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Abstract
Alcohol and drug use negatively impact adolescents’ health, making early detection and prevention essential. One
promising approach involves analyzing adolescents’ online conversations for signs of substance use. However,
current machine learning models for online detection often rely on public data sources that fail to capture the private
experiences of adolescents. In this study, we developed a BERT-based machine learning model to automatically
identify discussions about alcohol and drug use with high accuracy, leveraging private messenger conversations from
adolescents. Our novel dataset comprises 272,465 annotated utterances from a corpus of 1,260,492 utterances
in 2,807 chats authored by 2,165 individuals, primarily in Czech. Our best BERT-based machine learning model
achieved a solid F; score of 0.817, demonstrating the feasibility of addressing this social science task even in
low-resource languages like Czech. Additionally, we verified that state-of-the-art generative open-source large
language models are equally effective for this task and can be successfully adapted for other languages, including
English. We also analyzed misclassified utterances to identify problematic patterns and improve model performance.
The resulting models have significant practical implications for parental mediation software and parental control
applications. By automating substance use detection and enabling appropriate real-time interventions, these tools

can contribute to safeguarding adolescents’ health.
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1. Introduction

While global numbers of substance use (meaning
“legal drugs such as alcohol, tobacco, as well as
illegal drugs,” Rane et al. (2022)) are declining, the
numbers stay high among adolescents (Charrier
et al., 2021). Among European and Canadian 15-
year-olds, 37% admitted to drinking alcohol, 15%
smoked cigarettes, and 7% used cannabis in the
past 30 days. Adolescent substance use is driven
by their peers: for example, in Czechia, where drink-
ing beer daily is socially acceptable, 63.6% of ado-
lescents are mild users (Bréker and Soellner, 2016).
While not every instance of substance use results
in substance use disorder, which is characterized
by “substance-induced disorders related to anxiety,
mood, sleep, and sexual functioning” (Rane et al.,
2022), it is important to examine adolescents’ drink-
ing habits. This examination helps better under-
stand how such behavior unfolds in social contexts,
particularly in environments without parental over-
sight, such as instant messaging conversations
with peers.

A beneficial approach for investigating substance
use might be machine learning, which has been
used to diagnose disease, predict outcomes of
treatments, and identify risk factors (Rane et al.,
2022). However, most studies aim to diagnose
adolescent disordered substance use from medical
records (e.g., (Afzali et al., 2019; Elena et al., 2009;

Whelan et al., 2014)) or to gain an insight into the
general public’s opinion on specific substances on
social media that are publicly accessible, such as X
(formerly Twitter) or Reddit, e.g., (Allem et al., 2018;
Glowacki et al., 2018; Meacham et al., 2018; Zhang
et al., 2025). Therefore, we still lack an understand-
ing of adolescents’ substance use in an ecologically
valid environment that would represent the specific
language of adolescents (Alsoubai, 2023).

We ask the following Research Questions (RQ):

* RQ1: Are we able to effectively detect adoles-
cents’ discussions about substance use?

* RQ2: Are open-source generative Large Lan-
guage Models (LLMs) suitable for substance
use classification in private conversations, and
do they outperform BERT-based models?

* And, RQ3: What are the most frequent causes
of incorrect classification for open-source gen-
erative LLMs and BERT-based models?

Our work contributes to a novel application of ma-
chine learning in adolescent substance use. We
use a dataset consisting of private messages of
adolescents who downloaded content from their
messengers prior to the study, which offers a valu-
able and unbiased insight into their (substance
use) habits, which is a significant improvement
in this area in terms of ecological validity (Ricard
and Hassanpour, 2021). Thus, our study provides
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a unique understanding of youth substance use
habits. Moreover, the results can be used in appli-
cations for parental mediation or parental control
software with real-time interventions. Finally, our
results hopefully inspire new ways of machine learn-
ing applications and their usefulness in detecting
substance use in natural conversations. Moreover,
adolescents can benefit from the results, as risk
detection might provide a basis for interventions,
support, and treatment resources (Alsoubai, 2023).

2. Related Work

Previous research in the area of machine learn-
ing application in substance use is mainly focused
on alcohol use by adults. For example, Shah-
Mohammadi and Finkelstein (2024) use genera-
tive LLMs for classifying substance use informa-
tion from a publicly available collection of medical
records using GPT. Hurtado et al. (2022) identified
70 studies focused on alcohol-disordered use, utiliz-
ing functional magnetic resonance imaging, blood
test measurements, electroencephalogram, and
other types of medical data to predict hazardous
alcohol use or identify risk factors for alcohol use
disorder. Studies regarding adolescents were con-
ducted similarly: by using medical and survey data,
they aimed to identify risk factors and predict al-
cohol misuse in adolescents (Afzali et al., 2019;
Véazquez et al., 2020; Whelan et al., 2014; Elena
et al., 2009). However, not every substance use
results in a disorder, which limits our understanding
of adolescents’ casual drinking.

