an AUC of 0.96099 and a recall of 93.10%. Although
Llama 3.1 70B demonstrated competitive performance
with an AUC of 0.94611 and a recall of 90.00%, its results
were influenced by the model’s size, necessitating the
use of resource optimization techniques such as 4-bit
quantization and a reduction in the context window.
PHI 3.5 mini showed significantly lower performance,
with a recall of 75.86%. Despite ChatGPT’s leadership,
Llama 3.1 8B is recommended due to its comparable
performance and open-source nature, which allows
implementation on local infrastructure without the costs
associated with API usage. This study highlights the
importance of language models in the early detection of
potential irregularities in public procurement, offering a
scalable and efficient approach to enhance transparency
and government oversight in Ecuador.

Index Terms—LLM, greedy search, beam search, Chat-
GPT, Llama, PHI

I. Introduction

IN Ecuador, the context of public procurement
is a critical area that demands high levels

of transparency and fairness to ensure that con-
tracting processes are just and accessible to all
interested suppliers. However, the country faces
significant challenges in this area, as evidenced by
its position in the 2023 Corruption Perceptions In-
dex, where it ranked 115th globally [1]. Limitations

F. Grijalva and B. Núñez are with Universidad San Francisco de
Quito USFQ

in transparency mechanisms have allowed corrupt
activities and unfair practices to go unnoticed,
undermining trust in public institutions [2]. This is-
sue is particularly concerning during the question-
and-answer phase in public tenders, where sup-
pliers, rather than merely asking questions, may
express concerns or suspicions of favoritism, bias,
and other irregularities in the bidding process [3].

In collaboration with the Universidad San Fran-
cisco de Quito (USFQ) and the German Develop-
ment Cooperation (GIZ), Kapak was developed—a
web portal designed to analyze public procurement
data and detect potential corruption risks [4].
However, Kapak has certain limitations, as its
corruption risk indicators are only calculated
after the information has been captured and
processed, often resulting in delayed interventions
by authorities. This project aims to enhance early
detection capabilities by integrating advanced
language models for comment analysis, which
could reveal potential signs of corruption before
they escalate into major issues.

In this context, large language models (LLMs)
such as ChatGPT 4o-mini, Llama 3.1 (8B and
70B), and PHI 3.5 mini have become powerful
tools for text analysis and classification. To op-
timize generation and classification, techniques
like greedy search and beam search are utilized,
enabling these models to select the best word
sequences based on their probability. These decod-
ing techniques have proven effective in enhancing
coherence and accuracy in response generation,
maximizing efficiency in tasks requiring natu-
ral language analysis [5], [6]. Additionally, 4-bit
quantization in models like Llama 3.1 70B has
facilitated the reduction of computational resource
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usage, allowing these models to be employed
in hardware-constrained environments without
significantly compromising performance [7].

The challenge lies in the accurate and efficient clas-
sification of statements made by suppliers on the
public procurement portal, where some questions
may contain direct or indirect accusations regard-
ing the impartiality of the process. To address
this issue, 5,005 statements were collected and
labeled as accusatory or non-accusatory. These
statements capture not only the literal content but
also the nuances of Ecuadorian language, including
sarcasm, double meanings, and other expressions
that may reflect potential accusations of bias or
favoritism.

The primary objective of this project is to develop
a robust classifier model capable of automatically
and accurately identifying accusatory comments
in real time. This capability will enable early
detection of potential signs of corruption, fa-
cilitating quicker interventions and improving
transparency in public procurement processes in
Ecuador. By optimizing the automated analysis
of these comments, the project aims not only to
increase the efficiency of government oversight
but also to strengthen the trust of suppliers and
the public in the integrity of public contracting
processes.

