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Abstract. The Brazilian judiciary has shown promising interest in applying Natural Language 

Processing (NLP) techniques to various legal tasks. One such application is classifying legal rulings 

by the topics of recurring appeals. This study investigates two key strategies for preprocessing le-

gal documents, drawing on insights from legal domain experts: whether using specific sections of 

the document is more effective for legal ruling classification than analyzing the entire document, 

and which expressions can be normalized to standardize the document vocabulary. The exper-

imental results indicate that combining normalization preprocessing with the extraction of the 

judge’s manifestation section yields better performance, as measured by the F1 score. Addition-

ally, we demonstrate how the Jaccard similarity index provides valuable insight into the impact of 

the preprocessing pipeline on the TF-IDF feature extraction method and, by extension, on docu-

ment representation. This paper underscores the importance of leveraging domain expertise to 

guide an optimal set of preprocessing operations.

Keywords. Legal document classification, text preprocessing operations, document segmenta-

tion and legal terms normalization.
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1. Introduction

The Brazilian judiciary has shown a promising interest in developing system and applications that involves

Natural Language Processing (NLP) tasks (CNJ, 2024). These efforts aim to process the huge amount of textual

data produced by the judiciary and to improve its efficiency and overcome the heavyworkload of prosecutions

faced by courts across the country.

One relevant problem is the automatic classification of legal rulings by recurring appeal themes - also known

as themes of general repercussion (Castro Júnior et al., 2022). These themes are complex legal questions

shared by a profuse number of lawsuits and their resolution has the potential to impact thousands or even

millions of similar cases. The main goal of this mechanism is to standardize legal agreement on fundamental

issues and expedite the analysis of similar legal proceedings.
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While the theme judgment is carried on (e.i. the underlying legal case), the higher courts may order special

measures for all related cases in lower courts (e.g. the suspension or pause of all related cases). Hence, the

importance of correctly identifying such lawsuits. Traditionally, the court staff must read lengthy documents

to determine whether a lawsuit fits a specific theme, a time consuming task. If there is a suspension order for

that theme, all the time spent on this task is misused.

This study examines how different preprocessing techniques affect the F1 score metric for the theme clas-

sification. The dataset comprises almost 30.000 legal rulings (e.i. Acórdãos) issued by the São Paulo State

Court of Justice. We analyze groups of preprocessing operations, one that segment the original document in

its constituents sections, and other that standardize common legal expressions to a unique pattern. Then, we

compare the effectiveness of such operations by classifying the documents using common Machine Learning

algorithms.

Despite the recognized importance of the preprocessing stage, the techniques and operations involved are

not standardized or well established (AlMasaud et al., 2024). And the best choice of steps and operations rely

heavily on empirical experimentation (HaCohen-Kerner et al., 2020). In others words, there are no common

guidelines to aid in selecting the most suitable preprocessing steps.

The language commonly used in the legal domain also has its own uniqueness: a specific vocabulary with

precise meanings that may differ from common usage; written documents adhere to a more standardized

organizational structure; long and redundant citations of previous similar cases; and the tendencyof repeating

the same reasoning throughout different documents. Such characteristics should be taken into account during

the preprocessing stage.

This paper investigates preprocessing strategies based on expert insights and intuitions: (1) whether using

segments of the document can be more effective for its classification rather than the entire content, and (2)

whether normalizing specific terms and expressions also could benefit this task. Additionally, this study high-

lights the importance of incorporating domain knowledge from experts to guide the choices in the prepro-

cessing stage.

Experimental results indicate that expression normalizationwas themost influential factor in improving clas-

sification performance. The document segmentation did not bring the expected performance increasing that

wewould expected. Still, when combined expression normalization and the extraction of the judge’s manifes-

tation segment, these two preprocessing pipelines together tend to outperform the others.

Each preprocessing pipeline produces a modified version of the dataset by altering the content of the original

documents. As a result, the TermFrequency–InverseDocument Frequency (TF-IDF) algorithm,which extracts

a vocabulary of unique and frequent words from the data, may yield different feature sets depending on the

preprocessing applied. To analyze the impact of these pipelines on the feature extraction step, we compute the

Jaccard index between the vocabularies sets generated by each pair of TF-IDF models. These pairwise com-

parisons are then visualized in a heatmap, allowing us to assess whether different preprocessing strategies

could lead to distinct textual representations of the same documents.

