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Abstract

In light of rising drug-related concerns and the increasing role of
social media, sales and discussions of illicit drugs have become com-
monplace online. Social media platforms hosting user-generated
content must therefore perform content moderation, which is a
difficult task due to the vast amount of jargon used in drug dis-
cussions. Previous works on drug jargon detection were limited to
extracting a list of terms, but these approaches have fundamental
problems in practical application. First, they are trivially evaded
using word substitutions. Second, they cannot distinguish whether
euphemistic terms (pot, crack) are being used as drugs or as their
benign meanings. We argue that drug content moderation should
be done using contexts, rather than relying on a banlist. However,
manually annotated datasets for training such a task are not only
expensive but also prone to becoming obsolete. We present JEDIS, a
framework for detecting illicit drug jargon terms by analyzing their
contexts. JEDIS utilizes a novel approach that combines distant
supervision and delexicalization, which allows JEDIS to be trained
without human-labeled data while being robust to new terms and
euphemisms. Experiments on two manually annotated datasets
show JEDIS significantly outperforms state-of-the-art word-based
baselines in terms of F1-score and detection coverage in drug jargon
detection. We also conduct qualitative analysis that demonstrates
JEDIS is robust against pitfalls faced by existing approaches.
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1 Introduction

Drug-related deaths are at record highs, with annual drug overdose
deaths in the US more than doubling since 2015 [27, 5]. In March
2022, the United Nations urged governments to further regulate so-
cial media, citing a link between exposure to social media and drug
abuse [26]. Illicit sales and discussion of drugs have become preva-
lent online not only on anonymous marketplaces [41, 2] but also
on social media [30, 54]. On top of illegal drugs, online discussion
of legal drugs for non-medical recreational usage has also become
commonplace [42, 35]. Without sufficient moderation, social media
can expose the general public to sales of illegal drugs [17, 18] and
dangerous drug misinformation [3].

Content moderation is a difficult and labor-intensive task. Al-
though content moderators often face psychological distress from
large volumes of explicit content [43], automating moderation of
user-generated content is challenging. Even for human modera-
tors, understanding the slang and jargon used in illegal content
requires significant domain knowledge. Previous works have ad-
dressed this by discovering jargon terms [46, 48, 52], interpreting
jargon terms [37, 38], or both [54]. Practically, however, moderation
systems relying on a banlist of jargon terms suffer from two main
limitations. Figure 1 shows an example input that demonstrates the
limitations of a word-based moderation system. First, word-based
restrictions are easily bypassed by alternative terms for moderated
words [19]. This not only includes newly emerging words, but also
misspellings of known banned words (cokaine, c0caine). Second,
euphemistic jargon has benign usages that can cause false positives.
While speed requires moderation when referring to amphetamines,
it should not be moderated when referring to quickness. In order
to effectively address such limitations, moderation systems must
be trained to evaluate words within their specific context. Thus, for
more practical content moderation automation, we define jargon
detection as a sentence-level task of identifying if a word, within its
specific context, is used as drug jargon. To the best of our knowledge,
this sentence-level approach for deriving contextual information is
a novel direction in drug content moderation research.

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3690624.3709183
https://doi.org/10.1145/3690624.3709183
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Ground Truth

Figure 1: Content moderation procedures of word-based system and context-based system. Bolded words in Input were predicted

by each system. In the Result, words detected as drug jargon are colored red, and words predicted as non-drugs are colored blue.

We propose JEDIS (Jargon and Euphemism Detection of Illicit
Substances), a novel drug jargon detection framework that per-
forms context-aware detection of jargon instances. JEDIS utilizes
distant supervision to keep up with complex and fast-evolving drug
slang without depending on expensive manual annotations from
domain experts. Drug jargon contexts from an unlabeled text cor-
pus are learned by leveraging only a small list of known drug seed
terms. Given an incomplete and small knowledge base for distant
supervision, the model may overfit to the seed terms. To general-
ize detection, JEDIS employs an innovative training strategy that
effectively utilizes learned contexts. Specifically, JEDIS uses two in-
dependent modules to represent contextual and lexical information
separately. The delexicalized context-only module mitigates the ex-
cessive focus on the target word by extracting context information
alone. The word attribute module preserves target word informa-
tion to address imprecise detection caused by delexicalization. This
allows JEDIS to robustly detect unrecognized terms and accurately
distinguish between euphemisms.

We construct two human-labeled datasets to evaluate moder-
ation approaches on user-generated drug context sentences. Our
findings suggest that word-based methods perform poorly with
content in the wild due to their limitations. We find that JEDIS
substantially outperforms state-of-the-art moderation approaches
in F1-score across both evaluation datasets. Specifically, JEDIS suc-
cessfully detects an average of 4.23 times more various drug jargon
terms compared to word-based baselines. It also highlights the need
for a tailored context-based method for effective drug jargon detec-
tion. Qualitative analysis shows JEDIS detects jargon in scenarios
that previous approaches struggled with.

Our contributions are as follows:

• Propose JEDIS, a drug jargon detection framework robust
to unseen words and euphemisms by effectively combining
contextual and lexical information without requiring labeled
training data.

• Propose delexicalized distant supervision for JEDIS training,
enabling generalization to new terms without overfitting to
a small set of drug seed terms.

• Create two datasets of forum texts annotated for drug jargon
instances to evaluate drug jargon detection1.

• Empirically demonstrate limitations of word-based moder-
ation in practical scenarios, which suggest the necessity of
context-based moderation.

• Empirically show shortcomings of recent language model
with prompts in drug jargon detection, underscoring the
need for a tailored detection method.

2 Background

2.1 Preliminaries

We define drug jargon as words used to refer to illicit drug sub-
stances or abused legal drug substances. This can include both ex-
plicit substance names (MDMA, ketamine) and street names (Molly,
ket). Some jargon terms are euphemisms (speed, pot), polysemous
words that have alternate innocuous meanings. It should be noted
that slang terms are not necessarily euphemisms (fent is slang for
fentanyl but has no benign alternative usage). We formalize the
task of drug jargon detection as a binary classification problem.
Given a sentence and a word in the sentence, determine whether
the word is used as a drug jargon in the specific context. This task is
contrary to past works, which were typically focused on extracting
a list of drug jargon terms from a target corpus.

2.2 Related Work

Illegal content in social media. Detecting abusive content on
social media is a challenging task [40], especially when it is im-
plicitly abusive [45, 34]. Works on hate speech have identified the
usage of euphemisms [19, 20] and emojis [14] to circumvent mod-
eration. Previous works on Twitter data found illegal trafficking of
fentanyl [17] and opioids [18]. Previous research on Instagram data
identified drug traffickers using text [16], multimodal combinations
of text and image [10], and heterogeneous graphs that incorpo-
rate meta-knowledge [30]. These works are limited to finding drug
traffickers, and not applicable to drug discussions on social media.
Such discussions are prone to inaccurate and biased information
that can lead to fatal results [3].
1Our code is available at https://github.com/minkyoo9/JEDIS.

https://github.com/minkyoo9/JEDIS
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Figure 2: Overview of JEDIS.