II. Prior Works

The project presented by Torres Berrú [8] employs
data mining and natural language processing
techniques to identify patterns of overpricing and
favoritism in public contracts in Ecuador. This
approach is primarily based on the quantitative
analysis of structured data to detect irregular-
ities in contracting processes. In contrast, my
research utilizes large language models (LLMs)
such as ChatGPT and Llama, leveraging advanced
prompting techniques (like greedy search and
beam search) to analyze textual comments made
by suppliers during the question-and-answer stage.
Unlike Torres Berrú’s numerical approach, my
project focuses on interpreting qualitative content,
capturing linguistic nuances such as sarcasm and
indirect accusations that may go unnoticed in
traditional analyses based solely on quantitative
data.

The study "Automatic Procurement Fraud Detec-
tion with Machine Learning" [9] applies neural net-
works to detect fraud in procurement processes by
using quantitative features of transactions within
a specific business environment (SF Express).
While this approach relies on binary classification
algorithms to identify suspicious patterns, my
project goes further by focusing on the classi-
fication of textual comments in the context of
public procurement in Ecuador. Here, the analysis
is not limited to predefined data but leverages
prompting techniques in LLMs to interpret the
implicit meanings within suppliers’ comments,
enabling the identification of potential signs of
corruption in real time through a more contextual
and linguistic approach.

Finally, the article "A Machine Learning Model
to Identify Corruption in Mexico’s Public Pro-
curement Contracts" [10] uses classifiers such
as random forests to predict the likelihood of
corruption by analyzing the relationship between
buyers and suppliers based on structured data.
In contrast, my project focuses on a more de-
tailed qualitative analysis using LLMs to assess
the accusatory nature of comments on a scale
from 1 to 10. This approach enables a more
precise evaluation of language subtleties, such as
insinuations or veiled accusations, which cannot
be captured by models exclusively focused on
numerical and structured variables. Thus, my
research complements these traditional approaches
by integrating a deep natural language analysis
to detect potential acts of corruption at earlier
stages.

III. Materials and Methods

In this section, we will first provide a detailed
description of the dataset provided by the Kapak
platform, which includes comments collected from
Ecuador’s public procurement portal, along with
the labeling process [4]. Next, we will explain the
stages of our proposed methodology for classifying
accusatory and non-accusatory comments using
large language models (LLMs). Finally, we will
present the experimental setup, including the
parameters and techniques used, to evaluate the
performance of our models in the classification
task.
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A. Dataset

The dataset used in this study was provided by
the Kapak platform, which collects comments
and questions from Ecuador’s public procurement
portal. The goal of this dataset is to capture
the concerns, doubts, and potential accusations
of suppliers towards government entities during
the public bidding process. Given the importance
of transparency in public contracting, these com-
ments serve as a valuable source for identifying
potential irregularities or signs of favoritism.

Figure 1. Distribution of accusatory and non-accusatory phrases in
the dataset

The dataset includes a total of 5,005 comments, of
which 4,858 have been classified as non-accusatory,
while 147 have been labeled as accusatory. This
distribution reveals a clear imbalance, where only
a small percentage of comments contain direct or
indirect accusations. The labeling was conducted
using criteria defined by experts on the Kapak
platform, based on the content and context of
each comment.
Figure 1 illustrates this distribution, highlighting
the significant difference between the number of
non-accusatory and accusatory comments. This
imbalance presents a challenge for the classifica-
tion model, as it requires advanced techniques
to handle the disparity and improve accuracy
in detecting accusatory phrases which, although
less frequent, are crucial for identifying potential
corruption risks.

B. Proposed method

Our approach consists of several stages, as shown
in figure 2. We utilized a dataset provided by Ka-
pak, containing comments from Ecuador’s public

Non-accusatory comments

Accusatory comments

1474858

Context Window

A continuación, te presento una lista de frases extraídas del 

portal de compras públicas del Ecuador, donde encontrarás 

frases acusatorias y no acusatorias hechas por empresas 

hacia las entidades públicas.

Tomalas como ejemplo para verificar que tan acusatoria es 

una frase. Tener en cuenta que una sugerencia o una 

peticion no es categorizado como una acusación.

Las frases acusatorias de ejemplo son: {N_frasesACU}

Las frases NO acusatorias de ejemplo son: 

{N_frasesNO_ACU}

{N
_

fr
a

se
sA

C
U

}

 {
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_
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a
se

sN
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_
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}

Requirement

Considera la siguiente frase del portal de compras públicas del Ecuador y 

clasifícala en una escala del 1 al 10 en términos de cuán acusatoria es.