Therefore, the main contributions of this study are twofold: first, to highlight the importance of incorporat-

ing domain expertise in data preparation—specifically, in designing the document preprocessing pipeline; and

second, to propose a deeper investigation into feature extractionmodels, such as TF-IDF, by analyzing their vo-

cabulary sets and visualizing Jaccard index variations through a heatmap. Although still in its early stages, this

approach suggests that examining the behavior of feature extraction algorithms may offer valuable insights

into selecting themost effective preprocessing operations—potentially reducing the need to exhaustively test

all combinations of individual operations directly within classification models.

2. Related works

The preprocessing stage includes operations to clean irrelevant and noisy information for a subsequent task

such as text classification. Although it is recognized as a critical step, assessing the impact of different op-

erations is often underestimated (HaCohen-Kerner et al., 2020). The lack of clear guidelines for selecting an

optimal set of preprocessing operations, and the need for extensive empirical experimentationmay contribute

to the limited exploration of different preprocessing pipelines (AlMasaud et al., 2024).
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Uysal and Gunal, 2014, HaCohen-Kerner et al., 2020 and Siino et al., 2024 agree that no single combination

consistently outperforms theothers, and the impact on classification effectivenesshighly dependson theprob-

lem domain and datasets characteristics. They emphasize the importance of thoroughly testing all possible

combinations of preprocessing operations to determine an optimal set for each specific scenario. However,

the number of required experiments can increase dramatically as the number of available operations grows.

In the literature, there are no common guidelines to chose the best set of preprocessing operations. For in-

stance, Gôlo et al., 2019 test all combinations of feature extraction techniques and hyperparameter configura-

tions to classify documents from several domains. While Brandão et al., 2023 test a small set of preprocessing

pipelines, and Silva et al., 2023 come upwith an intricate rule system to find out an optimal set of preprocess-

ing operations. None of them considers to incorporate domain expertise knowledge in the process to choose

the best set of preprocessing operations.

Despite the improvement ofmodernNeural Network Architectures (e.g. Transformers basedmodels) extract-

ing numeric features using Term Frequency - Inverse Document Frequency (TF-IDF) is still a competitive op-

tion for lengthy documents, such as in the legal domain. Costa et al., 2023 employed six BERT-derivedmodels

for feature extraction in a legal document classification task, and found that the traditional TF-IDF approach

produced superior results compared to the BERT-based encoding.

Araújo et al., 2021 compared several supervisedmachine learning techniques for classifying legal documents.

The study used a simple TF-IDF approach for feature extraction. Among the models tested, SVM delivered the

best performance with an F1-score of 96.4%. Other methods, including Random Forest, Adaboost, Multilayer

Perceptron, and K-Nearest Neighbors, also performed well, each achieving an F1-score above 90%.

Luz deAraujo et al., 2020proposed theVICTORdataset for two related tasks: document type classification and

theme assignment. Once the dataset originated from scanned documents, they applied regular expressions to

infer the text quality and remove OCR tags and special characters. In addition, they applied preprocessing op-

erations such as stemming, stop-word removal, lowercasing, and tokenization of emails, URLs, and legislation

citations.

Noguti et al., 2020 compares traditional machine learning approaches with Neural Network Architectures.

They conclude that preprocessing operations are more impactful for feature extraction when using the TF-

IDF approach rather than the word embedding used by Deep Learning models.

Although Aumiller et al., 2021 explore a more advanced techniques for document segmentation, framing the

problem as topical change detection, simpler approaches can be used to test an hypothesis, such as in Feijó

and Moreira, 2018 where legal ruling were manually segmented for testing summarization techniques with

different parts of the document.

3. Preprocessing pipelines

This section provides a concise overview of the preprocessing pipelines and their respective operations.

Firstly, we describe theword-level operations thatmodify the text itself. Then, we present the structural orga-

nization of a legal ruling and briefly discuss how each section was extracted using simple regular expressions

patterns. These pipelines are then combined to explore more possibilities of preprocessing pipelines.

3.1. Textual operation

Initially, two sets of operations are conceived: firstly, the cleaned preprocessing pipeline (C) simply removes

the document header and footers, line breaks and replaces otherwhite-spaces for a single space character. The

normalization pipeline (N) converts text to lowercasing, removes word accentuation, sentence punctuation,

and stopwords. The stopword list comprises 416 general Portuguese stopwords, sourced from the spaCy

library, and 31 legal terms identified by domain experts. Besides, it removes all words with less than three

characters.

