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Abstract

There has been a noticeable increase in the
use of offensive language across user-generated
content on social media platforms. Such lan-
guage can target, harm, or marginalize individ-
uals or entire communities. In contrast to this
negative trend, we focus on the identification
and classification of candy speech – supportive
and emotionally positive statements. We ex-
amine the effectiveness of stacking traditional
machine learning techniques like Logistic Re-
gression, k-Nearest Neighbors, Random Forest,
Multi-Layer Perceptron, Support Vector Clas-
sifier and simple word counting, and compare
them to BERT, a powerful pre-trained language
model. The study evaluates both individual
and ensemble methods to determine the most
effective strategy. Our results indicate that tra-
ditional stacking methods used without BERT
achieve the highest accuracy, followed by the
hybrid approach, while BERT alone performs
the worst on this specific task.

1 Introduction

Anyone who visited a social media platform like
Facebook, Instagram or YouTube has most likely
encountered offensive posts from users in the com-
ment section, also known as hate speech. What
if we could not only remove negativity, but also
actively promote and spread positivity? To ex-
plore this idea, we participate in Subtask 1 of the
GermEval 2025 Shared Task on Candy Speech De-
tection, where we focus on identification of candy
speech in YouTube comments. Candy speech refers
to expression of positive attitudes on social media
toward individuals or their output, e.g. videos or
comments (Clausen et al., 2025).

Detecting candy speech is a very complex task,
as it depends not only on sentiment but also on con-
textual understanding. While langue models like
GPT (OpenAI, 2024) or BERT (Devlin et al., 2019)
have gained enormous influence in today’s era, they

also come with major limitations like high compu-
tational costs and a significant carbon footprint (Li
et al., 2021). To evaluate the trade-off between
computational efficiency and classification perfor-
mance, we compare three modeling approaches: a
classical stacking model as a lightweight baseline,
a BERT-based model to assess the potential accu-
racy gains from deep contextual embeddings, and
a hybrid model combining both approaches.

2 Related Work

2.1 Offensive Language Detection

Previous studies have explored the detection of hate
speech using classical machine learning methods
(Ayo et al., 2020; Davidson et al., 2017). Their find-
ings suggest that traditional approaches, such as
SVMs or Logistic Regression, can achieve perfor-
mance comparable to that of deep learning models,
particularly in the context of hate speech recogni-
tion on Twitter (Mercan et al., 2021).

2.2 Emotion Classification in Text

In recent years, language models like GPT, BERT
and RoBERTa (Liu et al., 2019) proved to be very
powerful in tasks such as emotion and sentiment
classification (Zian et al., 2021). Automatic recog-
nition of emotions in text is an active research
field in natural language processing. Traditional
approaches often use classical machine learning
methods, such as SVMs or Random Forest. With
the emergence of large pretrained language models,
the precision and robustness of emotion classifi-
cation have improved significantly (Stigall et al.,
2024).

3 Methodology

This section introduces the steps taken to obtain
additional training data, clean and prepare the data
sets, as well as conducting the experiments.
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Figure 1: Pipeline

Figure 1 shows the execution flow of our code
in the form of a pipeline, illustrating each step and
how data is processed sequentially. First we clean
the data, then tokenize it and apply our two vector-
ization methods: Distributed Memory (DM) and
Distributed-Bag-of-Words (DBOW). These vectors
are then passed on to our 5 different classifiers:
k-Nearest Neighbors (kNN), Logistic Regression
(LR), Support Vector Classifier (SVC), Random
Forest (RF), and Multi-Layer Perceptron (MLP).
The BERT model, in contrast, directly processes
the raw comments, instead of vectors. The last sta-
tion is the MLP. With help of the 6-dimensional vec-
tor, from the models mentioned above, it predicts
whether a given comment contains candy speech
or not.

3.1 Data Preparation

In an initial test, we trained our models on the
official data provided by the shared task organiz-
ers, but our models did not achieve satisfactory
results. Therefore, we decided to extend the train-
ing data by including additional comments from
external sources (Demszky et al., 2020). Details
are described in the following section. Since these
comments were in English, we translated them
into German using Helsinki-NLP/opus-mt-en-de
(Tiedemann and Thottingal, 2020).