Jargon detection. The languages used by underground commu-
nities and marketplaces have been of significant interest to re-
searchers [8, 12, 11]. A common line of jargon detection research
follows a set expansion formulation: expanding a set of known drug
names by finding similar entities. Euphemisms of known drugswere
found using masked language modeling (MLM) on informative sen-
tences [53, 54]. Other works have used a set of known jargon to
find new jargon from darknet websites [13], underground market
groups [52], and search engine optimization sites [46]. Another line
of approach is to compare text corpora to identify atypical word us-
age. Yuan et al. [48] leveraged differences in Word2Vec embeddings
between different types of corpora to discover words that are used
in semantically different ways. Other works used word probabili-
ties to translate “dark” jargon to their “clean” counterparts across
corpora [37, 38]. However, all these methods primarily generate a
list of drug jargon after analyzing a target corpus. We contend that
such word-based approaches are limited in practical application
and advocate for a context-based moderation strategy.
Distant supervision and delexicalization. Large language mod-
els (LLMs) [4] have greatly progressed natural language process-
ing, but such models still require annotated datasets to approach
complex tasks such as content moderation. However, annotated
datasets are expensive and prone to become obsolete as the lan-
guage of the domain changes. Distant supervision solves the prob-
lem of annotation by automatically labeling data using an existing
knowledge base. Distant supervision has been utilized for relation
extraction [25, 31, 32] and named entity recognition [47, 22].

A known challenge in distant supervision is that using an in-
complete knowledge base generates noisy labels [24]. Our problem
setting is an extreme case where the knowledge base of drug names
is very small and incomplete, unlike the Freebase database used for
relation extraction containing 116 million relation instances [25],
or the administrative privileges of the Baidu search engine used
for jargon detection [46]. Such extensive resources are often infea-
sible for moderators. To generalize detection to unknown terms
instead of simply memorizing known words, we propose a novel
approach that integrates delexicalization into the distantly super-
vised data. Delexicalization is the concept of replacing the target
entities from a text, so that tasks focus on contexts without relying

on the target entities. This technique has been used to improve fact
verification [44] and spoken language understanding [33].

3 JEDIS

We present an overview of JEDIS in Figure 2. In dataset construction
module, an unannotated training corpus of drug domain texts is
cleaned and filtered to maintain the quality of the dataset. The
corpus is then split and carefully labeled using drug seed terms and
negative sampling to construct the training dataset. Then, JEDIS
uses the dataset to train two modules: the context-only module and
the word attribute module. In context-only module, inspected target
words are masked from training sentences. These masked sentences
are then used to train a BERT-based sequence classification model,
without exposing the model to the original target word (i.e., delex-
icalization). This module is intended to detect drug jargon from
contexts alone. On the other hand, the word attribute module uti-
lizes a vector representation of the target word within its context.
This is intended to utilize lexical information to understand the
semantic role that drug seed terms play in drug-related contexts.
To leverage information from both modules, we use an ensemble
approach combining both outputs to make final predictions.

3.1 Dataset Construction Module

Since we propose a distant supervision approach for JEDIS training,
dataset construction does not require annotated data. Instead, it
automatically labels unannotated training data using a knowledge
base of drug seed terms, enabling JEDIS to learn drug contexts. To
do this, dataset construction module consists of four steps: data
cleaning, filtering, splitting, and labeling with negative sampling.
In the Data Cleaning, we first utilize the sentence tokenizer from
NLTK to separate the training corpus into sentences. Then, we
remove non-ASCII characters, HTML patterns, and words longer
than 16 characters to eliminate noise in the text. In the Data Filter-
ing, we filter out sentences longer than 128 tokens when tokenized
by the BERT tokenizer. We do this because most sentences over
128 tokens are from spam posts without punctuation. We also filter
out sentences shorter than six words, since they have insufficient
context. The number of sentences after filtering in our training
corpora can be referred to in Section 4.1.
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Data Splitting. After cleaning and filtering the training corpus, we
use the list of drug seed terms to split it into two pools of sentences:
Seed Term Mentioning Sentences (STMS) and sentences without seed
terms (non-STMS). The former refers to the sentences that mention
at least one drug seed term, and the latter refers to the sentences
that do not mention any drug seed terms.
Labeling with Negative Sampling. To create positive training
data, we can simply annotate the seed terms in the STMS. For
example, in the STMS “Cocainewas super clean on the nose and gave
a great feeling.”, we mark the seed term cocaine as a positive sample.
On the other hand, creating negative training data requires more
careful sampling. We sample negative data from both the STMS
and non-STMS sentence pools. 𝑁𝑒𝑔𝑆𝑇𝑀𝑆 are negative data created
by selecting an alphanumeric noun (that is not a seed term) from
STMS. For example, from the previous STMS example sentence,
the word nose can be chosen to create the sample “Cocaine was
super clean on the nose and gave a great feeling.”. Training with
𝑁𝑒𝑔𝑆𝑇𝑀𝑆 teaches the model to precisely locate which words in a
drug-related sentence are drug jargon. 𝑁𝑒𝑔𝑛𝑜𝑛𝑆𝑇𝑀𝑆 are negative
data that represent contexts without known drug terms. From non-
STMS sentences, any alphanumeric noun (like internet) can be
chosen to create negative samples such as “I’ve searched the internet
and can’t find anything too helpful.”.

Since the list of known drug terms is highly incomplete, negative
labels are potentially noisy. Empirically, we find that controlling
the ratio of negative training data is important to maximize perfor-
mance in jargon detection. Therefore, we use two hyperparameters
to control negative sampling: R𝑆𝑇𝑀𝑆 and R𝑛𝑜𝑛𝑆𝑇𝑀𝑆 . R𝑆𝑇𝑀𝑆 is
the maximum number of negative samples extracted from a sin-
gle STMS sentence (if the sentence contains less than R𝑆𝑇𝑀𝑆 al-
phanumeric nouns, all are used). R𝑛𝑜𝑛𝑆𝑇𝑀𝑆 represents the ratio of
non-STMS sentences selected per STMS sentence. For each selected
non-STMS sentence, a single negative sample is made by choos-
ing a random alphanumeric noun as the target. The impact of the
two types of negative training data can be regulated by the two
hyperparameters, which we can optimize for performance. Further
discussion about the negative ratios is included in Section 5 and 6.2.

