Reducing Processing Time and Enhancing Classification Performance:
Shortening Strategies for German Public Contributions
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Abstract

Public participation, the process of
voluntary engagement of citizens in urban
decision-making, requires a significant
amount of time and human resources.
Therefore, automatization of the evaluation
is essential. Classification of the citizens’
proposals is one of the prevalent analytical
tasks. Through the years many studies have
worked on automatization techniques of
this procedure and Natural Language
Processing (NLP) methods are among the
most effective ones. Nevertheless, most
developed techniques despite promising
results are optimized for the English
language. Moreover, the NLP pre-trained
models such as BERT have limitations in
the length of the texts they can process.
Hence, this paper focuses on the abstractive
summarization of the public proposal in
German and considers two different
shortening techniques (truncation and
summarization). The main aim is to explore
how pre-trained models such as the BERT
perform in the classification of summarized
German language contributions. For this
purpose, the German BERT model, which
is fine-tuned on the MLSUM DE dataset,
and the multilingual BART model are
considered for text summarization. The
results revealed that applying shortening
techniques on long contributions reduces
the model development time by an average
of 48% on CPU and 36% on GPU while
improving performance. Moreover, the
multilingual BART model works slightly
better than the BERT model fine-tuned on
the MLSUM DE dataset.
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an attractive topic for o

+1 academics, regulators, and governments, is one of s

the key instruments of democracy. Public
contribution helps citizens’ concerns and thoughts
to be heard and avoids elitism (Rowe and Frewer,
2004). Even though consideration of the public
voice provides more information to the authorities,
it requires a longer processing time (Lee and Kim,
2014). Indeed, processing and analyzing the
collected data is among the key challenges that
policy-makers in the public voice consideration
face (Romberg and Escher, 2023, Simonofski,
Fink, and Burnay, 2021, Arana-Catania et al.,
2021). To protect the ultimate goals of public
participation and the core standards of a democratic
society, all contributions should be treated equally.
This emphasizes the requests for specific analytical
methods to ease inferring meaningful information
from an overwhelming collection of public
statements (Lee and Kim, 2014, Romberg, Mark,
and Escher, 2022, Romberg and Escher, 2022).
Previous experiences have demonstrated that
when the amount of data is manageable, manual
processing despite its inefficiency is preferred
(Simonofski, Fink, and Burnay, 2021). However,
the advances in technology especially in Artificial
Intelligence (AI) and particularly Natural
Language Processing (NLP) have made a huge
difference (Romberg and Escher, 2023). NLP
analyses linguistic data and enables computers to
understand, interpret, and generate human
language (Egger and Gokce, 2022). Despite
notable advances in NLP techniques, such as the
rise of Pre-trained Language Models (PLMs),
Romberg and Escher (2023) in a review of methods
for computational text analysis remark that public
contribution texts exhibit distinct characteristics
compared to other domains such as news or social
media contents (Romberg and Escher, 2023).
Another significant gap in the study of public
contributions is language. The majority of the
existing research is limited to English, with only a



s> few addressing non-English public proposal texts
s (Romberg and Escher, 2023, Romberg, 2023, Balta
s etal., 2019, Romberg and Conrad, 2021, Romberg,
55 2022). Hence further studies are required to
ss generate more robust and reliable models.
Automatic Text Summarization (ATS) is
ss another field of NLP, which despite its high
a0 potential has been left under-explored, especially in
o0 the study of non-English texts (Aruneshwari et al.,
91 2024, Alcantara et al., 2023). ATS is a method for
o2 generating a coherent shorter version of a text
o3 document while preserving the key information
o« from the original text (Aruneshwari et al., 2024).
os ATS is classified into two categories. (1) The
96 abstractive text summarization, in which the
o7 system tries to understand the text and provides a
os shorter novel narrative of the original text while
99 preserving the key points (Alcantara et al., 2023).
100 (2) The extractive summarization, which is more
101 flexible where the system first identifies the key
102 sentences (texts), then extracts, orders, and returns
103 them in a condensed form (Alcantara et al., 2023,
104 Verma and Verma, 2020, Talib, 2021).