And more importantly, it standardizes special words and expressions to a uniform representation employing

156 regular expressions, basedon a vocabulary of expressions, abbreviations and acronyms from the Standard

Writing Guide of the Superior Court of Justice (Brasil. Superior Tribunal de Justiça, 2016).
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Fig. 1 – While a legal ruling can span several pages, such as illustrated in the left (a), the diagram in the right

(b) shows how its internal sections are commonly organized.

For instance, both the name of the Brazilian Superior Court of Justice (e.i. Superior Tribunal de Justiça) and

its abbreviation “STJ” are standardized to “superior_tribunal_justica.” Citations of legislation and other

regulatory orders (e.g. Laws, Decrees, Resolutions) are also standardized. In addition, prosecution codes,

identification numbers, URLs, email addresses, monetary and percentage values, and other numeric patterns

are also regularized.

Initial experiments showed that neither stemming nor lemmatization improved classification performance,

so these operations were not included in the study. Furthermore, adapting these techniques to align with the

regular expressions used in the normalization pipeline proved to be both complex and potentially counter-

productive.

3.2. Document segmentation

In the Brazilian judiciary system, one of the primary roles of higher courts is to serve as appellate bodies,

reviewing cases and rulings from lower court jurisdictions. Certain decisions are made by a panel of judges,

and the ruling is referred to as an “Acórdão.” Typically, the panel of judges is organized into chambers or

sections, each composed of at least threemembers. Moreover, an authoring judge, known as the rapporteur, is

appointed to analyze the case, decide on its admission, draft a formal opinion, and recommend the appropriate

legal action.

For collegiate decisions, the panel of judges reviews the authoring judge’s draft and decides whether to agree

with it, aiming to form a majority. In cases of disagreement, the dissenting judge writes a separate opinion,

presenting their reasons for disagreeing with the authoring judge’s initial position . This dissenting opinion

can significantly extend the document’s length, as it provides counterarguments for each specific point of

disagreement.

Although there is no entirely uniform structure, the legal ruling generally consists of three main parts, as

illustrated in Figure 1: the adjudication of the sentence itself, the authoring judge’s opinion and, eventually, a

dissenting manifestation. The adjudication is found on the first page and contains the decision statement, the

judges who participated in the judgment, and the authoring judge responsible for drafting the opinion. This is

amore uniform section, which uses standard terms, making it ideal to extract information by applying regular

expression.

The authoring judge’s formal opinion, also known as vote, includes a summary of the case, references to rel-

evant legislation, citations of previous ruling on similar issues, and suggests a legal action for the case. This
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opinion is typically divided into at least two sections: the case report and the legal argumentation (see Fig-

ure 1). The case report summarizes information related to the specific case, while the argumentation section

cites the legislation and precedent cases that support their decision. For similar cases, the judges tend to

repeat the citations of legislation and the previous rulings, leading to documents that are alike to each other.

Legal domain experts suggest common terms and expressions that indicate the transition from one section to

another. Hence, regular expressions are able to identify the beginning and the end of each section using this

knowledge. Additionally, two strategies help in this process: a sequential section identification, using earlier

information to aid the next section detection; and testing awide list of regular expressions to spot each section.

For example, the authoring judge’s name appears as a signature, in the last line of the decision adjudication

part (first section) and also in the last line of his draft manifestation marking the beginning and the end of

the judge manifestation. The first part of his manifestation is the case report, and common expressions mark

the end of this section and the beginning of the legal argumentation. Notwithstanding, the authoring judge’s

name may differ along the signature lines, sometimes including an additional middle name or abbreviating

it. In these circumstances it is necessary to programmatically adapt the regular expressions to accommodate

possible variances.

It is worth mentioning the iterative refinement of each regular expression pattern. Whenever possible, two

or more patterns are merged into a more powerful and efficient one. Although it shrinks the quantity of rules

applied, it also increases its complexity for debugging purposes. Moreover, application of the rules goes from

themore generically, that handle more expression variations, to themore restricting ones, aiming to speed up

the verification procedure.

Onemay recognize that detecting one section depends on the success of the previous one. For instance, locat-

ing the argumentation section depends on successfully identifying the case report summary. If some segmen-

tation is unsuccessful, we use the last identified section until we default to the entire document. For example,

if we try to identify the argumentation section and it fails, we return the content of the judge’s manifestation

(summary case report plus the argumentation).

The segmentation strategy originates the datasets named Legal Argumentation (LA) corresponding only to
the juridical argumentation, and Judge Manifestation (JM) that also includes the case report section. Both

versions exclude the dissenting vote section. Furthermore, these two dataset went through the normalization

preprocessing operations, obtaining its versions with expressions regularized, and indicated by signsLA+N
and JM +N , respectively.

