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Abstract
This article presents our interdisciplinary work001
to identify organophosphorus pesticide names002
in Brazilian Portuguese research articles. A003
combination of a state-of-the-art transformer004
model with expert knowledge yields promis-005
ing results. However, more research is needed006
to get a more comprehensive overview of the007
different names used for organophosphorus pes-008
ticides in Brazilian Portuguese.009

1 Introduction010

In 2020/21, Brazil produced 137 million metric011

tons (mmt) of soybeans, and 83 mmt of them were012

exported worldwide, consolidating the country’s013

leadership as both a producer and an exporter of014

grains (Kamrud et al., 2022). Consequently, it has015

also become the largest consumer of pesticides016

in the world. Given this context, Chemistry re-017

searchers seek to study and create a set of envi-018

ronmentally sustainable methodologies for pesti-019

cide degradation, since they are extremely harm-020

ful to the health of the general population. How-021

ever, one problem that previous studies (Pinto and022

Lima, 2018) have found is the lack of terminologi-023

cal standardization of pesticide terms in Brazilian024

Portuguese, especially in scientific papers, which025

may lead to the misinterpretation of product labels026

as well as hinder lawmaking on the issue.027

One example that illustrates this problem is the028

term “malathion”, which is a pesticide common029

name usually translated to Brazilian Portuguese030

as malationa (adapted to the morphology of the031

language, but not representative of the pesticide’s032

most important chemical group), or most appropri-033

ately, as malation (indicating the correct chemical034

group). Other possible translations are malatiom035

(a spelling variant of the former one) and malatião036

(commonly used in European Portuguese) (Souza037

et al., 2022).038

To start to tackle this problem, in this paper, we039

bring together corpus linguists, terminology ex-040

perts, chemists, and NLP researchers to take the 041

first step toward mapping this largely uncharted 042

terrain of Brazilian Portuguese terms referring to 043

organophosphorus pesticides. We start out with 044

seed terms in English as well as with an English 045

training corpus and then use multilingual trans- 046

formers to identify names of organophosphorus 047

pesticides in Brazilian Portuguese research texts. 048

Our contributions to the field are twofold. First, 049

the potential of multilingual transformers is tested 050

on a very specialized, difficult text sort and word 051

type. Second, we develop and make publicly ac- 052

cessible training data in English and Portuguese, 053

together with a long list of Brazilian Portuguese 054

pesticide names. 055

Making progress in this area is both important 056

and difficult. It is important because, without a 057

comprehensive view of the existing terminology 058

in pesticide research in Brazilian Portuguese, re- 059

searchers might not be aware of other ongoing re- 060

search in the field, and government bodies might 061

not be aware of the harmful effects of certain pes- 062

ticides. It is difficult because of the complete lack 063

of previous research in this area as well as the high 064

degree of variation in terminology. 065

2 State of The Art 066

2.1 Linguistics 067

Although the International Union of Pure and Ap- 068

plied Chemistry (IUPAC) has encouraged schol- 069

ars to follow an internationally standardized ter- 070

minology, it is still regional, unlike its symbology, 071

which is universal. Even though the conditions 072

for technical communication are, to a certain ex- 073

tent, more controlled, the terminology used is dy- 074

namic and chosen by its users in a subjective man- 075

ner (Azenha Jr., 1999). In this sense, variation 076

has been an inherent part of specialized language 077

which is widely described by authors on different 078

levels (Cabré, 1999; Faulstich, 2001). Although the 079
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intersection between Translation and Terminology080