3.2 Context-only Module

Target Word Masking. Because we construct our training dataset
by explicitly utilizing the drug seed terms, directly training on this
data can cause a classification model to heavily overfit to the seed
terms by simply memorizing them. This is especially the case since
our seed term list is relatively small (46) compared to other knowl-
edge bases used for distant supervision. To minimize the effect of
seed terms, we delexicalize the prediction process by masking the
target word (annotated before) with the [MASK] token. Therefore,
the classification model must predict whether a target word is drug
jargon or not without actually seeing the word in question. This
setting removes the lexical influences of the inspected words while
emphasizing the contexts.
Context-only Classification. The classifier takes masked sen-
tences and determines if the masked word from a sentence is a drug
jargon. To do this, we construct a sequence classification model us-
ing BERT [4]. First, the BERT (bert-base-uncased) model is adapted
to the target domain through a pretraining process. This has been

shown to improve performance, especially on domains where the
linguistic characteristics deviate from conventional contexts [7].

Then, sentences from the constructed dataset are used to train the
model. Each masked training sentence is surrounded by the [CLS]
token and the [SEP] token and inputted into the BERT model. The
BERT pooled outputo𝑝𝑜𝑜𝑙𝑒𝑑 is extracted by passing the [CLS] token
embedding h[𝐶𝐿𝑆 ] from the last hidden layer of BERT through the
linear layer (weights W1 ∈ R𝑑𝑖𝑚×𝑑𝑖𝑚 and bias b1 ∈ R𝑑𝑖𝑚 , 𝑑𝑖𝑚
represents the dimension of BERT embedding) then applying tanh.

o𝑝𝑜𝑜𝑙𝑒𝑑 = tanh(W1h[𝐶𝐿𝑆 ] + b1) (1)

It represents the context of thewhole sentence including the [MASK]
token. Finally, we apply classification layerW2 ∈ R𝑑𝑖𝑚×1 and sig-
moid on the pooled output to conduct a binary classification task
by calculating the probability that the masked word is drug jargon.

𝑝𝑐 = sigmoid(W2o𝑝𝑜𝑜𝑙𝑒𝑑 ) (2)

3.3 Word Attribute Module

Word Embedding Extracting. Relying only on context without
seeing the target word may cause false positives2. To also utilize
lexical information and mitigate false positives, we utilize a word
encoder to obtain embeddings of the target word from each sen-
tence. Crucially, the encoder must generate contextual embeddings,
creating the appropriate representations depending on word con-
text. Thus, we utilize a BERTmodel pretrained on the target domain
as the word encoder. This allows us to utilize the context-sensitive
intrinsic information of target words to make jargon detection more
precise. This word encoder operates independently from the BERT
of the context-only module. The model weights are frozen to pre-
vent overfitting caused by seeing the complete sentences through
the entire framework.
Word Classification. We train a feed-forward network and a clas-
sification layer that use the dynamic embeddings of the target word.
Each word embedding e𝑤𝑜𝑟𝑑 is passed through a feed-forward net-
work consisting of a linear layer (weightsW3 ∈ R𝑑𝑖𝑚×𝑑𝑖𝑚 and bias
b3 ∈ R𝑑𝑖𝑚), 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚, tanh, and 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 .

z𝑤𝑜𝑟𝑑 = W3e𝑤𝑜𝑟𝑑 + b3 (3)
o𝑤𝑜𝑟𝑑 = Dropout(tanh(LayerNorm(z𝑤𝑜𝑟𝑑 ))) (4)

By doing this, information of the target word within its context is
represented as o𝑤𝑜𝑟𝑑 . This enhanced representation is then used
as the input for the classification layerW4 ∈ R𝑑𝑖𝑚×1 and sigmoid
function to obtain the probability that the target word is drug
jargon.

𝑝𝑤 = sigmoid(W4o𝑤𝑜𝑟𝑑 ) (5)

3.4 Ensemble Training and Prediction

The two probabilities obtained from the context-only and word-
attribute modules are used to generate the final prediction of the
jargon detection task. In the training phase, probability 𝑝𝑐 is used
to calculate the loss for the context-only classification model by
evaluating the binary cross-entropy loss between the predicted

2We further discuss the cases of false positives associated with linguistic challenges in
Section 6.1.
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Table 1: Summary of data statistics.

Reddit Drug Silk Road Forum

Posts 1,271,907 1,227,847
Sentences 6,793,530 3,952,297
Sentences (filtered) 4,799,512 3,057,758
STMS (%) 281,104 (5.86%) 159,944 (5.23%)
Collection period Feb 2008 - Dec 2017 June 2011 - Oct 2013

probability 𝑝𝑐 for the training sample 𝑠 in training dataset D and
the ground truth label 𝑦 ∈ {0, 1}.

L𝑐 = − 1
|D|

∑︁
(𝑠𝑖 ,𝑦𝑖 ) ∈D

𝑦𝑖 𝑙𝑜𝑔 𝑝𝑐,𝑠𝑖 + (1 − 𝑦𝑖 ) 𝑙𝑜𝑔 (1 − 𝑝𝑐,𝑠𝑖 ) (6)

Similarly, we compute the loss for the word classification model
by assessing the binary cross-entropy loss between the predicted
probability 𝑝𝑤 for the training sample and ground truth label.

L𝑤 = − 1
|D|

∑︁
(𝑠𝑖 ,𝑦𝑖 ) ∈D

𝑦𝑖 𝑙𝑜𝑔 𝑝𝑤,𝑠𝑖
+ (1 − 𝑦𝑖 ) 𝑙𝑜𝑔 (1 − 𝑝𝑤,𝑠𝑖

) (7)

Then, we incorporate a learnable parameter, 𝛼 , to compute the final
loss as:

L = 𝛼 ∗ L𝑐 + (1 − 𝛼) ∗ L𝑤 (8)

The classification models within JEDIS are trained by minimizing
this ensemble loss. Thus, JEDIS can leverage both contextual and
word information with appropriate weights. In the prediction phase,
we determine the final probability of the target word being drug
jargon by weighting the two probabilities, 𝑝𝑐 and 𝑝𝑤 , using the
previously described parameter 𝛼 .

𝑝 = 𝛼 ∗ 𝑝𝑐 + (1 − 𝛼) ∗ 𝑝𝑤 (9)

4 Datasets and Annotation

4.1 Datasets

Drug seed terms. Since we are using the list of drug seed terms
for distant supervision, we wish to find explicit drug terms that are
unambiguously used as drugs. We refer to the drug slang report
published by the Drug Enforcement Administration (DEA) [1], and
take only the explicit drug names to create a list of 46 explicit drug
terms3. The generated list is available in our repository.
Drug forum corpora. We use text data from drug-related forums
to train JEDIS on user-generated drug discussions. For effective de-
tection, it’s essential that our data includes both drug and non-drug
contexts. To assess JEDIS’s versatility across settings, we employ
two different drug-related forum corpora.