Machine learning studies utilize natural language
processing in social media. These papers offer a
broader focus on substances: they include opi-
oids (Glowacki et al., 2018; Mackey and Kalyanam,
2017; Mackey et al., 2018) and tobacco and mari-
juana use (Allem et al., 2018; Chen et al., 2015; Da-
niulaityte et al., 2016; Huang et al., 2017; Meacham
etal., 2018; Zhan etal., 2017). In their review, (Con-
way et al., 2019) identified that most of the previous
research utilizes X (formerly Twitter) as their data
source, for example, (Allem et al., 2018; Daniu-
laityte et al., 2016; Aphinyanaphongs et al., 2014),
with some papers also using Reddit (Meacham
et al., 2018; Zhang et al., 2025) and online health
communities (Zhan et al., 2017). Health-related text
classification tasks with public social media data
were also conducted using generative LLMs (Guo
et al., 2024). These studies focus on the general
public and often utilize topic modeling to gain insight
into public opinion on a given substance. While
important, such inquiries do not allow for an un-
derstanding of adolescents’ substance use, nor
do they offer a glimpse into how underage people
talk about substance use in private, where adults
cannot see it.

A significant shortcoming of previous studies is
the reliance on automatic content classification, as
human insight can improve machine-learning re-
sults (Gillies et al., 2016). One exception is the
study of marijuana use by Daniulaityte et al. (2016).
In their study, several coders developed a gold
standard for machine learning classifiers. While
the study shows strong performance of automatic
machine learning classifiers, the authors conclude
that for exploring new domains of substance use,
manual coders, preferably experts in the area, are
needed to understand and capture the specific lan-
guage and terminology related to substance use.
The same principle also applies to adolescents,
known for often using their slang (Alsoubai, 2023),
strengthening the need for human insight when re-
searching adolescents. This principle was applied
in a study focused on risky behavior, where adoles-
cents’ language was utilized by Plhak et al. (2023),
who experimented with the multiple BERT-based
models and provided promising baseline results.

3. Methodology

Participants for the study were recruited via a pro-
fessional research agency and ads on social media.
From all participants, 22 adolescents aged 13 to
17 (Moge = 15.86, 36% women) agreed to share
their private conversations from the year preceding
data collection. Thus, the data likely reflect ado-
lescents’ lived realities. Participants chatted with
2,165 unique people; however, we do not have any
personal information about this broader sample.
After providing written consent by participants and
their caregivers, participants exported their private
data from the Messenger communication tool de-
veloped by Meta Platform. They uploaded exported
files to a private server using a customized tool that
stored only text information without media content
(e.g., images or videos). Files were subsequently
anonymized, as described in Section 10.

3.1. Dataset

The final dataset consisted of 2,807 files containing
the communication between a participant and one
or more persons in the Czech language. These
files were usually long and contained different top-
ics (see Table 1). Therefore, we divided them into
smaller parts called conversations. A conversation
ends when a person does not send any message
for at least 60 minutes. This approach has some
drawbacks, e.g., when the same topic is discussed
in the evening before sleep and continues in the
morning, it occurs as two separate conversations.
However, this was considered during the annotation
phase, in which the annotators were allowed to load
previous and following conversations. Moreover,
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Datatype | Mean | Median
File 462.5 utt. 21 utt.
Conversation 14.4 utt. 4 utt.

Utterance 30.0 chars | 15 chars

Table 1: Statistics about dataset. (utt. means utter-
ances)

we replaced the non-textual messages with appro-
priate tags to preserve the flow of the dialogue (e.g.,
to know that the reaction is to an uploaded sticker).
The total number of conversations is 90,422, com-
prising 1,260,492 textual utterances authored by
2,165 different people from September 2014 to De-
cember 2020.

We filtered 20,857 one-utterance-long conver-
sations without real user input. Of the remaining
69,565 conversations, 11,258 had only one author,
42,535 were one-user-to-one-user conversations,
and 15,772 were group conversations.

3.2. Annotation

The annotation process started with the develop-
ment of an annotation manual based on current
research on the risky online behavior of adoles-
cents by experienced social scientists. Then, one
of the researchers trained two annotators for two
months, and according to the results of the super-
vision, inter-annotator agreement, and discussions,
the annotation manual was incrementally refined to
reflect adolescents’ language and the terminology
regarding substance use.

Then, we settled on the following guidelines: Sub-
stance use is present when people in the chats
refer to their own or someone else’s experience
with alcohol or drugs (such as cigarettes, nicotine
packs, hookah, marijuana, abusing medication),
make plans to drink alcohol or take drugs, seek
drugs, support or justify alcohol and drug use, dis-
cuss intentions to try or use alcohol or drugs. The
criteria for tagging alcohol and drug use in the given
utterance were: a) the strict interpretation of annota-
tion guidelines, excluding everything that is only im-
plied but not clearly identifiable, and b) there should
be an explicit mention of the given phenomenon.

We selected conversations from the corpora and
uploaded them to an open-source web annotation
tool that allowed annotators to tag each utterance
of the conversation if an online risk was present.
Moreover, an additional tag, a question mark, could
be added if the annotator was unsure about the
annotation. Annotators were also allowed to load
previous and subsequent conversations to assess
the context of given utterances, as discussed in
Section 3.1.

Upon realizing that substance use has a sparse

occurrence in the corpora, we prepared a pre-
liminary classifier to identify conversations with a
higher chance of containing utterances with online
risk. As this method could lead to a biased sample
of the data, we also included a large enough collec-
tion of random samples in the dataset for validation.

Annotators processed a total number of 35,000
conversations with 272,465 utterances. The num-
ber of positively annotated utterances tagged by
at least one annotator was 2,301 (0.845%), which
means very sparse occurrence. The inter-annotator
agreement showed a substantial score of Cohen’s
x equal to 0.609 (McHugh, 2012).
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Figure 1: The number of utterances in the sub-
stance use gold standard divided by authors. One
rectangle represents a person, and the relative size
and number within each rectangle represent the
number of utterances.