One of the main applications of text
106 summarization is in the classification of the texts.
107 However, this area is in its early stages and the
10e majority of the studies are still focused on the
100 English language. (Scialom et al., 2020) mentions
110 that the dominance of the English language, lack of
111 multilingual data, and the use of pre-trained models
112 on the pivot language (English) resulted in a
13 significant gap in the performance of the
1a classification studies. To the best of our knowledge,
15 this is the first study in summarization of public
e participation in the German language. Our
117 contribution is mainly on understanding how
11e summarization affects the models’ performance in
119 detecting argumentation structures.

The rest of this paper is organized as follows.
121 Section 2 highlights the importance of analyzing
122 public participation and mentions the previously
12a explored techniques. This section also briefly
124 reviews the Automatic Summarization techniques
125 and models. Section 3 introduces the dataset.
126 Section 4 comprehensively explains the developed
12z methods in this study. In Section 5, the obtained
128 results are presented and are discussed in Section
120 6. Finally, Section 7 summarizes the findings and
130 mentions the topics for further studies.
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131 2 Literature Review

132 2.1 Evaluation of Public Participation

133 Public participation, alternatively called citizen
134 participation, is the volunteer action of citizens to
15 influence  the  decision-making  processes
136 (Schroeter et al., 2016). However, processing all
17 the collected statements to infer meaningful
13s information manually, while respecting the
130 principles of democracy is a challenging task
120 (Karic et al., 2024, Arana-Catania et al., 2021).
121 Hence, to achieve this goal (Kwon et al., 2000),
122 (Arguello et al., 2008), (Habernal & Gurevych,
123 2016), and (Cardie et al., 2008) applied SVM
122 models, (Konat et al., 2016) considered graph-
125 based analytics, and with the progress of Al-based
16 technologies in recent years such as Natural
1a7 Language Processing (NLP) techniques, (Fierro et
128 al., 2017) considered fastText and Deep Averaging
120 Networks (DAN) to automatically analyze or
150 classify a large number of public comments and
151 arguments on proposed regulations. (Liebeck et al.,
152 2016) is one of the few researchers in this domain
153 who developed a new German corpus for argument
152 mining and compared the performance of SVM,
155 Random Forest (RF), and k-Nearest-Neighbor
156 (kNN) classification models. (Romberg and
157 Escher, 2022) studied in the domain of argument
152 mining in German introduced a new dataset of
15e German language arguments and (Romberg, Mark,
10 and Escher, 2022) compared the performance of
161 SVM, Maximum Entropy (MaxEnt), Naive Bayes
162 (NB), and BERT classifiers in single and multi-
163 label classification of contributions.

162 2.2 Automated Text Summarization

165 Text Summarization has been always an interesting
166 topic for researchers. In 2010 with the introduction
167 of neural networks and later the development of
168 Sequence-to-Sequence (Seq2Seq), Bidirectional
160 Encoder Representations from Transformers
170 (BERT), and Generative Pre-trained Transformer
171 (GPT) models, more attention was attracted to
172 automatic text summarization (Khan et al., 2023).
173 Pre-trained models have significantly improved
172 NLP capabilities (Alcantara et al., 2023). BERT is
175 one of the bidirectional models pre-trained over
176 texts from Wikipedia and has shown relatively
177 good  performance in  abstractive  text
17s summarization. Some other known encoder and
179 decoder pre-trained models are BART developed
10 by Facebook, GPT developed by OpenAl, and



131 ROBERTa and DistilBERT both as a refined Single Label Multi-Label
1s2 version of BERT (Alcantara et al., 2023, Syed,

s Gaol, & Matsuo, 2021). Chen et al. (2021) by % " % "
1e highlighting the huge size of famous pre-trained E £ g E £ g
1ss models such as GPT and their extensive 2 B =& B =
186 computation cost, tried to save the training cost of Bicycle parking| 108 22 9 | 112 26 9