The downside of this based-rule approach is that the regular expressions are specific to our collection of docu-

ments. Although somewriting patterns are similar across judges and courts, adapting to other contextsmight

require additional effort. However, we use this procedure only to test the hypothesis whether using segments

of the documents might be more efficient on legal ruling classification.

4. Experimental setup

In this study we evaluated at least seven machine learning algorithms across six versions of the dataset, each

corresponding to a different preprocessing pipeline. The experiments were conducted in a Google Colab Pro

environment. In the following we detail the dataset characteristics, the learning algorithms, and the experi-

ment setup in detail.

4.1. The dataset

The dataset, developed under a broader research project funded by the São Paulo State Court of Justice, con-

sists of 33,016 legal rulings considering Special Appeals in the Private and Consumer Lawdomains. Due to the

project guidelines on sensitive information disclosure, we are not able to make the dataset publicly available.

A legal ruling might entail multiple themes, configuring a multiclass classification task. Table 1 shows the six

themes of interest in this study, its definition and the number of positive instances for each class. Since we use

algorithms that induce binary classification, we divided the original task into six binary classification tasks.

This decision corresponds to the one-versus-all strategy, which is a feasible practice in such circumstances.
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Tab. 1 – Positive class instances for each label in absolute values. Each theme is represented by a alphanumeric

code. The letter S in some labels indicate whether the theme originates at STJ Brazilian Court, rather

than the STF Court.

Label Code Theme Definition Positive Instances

S0929 Discussion on the conditions under which the double refund

stipulated in Article 42 of the Consumer Defense Code (CDC) ap-

plies.

2479

S1101 Final date for the application of compensatory interest in collec-

tive and individual lawsuits seeking the restitution of inflation-

ary purges in savings accounts.

2004

1011 Controversy regarding the legal interest of Caixa Econômica

Federal in joining as a party or third-party intervenor in law-

suits involving housing loan insurance under the Housing Fi-

nance System, and, consequently, the jurisdiction of the Federal

Court to process and adjudicate such cases.

1038

S1039 Establishment of the starting date for the prescription period of

indemnity claims against insurers in contracts, whether active

or terminated, within the Housing Finance System.

830

S1016 Validity of a contractual clause in a collective health plan that

provides for adjustments based on age brackets; and burden of

proof regarding the actuarial basis for the adjustment.

669

S0958 Validity of the charges in banking contracts for services pro-

vided by third parties, contract registration, and/or asset ap-

praisal.

509

4.2. Feature extraction

Despite the improvement ofmodernNeuralNetwork architectures andwordembedding representation, Term

Frequency - Inverse Document Frequency (TF-IDF) is still a competitive feature extraction option for lengthy

document classification, as in the case of the legal domain. The scikit-learn implementation of the TF-IDF

algorithms was employed. Previous experiments have shown a vocabulary size of 3,000 tokens and the use of

unigrams and bigrams yields better results.

The TF-IDF algorithm selects the 3,000 tokensmost frequent in corpus and computes the document frequency

for each token, e.i. howmanydocuments that tokenappear in the corpus. Then it calculates the term frequency

of the token in each document and weighted this value by the inverse of the document frequency. Hence a

document is encoded in a vectorwith dimension equal to the number of tokens in the vocabulary. These vector

values can also be normalized by the sum of absolute values (l1 normalization) or by the sum of squares of its

elements (l2 normalization) which was the selected option.

4.3. Classification algorithms

To evaluate the efficiency of the preprocessing pipelines, we use standard classification algorithms provided

by the scikit-learn library Pedregosa et al., 2011: Decision Tree classifier (DT), Logistic Regression (LR), Sup-

port VectorMachine (SVM), Stochastic GradientDescent (SGD), RandomForest (RF), andExtra Trees Classifier

(ET). We also employed the Extreme Gradient Boosting (XGB) algorithm from the XGBoost library. We use the

default parameters for all classifiers as recommended by the respective libraries.

We also employ cross-validation with five folds, using the stratified variation, and collect the precision, recall

and F1-score for the test set. However, Tables 2 and 3 reports only the F1-score for conciseness. Therefore,

seven machine learning algorithms were tested across six preprocessing versions of the same dataset of legal

documents, for each of the six themes (or labels) considered in this study.