Data Cleaning The importance of preprocess-
ing data in form of data cleaning is essential for
improving the models’ performance and ensuring
consistent input for our classifier (Kalra and Ag-
garwal, 2018). Therefore, we performed a series

of data cleaning steps. The effectiveness of this ap-
proach was also demonstrated by Lee et al. (2021)
and further supported by Li et al. (2021).

Given the noisy and unstructured nature of
YouTube comments, we deleted usernames, links,
emojis, and excessive punctuation, which further
improved model accuracy (see Figure 3).

Tokenization Since classical machine learning
algorithms cannot process text directly, we con-
verted it into numerical vectors using Doc2Vec (Le
and Mikolov, 2014). This required an initial tok-
enization, for which we used NLTK’s tokenization
algorithm (Bird et al., 2009). The outcome of this
procedure is a list of tokens that serve as input to
Doc2Vec.

Vectorization of Comments For vectorisation,
the Doc2Vec algorithm offers two main variants:
DM and DBOW. Both approaches aim to learn
fixed-length vector representations of given text.
DM learns from word sequences and context, while
DBOW focuses on predicting document words
without considering word order. Both aim to pro-
duce meaningful representations of documents for
downstream tasks (Le and Mikolov, 2014).

4 Models

4.1 Stacking without BERT

For a classification task, there are different ap-
proaches. We decided to use a stacking variant
that combines five different machine learning algo-
rithms. Stacking is a method in which multiple clas-
sifiers perform the same task in parallel. Their re-
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sults are then combined, via a Meta-Learner reclas-
sified, which allows them to compensate for each
other’s weaknesses and reinforce their strengths.
This technique has shown its effectiveness in terms
of accuracy and robustness (Zian et al., 2021).

For our stacking ensemble, we used the follow-
ing traditional machine learning models: LR, kNN,
SVC, MLP and RF. Since each of these classifiers
uses random seeds, we performed the classification
for each comment 10 times and returned the mean
of the outcome to ensure stability and reduce vari-
ance. This resulted in a 5-dimensional vector with
values ranging from 0 to 1.

4.2 Stacking with BERT

To leverage deeper semantic context, we repeated
the same classification pipeline, i.e., LR, kNN,
SVC, MLP, and RF, but added BERT. As before,
we ran 10 iterations for every classification, result-
ing in a 6-dimensional vector with values again
ranging from 0 to 1.

4.3 Simple Word Counting

An additional dimension for our classifier was to
“rate” a comment based on present words. We
used a collection of “bad”, “good” and “intensifier”
words to obtain a very easy semantic understanding
of the given comment, inspired by the approach in
(Palanisamy et al., 2013). This dictionary was man-
ually curated from the comments in our dataset and
includes several categories of words: positive and
negative sentiment words, intensifiers that amplify
the sentiment strength, negation words that can
reverse sentiment polarity, and positive/negative
emojis to capture emotional expressions.

4.4 Meta-Learner

Our main prediction model, the meta-learner, is
a Multi-Layer Perceptron, which we trained with
BERT on 6–7 dimensional vectors. These vec-
tors were generated by the methods previously de-
scribed to determine the semantics of each com-
ment. The MLP was trained on 4,000 comments
that were cleaned and preprocessed and not part of
the comments we used to train our classifiers above.
This means that our main prediction model comes
into contact only with new and unseen data.

4.5 BERT

For comparison, we evaluated the classification
performance of a pre-trained German BERT model

(Guhr et al., 2020) applied directly to the task, with-
out any additional stacking or feature engineering.

5 Results

5.1 Meta-Learner Performance

Model F1 Precision Recall
stacking without BERT 0.6972 0.8879 0.5739
stacking with BERT 0.6842 0.8765 0.5611
BERT alone 0.6852 0.6829 0.6874

Table 1: Performance comparison of the models submit-
ted to Subtask 1.

As shown in Table 1, stacking without BERT out-
performs the other approaches in terms of preci-
sion. However, when it comes to recall, BERT
alone achieves the highest performance.