3.3. Gold Standard Specification

To specify the gold standard, the corpus was re-
viewed by a social science researcher focusing on
risks and adolescents’ well-being. The supervisor
made final decisions when the utterance was anno-
tated: a) by precisely one annotator (with or without
a question mark as an additional tag); b) by both
annotators with at least one question mark as an
additional tag. Utterances annotated by both anno-
tators (without a question mark as an additional tag)
were automatically included in the gold standard
dataset. Additionally, we provided the supervisor
with the option to decide on 209 utterances, where
the preliminary model was highly convinced that
risky behavior was presented in utterances not in-
cluded in the golden standard and vice versa.

The final gold standard contains 1990 utterances.
The analysis of the datasets revealed that individ-
ual authors had contributed different amounts of
text to the gold standard. However, none of the au-
thors has an excessively large part of it, as shown
in Figure 1. This distribution prevents overfitting the
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vocabulary, style, and topics that this small group of
authors discusses and incorrectly measures excel-
lent performance on the in-domain testing sample.

3.4. Data Preparation

Initially, we had to decide how to prepare training
data for the model. We could construct training
inputs only using individual utterances as single in-
puts. However, this approach could be arguable for
very short utterances due to the ambiguity of their
labels and, more importantly, removes all context-
dependent phenomena. On the contrary, we do
not want to experiment with whole dialogues as
examples, as we aim to detect local instances of
substance use. Also, real-time applications usually
cannot get the whole dialogue, only a few utter-
ances at once. Therefore, we defined the inputs
as local context windows within the dialogues. This
approach allows the model to capture local depen-
dencies (e.g., the humorous tone of the discussion).

A sliding window starts from the last utterance
to construct the inputs to capture the local context.
Specifically, we chose as many utterances as pos-
sible before the starting one until we surpassed
the context length. As we work with only whole
utterances, the inputs’ lengths are usually longer
than the context length and may vary. For example,
for a context length of 256 characters, the mean
length was 313 characters, the median was 303
characters, and the standard deviation was 118.

The final input label is produced by aggregating
input’s utterances’ labels. If the sequence of labels
contains any utterance that is positively labeled (as
it contains substance use), the whole example is
assigned the positive label.

For classification, we need to address the im-
balance of class distribution. Plhak et al. (2023)
used three approaches to address the imbalance:
a) weighting the loss function, b) augmenting the
training data by adding paraphrases of the minority
class, and c) simple oversampling of the minority
class examples.

Augmentation and oversampling showed slightly
better results than the weighting. Therefore, the
imbalance is solved in the training dataset by over-
sampling. However, the test dataset retains the
original class distribution, which means the lower
number of positive examples negatively affects the
F score during evaluation.

The dataset was partitioned into training, devel-
opment, and test sets using an 80:5:15 ratio. To
prevent data leakage and ensure unbiased evalua-
tion, we enforced a strict user-level split, ensuring
that data from any single user appears in only one
of the subsets. The exact numbers of instances
depend on the context length. For example, mainly
used context length of 256 characters was the

n = 206,796, Nirain = 165,436, nge, = 10,339,
and ngesr = 31,021.

3.4.1. Data Preprocessing

We use the following techniques to clean and pre-
pare the raw data to reveal if they affect the quality
of the model:

* Removing 405 Czech stop words.

+ Emoji transcription — 36 identified emoji were
transcribed into textual form.

+ Removing capitalization.

* Removing multiple following (redundant)
multimedia tags.

* Removing punctuation.

+ Removing short utterances then 11 charac-
ters — As the average length of the Czech word
is around five characters, it should ensure that
at least three words are in the utterance.

The preprocessing could marginally affect the
total number of inputs in the dataset as the length
of the utterances can be modified.

3.5. Classification with BERT-Based
Models

The BERT-based models (Kenton and Toutanova,
2019; Sanh, 2019; Liu, 2019; Yang, 2019) are
based on the transformer architecture (Vaswani,
2017). They capture the general representation of
language and text as they are pretrained on a lan-
guage model tasks and can be additionally trained
in the cost of additional computational resources.
However, they are still lightweight compared to most
of the state-of-the-art generative LLMs.

Text classification using BERT-based models
leverages the bidirectional encoder representations
of text to understand and process the contextual
meaning of words. These models take tokenized
and preprocessed input text, embed them in high-
dimensional space, and pass them through a series
of transformer layers. For classification tasks, the
[CLS] token’s representation at the final layer is
typically fed into a fully connected layer, followed
by a softmax function to predict the probabilities of
different classes. The softmax layer transforms the
raw logits into probabilities, ensuring the sum of the
outputs to 1. The class with the highest probability
is selected as the predicted label.

As mentioned in the Related work section, Plhak
et al. (2023) experimented with the multiple BERT-
based models that were pretrained on the Czech
language corpora. We use this paper as the ref-
erence study, and from now on, when we mention
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“reference study,” it refers to this paper, and we will
compare our outputs to their results. The monolin-
gual RobeCzech Base model (Straka et al., 2021)
achieved the best I, score for substance use clas-
sification and outperformed the others. Therefore,
we chose this model for our experiments.

3.6. Classification with Generative LLMs

Instruction-tuned generative LLMs, such as Llama-
Instruct or ChatGPT, can perform text classification
tasks effectively through prompting. Instead of fine-
tuning or adding task-specific layers, these models
rely on carefully crafted prompts to guide their re-
sponses based on their pre-trained and instruction-
tuned knowledge. The LLM processes prompt and
generates a response based on its understanding
of the instruction and the input text. The output can
be directly interpreted as the classification label.

