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Abstract

Large generative language models have demon-
strated impressive performance in various Nat-
ural Language Processing (NLP) tasks. How-
ever, the geological domain presents unique
challenges for NLP due to its specialized lan-
guage, which is full of technical terms. There-
fore, pre-trained language models on generic
corpora may not be suitable for performing geo-
logical domain-specific tasks. This article com-
pares several models to identify those with the
best performance in the Portuguese geological
domain for a text summarization task. We ap-
plied the models to a Revista Geologia USP
dataset. The dataset consists of abstracts of sci-
entific texts and their respective titles, which
we aim for the models to approximate with
the summarization task. We tested the mod-
els in various scenarios, providing examples or
not, and at two temperature levels. We then
evaluated the models’ performance using quan-
titative metrics and a brief qualitative analysis
comparing the titles proposed by the models
with the original title. The results show that the
Gemma3:27b model was better in some scenar-
ios, while the Llama3:8b model performed best
in others.

1 Introduction

It is widely recognized that we are living in an
unprecedented era of data generation, and the ge-
ological domain is no exception (Landim, 2003).
This scenario creates the need for efficient meth-
ods to organize, interpret, and summarize complex
technical information. Geological reports, scien-
tific articles, and technical descriptions in the field
often contain dense and detailed language, mak-
ing it difficult for specialists and decision-makers
to quickly access essential information (Rowe and
Frewer, 2000). In this context, the task of auto-
matic text summarization emerges as a promising
solution to facilitate the analysis and interpretation
of such documents.

In recent years, Large Language Models (LLMs)
have demonstrated exceptional effectiveness in Nat-
ural Language Processing (NLP) tasks, including
translation, classification, and text summarization.
Unlike traditional approaches based on sentence
extraction, LLMs are also capable of performing
abstractive summarization, producing more cohe-
sive, concise, and semantically enriched summaries
(Liu and Lapata, 2019).

Despite significant advances in the field, the pub-
lication of articles in the geological domain in Por-
tuguese using NLP techniques remains relatively
scarce, whether due to the lack of open data or
the challenges presented by the domain’s special-
ized vocabulary. Therefore, this paper aims to ex-
plore the applicability and limitations of LLMs in
the task of summarizing geological texts. We fo-
cus on summarizing the abstracts of articles into
titles, evaluating the quality of the generated sum-
maries, and discussing the opportunities and chal-
lenges associated with the use of this technology
in such a specialized domain. We used the fol-
lowing models: deepseek-rl (version 8B) (Guo
et al., 2025), gemma3 (versions 4B, 12B, and 27B)
(Team et al., 2025), qwen3 (version 8B) (Yang
et al., 2025), llama3 (version 8B) (Grattafiori et al.,
2024), GAIA-PT-BR (version 4B) (Camilo-Junior
et al., 2025), more information on how we chose
these models can be found in the Subsection 4.3.

Below, we summarize the contributions of this
work:

* Availability of a new corpus composed of
publications from the Revista Geologia USP
of the University of Sdo Paulo (USP) (Insti-
tuto de Geociéncias, 2001), a Brazilian geo-
scientific journal. We collected all the issues
published in the journal into a single dataset;

* Comparison of LLMs for the task of geologi-
cal text summarization;
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* Comparative analysis of the human-written
title and the LLM-generated summary in rep-
resenting the content of the text.

Further sections of this paper are organized as
follows. Section 2 introduces the key concepts es-
sential for understanding this study, particularly
the metrics employed, and Section 3 presents and
discusses the main approaches identified in the lit-
erature, outlining where this work aims to position
itself. Section 4 provides information about the cor-
pus, models, and pipeline. Our experimental evalu-
ation and results in Section 5. Section 6 presents
conclusions and perspectives for future research,
followed by Section 6 with the limitations, and
acknowledgments in Section 6.

2 Background

This section defines key concepts essential for a
deeper understanding of this work, ranging from
the task being performed to the metrics used for
evaluating results. The definitions presented here
are based on the concepts introduced in Nenkova
et al. (Nenkova et al., 2011).