5.2 Model comparison
In this section, we present a comparison of all mod-
els based on the following metrics: accuracy, F1-
score, Precision, and Recall.

Figure 2: Metric comparison across all models.

Figure 3: Metric comparison for Meta-Learner.

6 Discussion

We explored to what extent classical machine learn-
ing algorithms can remain relevant in an era increas-
ingly shaped by the use of large language models,
as discussed in (Miah et al., 2024; Zhan et al., 2024;
Zhang et al., 2023). While we did not achieve state-
of-the-art results with our model, it is important to
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note that GPT-3.5 obtains a precision score of 0.87,
compared to 0.96 for GPT-4 and 0.91 for Llama 2
in a related study that analyzes sentiment of text
via large language models (Krugmann and Hart-
mann, 2024). Nonetheless, our findings highlight
that relatively simple techniques, when combined
thoughtfully, can still achieve competitive perfor-
mance.

The overall accuracy, F1-score, Precision, and
Recall of our model improved substantially, after
we cleaned and preprocessed the training data. A
direct comparison shows that our model trained on
the unchanged data performed worse in classifying
candy speech than the one trained on preprocessed
data, as shown in Figure 3. A possible explanation
could be that in the case of unchanged data, the
model was trained with vectors that were distorted
or semantically meaningless.

The improvements in accuracy, F1-score, Pre-
cision, and Recall can likely be attributed to pre-
processing, which helped produce more consistent
and informative input patterns, thereby enhancing
classification performance. This trend has already
been demonstrated by earlier research (Lee et al.,
2021; Li et al., 2021) and appears consistent with
the current findings.

A critical aspect in evaluating our model lies
in the choice of the vectorization method. Al-
though we used Paragraph Vector - Distributed
Memory (PV-DM) and Paragraph Vector - Dis-
tributed Bag of Words (PV-DBOW), it remains
an open question how our results might have im-
proved, if we had used an alternative method, such
as Term Frequency-Inverse Document Frequency
(TF-IDF). The latter represents text by weighting
each term based on its relative importance within a
comment and across the entire dataset.

In related work on hate speech detection (Mer-
can et al., 2021), TF-IDF has proven its effective-
ness by recognizing the relevance of a single word
and reducing the influence of common but uninfor-
mative terms. This approach achieved higher accu-
racy scores using classifiers such as SVM, which
is closely related to the SVC, RF, and LR models
we used (Table 2).

Accuracy comparison SVM/SVC LR RF
our study 0.76 0.73 0.75
related study 0.94 0.94 0.95

Table 2: Accuracy comparison of different classifiers in
our study and a related study by Mercan et al. (2021).

As Table 2 shows, alternative vectorization meth-
ods led to noticeably better performance. This
suggests that to improve our results, we should
consider replacing PV-DM and PV-DBOW with
TF-IDF.

Surprisingly, the best-performing model in our
experiments did not include any LLM components.
Instead, it relied solely on traditional ML algo-
rithms and supervised stacking. This suggests that
in tasks with strong lexical or stylistic signals, such
as detecting emotionally supportive candy speech
comments, deep contextual understanding may not
be necessary. Simpler models can exploit these
surface-level patterns effectively.

Moreover, while BERT is a powerful and
general-purpose model, its embeddings did not
considerably boost performance in our hybrid ap-
proaches.

7 Conclusion

In summary, with regard to candy speech detec-
tion, our results support the idea, that classical
stacking ensembles can outperform both the stan-
dalone BERT-classifier as well as a hybrid model
that incorporates deep contextual embeddings. We
achieved substantial gains in accuracy, Precision,
Recall, and F1-score trough data cleaning. Our
cleaning process was tailored to the characteris-
tics of the vectorization algorithm, which appeared
to struggle with non-German words, emojis, and
fragmented inputs. Moving forward, exploring al-
ternative vectorization methods such as TF-IDF,
employing data-augmentation strategies, and inves-
tigating model-distillation techniques could further
enhance both performance and efficiency. Overall,
our results support the idea that classical ML meth-
ods should not be dismissed outright in modern
NLP workflows. They remain accessible, inter-
pretable and surprisingly powerful.
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