is undeniable, very little has been studied about081

the characteristics and motivations for this relation,082

and even less has been considered about the limits083

between them both. In Brazil, the language direc-084

tion of translated texts has long been from English085

to Portuguese, nevertheless, the international busi-086

ness exchange has increased significantly, making087

it necessary for translators to work with the other088

language direction and often create neologisms or089

even paraphrased terms (Krieger and Finatto, 2004).090

Terminology has long provided the necessary aids091

for the translating process, however, in the area of092

Pesticide Chemistry, there is still a wide gap to be093

filled in since this is a young and fast-changing094

area.095

2.2 NLP096

Our approach is based on multilingual transformer-097

based sentence models. Our task might look sim-098

ilar to what is sometimes called a biomedical099

named entity recognition (NER), see Naseem et al.100

(2021). For this domain, there are challenges and101

benchmarks for languages other than English, in102

particular, Spanish (see the PharmaCoNER task,103

Gonzalez-Agirre et al. 2019). For instance, Hakala104

and Pyysalo (2019) use multilingual BERT, an ear-105

lier multilingual language model that has been out-106

performed by xlm-roberta used here. They can rely107

on almost 4000 annotated samples for fine-tuning.108

In contrast, our domain of organophosphorus pes-109

ticide names in Brazilian Portuguese is entirely110

uncharted terrain. Furthermore, while the biomedi-111

cal NER task is typically conceived as identifying112

string spans that name entities of various kinds as113

well as classifying these spans into very general cat-114

egories, e.g. PROTEIN, we are only interested in a115

very specific kind of chemical compound, namely116

organophosphorus pesticides. This is why we re-117

sort to vanilla pre-trained multilingual language118

models without fine-tuning.119

PLMs Transformer-based (Vaswani et al., 2017)120

pre-trained language models (PLMs) have become121

the state of the art in NLP. Researchers have pro-122

posed a number of highly successful natural lan-123

guage understanding (NLU) architectures, starting124

with BERT (Devlin et al., 2019), quickly followed125

by others, including RoBERTa (Liu et al., 2019),126

XLNet (Yang et al., 2019), DeBERTa (He et al.,127

2020), and smaller versions such as DistilBERT128

(Sanh et al., 2019) and Albert (Lan et al., 2019). On129

the word-level (or better subword-level, as trans- 130

formers split up rare words into subwords), we 131

use the multilingual RoBERTa called xlm-roberta 132

(Conneau et al., 2020), which was trained on 2.5 133

terabyte of text from 100 different languages, in- 134

cluding about 100GB in Portuguese. 135

For the sentence-embeddings, we use a mul- 136

tilingual SBERT-Model (Reimers and Gurevych, 137

2019), namely paraphrase-multilingual-mpnet- 138

base-v2, originally proposed by Song et al. 2020. 139

SBERT-Models are optimized for sentence-level 140

comparison of embeddings via geometric similarity 141

or distance measures such as cosine similarity. 142

3 Dataset 143

Our English training corpus consists of 210 doc- 144

uments that fit into the academic register, that is, 145

scientific books, research papers, theses, and disser- 146

tations, published between 1943 and 2022. These 147

texts were selected to represent the phosphorus 148

chemistry domain, with a bias toward organophos- 149

phorus compounds. It has 3,472,000 tokens, of 150

which 2,221,494 are types (i.e., similar items 151

counted only once). Our Brazilian Portuguese cor- 152

pus, on the other hand, has 172 academic docu- 153

ments published between 1996 and 2022. This col- 154

lection gathers texts on pesticides in Brazil, mainly 155

organophosphorus pesticides, with a token count of 156

1,402,237 and a type count of 1,053,438. In table 1 157

we can confirm our corpora biases by comparing 158

the proportion of documents that were specifically 159

related to organophosphorus compounds and the 160

token count thereof with the total above-mentioned 161

counts. 162

Corpus OP-specific documents/Token count

English 95/2,109,998

Portuguese 85/836,563

Table 1: Organophosphorus-specific documents and to-
ken count.

Finally, the seed words were extracted from the 163

aforementioned English corpus by means of a key- 164

word extraction method named simple maths (Kil- 165

garriff, 2009), whose output consists of a list of 166

items that can be used to understand the corpus’s 167

main topics. With the help of an expert, we selected 168

those items that were common pesticide names, 169

reaching a total of 69 [CHECK] unique seeds. 170
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Figure 1: Illustration of our method for seed paraoxon.