2.1 Summarization

Summarization is an NLP task that aims to syn-
thesize the knowledge contained in one or more
documents while preserving the most important in-
formation (Allahyari et al., 2017). The challenge
in this task lies in crafting a concise and fluent sum-
mary. Another important challenge is evaluating
the resulting summary, as commonly used metrics
such as Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) focus on n-gram overlap. For
instance, ROUGE may assign a high score to the
sentences “Jodo is 80 years old and weighs 30 kilo-
grams” and “Jodo is 30 years old and weighs 80
kilograms,” even though, upon qualitative inspec-
tion, they convey entirely different meanings.
There are two main types of summarization:

» Extractive: Summaries are created by select-
ing and concatenating exact fragments from
the original text.

* Abstractive: Summaries are written to con-
vey the main ideas using rephrased or newly
generated sentences. In general, an abstractive
summary should reflect the summary author’s
interpretation of the original content.

In this work, we evaluate abstractive summariza-
tion through generative LLMs.

2.2 Metrics

There is no consensus in the literature on the most
appropriate metric for studies of this type. This
section presents the metrics we have chosen to use,
along with their respective limitations.

2.2.1 ROUGE

The most widely used metric for text summariza-
tion is ROUGE (Barbella and Tortora, 2022). It
compares the summary generated by the model to
a reference summary, which is the one we would
expect the model to produce, with a score closer to
1.0 indicating better performance. In this study, we
use three versions of the ROUGE metric:

¢ ROUGE-1: Measures the number of over-
lapping unigrams between the generated and
reference summaries.

* ROUGE-2: Measures the overlap of bigrams.

* ROUGE-L: Measures the length of the
longest common subsequence between the
generated and reference summaries.

As previously mentioned, this metric, especially
ROUGE-1, has the limitation of not assessing
whether two summaries are semantically equiv-
alent, as it relies solely on surface-level n-gram
overlap.

2.22 BLEU

The next metric used is BiLingual Evaluation Un-
derstudy (BLEU) (Papineni et al., 2002). Ini-
tially designed for evaluating machine translation,
BLEU can also be applied to summarization tasks,
although it is not ideal, and low scores are ex-
pected. Summarization is generally more open-
ended, while BLEU emphasizes exact n-gram
matches. In general, BLEU computes the precision
of n-gram matches between the generated and ref-
erence summaries, applies a brevity penalty when
the output is too short, and then takes the geomet-
ric mean across 1-gram to 4-gram precision, with
a score closer to 1.0 being better. As mentioned,
BLEU tends to underperform in summarization
tasks due to its reliance on literal overlap, without
accounting for synonyms or changes in word order.

2.2.3 METEOR

The Metric for Evaluation of Translation with Ex-
plicit Ordering (METEOR) (Banerjee and Lavie,
2005) aims to address some of BLEU’s limitations.
It considers synonyms, word stems (stemming),
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and reordering (with a penalty). Unlike BLEU,
which focuses solely on precision, METEOR com-
bines both precision and recall using a harmonic
mean, while also penalizing excessive word re-
ordering; a score closer to 1.0 is considered better.

2.2.4 BERTScore

Unlike the metrics above, BERTScore (Zhang et al.,
2019) is based on language embeddings. It lever-
ages the Bidirectional Encoder Representations
from Transformers (BERT) model to compute se-
mantic similarity. Instead of comparing words di-
rectly, it compares their meanings. Each word
in both the generated and reference summaries
is transformed into a contextualized vector using
BERT. Cosine similarity is then calculated between
the vectors, performing a soft alignment that se-
lects the best-matching words in the reference.
BERTScore outputs precision, recall, and F1-score
based on these semantic alignments.

3 Related work

The task of summarization has evolved over the
years and has been the subject of study for a
long time, employing a variety of techniques
such as concept-based methods (Miller, 1995), ex-
tractive statistical techniques (Gupta and Lehal,
2010), more recent approaches using embeddings
(Kobayashi et al., 2015), and Recurrent Neural Net-
works (RNNs) (Chen and Le Nguyen, 2019). How-
ever, as the scope narrows, the number of studies
becomes more limited.

In the context of summarization for texts in Por-
tuguese, existing works have mainly addressed gen-
eral domains (e.g., articles, news, etc.) (Paiola et al.,
2022; Antiqueira et al., 2009). As we move toward
more technical areas, we observe a greater number
of applications in the legal domain (Dias, 2024) and
in the medical field (Fraile Navarro et al., 2025).