There are multiple techniques to generate the
prompt for generative LLM. The basic one, zero-
shot prompting, presents new tasks without spe-
cific training or examples. Few-shot prompting also
sends a single prompt to a generative LLM, but a
few examples are added to the prompt to help the
generative LLM understand and complete the task.

Currently, many generative LLMs are available
and can be utilized for the classification. How-
ever, some are proprietary, and users have less
insight or control over the model’s functions, and
access to them can be expensive. Therefore, we
chose the state-of-the-art open-source generative
LLMs zephyr-7b-beta (Tunstall et al., 2023), Llama-
3.1-8B-Instruct, and Llama-3.1-70B-Instruct (Met-
allama, 2024b) for our experiments as they are
publicly available and can be possibly utilized in
parental mediation applications. Moreover, Llama-
3.1-70B-Instruct models provide comparable power
for text classification tasks to GPT models in many
areas (Dubey et al., 2024; Li et al., 2024; Roume-
liotis et al., 2024), and also provide the possibility
to involve Retrieval-Augmented Generation (RAG)
using Llamalndex (MetaLlama, 2024a) to train the
model on custom data.

Smaller models were utilized due to faster pro-
cessing and for detecting the difference in effectiv-
ity compared to bigger models. For evaluation, we
used the same test dataset as for the BERT-based
model.

4. Results

4.1. BERT-Based Models

First, we experimented with hyper-parameter set-
tings. We investigated how significantly the number
of epochs and learning rate parameters impacted
the results. The initial setup was taken from the

reference study, where authors worked with sim-
ilar data, and their best I, score was 0.654 (we
use the F; score as the primary metric for evaluat-
ing results, as it represents the harmonic mean of
precision and recall).

Based on the original results from the reference
study, we first fixed the context window length to
256 characters and the learning rate to 2e-5 and
tried to determine the ideal number of epochs for
this setting. From the results shown in Table 2, we
can see that the number of epochs over 100 means
overtraining in data with a significant increase of
false positives. Therefore, we chose the initial num-
ber of 50 epochs for further experiments (over 25
with a slightly higher F; score) to leave enough
time to propagate adjustments of the learning rate
in further experiments.

Epochs | F1 | TN | FP | FN | TP
25 | 0.809 | 28824 | 367 | 338 | 1492
50 | 0.803 | 28804 | 387 | 344 | 1486
75 | 0.794 | 28903 | 288 | 437 | 1393
100 | 0.805 | 28820 | 371 | 347 | 1483
125 | 0.775 | 28707 | 484 | 366 | 1464
150 | 0.770 | 28650 | 541 | 347 | 1483

Table 2: A number of epoch tuning experiments
results.

Subsequent experiments investigated the impact
of setting learning rate levels. Based on the previ-
ous results, the number of epochs was fixed to 50,
and the context length remained at 256 characters.
From the results shown in Table 3, we can see that
a lower learning rate decreases the number of false
negatives; however, after some threshold, it also
started to increase the number of false positives.
Nonetheless, also this parameter has no significant
influence on the F; score.

Rate | F1 | TN | FP | FN | TP
2e-3 | 0.773 | 28744 | 447 | 394 | 1436
2e-4 | 0.793 | 28827 | 364 | 388 | 1442
2e-5 | 0.803 | 28804 | 387 | 344 | 1486
2e-6 | 0.798 | 28788 | 403 | 349 | 1481
2e7 | 0.773 | 28598 | 593 | 303 | 1527

Table 3: A learning rate tuning experiments results.

Other experiments were focused on the impact
of the context length. Based on previous results,
we set the learning rate to 2e-5 and the number
of epochs to 50. Even though different context
length means a different number of inputs in the
dataset, the results show an inconsiderable impact
of context length on the F} score (see Table 4).

Afterward, we tried to improve the base F; score
of 0.803 for a model with 50 epochs, learning rate
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Context | F1 | TN | FP | FN | TP
128 | 0.784 | 32235 | 267 | 290 | 1092
192 | 0.793 | 28827 | 364 | 388 | 1442
256 | 0.803 | 28804 | 387 | 344 | 1486
320 | 0.807 | 27556 | 360 | 420 | 1629
384 | 0.798 | 26431 | 415 | 479 | 1762

Table 4: A context-length experiments results.

2e-5, and context length of 256 characters (see Ta-
ble 4). We applied text preprocessing techniques
described in the Section 3.4.1. From the results
shown in Table 5, we can see that removing capi-
talization led to reducing false positives (without an
excessive increase of false negatives), and eliminat-
ing redundant tags led to a vice versa effect. Their
combination provided the best F; score of 0.818
(this model is published at (Plhak et al., 2025) un-
der an MIT license). We also experimented with
other combinations of preprocessing techniques.
However, none surpassed the F; score of 0.803.
The detailed results are presented in Table 7.

Preprocessing technique | F1 |
Stop words 0.797
Emoji 0.787
Capitalization 0.811
Redundant tags 0.789
Punctuation 0.804
Short utterances 0.802

Capitalization + Redundant tags | 0.818 |

Table 5: Text preprocessing experiments results.

4.2. Generative LLMs

First, we started with the zero-shot prompting to
get initial results for all models. After preliminary
experiments, we set the temperature parameter
to 0.2 and top_p to 0.1 to get more deterministic
and repetitive answers. Both zephyr-7b-beta and
Llama-3.1-8B-Instruct provided a low F; score due
to many false negatives (see Table 6). Conversely,
Llama-3.1-70B-Instruct was less strict and classi-
fied many negative examples as they contained
substance use discussion.