The Reddit Drug corpus, provided by Zhu et al.[54], is sourced
from the public Reddit archive[9] on Google BigQuery4. It com-
prises posts from 46 subreddits related to drugs and darknetmarkets,
such as ‘Drugs’, ‘DarkNetMarkets’, and ‘SilkRoad’, many of which
are now inaccessible due to Reddit’s policy change [6]. Some sub-
reddits, like ‘Bitcoin’ and ‘TOR’, are only tangentially drug-related
but are included to ensure a variety of non-drug contexts. This
corpus represents surface web drug discussions.

3Illegality may vary depending on local legislation.
4https://console.cloud.google.com/bigquery?project=fh-bigquery

Table 2: Statistics of the annotation results.
∗
Only alphanu-

meric nouns are considered.

Reddit Drug Silk Road Forum

Sentences 1,000 1,000
Cohen’s Kappa 0.86 0.87
Nouns

∗ 4,559 5,531
Drug jargon (%) 447 (9.8%) 473 (8.6%)
Unique drug jargon 178 169

The Silk Road Forum corpus, derived from the darknet market
archive by Branwen et al. [2], represents discussions from the Silk
Road forum. Silk Road, once the largest drug-related darknet mar-
ket, was shut down by the FBI in 2013 [29]. Its associated forum
hosted categories ranging from ‘Legal’ and ‘Drug safety’ to broader
subjects like ‘Security’ and ‘Philosophy’. We incorporate posts from
all these categories to ensure a mix of drug and non-drug con-
texts, representing dark web drug discussions. The statistics of our
corpora are summarized in Table 1.

4.2 Annotation

To evaluate JEDIS quantitatively, we constructed evaluation datasets
by annotating 1,100 randomly selected sentences from each forum
corpus, excluding sentences with drug seed terms. Two annotators
from a cybersecurity company specializing in monitoring malicious
online activities were recruited to annotate the sentences for drug
jargon. For quality assurance, we conducted a pilot annotation on
the first 100 sentences from each corpus, subsequently constructing
annotation guidelines. These pilot sentences were excluded from
the final evaluation datasets.

Through this manual annotation, we generated two evaluation
datasets, each with 1,000 sentences. Table 2 provides detailed sta-
tistics of the annotation results. The inter-annotator agreement
registered Cohen’s Kappa values of 0.86 and 0.87 for the respec-
tive datasets, indicating almost perfect agreement (> 0.8). Both
annotation guidelines and the ethical considerations for the dataset
construction can be found in Appendix A and D, respectively. Ad-
ditionally, in Appendix E, we discuss how to address potential
subjectivity and bias in the annotation process.

5 Evaluation

5.1 Experimental Setup

Training JEDIS. For each corpus, we create a training dataset using
empirically selected hyperparametersR𝑆𝑇𝑀𝑆 = 5 andR𝑛𝑜𝑛𝑆𝑇𝑀𝑆 =

25. We also limit the range of learnable parameter 𝛼 as [0.9, 0.99] to
emphasize the delexicalized context-only module6. Specifically, we
train JEDIS using the unlabeled Reddit Drug corpus to evaluate the
Reddit Drug annotated dataset. The training data included 329,573
positive instances from STMS, 973,447 negative instances from
STMS (𝑁𝑒𝑔𝑆𝑇𝑀𝑆 ), and 659,146 negative instances from non-STMS
(𝑁𝑒𝑔𝑛𝑜𝑛𝑆𝑇𝑀𝑆 ). For evaluation on the Silk Road Forum annotated
dataset, we train the classifier with the unlabeled Silk Road Fo-
rum corpus. The training data included 193,167 positive instances,
5Detailed discussion of these hyperparameters will be in Section 5.2 and 6.2.
6We empirically find that a low value of 𝛼 leads to significant overfitting, resulting
a low recall.

https://github.com/minkyoo9/JEDIS
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Table 3: Evaluation results of drug jargon detection task. Boldface represents the best performance and underline represents

the second-best performance. The # Jargon column represents the number of unique jargon terms detected by each approach.

Reddit Drug Silk Road Forum

Precision Recall F1-score # Jargon Precision Recall F1-score # Jargon

Word2Vec [23] 0.8908 0.2371 0.3746 32 0.7908 0.3277 0.4634 39
CantReader [48] 0.7778 0.1879 0.3027 17 0.7208 0.2347 0.3541 22
Zhu et al. [54] 0.5897 0.2573 0.3583 17 0.5026 0.4123 0.4530 27

PETD [15] 0.4760 0.2215 0.3023 28 0.5789 0.2326 0.3318 26
MLM (w/o pretrain) 0.5094 0.3043 0.3810 61 0.4569 0.2579 0.3297 57
MLM 0.5241 0.6085 0.5631 98 0.5783 0.6321 0.6040 102
DarkBERT [11] 0.5460 0.5705 0.5580 92 0.4790 0.5793 0.5244 109
GPT4o-mini [28] 0.4307 0.7919 0.5579 129 0.3920 0.7907 0.5242 137

JEDIS (w/o 𝑁𝑒𝑔𝑆𝑇𝑀𝑆 ) 0.6052 0.6309 0.6177 105 0.5367 0.6808 0.6002 112
JEDIS (w/o pretrain&word) 0.6318 0.5951 0.6129 97 0.5368 0.6321 0.5806 104
JEDIS (w/o word) 0.6454 0.6107 0.6276 97 0.5507 0.6998 0.6164 116
JEDIS (w/o pretrain) 0.6475 0.5794 0.6116 92 0.5573 0.6068 0.5810 101

JEDIS 0.6659 0.6197 0.6419 101 0.5805 0.6934 0.6320 113

615,996 𝑁𝑒𝑔𝑆𝑇𝑀𝑆 , and 386,334 𝑁𝑒𝑔𝑛𝑜𝑛𝑆𝑇𝑀𝑆 . For early stopping, we
split the data further into train/valid sets with an 8:2 ratio. More
detailed experimental settings are described in Appendix C.
Baselines. To ensure fair evaluations, we selected baselines that
do not necessitate an annotated dataset for training. We exam-
ine three word-based jargon detection methods (Word2Vec [23],
CantReader [48], and Zhu et al. [54]) as baselines to evaluate
their effectiveness in moderating real user-generated conversa-
tions. Unlike JEDIS, these methods generate a list of drug jargon
after performing analysis on the corpus-level. Therefore, the models
are trained on the entire corpus. For evaluation, a target word is
marked as drug jargon if it appears in the jargon list. Additionally,
we present five context-based baselines (PETD [15], MLM (w/o
pretrain), MLM, DarkBERT [11], and GPT4o-mini [28]) that
inspect sentence-level context to determine if a word is used as drug
jargon. We also evaluate variations of JEDIS to investigate the
importance of each component in drug jargon detection. Detailed
explanations of baselines are described in Appendix B

5.2 Drug Jargon Detection Results

Word-based vs Context-based detection. The results of our
jargon detection experiments are summarized in Table 3. In both
datasets, JEDIS achieved the highest F1-scores. The word-based
baselines generally have high precision but suffer from low re-
call. The context-based approaches scored higher F1-scores overall,
suggesting they achieved a better tradeoff in finding drug jargon.