Cycle path quality| 449 58 111| 519 71 118

1e7 large models by transferring the learned knowledge

. Cycling traffic

1ss of the t smaller rained model to the large model ,ynanaggement 1020 195 222]1056 204 229
10 (Chen et al., 2021). They called the model Lighting| 37 1 10| 47 2 15
190 BERT2BERT. Misc| 53 5 10] 84 84 27

Pre-trained  models despite  significant Obstacles) 31935 31 364 4533
o1 rre-tramne B gnitica Signage| 150 16 19| 182 20 27
192 performance have some limitations. The majority Traffic lights| 178 34 47| 197 39 51
192 of them such as BERT are trained over English Total| 2314 366 459]2314 366 459

104 language documents which leads to lower
195 performance on non-English documents. In order
196 to overcome this limitation, multilingual versions
197 of some of the models are introduced. mBERT, the
198 multilingual version of BERT, is trained for the top
10 100 languages with the longest documents on
200 Wikipedia (GitHub, 2022). This model supports
201 the German language. German BERT2BERT fine- ,., The dataset considered for this study is a collection
22 tuned on MLSUM DE for summarization is ,,; of public contributions from three different cities in
203 another pre-trained BERT model for the German ,,, Germany and has been used for automated topic
24 language  trained on German Wikipedia, ,.; classification (Romberg and Escher, 2022). The
s OpenLegalData, and news articles. The ,, public  participation processes, known as
2s BERT2BERT model is specialized for text ,,, “Raddialoge”, were held by the municipalities of
207 summarization and is accessible through the ,,, Bonn, Ehrenfeld, and Moers from September to
s Hugging Face website API for pre-trained models. ,,, October 2017. Detailed information on the
20 MLSUM is the first large-scale MultiLingual ,,, collection of contributions and labeling can be
20 SUMmarization dataset introduced in 2020 ..; found in (Romberg and Escher, 2022).

211 (Scialom et al., 2020). The dataset contains over ,,,  The total number of collected contributions is
21z 1.5 million article/summary pairs in five languages, ,,; 3139 of which 2314 were received from Bonn, 366
213 including German, and can be used to evaluate the ,,; from Ehrenfeld, and 459 from Moers. Eight
21« summarization models (Scialom et al., 2020). 247 different categories for improving the citizens’
243 experience were proposed and each contribution
240 Was assigned to one or more of these categories. An
215 Many studies have sought to reduce the burden of 250 overview of the dataset is given in Table 1. In total,
217 analyzing public contributions through text- .s; there are 231 contributions from Bonn, 46
218 processing techniques. However, most of these 252 contributions from Moers, and 36 contributions
219 studies have focused on the English language, and 2s: from Ehrenfeld which belonged to two categories.
220 there is a lack of exploration into the fine-tuning of »s« Of the defined categories, “Cycling Traffic
221 transformer models (such as BERT) and the »ss Management” and “Cycle Path Quality” have
222 performance of other transformer architectures 2ss received the most contributions. As claimed by
22s (Romberg, Mark, and Escher, 2022). This study »s; (Romberg and Escher, 2022), the variation in the
224 aims to address these gaps and analyze the potential »ss distribution of contributions is affected by factors
225 limitations of applying developed models to long »ss such as city size, local infrastructures, and
226 texts. As a potential solution, automatic text ze participators' involvement.

227 summarization techniques, whose performances on

22 argumentative data in the German language are -« 4 Experimental Setup

220 largely unexplored (Alcantara et al., 2023), are
230 tested and evaluated. The primary goal of this study

Table 1: Distribution of the arguments across labels

231 1S to assess how summarization impacts runtime
232 and overall performance.