On the other hand, for geological applications,
most summarization studies are focused on texts in
Chinese (Wang and Wang, 2017; Ma et al., 2022).
In other languages, such as Hindi (Sobhana et al.,
2010) and English (Enkhsaikhan et al., 2021), re-
search tends to be more concentrated on informa-
tion retrieval rather than summarization. Studies
involving Portuguese texts in the geological do-
main are extremely scarce (Nunes et al., 2025),
with most related works focusing on Named Entity
Recognition (NER) (Nunes et al., 2025). The lack
of summarization studies in this domain is likely
due to the absence of publicly available corpora

tailored to this task. In Portuguese, there is the
REGIS corpus (Reference Corpus for Geoscientific
Information Systems), which focuses on informa-
tion retrieval (Lima de Oliveira et al., 2021), and
for NER tasks, there are corpora such as PetroNER
(Freitas et al., 2023), PetroKGraph (Freitas et al.,
2023), and the GeoCorpus (Amaral et al., 2017;
Consoli et al., 2020; Gomes et al., 2021; Nunes
et al., 2024).

This work addresses a gap not previously cov-
ered by studies by introducing a new corpus specifi-
cally designed for abstractive summarization in the
geological domain in Portuguese. In addition to
making this dataset available, we conducted a com-
parative evaluation of several open-source LLMs
under various prompting conditions and analyzed
the models’ ability to generate meaningful titles
based on article abstracts. These contributions en-
able further research in this underexplored domain
and offer a baseline for future evaluations of gener-
ative summarization models in technical contexts.

4 Methodology

This section details the procedures adopted to col-
lect, process, and evaluate data in our study. We
describe the construction of the dataset, the selected
language models, and the evaluation strategy em-
ployed to compare generated outputs.

4.1 Corpus

The corpus used in this study was extracted from
the journal Geologia USP (Instituto de Geocién-
cias, 2001) from the Institute of Geosciences at the
University of Sao Paulo. It contains 583 instances,
each corresponding to an article’s title, abstract,
and a link to the full article. We selected all arti-
cles that have been published in the journal since
2001. Figure 1 shows the distribution of tokens
per abstract and per title. Abstracts range from
77 to 584 tokens, with an average of 260 tokens,
while titles range from 3 to 46 words, with an aver-
age of 19. The full dataset is publicly available on
GitHub'. No data cleaning was necessary during
the preprocessing phase.

4.2 Overview

The first step of this work was web scraping to build
the dataset used. With the collected data, we tested
several variations of four of the most frequently ac-
cessed models on the Ollama platform at the time

1https: //github.com/MatheusSteinDeAguiar/
GeoSummarization
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Figure 1: Distribution of the number of tokens by frequency, on the left analysis of summaries and on the right

analysis of titles
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of writing, as well as an additional model specif-
ically trained for Portuguese. Further details on
each model are provided in Section 4.3. For each
selected model, we experimented with variations
in the number of parameters, number of examples
(zero-shot and one-shot), and temperature settings.

After running the models, the generated results
were evaluated using the metrics explained previ-
ously in Subsection 2.2. We compared model per-
formance across various metrics by evaluating the
generated titles against the original author-provided
titles. Additionally, BERTScore was employed to
assess the semantic similarity between the gener-
ated titles and the abstract text.

4.3 Models
2

All selected models are freely available for use~.
Model selection was based first on free availabil-
ity, followed by popularity (measured by num-
ber of downloads/accesses). The models tested
were: deepseek-rl (version 8B) (Guo et al., 2025),
gemma3 (versions 4B, 12B, and 27B) (Team
et al., 2025), qwen3 (version 8B) (Yang et al.,
2025), llama3 (version 8B) (Grattafiori et al., 2024),
GAIA-PT-BR (version 4B) (Camilo-Junior et al.,
2025) — although not among the most downloaded
models, GAIA is a Portuguese-focused model de-
rived from continued training of gemma3, and we
found it relevant to include in the comparison.

5 Experiments and Results

For the experiments, we used the infrastructure of
the High-Performance Computing Park (PCAD?)

Zhttps://ollama.com/

il
Hj)‘(l —

Number of Tokens

f
10 20

at INF/UFRGS. The machine configuration in-
cluded an NVIDIA GeForce RTX 4090 GPU, 224
GB of RAM, and an Intel(R) Xeon(R) E5-2620
v4 processor with 2.10 GHz, eight cores, and 16
threads.