Una puntuación de 1 significa que la frase no es acusatoria, mientras que 

una puntuación de 10 significa que la frase es acusatoria.

Razona si en verdad se esta realizando una acusación o solamente se esta 

haciendo una sugerencia o una peticion ya que estas frases pueden ser 

solicitudes para que existan cambios en el proceso, o verificar que la entidad 

esta cometiendo un error que aun se puede corregir.

Tener en cuenta que una sugerencia, una solicitud o una peticion no es 

categorizado como una acusación a menos que identifiques sarcasmos o 

dobles sentidos.

Responde solamente con un número en una escala del 1 al 10, no es 

necesario explicaciones:

Frase:

{phrase}
Respuesta:

Non-accusatory comments

Accusatory comments

29972

Non-accusatory comments

Accusatory comments

1183886

Non-accusatory comments

Accusatory comments

51453886

Data 

Augmentation

Modelo: 

GPT-4o-mini-2024-07-18
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%
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Figure 2. Workflow of data processing, augmentation, and model
evaluation

procurement portal, categorized as accusatory and
non-accusatory. Given the class imbalance, we ap-
plied a data augmentation process with ChatGPT
to generate additional accusatory comments and
balance the dataset [11].
After splitting the dataset into training and testing
sets, we constructed a context window using
labeled examples to guide the models in classifying
comments on a scale from 1 to 10 based on
their level of accusatoriness. Instead of adjusting
model weights, prompting techniques were applied
using strategies such as greedy search and beam
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search [12] to optimize the responses generated by
ChatGPT 4o-mini, Llama 3.1 (8B and 70B), and
PHI 3.5 mini models.
The following sections detail how these techniques
were employed in the classification process.

C. Dataset Split

The original dataset provided by the Kapak
platform was segmented into 80% for training
and 20% for testing using a stratified split. This
ensured that both subsets maintained the origi-
nal proportion of accusatory and non-accusatory
comments.

D. Data Augmentation Using Prompting Techniques

Given the significant class imbalance with a
predominance of non-accusatory comments over a
minority of accusatory ones advanced prompting
techniques were employed to augment the volume
of data for the minority class. Instead of using the
entire dataset, the approach focused exclusively
on accusatory phrases from the training set, in-
structing the model to generate similar accusatory
statements based on the provided examples.

• Model: ChatGPT 4o-mini
• Context window: A specific context was

created based on accusatory phrases extracted
from the training dataset.

• Parameters:
– Temperature: 0.5, to balance creativity

and coherence.
– Maximum tokens: 50, to ensure the

phrases were informative without being
overly lengthy.

– Seed: 42, to guarantee reproducibility.
– Parallelization: An additional 5,027

phrases were generated using concurrent
threads to optimize execution time.

As shown in Figure 3, the context window includes
the variable frasesACU, which contains all the
accusatory phrases from the training set.

E. Roles in the Prompting Strategy: Context Win-
dow and Requirement

• Role ”system” (Context Window):
– Establishes the general context that the

model must consider before performing

Context Window for Data Augmentation

En el contexto de compras públicas del Ecuador, existe un proceso de preguntas que realizan las empresas 

que desean participar en los concursos. Estas preguntas están

dirigidas a las entidades públicas que están creando el concurso o la necesidad. En esta etapa de preguntas 

y respuestas, las empresas que desean participar en el proceso realizan comentarios

respecto a dudas en el proceso. Sin embargo, en algunos casos, dichas empresas notan que los procesos 

están siendo direccionados para que una empresa en particular gane el proceso,

o también, para que solo un tipo de marca o producto en específico pueda cumplir con las especificaciones 

de la necesidad, lo que causa que el acceso a la participación no sea totalmente libre,

lo cual es ilegal en este tipo de compras en el estado ecuatoriano.