Therefore, we manually inspected the falsely
classified examples in the development part of the
dataset and rewrote the prompt to the few-shot ver-
sion with static examples. Both prompt versions
are shown in the Appendix A. With this prompt, all
models substantially increased their performance
and balanced the number of false positives and
false negatives. As expected, Llama-3.1-70B-
Instruct and Llama-3.3-70B-Instruct provided the

best F} score. To compare them against the best
result of the BERT-based models we performed
the paired permutation test (Hy : E[FPFET] =
E[F[lema]) (Gagnon-Bartsch and Shem-Tov, 2019).
The results showed that, although the difference
is slight, it is statistically significant (p = 0.0418) in
favor of the BERT-based model.

We also performed the RAG experiments using
Llamalndex and provided Llama models with the
data from the training dataset as tuples — utterances
with corresponding annotations. However, this had
a negative effect on the results, and moreover, in
the case of the 8B model, it enormously increased
the number of false positives.

Next, we tried to determine the effect of using
context when building inputs compared to classify-
ing simple utterances. Therefore, we chose 35,000
simple utterances with a similar ratio of negative
and positive inputs: 33,010 random negative utter-
ances and 1990 positive (the whole gold standard).
Then, we used the slightly modified prompt from
the previous experiments (description of inputs’ for-
mat). The result shows a substantial increase in
false negatives, which resulted in a lower F; score.

Finally, we wanted to check the thesis that a more
extended context would be beneficial for generative
LLMs. We used the 256 characters-long context
in the previous experiments due to result consis-
tency and the expected length of data from real-
time applications. Even though we expected that
longer context, together with the better-balanced
input classes with slightly more positive examples,
could bring more understanding to the model, the
F, remained almost the same.

4.3. Error Analysis

We chose the BERT-based model and generative
LLM with the best F; score, manually analyzed the
false negatives and false positives, and compared
what types of prompts are hard to classify for each.
From the number of false positives (256 for BERT-
based, 495 for generative LLM), 75 were on the
same inputs. From the number of false negatives
(381 for BERT-based, 276 for generative LLM), 162
were on the same inputs. For the BERT-based
model, the confidence level was usually very high
(even for misclassified inputs), and there were only
a few examples where the model was unsure.
First, we manually analyzed the inputs that
were misclassified by both the BERT-based model
and generative LLM. False negatives were usu-
ally caused by non-standard, slang words in inputs
that are hard to identify. For example: “camelky”
(diminutive of Camel cigarettes), “skéro” (Czech
slang equivalent of the English “skunk” - marijuana
with the highest THC content), “bumbal” (a childish
verb denoting drinking alcoholic beverage), “zkutrka”
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Model | Promptversion | Contextlength | F1 | TN | FP | FN | TP
zephyr-7b-beta zero-shot 256 0.277 | 29093 98 1520 | 310
zephyr-7b-beta few-shots 256 0.423 | 28962 | 229 | 1278 | 552

Llama3.1 8b zero-shot 256 0.127 | 29134 57 1702 | 128
Llama3.1 8b few-shots 256 0.573 | 28792 | 399 935 | 895
Llama3.1 8b | few-shots with RAG 256 0.176 | 13913 | 15278 | 175 | 1655
Llama3.1 70b zero-shot 256 0.688 | 27901 | 1290 | 195 | 1635
Llama3.1 70b few-shots 256 0.796 | 28676 | 515 280 | 1550
Llama3.1 70b | few-shots with RAG 256 0.773 | 28684 | 507 358 | 1472
Llama3.3 70b few-shots 256 0.801 | 28696 | 495 276 | 1554
Llama3.3 70b few-shots N/A 0.703 | 32721 289 756 | 1234
simple utterances
Llama3.3 70b few-shots 384 0.793 | 26250 | 596 379 | 1862
Llama3.3 70b few-shots 512 0.799 | 24385 | 549 548 | 2176

Table 6: Results of experiments with generative LLMs, with temperature = 0.2 and top_p = 0.1.

(a regular and avid user of marijuana). False posi-
tives were usually presented when input contained
keyword that denotes substance use in regular con-
tent. More examples and explanations about rea-
sons of errors, see Appendix C.

Inputs misclassified as false negatives only by
the BERT-based model mostly contain clear refer-
ences to substance use. For example, “Mdm chut
na cigo.” (“l feel like having a cig.”). False positives
usually occur when some offensive, indecent, or
sexually explicit word is part of the input. Moreover,
phrases with multiple meanings were also hard to
classify. For example: “Bych to zas nejradsi oslavila
s vama” (“| would like to celebrate with you again”)
did not explicitly mean substance use , just the cel-
ebration itself. Additionally, similar phrases were
classified correctly by the BERT-based model in
other inputs. Therefore, more data still needs to be
annotated to avoid this kind of misclassification.

The false positive examples misclassified only by
generative LLM were usually caused by incorrect
translations or misunderstanding of Czech words.
For example, according to generative LLM, the
word “nadrzenej” is used, which can imply being
drunk or under the influence of substances. How-
ever, this word means “horny”. Moreover, the fol-
lowing phrases were frequently misclassified:

* “Na zemilezel nedopalek cigarety” (“A cigarette
butt lay on the ground”).

* “Musim jit nakoupit do trafiky/tabaku” (“I have
to go shopping at the newsagent/tobacco”).