Word-based approaches performed better on the Silk Road Fo-
rum dataset than on the Reddit Drug dataset, suggesting that the
two datasets might be different in the distribution of more difficult
jargon terms (such as euphemisms). Word-based approaches are ex-
pected to have high precision since many recognized drug terms are
used only to refer to drugs. However, their low recall scores strongly
suggest that many jargon terms can still evade detection from such
systems. The two euphemism-aware baselines, CantReader and
Zhu et al.’s model, achieved differing results. Compared to other
word-based models, CantReader tends to have low recall, while
Zhu et al.’s approach sacrifices precision for better recall. The ex-
periments suggest Zhu et al.’s approach is able to detect more drug

contexts, but has more false positives. The word-based baselines
achieved fairly high precision scores, but euphemisms prevent these
methods from reaching perfect precision. The effect of euphemisms
in detection is further discussed in Section 5.3, where we further
investigate the words selected by the word-based baselines.

The context-based methods that explicitly consider contexts gen-
erally performed better at recall and F1-scores. The one exception
is PETD, which was specifically designed to detect euphemisms
only. Its limited performance, especially in recall, highlights the
necessity for more precise and comprehensive detection method for
effective drug content moderation. Further pretraining the MLM
model on the corpora (MLM (w/o pretrain) vs MLM) improved per-
formance by a considerable amount. This suggests that language
models require further pretraining on the domain of drug discus-
sions in order to adapt to the lexical and stylistic characteristics of
the domain. This finding is consistent with trends of state-of-the-art
models struggling with user-generated texts. However, in the case
of DarkBERT, despite not being pretrained on the target corpora, its
knowledge of illegal terms obtained from extensive dark web data
enabled its detection performance to be comparable to the MLM
baseline, particularly in the Reddit Drug dataset. A notable obser-
vation is that GPT4o-mini with detailed prompts yields high recall
and detection coverage. However, its indiscriminate detection with
substantially low precision indicates that even with specifically de-
signed prompts and guidelines (Figure 5), there is still a need for a
method carefully tailored for drug jargon detection. Although some
context-based baselines achieve high performance, their results
are not as precise and generalizable as our delexicalized approach.
JEDIS improved performance with its specialized architecture that
ensembles the knowledge from both contexts and words.

In terms of detection coverage, JEDIS exhibited a significant
capability in detecting a variety of drug jargon terms, even with sat-
isfactory precision. Specifically, among 178 and 169 unique jargon
terms from each dataset, JEDIS successfully detected an average of
4.59 times (101 vs 22) more unique terms in the Reddit Drug dataset
and 3.86 times (113 vs 29.3) more in the Silk Road Forum dataset
compared to the word-based baselines. This underscores JEDIS’s
superior detection coverage, which significantly exceeds that of
existing word-based moderation.
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Table 4: Error analysis of each word-based approach. False positives are colored red and false negatives are colored blue.

Example sentences Limitations Example words

Word2Vec [23]

I have also heard that smoking crack with 

weed is an amazing experience .
Cannot find euphemisms crack, speed, weed

CantReader [48] I've just tried it before and its niceeeeee . Sensitive to typos comfused, niceeeeee

Zhu et al. [54]

Same thing happened with 10mg valium 

+ 40mg meth .
limited to BERT vocabulary add, met, valium

JEDIS ablation study. We examine the impact of JEDIS compo-
nents by comparing the performance of its variations. The results of
JEDIS (w/o 𝑁𝑒𝑔𝑆𝑇𝑀𝑆 ) suggest that the utilization of noisy negative
data from STMS resulted in a significant improvement in precision.
At the same time, we observed that JEDIS (w/o 𝑁𝑒𝑔𝑆𝑇𝑀𝑆 ) achieved
fairly high recall on both datasets. This can be attributed to the
unknown drug jargon in STMS, being labeled as negatives due
to being outside of the seed terms during the distant supervision
setting. The effect of pretraining was significant, as JEDIS shows
performance improvements in both precision and recall by pretrain-
ing. The enhancement in recall was especially notable, suggesting
that domain knowledge obtained from pretraining on drug discus-
sions aided in detecting more challenging and diverse drug jargon.
When comparing JEDIS and JEDIS (w/o word), we find that utiliz-
ing word information led to improvements in precision. However,
when comparing two non-pretrained models (JEDIS (w/o pretrain)
and JEDIS (w/o pretrain&word)), using word information leads to a
decrease in recall and only a slight improvement in precision. This
suggests that when utilizing word embeddings from an off-the-shelf
BERT model, which lacks adequate knowledge of drug contexts,
the embeddings can actually hinder the detection of a diverse range
of drug jargon.

From the results, we suggest the effectiveness of context-based
approaches in content moderation.We show JEDIS has superior per-
formance on the jargon detection task compared to other baselines.
We also demonstrate the effectiveness of JEDIS in a cross-domain
setting in Appendix F.

5.3 Qualitative Analysis

We further conduct qualitative analysis to investigate the limita-
tions of each moderation approach. In this task, we compare the
generated lists of detected drug jargon by each approach. We com-
pare JEDIS and the four word-based methods trained in Section 5.1.
Drug jargon list construction.We construct a list of words by
applying JEDIS to all candidates (alphanumeric nouns) in the entire
corpus. To score a word candidate, we count both prediction fre-
quency 𝐹𝑝𝑟𝑒𝑑 (# positive predictions) and prediction ratio 𝑅𝑝𝑟𝑒𝑑 (#
positive predictions divided by # total predictions made) of the word.
Our score is given by the following formula: Score = 𝐹𝑝𝑟𝑒𝑑 ∗𝑅𝑝𝑟𝑒𝑑𝑛 .
The weighing parameter 𝑛 adjusts sensitivity to frequently occur-
ring words. We set 𝑛 = 2 and extracted the top 100 words. For
word-based methods, we also select the top 100 words.
Analysis. For each word, we manually investigate if the word was
used as drug jargon in the corpus (using the guidelines established

before). We present the top 100 extracted jargon list of each ap-
proach in our repository. We also identify cases of failure of the
baseline approaches and present examples in Table 4.

The Word2Vec methods showed high performance in precision.
However, Word2Vec may not be able to effectively identify eu-
phemisms since it assumes a single meaning for each word. We
find that the Word2Vec list missed many euphemisms found by
other approaches. For instance, Word2Vec could not identify weed,
speed, lucy, spice, and crack, which were all identified by both JEDIS
and Zhu et al.’s model. Therefore, adversaries can easily exploit
Word2Vec’s weakness by using common words as euphemisms.