A continuación, te presento una lista de frases extraídas del portal de compras públicas del Ecuador, donde 

encontrarás frases acusatorias hechas por empresas hacia las entidades públicas.

Tu tarea es generar nuevas frases acusatorias similares a las que te presento, tomando en cuenta las 

siguientes características:

- Las nuevas frases deben ser originales y no copias directas de las frases de ejemplo ni de las frases 

generadas anterioermente.

- Las frases deben parecer escritas por una persona real y reflejar preocupaciones específicas sobre la 

imparcialidad del proceso.

- Las frases acusatorias pueden enfocarse en la especificidad del personal solicitado, la exclusividad de 

marcas o productos, o cualquier indicio de que el proceso está dirigido a favorecer a un competidor 

particular.

- Usa un tono formal y profesional apropiado para el contexto de compras públicas.

- No repitas los mismos fabricantes en múltiples frases para asegurar diversidad.

Las frases de ejemplo son: "{frasesACU}

Figure 3. Context window for data augmentation

the classification. This includes detailed
examples of both accusatory and non-
accusatory phrases, helping the model
understand the tone and specific nuances
of the language used in the public procure-
ment portal.

– The context window is crucial for the
model to capture subtle details such as
sarcasm and indirect accusations.

• Role ”user” (Requirement):
– Provides a specific instruction for the

classification task. Here, the model must
classify a phrase on a scale from 1 to
10, indicating how accusatory it is. The
requirement includes guidelines on how to
distinguish between an accusation and a
mere suggestion or request.

– This ensures that the model not only
grasps the background context but also
performs the task accurately.

1) Decoding Methods in Language Models: Two
decoding techniques are described here: greedy
search and beam search, which were the methods
explored in this project.

• Greedy Search
Greedy search is a simple and fast decoding
technique that, at each step, selects the word
with the highest probability as the next word
in the generated sequence [13]. This means
the model deterministically chooses the most
likely token at each step, without considering
alternatives in future selections.

– It is quick and efficient in terms of execu-
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tion time, as it only needs to consider one
option per step.

– It only takes into account the probability
of the next token without evaluating al-
ternative sequences, which may result in
outputs that are not globally optimal.

– Depending on the model, it is not ideal
when text generation needs to meet spe-
cific constraints or conditions.

• Beam Search and Forced Words
Beam search is a more advanced decoding
technique that allows the model to explore
multiple sequences in parallel before making
a final decision [14]. Unlike greedy search,
beam search maintains a fixed number of
options (referred to as "beams") at each step,
evaluating the most promising sequences and
selecting the one with the highest cumulative
probability at the end.

– It enables the exploration of several pos-
sible sequences simultaneously, reducing
the likelihood of the model getting stuck
in a suboptimal choice.

– It is particularly useful when outputs need
to meet specific constraints, such as, in
our case, ensuring the model returns a
number between 1 and 10.

– A key feature of beam search is its ability
to enforce the inclusion of specific words
or tokens in the generated output. This is
achieved using the "forced words" option,
which, in models implemented with Hug-
ging Face, is only supported when using
beam search.

– In this project, beam search with forced
words was used to ensure that the PHI 3.5
mini model consistently returned a num-
ber between 1 and 10 as the classification
result. This was crucial because, when us-
ing greedy search, the model occasionally
failed to generate a numerical response.

2) Models and Parameter Optimization: During
the evaluation process of the models ChatGPT 4o-
mini, Llama 3.1 8B, Llama 3.1 70B, and PHI 3.5
mini, various configurations of context windows
were tested, adjusting the number of accusatory
and non-accusatory phrases to maximize accuracy
without exceeding the available resources.
For the Llama and PHI models, servers equipped