4 Method171

Given the lack of a domain-specific annotated172

training corpus, we decided to rely on a fully173

self-supervised approach using multilingual trans-174

former models combined with minimal knowledge-175

based input. For each seed word, we retrieve176

sentence-embeddings of sentences where the seed177

occurs from an English corpus, then we compute178

the centroid of these embeddings. In the same way,179

we also retrieve the centroid of all occurrences of180

the words. Then, we measure the cosine similarity181

between each sentence embedding in the target cor-182

pus with all the sentence-centroids obtained. For183

the sentences whose embeddings pass a certain co-184

sine threshold, we then work through word by word185

of this sentence and compare the words’ cosines186

with each of the word centroids. All words whose187

embeddings pass another cosine threshold are then188

predicted as organophosphorus pesticide names.189

Compare figure 1 for an overview on the method.190

In detail, our method works as follows. For the191

retrieval of the information from the English text:192

1. We use an expert-compiled list of seed-words193

in English, all of them organophosphorus194

pesticide names, as well as a multilingual195

word-based model (xlm-roberta) and a mul-196

tilingual sentence-based model (paraphrase-197

multilingual-mpnet-base-v2, for references,198

see above, section 2.2) and the English dataset199

described above (section 3). For each of200

the seed words, we search for occurrences201

in sentences from this dataset. If there is a202

match, we retrieve (1) sentence-embeddings203

using the sentence-based model and (2) word-204

embeddings using the multilingual word-205

based model. For the latter, we had to control206

for the number of subword-units into which207

the model chose to split the original pesti-208

cide name. This is a common procedure209

for transformer-based models, but it is par-210

ticularly relevant for our case, as the pesti-211

cide names are predominantly rare words that 212

the models have chosen not to represent inte- 213

grally. 214

2. Then, we compute (1) one word-based cen- 215

troid per seed, (2) one sentence-based centroid 216

per seed, and (3) recorded the wordpiece-span 217

of each of the seed words (of course, only 218

seeds that actually occurred in the corpus were 219

considered). 220

For the retrieval of the organophosphorus pesti- 221

cide names in the Portuguese texts, we proceed as 222

follows. 223

1. For each sentence in the Portuguese target 224

corpus, we check whether its embedding sur- 225

passes a certain cosine similarity threshold 226

with one of the sentence-centroids retrieved; 227

2. if yes, we check whether any subword-span 228

within the respective sentence also passes a co- 229

sine threshold with any of the word-centroids. 230

Here, we use expert knowledge to privilege 231

certain morphologies that are strongly sugges- 232

tive of organophosphorus pesticide (namely 233

“fos|phos|on$” by increasing their cosine sim- 234

ilarity with any of the stored word-centroids 235

by 0.1. 236

We decided to rely on English seed terms and 237

source texts for three reasons: because the sheer 238

amount as well as the specificity of the texts avail- 239

able in English so far surpasses their Portuguese 240

equivalents, and because the lexical variation in the 241

English pesticide names is much smaller than in 242

the Portuguese texts according to our expert. 243

We decided to proceed via sentences, as we 244

hypothesize that this allows us to harvest more 245

organophosphorus pesticide names than a method 246

that directly matches individual words: While 247

we expect the immediate context of different 248

organophosphorus pesticides to differ substantially, 249

in particular, because they are often produced by 250

different companies or examined by different labs 251

that use different terminologies, we expect the basic 252

assertions on the sentence level to be more similar: 253

they are all organophosphorus pesticides after all. 254

We compare our transformer- and sentence- 255

based method against a regular-expression (regex) 256

based one that includes expert knowledge on the 257

make-up of organophosphorus pesticide names. In 258

brief, this method functions by cutting the final syl- 259

lable from each seed word and then matching any 260
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word that begins with the resulting cropped seed.261