CantReader showed low overall precision with many false posi-
tives. CantReader is designed to find euphemisms by finding words
that are used differently across corpora. However, with the excep-
tion of weed, it was also not able to find the above euphemisms
that Word2Vec failed to find. The CantReader word list reveals that
many false positives came from misspelled non-jargon words, such
as superawesome, comfused, and niceeeeee. By design, the system
gives infrequent words high scores since they may be characteristic
to the target corpus. However, this suggests it is unsuitable to use
with user-generated texts, which often contain typos.

Zhu et al.’s approach is based on making a pretrained BERT
model that predicts how likely each word is able to fit a context.
Although this model is capable of finding many euphemistic terms,
words outside of BERT’s limited wordpiece vocabulary cannot be
detected by this approach. Terms like valium, ambien, diazepam,
oxy, and focalin were terms found by other methods, but were
not found by Zhu et al.’s model because they are not in BERT’s
vocabulary. This limitation also causes false positives. BERT splits
out-of-vocabulary words into wordpieces, so unknown words (like
meth) will be represented as a combination of two words (met
and ##h). The false positives met, add, and mx may indicate meth,
adderall, and mxe. This highlights the limitation that the model
cannot predict out-of-vocabulary words correctly, even when the
model has sufficiently learned on them.

JEDIS judges words mainly by how their contexts appear to be.
Therefore, a common type of error was from legal drugs that are
often discussed in similar ways to illicit drugs, such as alcohol and
caffeine. However, these errors were common in other approaches
as well, suggesting it is a general linguistic limitation, which we
elaborate on in Section 6.1. JEDIS, unlike other baselines, had no
significant systematic failures in recall. Qualitative analysis sug-
gests JEDIS exhibits resilience to a variety of evasion strategies,
while maintaining extensive detection coverage.

https://github.com/minkyoo9/JEDIS
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Table 5: Jargon detection results on the Reddit Drug

dataset. JEDIS𝑢𝑛𝑎𝑚𝑏 is trained on unambiguous data, while

JEDIS𝑐𝑜𝑛𝑡𝑟𝑜𝑙 uses randomly sampled control data.

# Positive data Precision Recall F1-score

JEDIS𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 329,573 0.6659 0.6197 0.6419
JEDIS𝑢𝑛𝑎𝑚𝑏 46,325 0.7949 0.2774 0.4113
JEDIS𝑐𝑜𝑛𝑡𝑟𝑜𝑙 46,325 0.5966 0.6219 0.6090

6 Discussion

6.1 Linguistic Challenges

We have argued for a delexicalized approach to automate content
moderation. However, an entirely delexicalized detection has its
limitations. Previous work noted that not all contexts of drug jargon
are indicative of drug activity [54]. For instance, the sentence “Oh
boy do I love ketamine” from our corpus features the drug ketamine
in a non-indicative context. A challenge for a detection system is
to understand that the context “Oh boy do I love [MASK]” can po-
tentially accommodate both drug jargon (ketamine) and non-drug
words (Fridays). For these ambiguous cases, lexical information
of the masked word is required for an accurate prediction. JEDIS
successfully addresses these cases by ensembling delexicalized pre-
diction with lexically informed prediction.

Another challenge is to make the distinction between proper and
improper usages of legal drugs. Legal substances such as caffeine or
alcohol may be consumed irresponsibly (“I’m already addicted to
alcohol”), and can cause false positives. While these false positives
can be filtered relatively easily with an “allowlist”, the problem
extends to prescription drugs. Prescription drugs such as vyvanse
have both legal and abusive usages. Some contexts may explicitly
imply legal usage (“I’ve been prescribed Vyvanse for the past 2
years”), but many discussions on these drugs (“Will Vyvanse sabo-
tage the [workout] progress I’m making”) may not contain enough
information to evaluate the legality of usage. It could be a further
challenge to identify sentences of ambiguous legality. Whether to
permit or moderate these cases could be a matter of policy.

6.2 Effects of JEDIS Configurations

Effective moderation using JEDIS requires careful configurations.
Thus, we analyze various configuration aspects and find insights
into how they affect the overall performance. We also discuss the
potential application of JEDIS to other fields in Appendix G.
Effect of ambiguous contexts. As discussed in Section 6.1, drug
jargon can emerge in ambiguous contexts, which might complicate
their usage as training data by introducing confusing samples. Ad-
dressing this, Zhu et al. [54] suggested a filtering technique for such
contexts and demonstrated enhanced performance when leverag-
ing only unambiguous contexts for training. To examine this effect
on JEDIS, we adopt Zhu et al.’s technique, trimming our potentially
ambiguous training data to only unambiguous samples. As a con-
trol, we also create a dataset of equivalent size from the unfiltered
data. With the same hyperparameters for negative training data, we
assess jargon detection performance on these new training datasets,
as detailed in Table 5. The model trained on only unambiguous
data suffered a huge drop in overall performance, while the control
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Figure 3: Jargon detection performance with varying values

of R𝑛𝑜𝑛𝑆𝑇𝑀𝑆 . R𝑆𝑇𝑀𝑆 is set to 5.
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Figure 4: Jargon detection performance with varying contex-

tual window sizes.

model only marginally dropped. When trained without ambiguous
data, the model was able to achieve improvements in precision, but
drastically lost recall. The results suggest that the model trained
only on clear-cut positive data cannot generalize fully to the diverse
contexts that drug jargon appears. We hypothesize that a model
that understands the potential illicitness of ambiguous contexts is
generally better than one that disregards them completely.
Effect of negative ratios. If we rely too heavily on distant super-
vision (i.e., label every other context as negatives), jargon outside
the seed term list will be falsely marked as negatives. Therefore,
we select only a portion of the available context to use as nega-
tives by choosing a hyperparameter R𝑛𝑜𝑛𝑆𝑇𝑀𝑆 . Figure 3 illustrates
JEDIS’s performance with varying R𝑛𝑜𝑛𝑆𝑇𝑀𝑆 values, which can
control the influence of potentially noisy negative labels. Models
trained without 𝑁𝑒𝑔𝑛𝑜𝑛𝑆𝑇𝑀𝑆 exhibit low precision and high recall,
indicating a bias towards positive predictions. While negative train-
ing sentences are essential, an excess can degrade performance,
likely from noisy label introduction. A rise in R𝑛𝑜𝑛𝑆𝑇𝑀𝑆 boosts
precision but diminishes recall, indicating a tradeoff determined
by the volume of negative training data. For both datasets, having
R𝑛𝑜𝑛𝑆𝑇𝑀𝑆 = 2 produced the best F1-score. However, R𝑛𝑜𝑛𝑆𝑇𝑀𝑆

can further be tuned depending on whether a model is designed to
be precision-sensitive or recall-sensitive.
Effect of contextual windows. JEDIS conducts detection at the
single-sentence level. To explore the impact of broader contexts,
we expanded the contextual window to include up to three addi-
tional sentences on either side of the target sentence, increasing
the window sizes to encompass 3, 5, and 7 sentences in total. As
shown in Figure 4, this expansion improved precision by providing
more contextual clues for more accurate detection. However, we
observed a significant reduction in recall and F1-score, primarily
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Table 6: Jargon detection results on Reddit Drug evaluation

dataset with varying numbers of seed terms.