The experiments conducted for each model de-
scribed in Section 4.3 were designed to test dif-
ferent settings, starting with the number of exam-
ples shots passed in the prompt. We tested both
zero-shot and one-shot settings. Additionally, two
different temperature values were evaluated: 0.0,
which ensures reproducibility, and 0.7, which in-
troduces more creativity into the model outputs at
the expense of determinism. The prompt used is
shown in Citation 1. It includes the instruction text
and the abstract to be summarized, represented by
the placeholder input. For one-shot variations, an
example is prepended to the prompt. The prompt
was developed empirically and tailored specifically
for this project.

Citation 1:

You need to clearly and precisely sum-
marize the idea of the text in a single
sentence. I will provide you with the ab-
stract of a scientific article, and I need
you to return a title for that article. Re-
spond only with the title.

Abstract: input 1

For this study, we conducted three experiments
to test different scenarios.

e Test 1: zero-shot and temperature set to 0, en-
suring the reproducibility of the experiment;

*http://gppd-hpc.inf.ufrgs.br
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* Test 2: one-shot and temperature set to 0, en-
suring the reproducibility of the experiment
and providing an example for the model to be
based on;

e Test 3: zero-shot and temperature set to 0.7,
losing reproducibility but gaining creativity in
the creation of titles;

We chose these temperatures because the first,
0, ensures the reproducibility of the test, and 0.7 is
approximately the limit at which the performance
of the models for summarization in Li et al. (2025)
began to decline.

We present the results of the Test 1 — zero-
shot with temperature set to 0 — in the Table 1.
This test utilizes BERTscore to compare the titles
generated by the models to the original titles of
the articles. Noteworthy observations include the
significantly longer runtime of the DeepSeek model
compared to the others, the expected performance
gains of Gemma3 as model size increases, and the
underperformance of the Gaia model despite being
a Portuguese-specific continuation of Gemma3:4b.

Figure 2 presents the Nemenyi post-hoc sta-
tistical test results using the BERTScore F1 as
the evaluation metric. The analysis reveals two
models with statistically superior performance
(Gemma3:27b and Gemma3:12b), while others,
such as Llama, DeepSeek, and Gaia, form a lower-
performing group. Some models, such as Qwen
and Gaia, exhibit statistical similarity to each other.
However, overall, several model pairs show no sta-
tistically significant difference at the 0.05 level.

Figure 2: Statistical significance test among models
(BERTScore F1)
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We also evaluated the quality of generated titles
based on their alignment with the original abstract
— not just the reference title — using BERTScore.
Table 2 shows the results for both approaches, and
Figure 3 shows a heatmap of statistical significance
for the zero-shot approach.

Interestingly, four of the seven tested models
produced titles with semantic quality comparable
to the original title. Only Llama, Qwen, and Gaia
had statistically inferior performance. This finding
suggests that even when metric scores are not high
compared to the reference title, some models are
just as effective as the human author in summariz-
ing the abstract into a title.

Figure 3: Statistical significance between models and
original title (abstract alignment)
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The Table 1 shows results for the one-shot sce-
nario (Test 2). Due to computational limitations,
only four models were tested. For the one-shot
scenarios, we use the first row of the data set as
an example, so the tests in this scenario have one
less sample. Most models showed improvements
in all metrics (1-2 percentage points), especially
Llama:8b. Notably, Gemma3:27b underperformed
compared to its zero-shot performance. Surpris-
ingly, Gemma3:12b outperformed the 27b model
in BERTScore, which is also reflected in abstract
alignment results in Table 2.

In Table 3, we evaluated models under zero-shot
and temperature set to 0.7 (Test 3) to observe how
increased creativity affects output. As expected,
reproducibility was lost, but performance remained
similar to that at the 0 °C setting. Gemma3:27b re-
mained the best-performing model in this scenario.
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Table 1: Results for zero and one-shot (temperature = 0.0)

Approach  Model Rougel Rouge2 Rougel. Meteor BLEU BERTSscore
zero-shot ~ Gemma3:27b 0.4308  0.2650 0.3729  0.3943  0.1102 0.7637
zero-shot ~ Gemma3:12b 0.4000  0.2237 0.3370  0.3393  0.0829 0.7483
zero-shot  deepseek-rl:8b  0.3695 0.2011 0.3067 0.2930  0.0844 0.7440
zero-shot ~ Llama:8b 0.3881 0.2247 0.3269  0.3091 0.0852 0.7417
zero-shot ~ Qwen3:8b 0.3793 0.2051 03117 0.2831  0.0840 0.7416
zero-shot Gemma3:4b 0.3865 0.2077 0.3217 0.3196  0.0746 0.7404
zero-shot  Gaia-PT-BR:4b  0.3676  0.1930 0.3030  0.3188  0.0735 0.7407
one-shot Llama:8b 0.4480  0.2834 0.3931 0.4088  0.1303 0.7733
one-shot Gemma3:12b 0.4158  0.2407 0.3534  0.3650 0.1191 0.7727
one-shot Gemma3:27b 0.4250  0.2454 03592 03711 0.1014 0.7611
one-shot Gemma3:4b 0.3926  0.2203 0.3339  0.3561  0.0899 0.7567