We have tried to make sure that this regex-based262

method can serve as a genuine baseline and not263

merely as a straw-man. As a consequence, we used264

preprocessing with natural language toolkit (nltk,265

see Bird 2006) to match only nouns (as opposed266

to adverbs and other parts of speech), we applied267

transformation rules for the most common graphe-268

matic variants, and we used expert knowledge to269

define final syllables that must not be cut because270

they are central for the meaning of the terms. We271

give the results of this baseline together with the272

output from the transformer-based method in the273

next section.274

5 Results275

We evaluate the results of our method by asking276

expert annotators to categorize each prediction as277

either (1) a variation of the seed pesticide name,278

(2) another organophosphorus pesticide, (3) any279

kind of (non-organophosphorus) pesticide, (4) no280

pesticide at all. Results belonging to categories (1)281

and (2) are considered true positives and combined282

in table 2.1 We give two different selections of283

transformer-based results in table 2 as well as the284

output from the regex-based method. Row top 2k285

cosine consists of an evaluation of the two thousand286

results with the highest cosine similarity to one of287

the word-based centroids. Row >1 cosine consists288

of only these results where the expert-suggested289

pattern has matched (we operationalize this by se-290

lecting these word suggestions with a cosine higher291

than 1, which is only possible if the original cosine292

is higher than 0.9 and the expert-suggested pattern293

matches). Row regex-based gives the results from294

our regex-based method. Given that it only sug-295

gested 194 words in total, focusing on a subset here296

was not necessary.297

6 Discussion298

We emphasize three aspects of the results of our299

method. First, the challenge is difficult. Unlike300

traditional NER-tasks, even for the biomedical do-301

main, we tried to identify a very specific class of302

chemical compound, namely organophosphorus303

pesticides. Furthermore, we had to do so without304

being able to rely on a high-quality training dataset,305

as is common with the tasks known in the commu-306

1Table 3 in appendix section A presents the first twenty
lines of results obtained by the transformer-based approach
ordered by cosine.

Selection Org. Pest.
(Count/%)

N-Org. P.
(Count/%)

Total
Count

Top 2k
cosine

352/18% 305/15% 1981

>1
cosine

193/44% 28/6% 437

Regex-
Based

37/19% 5/3% 194

Table 2: Evaluation of the results of our method.

nity, and our expert in the domain warned us that 307

variation of terminology in Portuguese is extremely 308

high (which is why we resorted to English texts 309

to build our method). As a consequence, the pre- 310

cision of our method, as seen in table 2 is clearly 311

below the industry standard. Still, the results of 312

our combined knowledge- and transformer-based 313

method (row >1 cosine) beats the regex-based base- 314

line almost by factor 2, and it results in 5 times 315

more true positives, which evinces that the use of 316

transformer-based models for this task can yield 317

genuine advantages in performance. 318

In the same vein, we also emphasize that by 319

using generic transformer-based models together 320

with minimal expert input as heuristics, we man- 321

aged to build a method that reaches a precision of 322

44% percent. While the absolute numbers of the 323

top-2k evaluation suggest that recall suffers from 324

this high threshold, we still managed to provide our 325

linguistic partners with hundreds of new terms for 326

pesticide names that were so far not recorded in 327

any systematic way. 328

Third, it is obvious that our knowledge-based 329

component, that is, increasing cosine similarity by 330

.1 when certain morphological patterns are present, 331

contributes substantially to finding organophospho- 332

rus pesticides and filtering out other kinds of pesti- 333

cides, as row 3 of table 2 evidences. 334

7 Conclusion 335

Overall, we take our results to be encouraging. We 336

have shown that multilingual transformers can sup- 337

port corpus linguistic analysis of difficult, cross- 338

lingual challenges. In the future, we plan to build 339

larger training datasets that allow us to fine-tune 340

transformers to our task, and to experiment with 341

more sophisticated matching routines. 342
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A Top 20 results by Cosine449

Sentence-key (en) Candidate (ptbr) Cosine

azinphosmethyl phosphamidon, 1,094672322

demeton-methyl methylazinphos. 1,094556451

glyphosate Glyphosate 1,094305277

oxydemeton-methyl clorpirifos-oxon. 1,094272614

methamidophos methamidophos 1,094191313

azinphos-methyl clorfenvinfos, 1,093927383

oxydemeton-methyl Clorpirifos-oxon. 1,093624115

oxydemeton-methyl azinfos-metílico, 1,093557715

methylparathion methylbromphenvinphos 1,093243122

azinphosmethyl monocrotophos, 1,092985988

temephos temefos 1,09279871

chlorpyrifos quinalphos, 1,092792988

methylparathion diflubenzuron 1,092625618

dicrotophos fensulfotion 1,092409134

diazinon Baysiston 1,092201591

temephos temephos 1,092031837

diazinon Neguvon 1,091972828

crotoxyphos fosforamidato, 1,09195435

crotoxyphos mevinfos, 1,091821551

methylparathion fosforotioatos 1,091743708

Table 3: Top 20 predictions issued by our method de-
scribed above, section 4.
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