2133 Dataset

215 2.3 Research Gap

262 In this section, we provide the applied techniques
263 and classification algorithms. As is well known the



264 uneven distribution of the contributions over
265 categories can  potentially  degrade  the
266 classification performance. Hence, weighting
267 techniques are tested as a possible solution to
improve the results. For the classification of the
260 multi-label  contributions, to improve the
270 performance, in addition to the class weights, the
271 Area Under Curve (AUC) score is used to evaluate
o2 the model’s performance across different
273 thresholds. The thresholds are applied to the output
of the model to determine the final decision on the
predicted class of a contribution. Experiments are
done using the Google Colab GPU (T4), Python
277 programming language, and the software provided
278 by Hugging Face, Inc. (Wolf et al., 2020). The
Transformers library of Hugging Face eases the
efforts for a variety of NLP tasks.
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281 4.1 BERT model

The first applied classification model is based on
23 the BERT model initialized with the case-sensitive
284 gbert-base. BERT is a pre-trained model
specialized for the tokenization and encoding of the
German language. However, it is fundamentally an
encoder-only model that cannot be directly used for
classification tasks. Thus,
20 BertForSequenceClassification which provides a
classifier on top of the BERT model is used.
201 BertForSequenceClassification is a class from the
202 HuggingFace Transformers library and lets us fine-
203 tune the pre-trained BERT model on a specific
sequence classification task. The results obtained
from this stage are considered a baseline for this
experiment.
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207 4.2 German BERT2BERT Fine-Tuned on
MLSUM DE model

200 This model is based on the German BERT,
initialized with the bert-base-german-cased model
and fine-tuned on the MLSUM DE dataset. It is
specifically developed for German text
summarization. After summarizing the citizens’
proposals, the BertForSequenceClassification is
a5 used for classification.
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306 4.3 BART Model

207 BART is a transformer-based model that
generalizes BERT (encoder) and GPT (decoder)
a0 models. It is pre-trained and combines
s10 Bidirectional and Auto-Regressive Transformers,
and is particularly effective in text generation or
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s12 text comprehension tasks (Lewis et al., 2020). In
a3 this  study, the performance of the model
a1 specifically initialized for the German language
a15 (gbert-base) is compared to a multilingual model,
a1 “facebook/mbart-large-50”.  This model is
317 Sequence-to-Sequence and supports the German
s1e language. The summarized contributions are
s19 classified using the
20 BertForSequenceClassification.

321 4.4

s22 Transformers, despite the notable improvements
s2s brought to the NLP world, experience a significant
24 computational overhead due to their attention
325 mechanism. Indeed, from the autoregressive nature
226 of the attention mechanism, the complexity
227 depends on the quadratic of the sequence size
128 (0(T?)) (Cukier, 2024). This dependency forces a
s20 limit on the sequence length that can be passed to
s30 the models. On the other hand, the extended length
sa1 of training sequences can result in training
a2 inefficiency. From the nature of transformer
333 models, all the sequences of input texts need to be
s equal in length. This necessitates padding of the
a5 shorter documents while padding adds no
33 meaningful information, and their processing
337 wastes computational resources.

The majority of the transformer-based models
330 can handle up to 512 or 1024 tokens (Hugging
w0 Face, 2024). The maximum length that the BERT
sa1 model supports is 512. Making decisions based on
a2 the maximum length can affect the classification
us model performance. Different studies have
aaa proposed different strategies to overcome this
a5 limitation. One of the naive solutions is truncation
us of the longer sequences. However, studies have
sa7 shown that different parts of texts carry different
;e amounts of information. (Chi et al., 2019) in a
aao study on English texts found that keeping the head
ss0 and the tail of a text and dropping the middle part
351 gives the best performance. In another study,
352 Mutasodirin and Prasojo (2021) compared the
ss3 performance of truncation and summarization
s54 techniques in the classification of texts from the
s55 Indonesian News Article dataset (IndoSum). They
ss6 stated that using the first block of the tokens results
357 in the best performance in comparison to the other
58 truncation  and  summarization  techniques
350 (Mutasodirin and Prasojo, 2021).