5. Results and discussion

Tables 2 and 3 show the average F1 scores obtained from the experiments. Table 2 contains the results solely

from thedocument segmentationpipeline experiments, while Table 3 displays the results from thenormalized
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Tab. 2 – Average F1-score considering the document segmentation experiments. The preprocessing pipelines

are: the cleaned text (C), legal argumentation only (LA), and all the judgemanifestation (JM). The clas-

sification algorithms refer to Decision Trees (DT), Logistic Regression (LR), Support Vector Machine

(SVM), Stochastic Gradient Descent (SGD), Random Forest Classifier (RF), Extra Trees Classifier (ET),

and Extreme Gradient Boosting (XGB).

Label Pipeline DT LR SVM SGD RF ET XGB

S0929

C 0.8979 0.9452 0.9593 0.9506 0.9485 0.9463 0.9686

LA 0.9079 0.9608 0.9748 0.9669 0.9580 0.9576 0.9788

JM 0.9126 0.9613 0.9744 0.9671 0.9606 0.9607 0.9828

S1101

C 0.8232 0.7418 0.8304 0.8050 0.8432 0.8462 0.9179

LA 0.8976 0.7909 0.9103 0.8019 0.9037 0.8842 0.9352

JM 0.8843 0.7894 0.8888 0.8015 0.9051 0.8767 0.9402

1011

C 0.8081 0.8359 0.8611 0.8479 0.8449 0.8400 0.8716

LA 0.7802 0.8456 0.8658 0.8462 0.8303 0.8284 0.8634

JM 0.7753 0.8491 0.8750 0.8493 0.8492 0.8454 0.8764

S1039

C 0.8452 0.8944 0.9266 0.9193 0.8694 0.8612 0.9300

LA 0.8530 0.8873 0.9189 0.9075 0.8369 0.8387 0.9433

JM 0.8722 0.8976 0.9237 0.9241 0.8497 0.8588 0.9493

S1016

C 0.8878 0.9267 0.9535 0.9416 0.8929 0.9142 0.9395

LA 0.8614 0.9152 0.9348 0.9308 0.8778 0.8818 0.9326

JM 0.8983 0.9329 0.9514 0.9411 0.9061 0.9056 0.9436

S0958

C 0.6241 0.6815 0.7539 0.7252 0.6317 0.6332 0.7816

LA 0.6662 0.7219 0.7828 0.7436 0.6176 0.6403 0.7900

JM 0.6828 0.7293 0.7825 0.7415 0.6252 0.6386 0.7946

version of the datasets. The bold values indicate the highest value for each row, i.e. the highest value among

the classifiers for a single pipeline. The shaded values indicate the highest value for a classifier across different

pipelines (i.e. the highest value in the column) specifically for each label. Values are considered a tie if the first

two decimal digits are equal–hence, all similar values are highlighted.

Table 2 suggests that there is no clear pattern indicating the best document segmentation pipeline for all

classes. Nevertheless, the LA (Legal Argumentation) and JM (Judge Manifestation) preprocessing pipelines

tend to perform better than the C (Cleaned) preprocessing, which considers the entire document.

The results in Table 3 indicate that the normalized version of the documents outperforms the non-normalized

ones. Incorporating domain knowledge through standardized expressions is a promising approach for pre-

processing legal documents. In this context, the JM (Judge Manifestation) preprocessing method performs

better than the others, particularly for underrepresented classes such as 1011, S1039, S1016, and S0958.

For both cases (Table 2 and3) theExtremeGradientBoosting (XGB) achieved thebest results inmost scenarios

(bolded values) followed by the SVM classifier. However, the variation between the best and worst results

for the XGB algorithm is small, regardless of the preprocessing pipeline used. This suggests that XGB is not

significantly affected by changes introduced through preprocessing.

The extraction of the legal argumentation segment (LApipeline), although its high complexity, did not produce

superior results than the JM pipeline. In otherwords, the judge’smanifestation segment (i.e. removing the ad-

judication page and the dissenting vote declaration, when present) is preferable than the LA pipeline due to its

lower complexity and cost. Additionally, associating the JM preprocessing with the expression normalization

led to even better results, as shown in Table 3.

Essentially the results suggest that not all preprocessing pipeline produces significant differences on docu-

ment representation. One way to visualize this situation is to plot a 2-dimension or 3-dimension scatter plot

representing the embedding space, using a dimensionality reduction method such as Principal Component

Analysis (PCA) or t-distributed Stochastic Neighbor Embedding (t-SNE)(Cao & Cui, 2016). However, this rep-

resentation produces one plot for each dataset version that is difficult to compare them directly.
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Tab. 3 – Average F1-score considering the same preprocessing before, plus the normalization preprocessing.