Table 2: BERTScore between abstract and generated
title (zero-shot and one-shot)

Approach Model Precision Recall F1-score
Original Title 0.5935 0.7560 0.6646
zero-shot deepseek-r1:8b 0.5921 0.7406 0.6576
zero-shot Qwen3:8b 0.5906 0.7276 0.6517
zero-shot Gemma3:27b 0.5744 0.7375 0.6456
zero-shot Gemma3:12b 0.5718 0.7210 0.6375
zero-shot Gaia:4b 0.5728 0.7195 0.6375
zero-shot Gemma3:4b 0.5707 0.7217 0.6371
zero-shot Llama:8b 0.5714 0.7375 0.6354
one-shot Gemma3:12b 0.5851 0.7577 0.6599
one-shot Llama:8b 0.5796 0.7592 0.6569
one-shot Gemma3:4b 0.5752 0.7411 0.6473
one-shot Gemma3:27b 0.5774 0.7357 0.6467

5.1 Qualitative Analysis

To better understand the qualitative aspects of the
generated titles, we selected examples from each
model under the zero-shot setting, with the temper-
ature set to 0, as shown in Table 4. This analysis
aims to complement the automatic metrics by illus-
trating how different models interpret the summa-
rization task and whether the generated titles align
with standard scientific writing conventions.

Many of the titles generated appear plausible
and relevant, often capturing the central theme of
the abstract. However, stylistic and structural dif-
ferences between models were noticeable. For in-
stance, Gemma:12b, Gemma:27b, and Gaia tended
to produce two-part titles separated by colons, re-
sembling the structure often found in academic ar-
ticles. In contrast, Qwen and Deepseek sometimes
included unnecessary formatting such as asterisks
or the prefix “Title:”.

In particular, Gemma:27b often generated longer
and more descriptive titles, whereas Llama:8b fa-
vored brevity and simplicity, sometimes omitting
key concepts from the abstract. These qualitative
differences underscore the importance of combin-
ing automatic metrics with manual inspection, par-
ticularly when evaluating outputs in specialized
domains such as geology.

Table 5 presents the titles generated by

Gemma:27b across all three scenarios, along with
the original title. Despite variations, the generated
titles consistently capture the essential elements of
the abstract and remain relevant.

6 Conclusion

In this study, we explored and analyzed the summa-
rization of texts taken from the Revista Geologia
USP from the University of Sdo Paulo. The task
consisted of generating a suitable title for an article
based on its abstract. We evaluated seven models
via the Ollama framework, testing them under three
different conditions: zero-shot (no examples in the
prompt), one-shot (one example in the prompt),
and zero-shot with temperature 0.7, aimed at en-
couraging greater variability in the generated titles.

The results were satisfactory, with the gener-
ated titles generally containing the key information
from the original titles. The Gemma3:27b model
performed best in the zero-shot scenarios with both
temperature settings (0 and 0.7), while Llama:8b
achieved the best results in the one-shot setting. We
also evaluated the semantic similarity between the
abstract and the generated title using BERTScore,
and observed that most models performed as well
as, statistically, the original author-created titles.

Future work could address these limitations, ex-
plore a broader range of models—including com-
mercial LLMs such as GPT, Gemini, or Grok, in-
corporate human evaluation of the generated titles
or use LLM as a judge.