JEDIS
# seed terms

Precision Recall F1-score

JEDIS23 0.6039 0.3445 0.4387
JEDIS46 0.6659 0.6197 0.6419
JEDIS70 0.6781 0.6242 0.6503

due to the amplification of false negatives. This issue arises from the
use of noisy negatives through distant supervision, which becomes
more pronounced with larger windows. Moreover, larger windows
increased computational overhead during training and inference.
Given these factors, we concluded a single-sentence window is the
optimal approach in configuring JEDIS.
Effect of seed terms and iterative use of JEDIS. We examine
the effect of drug seed terms on JEDIS by repeating experiments
with reduced and extended seed term lists. First, we train a model
with a reduced seed term list of 23 words (randomly selected from
the original list of 46 terms). Then, we train another model with
an extended 64-word seed term list, which was created by adding
18 new words that JEDIS correctly found. The results are shown in
Table 6. JEDIS trained on the reduced list achieves a worse result
than the original, especially in recall. This suggests JEDIS is indeed
sensitive to the seed terms used to create distant supervision. How-
ever, the model trained on the reduced list still manages to reach a
reasonable performance. It could be used to bootstrap a larger list of
seed terms by discovering new jargon. Although human effort is re-
quired to identify quality terms, this can facilitate the development
of a seed list comparable to the original, achieving similar per-
formance. Similarly, the original model can be used to iteratively
increment the seed term list with newly detected words. When
JEDIS was trained on the extended list, we observe that the perfor-
mance increased by a relatively small amount. This suggests JEDIS
can be improved with a larger list of seed terms, but with dimin-
ishing returns. This iterative updating process illustrates JEDIS’s
capacity to adapt to evolving landscapes, continuously refining its
performance by integrating new seed terms.

7 Conclusion

Automatic content moderation of drugs on social media platforms
is an important but challenging task. We present the drug jargon
detection framework JEDIS, which can handle unseen terms and
euphemisms more effectively than previously proposed methods.
JEDIS achieves this through a novel delexicalized distant supervi-
sion training method on an unannotated corpus. Our evaluations
on two manually annotated datasets show that JEDIS outperforms
state-of-the-art baselines. Through qualitative analysis, we show
that JEDIS also has superior coverage and robustness.
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Appendices

A Annotation guidelines.

We provide the annotation guidelines developed after the pilot
session. The detailed guidelines with examples are as follows.

• Objective: Find words used as drug jargon in the given sen-
tences.

• When the word “drug(s)” is used to indicate an instance of
the drug, annotate it as drug jargon. (e.g., I was high on
drugs at the time.)

• When the word “drug(s)” is used to describe just the concept
of drugs, annotate it as NOT drug jargon. (e.g., I dismissed it
as just a party drugs.)

• When a word indicating the form of a drug is used as a
substitute for drug words, annotate it as drug jargon. (e.g.,
The bars can get you pretty high.)

• When a word indicating the form of a drug is used alongside
drug words, annotate it as NOT drug jargon. (e.g., He had a
bunch of Xanax bars.)

• When a word refers to a legal drug, but the context is dis-
cussing it for abusive purposes, annotate it as drug jargon.
(e.g., You can get a great stim high from propylhexedrine

in otc inhalers.)

B Baselines

For all relevant baseline models, hyperparameter 𝐾 was empirically
tuned to achieve the best performance.

• Word2Vec [23] Word2Vec learns vector representation of words.
We employ the CBOW mode, which trains the model by predict-
ing the middle word based on its surrounding context. We use the
most_similar function of the Gensim library implementation of
Word2Vec to obtain the most similar words to the 46 seed terms
according to cosine similarity. This process generated jargon lists
of 183 and 175 words from the Reddit Drug corpus and the Silk
Road Forum corpus, respectively.

• CantReader [48] CantReader leverages the difference in word
usage across different corpora (dark, legitimate, and reputable) to
find euphemistic jargon. We use our forum corpora as the dark
corpus to extract a drug jargon list. The list is constructed by
taking the top 𝐾 words produced by CantReader. We set 𝐾 as
120 for the Reddit Drug dataset and 220 for the Silk Road Forum
dataset.

• Zhu et al. [54] A BERT-based MLM model is pretrained on the
target corpus. Then, sentences containing drug seed terms are
filtered to keep only sentences with informative drug contexts.
From the informative sentences, the drug seed terms are masked.
The MLMmodel predicts words that can replace the mask tokens.
The system produces a jargon list by sorting accumulated MLM
probabilities. It is capable of finding both euphemistic and non-
euphemistic drug jargon. We take top 𝐾 words to create the
banlist. We set 𝐾 as 40 and 50 for each dataset, respectively.

• PETD [15] PETDetection finds potentially euphemistic terms
using a combination of distributional similarities and sentiment-
based metrics. It involves extracting phrase candidates from the
sentence, filtering them based on their relevance to the topic (i.e.,
drug), paraphrasing to identify sentiment shifts, and ranking the
phrases. For each sentence, we mark a word as the drug jargon
when it passes all the stages (extraction, filtering, paraphrasing,
and ranking).

• MLM (w/o pretrain) We newly present another baseline that
uses MLM probability in the different manner with Zhu et al.
Instead of masking known drug words, we mask the target word
to be inspected. If a drug seed term appears in the top 𝐾 words
predicted by the MLM, the masked word is predicted as a drug
jargon in the sentence. We use the BERT-base-uncased as the
MLM model, which has been pretrained on generic web texts.
We set 𝐾 as 100 for both datasets.

• MLM The same approach as above, but we further pretrain the
MLM model on the target corpus. We set 𝐾 as 50 for the Reddit
Drug dataset and 30 for the Silk Road Forum dataset.

• DarkBERT [11] DarkBERT is a RoBERTa-based language model
pretrained on Dark Web data. Leveraging the domain-specific
knowledge acquired from Dark Web data, it demonstrates supe-
rior performance in detecting threat keywords, including illicit
drug terms. Following the methodology outlined in the original
paper [11], if a drug seed term appears in the top 𝐾 related words
predicted by the MLM, the masked word is identified as drug
jargon in the sentence. We set 𝐾 to 40 for both datasets.