The motivation for this study specifically lies in
se1 the tokenization stage of the contributions. Table 2
sz summarizes the statistics of the contribution
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338

360



a3 lengths after tokenization. The numbers show that
ss4 the distribution of the contribution lengths among
ses the cities is very close. Moreover, almost 90% of
a6 the contributions in all of the cities have less than
se7 128 tokens. This number is half of the maximum
ses length applied by (Romberg and Escher, 2022) as
s the hyper-parameters of the BERT model.
s70 Choosing 256 as the maximum length while the
s71 longest contribution has 247 tokens positively
avoids truncation and losing information.
However, more than 90% of the texts get padded to
at least twice their length. This can potentially
decrease the classification performance and
increase the run time unnecessarily. In the
following experiments, the performance of
truncated and summarized texts is compared.

In the first experiment, in order to have a
ss0 baseline for the rest of the experiments, the full-text
contributions  are  classified using the
BertForSequenceClassification classifier, and the
BERT model is initialized with the case-sensitive
‘gbert-base’ model. In the tokenization stage of the
BERT model, the maximum length is set to 256 and
the rest of the hyper-parameters of the model are
kept unchanged.

In order to make the results more reliable, a 5-
fold cross-validation is conducted. Thus, after the
preparation step, a new set of stratified 5 folds is
generated to ensure the same label distribution in
392 both the training and testing data. However, for the
city of Ehrenfeld, since the number of contributions
for the category of “lighting” is only 1, stratified
sampling fails. To overcome this limitation, we
applied synonym replacement, an NLP data
augmentation technique, and generated 4 new
contributions by randomly replacing some of the
399 words from the original contribution (Ma, 2019).
For synonym replacement, a BERT pre-trained
model initialized with ‘deepset/gbert-base’ 1is
chosen. Reported results in the following sections
are averaged across all folds.

The issue of unbalanced label distribution in the
dataset was addressed in Section 3. For instance, in
Bonn, the number of proposals under the category
of “cycling traffic management” is 27 times more
than the lightning proposals. This condition exists
also in the other two cities and among the other
categories. Although such a distribution of the
labels in the analysis of argument data is expected,
it can negatively affect the performance of the
model in the prediction of the minority classes or
14 lower its generalization. One of the solutions is
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Bonn Ehrenfeld Moers

Mean 67.82 62.5 65.7
Minimum 3 6 4
Q1 34 28 33
Q2 56 51 54
Q3 89 82 89

P90 132 119 123

Maximum 247 231 238

Table 2: Basic statistics of the tokens' distribution

415 using class weights. In the second experiment,
416 Wl = Ni,_/zf‘;l]\]il
a17 this formula, N; is the number of samples under the
i-th category, w; is the assigned weight to the i-th
category, and C is the total number of classes. The
weights are applied to the loss function to penalize
the model for the misclassification of the minority
class.

The third and fourth experiments are a repetition
of the baseline while in the tokenization stage of
225 the BERT model, the maximum length is set to 128
and the weighting strategy is applied, respectively.
The fifth experiment tests the abstractive
summarized texts generated using the multilingual
229 BART (mBART) initialized with “facebook/mbart-
large-50” model. Since any form of document
shortening results in the loss of information, only
a2 the citizens’ contributions with more than 128
233 tokens (based on white-space tokenization) are
summarized. From the hyper-parameters, the
235 minimum and maximum lengths are set to 50 and
120, respectively. The decision on the minimum
and maximum lengths is based on the statistics
from Table 2 to balance the need for reducing the
size while keeping the summary concise. From
220 Bonn, approximately 11% (250), from Ehrenfeld
9% (34) of contributions, and from Moers 9% (43)
of the contributions are summarized. The average
length of the summarized contributions is 64 for
444 Bonn, 65 for Ehrenfeld, and 63 for Moers.

The sixth experiment is the repletion of the fifth
experiment with class weights applied. The seventh
experiment compares the performance of the
German BERT2BERT summarization model in
as9 text classification against the multilingual mBART
summarization model. The BERT2BERT model is
initialized  with ~ mrm8488/bert2bert shared-
452 german-finetuned-summarization, using the earlier
mentioned hyper-parameters, and is only applied
on texts with more than 128 tokens. The average
a5 length  of the summarized texts for Bonn,
456 Ehrenfeld, and Moers are 39, 53, and 55,

weighting strategy is applied. In
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respectively. It should be noted that although the
minimum length hyperparameter of the models
was set to 50, the best summaries may still be
shorter depending on the influence of the other
hyperparameters. More details on the distribution
of the contributions’ length after summarization are
provided in Appendix B. Finally, the eighth
experiment measures the performance of the sixth
model when class weighting is applied.