Limitations

This study has some limitations. First, the available
dataset was relatively small. Second, computa-
tional constraints limited the scope of experiments,
since all models were run locally. Another concern
is potential data leakage: although all the data used
is publicly available, it is not centralized in any
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Table 3: Metrics for zero-shot models (temperature = 0.7)

Model Rougel Rouge2 RougeL Meteor BLEU BERTscore
Gemma3:27b 0.4269 0.2433 0.3575 0.3581 0.0974 0.7516
Gemma3:12b 0.4007 0.2250 0.3371 0.3440 0.0802 0.7454

deepseek-r1:8b 0.3664 0.1910 0.2986 0.2825 0.0803 0.7423
Gaia-PT-BR:4b 0.3675 0.1931 0.3042 0.3179 0.0734 0.7412
Qwen3:8b 0.3705 0.1990 0.3017 0.2748 0.0819 0.7404
Gemma3:4b 0.3883 0.2049 0.3250 0.3216 0.0729 0.7402
Llama:8b 0.3687 0.2050 0.3006 0.2830 0.0777 0.7385

Table 4: Titles found by each model (zero-shot, temperature = 0)

Model Example 1 Example 2 Example 3
. A . Ocorréncias de fosfato sedimentar
Respostas do microplancton marinho N . ox N
. . g A em coberturas fanerozoicas na regido Génese dos beachrocks da
Original Title durante os Eventos An6xicos Ocednicos . As . .
p de Arraias - TO, borda oeste Tlha oceanica da Trindade, Brasil
(OAEs) do Creticeo . N . .
da Bacia do Sao Francisco, Brasil
Respostas do Microplancton Marinho Ocurrencéncia de Estratos Isolados . .
. ) P A - . ) L Diagenese e Formagao de Beachrocks
Gemma3:27b aos Eventos Andxicos Oceédnicos (OAEs) de Rochas Sedimentares Fanerozoicas .
. s . . ~ X na Ilha da Trindade: Um Estudo de Caso
no Cretdceo: Uma Revisao Sistemdtica na Bacia do Sao Francisco
Microfésseis e Eventos Andxicos Campos Belos e Arraias: Ocorréncia Beachrocks da Ilha da Trindade:
Gemma3:12b Ocednicos no Creticeo: Uma de Conglomerados Fanerozoicos com Registro Diagenético e Microbiolégico
Revisdo das Respostas do Microplancton Potencial Fosfatifero. em Ambiente de Intermare
"Estratos Fanerozoicos Fosfatados " ~ .
NS A . . ~ Formacao e Diagenese de Beachrocks
Microfésseis Marinhos como na Borda Oeste da Bacia do Sao na Tlha da Trindade: Um Estudo
Llama:8b Indicadores de Eventos Anéxicos Francisco: Novas Contribui¢des . §

Oceanicos no Creticeo"

para o Conhecimento da Formagao
Sete Lagoas"

sobre Processos Sedimentares e
Paleoniveis Marinhos"

deepseek-r1:8b

**Resposta dos Microfésseis
ao Eventos Andxicos Oceanicos
do Cretdceo**

Novas informagdes sobre a
ocorréncia de litotipos fosfatados
fanerozoicos na borda oeste
da Bacia do Sdo Francisco.

*#*Tftulo:** Beachrocks da Praia
Leste da Ilha da Trindade:
Formagdo e Composi¢do

de Cimentos Carbonticos

Microfésseis como Indicadores

Fosforitos e conglomerados
polimiticos na Bacia do

Beachrocks da Ilha da Trindade:

Gemma3:4b dos Eventos Anéxicos Ocednicos Sdo Francisco: Implicacdes Processos Diagenéticos e
do Cretdceo. para a exploragio de recursos Registro Paleomarino.
fosfaticos.
Respostas dos Microfdsseis Marinhos Fosforitos e conglomerados polimiticos ~ Diagenese e Formagio de Beachrocks
Qwen3:8b aos Eventos Andxicos QCeénicos na qumzigio Sete Lagoas:~ na Ilhg da Tri'ndadF:: Prgcessos
no Cretdceo e sua Relagdo implicagdes para exploracdo de fosfato Quimicos, Microbioldgicos e a Presenca
com Ciclos Biogeoquimicos na Bacia do Sao Francisco. de Clorita Singenética
Microfésseis marinhos e a resposta Fosforitos e Fosfatos Fanerozoicos Beachrocks da Ilha da Trindade:
Gaia:4b aos eventos andxicos ocednicos do na Bacia do Sao Francisco: Processos Fisico-Quimicos e

Cretdceo: uma andlise biogeoquimica e
evolutiva.

Implicacdes Sedimentoldgicas e
Exploratorias

Microbioldgicos na Formagao de
Sedimentos Costeiros

single repository. Additionally, using a higher tem-
perature introduces variability in the results—each
run can yield a different output—so a more rig-
orous evaluation might involve multiple runs and

averaging the results.
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