Most of these problems were mentioned in the few-
shot prompt. However, the model was not able to
deal with such inputs even when it got the specific
examples. Moreover, a very common problem was
with the inputs containing emojis. Even though the
few-shot prompt explicitly instructed LLM to ignore

them, it did not always follow the instructions, and
in many cases, it led to misclassification.

The false positive examples misclassified only by
generative LLM usually contained some ambiguous
words like ‘flaska’ (‘bottle’) or ‘Stamprle’ (‘snifter’)
that were used in the sense of drinking alcohol but
could also be used in context without substance use
(e.g., because it was not clear what is inside). Also,
in some cases, generative LLM incorrectly decided
that the context denotes that the discussion is not
about substance use. For example:

+ ‘A: Déti co chcete pit?’, ‘B: Kakao’, ‘A: Mam
kupovat aj vino?’, ‘C: Svécenou vodu jeding’
(‘A: Children, what do you want to drink?’, ‘B:
Cocoa’, ‘A: Should | also buy wine?’, ‘C: Holy
water only’).

The difference in numbers of false positives and
false negatives were very similar for Llama-3.1-70B-
Instruct and Llama-3.3-70B-Instruct models. How-
ever, there were 321 prompts (1.03% of all testing
prompts) that were classified differently. Llama-
3.3-70B-Instruct was better in the classification
of prompts that contained emoajis (it ignores them
more frequently, but still not always), URLs, and
nicknames and usually worked more successfully
with the context. On the other hand, the newer
model was more frequently confused by specific
keywords in Czech with multiple meanings (for ex-
ample, ‘devatenactku’, which means ‘nineteen-year-
old girl’ instead of “19-degree liquor’).

5. Discussion

Substance use is a severe phenomenon with far-
reaching effects on health (Visser and Routledge,
2007). The machine learning approach is already
used to diagnose diseases, predict outcomes of
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treatments, and identify risk factors. However, cur-
rent research does not usually deal with the de-
tection of substance use in authentic conversa-
tions of adolescents, which has important impli-
cations for their protection. This study presented
two approaches to substance use detection using
our unique annotated dataset: a) training of BERT-
based model for substance use classification and
its efficiency evaluation; b) specifying prompt for
generative LLM and its evaluation. We found that
we can classify substance use with F score over
0.8 using both approaches, which is usable for real-
time parental mediation software.

Experiments also showed that the improvements
of the BERT-based model using hyper-parameters
tuning and text pre-processing were insignificant,
probably due to a limited number of annotated data
for training the model. The second problem that lim-
its the model’s efficiency is connected to the sparse
occurrence of substance use in the corpora and
the imbalance of the dataset. One possible way to
improve our BERT-based model is to use solutions
like weighting the loss function and augmenting the
training data by adding paraphrases of the minority
class examples. However, this was not helpful in
the reference study. Therefore, probably the only
way to improve the BERT-based model is to get
more manually annotated data.

On the other hand, there are a few possible ways
to improve the classification efficiency of generative
LLMs without getting additional data. First, it could
be using a proprietary model like GPT or a larger
open-source model like Llama-3.1-405B-Instruct
that could be more efficient in the cost of substantial
computational complexity. Therefore, it is arguable
whether this solution could be used in applications,
e.g., for parental mediation, without the high costs
of fast processing data by external services.

Another way to improve generative LLMs’ effi-
ciency is to fine-tune them using annotated data
(see e.g. (Lin et al., 2024)). However, it would re-
quire substantial computational sources. Alterna-
tively, we could fine-tune the prompt using auto-
matic prompt engineering (see e.g. (Zhou et al.,
2022)). However, it could adapt the model even
more to specific Czech words and phrases.

In the case of generative LLMs, we expect higher
classification efficiency in English as the error anal-
ysis showed that most problems are caused by
misunderstanding of non-standard, slang words or
specific culture-base phrases. However, we do not
have data to confirm this hypothesis.

Moreover, further rapid development of genera-
tive LLMs should make the models more precise,
even though our results show that the newer Llama-
3.3-70B-Instruct model also misclassified the exam-
ples that were classified correctly by the previous
Llama-3.1-70B-Instruct model.

6. Limitations

One of the limitations of our approach lies in the
method of building the inputs. When the positively
annotated utterance is the input’s first or last part,
relevant context could be missing. However, this
could be the real use case, as the possible appli-
cations will probably not provide textual data with
extensive context.

In the case of the BERT-based model, more
annotated data will be beneficial. Moreover, the
trained model is likely less efficient when applied to
conversations in different languages with cultural
differences. However, our data could be used for
languages like English and provide solid results as
BERT-based models could be pretrained on multi-
lingual data.

Our data are also limited by the complexity of the
decision, whether substance use is presented in
the utterance or not even for human annotators, as
we achieved the substantial (but not perfect) agree-
ment by annotators with Cohen’s « equal to 0.609.
Therefore, it is also hard to decide for the mod-
els if the conversation is, for example, humorous or
casual, where the participants only exchange greet-
ings and jokes and explicit keywords (like “drinking”
or “beer”) do not mean substance use.

In the case of generative LLMs, the limitation is
the model size. As results confirmed, larger models
provide better results. However, using the biggest
models or training them without powerful GPUs is
impossible.

The last limitation is the restriction that our data
cannot be published due to ethical considerations
and the protection of our participants. Neverthe-
less, the data allowed us to conduct unique and
beneficial experiments as the language of adoles-
cents is presented in its natural form. Moreover,
we published our best BERT-based model (Plhék
et al., 2025) under an MIT license.