• GPT4o-mini [28] GPT4o-mini can be utilized for content moder-
ation through prompt learning. As an assistant to content moder-
ators, we use specifically designed prompts (as shown in Figure 5)
and feed them with sentences where the inspected words are
highlighted with [SP] tokens. This baseline demonstrates the
utility of recent large language models and prompt learning in
the context of drug content moderation.

• JEDIS ablation variations Settings of JEDIS without using neg-
ative data from STMS (w/o 𝑁𝑒𝑔𝑆𝑇𝑀𝑆 ), pretraining BERT on the
target domain (w/o pretrain), word attribute module (w/o word), or
both pretraining and word attribute module (w/o pretrain&word).
These baselines suggest the importance of information obtained
from each component for drug jargon detection.

C Experimental Settings

Evaluations were done on a machine with two Intel(R) Xeon(R) Sil-
ver 4214RCPU@2.40GHz and twoNVIDIAGeForce RTX 4090s. For
the BERT models used in Classification modules, we used the bert-
base-uncased model with the embedding dimension of 768, max
length of 128, batch size of 32, learning rate of 1e-5, and warmup
ratio of 0.1. For further pretraining, we ran run_mlm.py onHugging-
Face with max sequence length of 512, validation split percentage
of 10, batch size of 32 train epochs of 3. Then, we trained the classi-
fication models with the AdamW optimizer and cross entropy loss
for a maximum of 10 epochs with early stopping enabled. We used
Python version 3.10 for all implementations.

We also train the baseline models as follows: For Word2Vec
baselines, min count of 10, vector size of 100, window size of 10,
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You are a helpful assistant for content moderation.

Classify whether the word surrounded by [SP] tokens is used as drug jargon within 
the context of the sentence. Indicate your answer as either True or False.

Please be very precise in your answer. Do not make indiscriminate “True”.

Drug jargon means words used to refer to illicit drug substances or abused legal 
drug substances.

These are some guidelines:
- When the word “drug(s)” is used to indicate an instance of the drug, annotate 

it as drug jargon. (e.g., I was high on drugs at the time.)

How different is the experience of smoking [SP]DMT[SP] from that of salvia, 
in terms of intensity.

True

...

Figure 5: Prompts fed into GPT4o-mini. The definition of

drug jargon in Section 2.1 and the annotation guidelines in

Appendix A are used.

epochs of 10 are used as parameters. For Zhu et al.’s approach,
we follow the parameters described in the original paper. For the
MLM baselines, we ran run_mlm.py on HuggingFace using bert-
base-uncased with max sequence length of 512, validation split
percentage of 10 batch size of 32 train epochs of 3. For PETD, we use
the topic word as drug 7 and follow the other parameters described
in the original paper.

D Ethical Considerations

Because our work is closely related to user-generated content, we
consider the ethical concerns during our study. First, we use only
publicly released data accessible to anyone, as mentioned in Sec-
tion 4.1. Other existing works use the same data for clustering drug
vendors in darknet markets [21, 36, 39, 50, 51] or finding drug jar-
gon in social media [53, 54]. Second, we anonymized or removed
the information that could possibly lead to any harm, such as user-
names, email addresses, and PGP keys. Finally, we will open our
annotated datasets to only researchers who fill out a request form
with clear research purposes and verifiable identities. We believe
that the contributions of our work on automatic content moder-
ation and the application of NLP techniques could outweigh the
potential risks derived from our study.

E How to address potential subjectivity and bias

in annotation

We constructed evaluation datasets through manual annotation.
However, this process may introduce potential subjectivity or bias
from the annotators, which could affect the quality of the con-
structed dataset. To mitigate these effects, we implemented the
following process: First, we recruited two expert annotators from a
cybersecurity company specializing in monitoring malicious online
activities. They possess substantial knowledge of drug jargon and
high expertise in related tasks. Second, as described in Section 4.2,
we conducted a pilot session using the first 100 sentences of each
dataset. Subsequently, we developed detailed annotation guidelines
with examples, as outlined in Appendix A. As shown in Table 2, this
resulted in a very high inter-annotator agreement. Finally, in cases
of disagreement between annotators, thorough discussions were
7We also experimented with using our 46 drug seed terms as topic words, but this
resulted in poorer performance.

Table 7: Evaluation results on cross domain performance.

TA→B denotes performance of JEDIS trained on corpus A

and evaluated on corpus B.

Domain Transfer Precision Recall F1-score

TReddit→Reddit 0.6659 0.6197 0.6419
TSR→Reddit 0.5868 0.5973 0.5920
TSR→SR 0.5805 0.6934 0.6320
TReddit→SR 0.5616 0.5497 0.5556

held to reach a consensus. Through these steps, we made careful
efforts to minimize potential bias and subjectivity.

F Cross Domain Experiments

To investigate whether JEDIS can perform well in unseen domains,
we conduct jargon detection using the model trained on the other
dataset. The experimental results are shown in Table 7. In both
datasets, JEDIS trained on the target dataset produced higher per-
formance. However, the cross-domain models also produced reason-
ably high performance comparable to the pretrainedMLM approach.
This suggests that the languages of the two datasets do differ, but
knowledge learned from one domain could be transferred to the
target domain. The results suggest that while training the classi-
fication model on the target domain remains ideal, our approach
has the ability to generalize to unseen domains that do not have
sufficient training data (such as emerging social media sites).

G Application to Other Fields

Content moderation can encompass other types of forbidden con-
tent, such as discussion on weapons, sexually explicit, or hate
speech. While JEDIS was designed for drug jargon detection, its
foundational principles permit broader applications. However, the
success of JEDIS rests on the distinctiveness of jargon contexts
from non-jargon. Illicit drug terms have specific linguistic features
and contextual cues that might not be as evident in other domains.
For JEDIS to be effectively repurposed for other areas, the target
jargon should have contexts as distinguishable as drug terms. Thus,
while the potential exists for JEDIS’s adaptation to domains with
distinct linguistic characteristics, its efficacy in such extensions
warrants rigorous future exploration.
Pilot experiment on sexually explicit domain. To evaluate the
potential for adapting JEDIS to other domains, we conducted a pilot
study focusing on the moderation of sexually explicit discussions.
The training corpus comprised 1,000,000 sentences extracted from
user discussions on the GAB platform [49], with 43 sexual seed
words, whichweremanually identified, serving as seed terms. Given
the absence of the annotated dataset for evaluation, an additional
set of 10 sexual words was used as test terms to assess JEDIS’s
performance in detecting these terms within the test corpus. The
outcomes demonstrated a precision of 0.6585, a recall of 0.5562, and
an F1-score of 0.6030 8. These results indicate that JEDIS holds
promise for application in domains beyond its original design, even
when not optimized through hyperparameter adjustments.
8The experimental results do not reflect precise accuracy due to the test set’s construc-
tion, which relied solely on the presence of test terms without annotation.
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