Hence, the preprocessing pipelines are: cleaned content normalized (C+N), legal argumentation nor-

malized (LA +N), and the judgemanifestation normalzied (JM +N). The classification algorithms refer

to Decision Trees (DT), Logistic Regression (LR), Support Vector Machine (SVM), Stochastic Gradient

Descent (SGD), RandomForest (RF), ExtraTrees Classifier (ET), andExtremeGradient Boosting (XGB).

Label Pipeline DT LR SVM SGD RF ET XGB

S0929

C + N 0.9434 0.9559 0.9680 0.9613 0.9602 0.9587 0.9721

LA + N 0.9331 0.9680 0.9812 0.9749 0.9634 0.9650 0.9794

JM + N 0.9466 0.9702 0.9834 0.9768 0.9710 0.9698 0.9867

S1101

C + N 0.9041 0.7761 0.9177 0.8925 0.9241 0.9277 0.9390

LA + N 0.9037 0.8081 0.9260 0.8099 0.9197 0.9215 0.9338

JM + N 0.8985 0.8084 0.9277 0.8238 0.9046 0.8913 0.9400

1011

C + N 0.8204 0.8367 0.8638 0.8480 0.8475 0.8418 0.8630

LA + N 0.8177 0.8457 0.8655 0.8492 0.8311 0.8380 0.8777

JM + N 0.8343 0.8523 0.8768 0.8527 0.8542 0.8513 0.8774

S1039

C + N 0.9032 0.9126 0.9308 0.9285 0.9001 0.8958 0.9495

LA + N 0.8850 0.9170 0.9399 0.9266 0.8729 0.8708 0.9549

JM + N 0.9132 0.9209 0.9469 0.9365 0.8870 0.8914 0.9716

S1016

C + N 0.8887 0.9357 0.9553 0.9459 0.9212 0.9168 0.9438

LA + N 0.8772 0.9202 0.9375 0.9331 0.9019 0.9083 0.9338

JM + N 0.8893 0.9369 0.9568 0.9476 0.9185 0.9197 0.9422

S0958

C + N 0.7001 0.7672 0.7896 0.7791 0.6630 0.6927 0.7926

LA + N 0.6904 0.7611 0.8049 0.7761 0.6451 0.6781 0.7854

JM + N 0.7461 0.7829 0.8322 0.8005 0.6881 0.6984 0.8082

Fig. 2 – Jaccard index heatmap comparing vocabulary overlap across all pairs of preprocessing pipelines based

on the TF-IDF algorithm.

Therefore,wepropose analyzing the Jaccard similarity indexbetween the vocabulary sets generatedby theTF-

IDF algorithm for each preprocessing pipeline. This index is calculated as the ratio of the number of elements

in the intersection to the number of elements in the union of two distinct sets. Although the Jaccard index does

not account for word frequency, it still offers valuable insights into how preprocessing operations influence

the vocabulary computed by the TF-IDF algorithm and, consequently, the document representation.

The results are presented in Figure 2. The non-normalized preprocessing group (C, LA, and JM) and their
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normalized counterparts (C+N, LA+N, and JM+N) exhibit high similarity within their respective groups but

differ significantly from each other. This pattern aligns with the findings in Tables 2 and 3, where the F1-score

does not vary as much within each table.

6. Conclusion

In this study, we examined the impact of various preprocessing pipelines on the classification of legal doc-

uments, focusing on judicial decisions in the Brazilian legal system. The normalization of legal expressions

consistently enhanced classification performance, demonstrating the importance of tailored preprocessing in

legal domain. Segmenting documents considering its constituent sections, particularly the judge’s manifesta-

tion pipeline, enhance the classification performance, yielding better results than using the full text with only

basic cleansing operations.

Moreover, we emphasize the importance of examining howpreprocessing operations influence feature extrac-

tion models and the resulting feature sets. Although the literature provides no clear guidelines for selecting

the most appropriate preprocessing strategies, analyzing their impact on feature extraction algorithms (e.g.

TF-IDF) can offer valuable insights into this decision-making process. To illustrate this point, we propose in-

vestigating the vocabulary sets generated by each preprocessing pipeline by calculating the pairwise Jaccard

index over the outputs of the feature extraction model. This type of analysis can be further extended through

alternative visualizations and techniques, which we consider promising directions for future work.
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