7. Conclusions

In this study, we presented machine learning mod-
els, trained on data from our novel dataset, that can
effectively detect when adolescents discuss alco-
hol and drug use in private conversations. Our best
BERT-based model provides a suitable F; score
equal to 0.817, even for low-resourced languages
like Czech. Moreover, we further proved that open-
source generative LLMs are suitable for this clas-
sification task and provide comparable F scores
with the BERT-based model. Our results proved
that using context instead of simple utterances pos-
itively affects F; score, but more extended context
does not bring a further increase in efficiency.
The analysis also showed that the most signif-
icant impact on misclassification had the lack of
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context, humorous or sarcastic tone of conversa-
tion that did not mean substance use even when
talking about it, or use of offensive, indecent, or
sexually explicit words. Additionally, specifically
for Czech, non-standard declension of words or
use of slang caused many incorrect classifications
for both BERT-based and generative LLMs. Ex-
periments also showed that both models can be
used for parental mediation software and parental
control apps for substance use detection and ap-
propriate real-time interventions, and it depends
on the developers if they use a lightweight BERT-
based model or if they have enough resources for
involving generative LLMs.

8. Future Work

The first step in future work should be updating the
dataset with more annotations of data containing
problematic words (deflected or slang words). In
the case of generative LLM, automatic prompt en-
gineering could be involved to improve the model
classification efficiency for the Czech language, as
this optimization will be language-specific. More-
over, if we can access sufficient computational re-
sources, we can fine-tune the 70B Llama model
or run the experiments with the larger 405B Llama
model.

The next step is to involve the models in parental
mediation applications that could potentially gen-
erate interventions to prevent substance use by
adolescents.
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A. Prompts

A1,

Answer yes if you detect any mention of substance
use in the following input and you are sure about
it. Otherwise, answer no. Substance use is
present when people refer to their own or some-
one else’s experience with alcohol or drugs (such
as cigarettes, nicotine packs, hookah, marijuana,
abusing medication), make plans to drink alcohol
or take drugs, seek drugs, support or justify alco-
hol and drug use, discuss intentions to try or use
alcohol or drugs. The input contains a sequence
of messages of adolescents from chat divided by
semicolons written mostly in Czech. Give yourself
the time; | need as precise an answer as possible.
The input is: <INPUT>

Zero-Shot Prompt

A.2. Few-Shot Prompt

Answer yes if you detect any mention of substance
use in the following input. Otherwise, answer no.
Use English for your answers.

Substance use is present only when people refer
to their own or someone else’s experience with al-
cohol or drugs (such as cigarettes, nicotine packs,
hookah, marijuana, abusing medication), make
plans to drink alcohol or take drugs, seek drugs,
support or justify alcohol and drug use, discuss
intentions to try or use alcohol or drugs.
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Substance use is present only when there is an
explicit mention of it. Exclude also everything im-
plied but not clearly identifiable. Substance use
should not be detected when the message only
describes situations and scenes like 'There is a
cigarette in the trash bin,’ or "There’s alcohol spilled
on the ground,” 'Getting drunk is a sin,” "My solution
is sleeping pills given by the nurse,” 'He had no
matches, so he lit the candle with a lighter,’ ’l take
insulin and blood pressure pills every day, 'The
picture showed a store with a shelf full of vodka
bottles,” or 'He started taking pills unnecessarily, so
| am thinking of hiding them from him.” Also, 'They
call him a small beer’ does not mean substance use
because it means a nickname. Moreover, writing
substance emojis is not evidence of substance use,
and you can ignore emojis at all. Finally, you must
be sure that words like ’chemistry’ or pharmacol-
ogy’ are not used in normal contexts as a school
subject to detect substance use.

The input contains a sequence of messages from
adolescents in a private chat (so they can discuss
their classes, nightlife, parent issues, etc.). Mes-
sages are divided by semicolons. Messages are
written mainly in Czech. However, they can include
other languages like English or German.

For more clarity, the following examples in Czech
show if the substance use is present or not with an
explanation:

 'Ty jsi ale fajnovka.’ // No, because the word
‘fajnovka’ means picky person.

* 'Vecer si davam turka nebo preso.” // No, be-
cause word ‘turka’ means coffee.

* "Potkal jsem ho a byl Uplné oZralej a zdrogo-
vanej.’ // Yes, because word 'zdrogovanej’
means druggend up and ‘ozralej’ means drunk.

* 'Potteboval bych né¢im naplnit Zaludek.” // No,
because it does not specify what substance
should be used to ward off hunger (implicitly,
we assume it will be a meal).

» 'Mam si vzit néjaké pfasky na bolest v koleni?’
/I No, because it is searching for a advice how
to treat yourself.

« 'Zitra bude zemak a ob¢anka. // No, because
dicussion is about classes in school and word
'zemak’ means geography class and 'ob¢anka’
means Civics.

* "Pouzijte na to pet flasky.” // No, because 'pet
flaS8ky’ means plastic kind of bottle.

* ‘Uz v Zivoté nepujdu na hrazdu ani na kruhy.’
/I No, because the topic is gym classes and
word ’hrazdu’ means trapeze.

» ’Pojdme ho ve€er na namésti upalit” // No,
because in this context, 'upalit’ means an act
of violence (burning the person) and is not
connected to smoking cigarettes.