with NVIDIA A100 GPUs were used, which
allowed for handling larger context windows and
maximizing token processing capacity. However,
due to its considerable size, Llama 3.1 70B had
to be quantized to 4 bits to reduce memory and
resource usage. Even so, this model faced GPU
memory limitations, which necessitated reducing
the context window size compared to Llama 3.1
8B and PHI 3.5 mini, which could handle larger
context windows without issues.
In contrast, ChatGPT 4o-mini was evaluated at
the end of the process, as its use involves a cost per
token through the OpenAI API. For this reason, a
baseline was first established using the Llama 3.1
8B models to optimize the results before incurring
additional costs. Additionally, since ChatGPT was
accessed via the API and not loaded onto a local
GPU, it did not face memory constraints, allowing
for the use of larger context windows adjusted to
the parameters tested on the Llama models.
Llama 3.1 8B
Llama 3.1 8B is part of the Llama model series
developed by Meta AI. It is built on the standard
Transformer architecture [15], which enables it
to perform advanced text comprehension and
generation tasks across multiple languages and
domains. Unlike previous versions, the Llama 3.1
series introduces improvements in data quality
and diversity, as well as enhanced training scale.
This includes the capability to handle extended
context windows and better support for tasks like
reasoning and coding [16].
The Llama 3.1 8B model is an optimized variant
for instruction-based tasks, trained on a high-
quality dataset spanning various domains, al-
lowing it to deliver outstanding performance on
benchmarks such as MMLU and HumanEval. Its
architecture is based on a dense model with 32
layers, a dimension of 4,096, and 32 attention
heads, providing a balance between efficiency and
generalization capabilities [16].
3) Optimal Parameter Configuration for best results: The
Llama 3.1 8B model was loaded and executed on
an NVIDIA A100 GPU with support for bfloat16
(16-bit floating-point tensors), optimizing both in-
ference speed and efficient memory usage. During
evaluation, the following configurations were used
to achieve optimal results:
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• Number of phrases in the context win-
dow:

– Accusatory phrases: 250
– Non-accusatory phrases: 250

• Temperature: 0.5
• Top-p: 0.5
• Maximum number of generated tokens

(max_new_tokens): 10

Llama 3.1 70B
Llama 3.1 70B is part of the Llama model series
developed by Meta AI. Like its smaller counter-
parts, it is based on the standard Transformer
architecture [16], optimized for advanced text
generation and comprehension tasks across various
languages and contexts. However, this version
takes the series’ capabilities to a higher level, with
70 billion parameters, enabling much deeper and
more detailed text analysis [16].
This model is designed to handle complex tasks
that require a high degree of precision and rea-
soning, achieving outstanding performance on
multiple benchmarks such as MMLU and Hu-
manEval. The architecture of Llama 3.1 70B
consists of 80 layers, a dimension of 8,192, and
64 attention heads, which provide exceptional
capacity to process contextual information and
generate detailed responses [16].
4) Optimal Parameter Configuration for best results:

• Quantization: 4-bit (load_in_4bit=True)
to optimize GPU memory usage.

• Number of phrases in the context win-
dow:

– Accusatory phrases: 100
– Non-accusatory phrases: 100

• Temperature: 0.5 to balance diversity and
coherence.

• Top-p: 0.5 to limit cumulative probability and
promote diversity in responses.

• Maximum number of generated tokens
(max_new_tokens): 10 to ensure concise re-
sponses.

PHI 3.5 mini
PHI 3.5 Mini is part of the language model series
developed by Microsoft, designed to achieve perfor-
mance comparable to much larger models, such as
GPT-3.5 and Mistral 8x7B, but with a significantly

smaller size. Based on the Transformer architec-
ture, PHI 3.5 Mini has approximately 3.8 billion
parameters and is optimized for text generation
and comprehension tasks across multiple domains
[17].
This model uses a hybrid data approach, combin-
ing high-quality filtered web data with synthetic
data generated by language models, allowing it
to reach competitive performance levels with
larger models. Additionally, PHI 3.5 Mini has
been fine-tuned for chat, reasoning, and other
advanced applications using supervised fine-tuning
and Direct Preference Optimization (DPO) tech-
niques to enhance its alignment and safety in chat
environments [17].
5) Optimal Parameter Configuration for best results:
During the evaluation process, it was found that
traditional generation using greedy search did not
yield the desired results, as the model tended
to generate explanations rather than a number
between 1 and 10, which was required for the
classification of accusatory phrases. To address
this issue, beam search with forced words was
employed to ensure that responses were exclusively
numbers on the requested scale.
The configuration that provided the best results
was as follows:

• Number of phrases in the context win-
dow:

– Accusatory phrases: 250
– Non-accusatory phrases: 250

• Decoding strategy: Beam search with 5
beams (num_beams=5)

• Forced words: Specific tokens (numbers 1 to
10) enforced using force_words_ids

• Maximum number of generated tokens:
5

ChatGPT 4o-mini
The ChatGPT 4o-mini model, developed by Ope-
nAI, is an optimized variant that is accessed via
the API rather than being loaded locally on a
GPU [18]. Unlike the Llama and PHI models,
which were run in an environment with an A100
GPU, this model uses remote servers provided by
OpenAI to handle both the computational load
and text generation. This results in a different
approach to infrastructure optimization, focusing
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on token limits and API constraints rather than
local hardware.
6) Optimal Parameter Configuration: During the evalu-
ation phase, the parameters for the ChatGPT
model were adjusted to align with those used
for Llama 3.1 8B, in order to ensure a fair
comparison between both models. This was done
after establishing a solid baseline with Llama, as
the ChatGPT model was tested last due to the
cost associated with tokens generated via the API.
The optimal configuration was as follows:

• Number of phrases in the context win-
dow:

– Accusatory phrases: 250
– Non-accusatory phrases: 250

• Temperature: 0.5
• Top-p: 0.5
• Maximum number of generated tokens

(max_new_tokens): 10

IV. RESULTS AND DISCUSSION

The following section presents the results obtained
in the classification of accusatory phrases within
the context of public procurement, evaluating the
performance of the models.

Figure 4. ROC curves for each model

The presented ROC curves (figure 4) highlight
key differences in the discriminative capabili-
ties of the evaluated models. ChatGPT 4o-mini,
with an AUC of 0.97222, demonstrates the best
performance, reflecting its ability to maintain
a consistent balance between true positive and
false positive rates. Its near-ideal curve indicates
high recall and specificity, essential qualities for
tasks where precise identification of positive class

(accusatory phrases) is critical. The Llama 3.1 8B
model follows with an AUC of 0.96099, showcas-
ing its strong discriminative power. This model
leverages its balanced architecture to achieve
performance almost on par with ChatGPT. Llama
3.1 70B, with an AUC of 0.94611, shows a de-
cline in discriminative capability, which can be
attributed to context window constraints and
the need for 4-bit quantization to manage its
higher computational requirements. Finally, the
PHI 3.5 mini model, with an AUC of 0.88671,
exhibits significantly lower capacity to distinguish
between the evaluated classes. Despite the use
of advanced techniques such as beam search and
forced words, its performance suggests reduced
recall in identifying positive cases.

Figure 5. Presicion vs recall for each model

The Precision vs. Recall curve (figure 5) illustrates
significant differences in the performance of the
models. ChatGPT 4o-mini stands out with a
gradual decline in precision as recall increases,
maintaining stable performance at both extremes.
This indicates its ability to handle both metrics
in a balanced manner. On the other hand, Llama
3.1 8B shows an irregular curve at low recall
values, reflecting potential inconsistencies in its
performance, although it stabilizes at higher recall
values. Llama 3.1 70B demonstrates a uniform
decline in precision as recall increases. Lastly,
PHI 3.5 mini exhibits a more pronounced drop
in precision as recall is prioritized, indicating a
lower capacity to maintain balance between the
two metrics, especially at high recall values.