 'Nechtél hulit, protoze uz byl neskute¢né zhu-
leny.” // Yes, because word ’hulit’ means skok-
ing marijuana and 'zhuleny’ means stoned by
smoing marijuana.

« 'Ja se ztebe sttelim.’ // No, it means something
like 'l am sick of you,” and the word 'sttelit’ does
not denote using drugs.

+ 'Kolik jsi mél piv?; Ja nepiju alkohol.’ // Yes,
because alcohol consumption is discussed
even though the second person clarifies that
he does not consume alcohol.

* 'Bude v tom hotelovém pokoji minibar?’ // No,
using the word 'minibar’ in this context does
not imply talking about alcohol because it can
also consist of other stuff.

* ’Budu pafit asi az do rana.’ // No, it talks about
going out to a club, pub, or party, not explicitly
about alcohol or drug use.

* ’Po Skole si zajdu na cigo a bude to lepsi.’ //
Yes, word 'cigo’ is synonym for cigarette.

« 'Prosté& jsem se probudil a moje jatra trpi. Sel
jsem blejt a navic ani nevim z ¢eho.” // No, no
explicit mention of substance use, just indirect
allusions.

+ 'Film mél byt byt vtipny, ale rezisér byl asi sjety.’
/I No, it discuss the film itself not the intense
for using substances.

Moreover, take into account that there are cultural
differences between Czech- and English-speaking
people. For example, 420’ is not connected with
marijuana usage in Czech. Think about different
forms of names and nicknames that do not denote
substance use alone.

Give yourself the time; | need as precise an an-
swer as possible.

The input is: <INPUT>

B. Text Preprocessing Experiments
Results

See Table 7.

C. Error Analysis Examples

C.1. Misclassified by both the
BERT-based Model and Generative
LLM

» False negatives
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Preprocessing technique | F1 | TN | FP | FN | TP

Stop words 0.797 | 28754 | 411 | 343 | 1483
Emoji 0.787 | 28871 | 415 | 375 | 1457
Capitalization 0.811 | 28976 | 212 | 439 | 1394
Redundant tags 0.789 | 28513 | 516 | 293 | 1514
Punctuation 0.804 | 28841 | 348 | 367 | 1462
Short utterances 0.802 | 28798 | 380 | 351 | 1479
Capitalization + Redund. tags | 0.818 | 28966 | 214 | 416 | 1414

Table 7: Text preprocessing experiments full results.

— “camelky” (diminutive of Camel cigarettes)

— “skéro” (Czech slang equivalent of the En-
glish “skunk” - marijuana with the highest
THC content)

— “bumbal” (a childish verb denoting drinking
alcoholic beverage)

— “zkufka” (a regular and avid user of mari-
juana)

+ False positives

— “RadSi budu dit¢ nez stary chlap s
prezdivkou pojd na pivo.” (“I'd rather be
a kid than an old guy with the nickname
come for a beer.”)

— “Kolik si vsadil? J& 3 piva a dostanu 15
jestli vyhraju.” (“How much did you bet?
Me 3 beers and | get 15 if | win.”)

C.2. False Negatives only by the
BERT-based Model

« ‘Mam chuf na cigo.” (‘I feel like having a cig.’)

+ ‘Si ¢lovék jde zapalit na uklidnéni.’ (‘One goes
to light a cigarette to calm down.’)

» ‘Tesim se na konec roku na ty sampana.” (I'm
looking forward to those champagnes at the
end of the year.)

C.3. False Positives only by the
BERT-based Model

+ ‘Bych to zas nejradsi oslavila s vama’ ('l would
like to celebrate with you again’) — did not ex-
plicitly mean substance use (from the context),
just the celebration itself.

C.4. False Positives only by the
Generative LLM

» According to generative LLM, the word
‘nadrzenej’ is used, which can imply being
drunk or under the influence of substances.
However, this word means ‘horny’.

+ According to generative LLM, the word ‘cigos’
is a synonym for cigarette in Czech. However,
it is a colloquial term, often considered vulgar,
for Romani people.

According to generative LLM, the word "mariin”
is related to "marijuana”. However, it is only a
possessive form of the name ‘Marie’ (‘Mary’).

‘Na zemi lezel nedopalek cigarety’ (‘A cigarette
butt lay on the ground’). The ‘cigarette butt’
mention was enough for generative LLM to
classify it as positive. However, in this context,
it means only a description of the situation
without any explicit mention of substance use.

‘Musim jit nakoupit do trafiky/tabaku’ (‘I have
to go shopping at the newsagent/tobacco’).
Generative LLM correctly infer that the word
‘tabaku’ is a synonym for a tobacco shop. How-
ever, it inferred a connection to substance use,
specifically cigarettes or other tobacco prod-
ucts, which are not explicitly mentioned here
(it is possible to buy letter stamps or lottery
tickets there).

‘No on program za¢ne od 17:00 a v tu dobu se
asi budou opikat ty bufty’ (‘Well, the program
will start at 5:00 p.m. and the sausages will
probably be roasted at that time’). Generative
LLM translates the word ‘opikat’ as a verb that
means to drink alcohol, often in a social set-
ting. However, although roasting sausages is
often accompanied by drinking beer, there is
no explicit mention of alcohol use in the con-
versation.

‘Ondrej si nastavil vlastni pfezdivku na Wulffovi
pivo nelej.” (‘Ondrej set his own nickname as
Don’t pour beer to Wulff.). Generative LLM
decides that this explicitly mentions alcohol,
indicating substance use. However, it is only
a nickname.
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