ChatGPT 4o-mini achieves a remarkable recall
of 0.97 for the "Accusatory" class (table I), po-
sitioning itself as the most effective model for
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Table I
Recall values for the positive class (accusatory) across all

models

Model Recall
ChatGPT 4o-mini 0.97

Llama 3.1 8B 0.93
Llama 3.1 70B 0.90
PHI 3.5 mini 0.76

capturing phrases containing accusations. This
level of recall is particularly critical in contexts
where minimizing false negatives is essential to
ensure that all potential accusatory phrases are
identified. Similarly, Llama 3.1 8B achieves a recall
of 0.93 for this class (table I), also demonstrating
robust performance, albeit slightly lower than
ChatGPT 4o-mini. In contrast, Llama 3.1 70B,
despite its larger architecture, presents a recall
of 0.90 for the "Accusatory" class (table I). This
suggests that computational constraints and the
need to reduce its context window impacted its
ability to effectively discriminate this positive
class. PHI 3.5 mini, with a recall of 0.76 for the
"Accusatory" class (table I), exhibits limited per-
formance compared to the other models, despite
employing techniques like beam search and forced
words to enhance its detection capabilities.

The confusion matrices reveal that the models ex-
hibit variable performance in correctly identifying
positive class (Accusatory), which is directly tied
to the reported recall values. For ChatGPT 4o-
mini, the model achieves a recall of 96.55% (figure
6a) for the Accusatory class, correctly identifying
28 true positives with only 1 false negative. This
excellent recall performance indicates the model’s
strong ability to detect the majority of positive
cases. However, it also records 92 false positives.
The Llama 3.1 8B model achieves a recall of
93.10% (figure 6b) for the Accusatory class, with
27 true positives and 2 false negatives. This
reflects a slight reduction in its ability to identify
accusatory cases compared to ChatGPT 4o-mini.
Llama 3.1 70B, on the other hand, shows a recall
of 89.66% (figure 6c), correctly identifying 26 true
positives but with 3 false negatives. Finally, PHI
3.5 mini exhibits the lowest performance, with a
recall of 75.86% (figure 6d), correctly identifying
only 22 true positives while accumulating 7 false
negatives.

a)

b)

c)

d)

Figure 6. Confusion Matrices (Absolute and Percentage) for Model
Performance: a) ChatGPT 4o-mini, b) Llama 3.1 8B, c) Llama 3.1
70B, d) PHI 3.5 mini

V. CONCLUSION

• The results demonstrate that ChatGPT 4o-
mini is the model with the best overall per-
formance for identifying accusatory phrases
in the context of public procurement. With
a recall of 96.55% and consistent precision
across different metrics, it showcases its ability
to minimize false negatives, which is critical
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for ensuring early detection of potential cor-
ruption risks. This outcome highlights its suit-
ability for tasks where sensitivity to positive
cases is a priority.

• Llama 3.1 8B achieves a competitive recall
of 93.10%, reflecting a good balance between
computational efficiency and performance.
However, Llama 3.1 70B, despite its more
complex architecture, shows a negative impact
on performance due to the need for quan-
tization and reduced context window size,
achieving a recall of 89.66%. On the other
hand, PHI 3.5 mini, with a recall of 75.86%,
demonstrates greater challenges in detecting
positive cases, even with advanced techniques
like beam search and forced words.

• The implementation of advanced techniques,
such as data augmentation through prompting,
the use of specific context windows, and
parameter tuning for each model, played
a crucial role in the observed performance.
The optimization of configurations helped
overcome inherent limitations in the models,
such as class imbalance in the dataset and
the need to adapt architectures to restricted
computational resources.

• The recall metric for the positive class emerges
as a critical factor in this study due to its
direct relationship with identifying accusatory
phrases. High recall values in models like
ChatGPT 4o-mini and Llama 3.1 8B indicate
their ability to detect a significant proportion
of accusatory cases, reducing the likelihood
of false negatives that could go unnoticed in
real-world government oversight contexts. This
underscores the importance of prioritizing this
metric in tasks where missing a positive case
could have significant consequences.

• While ChatGPT 4o-mini achieves the best
overall performance, the use of Llama 3.1
8B is recommended due to its comparable
performance, with a recall of 93.10% for
the accusatory class, and the advantage of
being an open-source model. This enables
its implementation on local infrastructure,
eliminating the costs associated with using
the ChatGPT API and providing greater
control over data and the inference process.
These characteristics make it an efficient and

accessible solution for contexts with budgetary
and infrastructure constraints.
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