At the end of the next section, all experiments
are repeated to classify the multi-labeled
contributions under two different scenarios. In the
first scenario, the applied threshold on the models’
output is set to 0. In the second, however, the AUC
score is used to evaluate the model’s performance
across different thresholds. The threshold with the
highest AUC score on the train data across all the
folds of the cross-validation is considered as the
best candidate.

5 Results and Evaluation

In this section obtained results for the earlier
described cases are presented. Table 3 shows the
category-wise performance of the trained models
using the F-score. Reported results are the average
of the outcome of testing the model on the test sets
from the 5-fold cross-validation. The best model
(with the highest micro F-score) for each city is
highlighted.

For the city of Bonn, the first model (the
baseline) successfully classified 78% of the
arguments. The best and worst performances were
obtained for categorizing “Bicycle Parking” and
“Misc” labels. Experiment 2 shows the significant
effect of class weights in the classification of the
imbalanced data. While the overall performance
(Micro F-score) has decreased by less than 1%, the
classification performance of the least frequent
labels “Lightning” and “Misc” have improved by
4% and 20%, respectively. Experiment 3 shows
closely the same performance as the first two
experiments. Nevertheless, since the contributions
were truncated and only the first 128 tokens were
considered, the main achievement is the 50%
decrease in train time. Experiment 4 improved the
performance of the third experiment, attained the
best result, and the micro and macro f-scores
surpassed the other experiments. Experiments 5 to
8 show the performance of the summarized texts.
As it can be seen from the results, summarized texts
using the multilingual model (mBART) were more
successful. The main reason is in the retained

Cycling Traffic Management
Train run-time(second) GPU

Experiments
Bicycle Parking
Cycle Path Quality
Lighting
Obstacles
Signage

Traffic Lights
Micro F-score
Macro F-score
Train run-time
(second) CPU

Misc

0.94
0.93

0.77
0.76

0.81
0.80

0.77
0.81

0.21
0.42

0.75
0.73

0.61
0.59

0.80
0.80

0.78
0.77

0.71
0.73

438
435

0.91
0.92

0.78
0.77

0.80
0.81

0.82
0.79

0.27
0.52

0.74
0.75

0.59
0.63

0.77
0.81

0.77
0.78

0.71
0.75

252
236

Bonn

0.94
0.92
0.91
0.90

0.78
0.76
0.77
0.77

0.81
0.80
0.80
0.79

0.76
0.81
0.85
0.80

0.34
0.47
0.15
0.40

0.75
0.75
0.73
0.72

0.59
0.61
0.54
0.60

0.81
0.79
0.78
0.78

0.78
0.77
0.76
0.76

0.72
0.74
0.69
0.72

207
213
213
221

0.87
0.68

0.45
0.31

0.78
0.63

0.80
0.80

0.00
0.00

0.56
0.43

0.00
0.22

0.10
0.39

0.68
0.54

0.45
0.44

71
77

0.83
0.73

0.51
0.36

0.77
0.62

0.00
0.93

0.00
0.00

0.52
0.43

0.00
0.29

0.00
0.34

0.67
0.52

0.33
0.46

52
49

0.80
0.78
0.87
0.75

0.56
0.35
0.53
0.37

0.80
0.61
0.78
0.65

0.40
0.93
0.40
0.93

0.00
0.00
0.00
0.00

0.56
0.47
0.59
0.47

0.00
0.17
0.00
0.30

0.16
0.35
0.05
0.37

0.70
0.52
0.69
0.56

0.41
0.46
0.40
0.47

51
63
47
59

Ehrenfeld

0.63
0.63

0.77
0.66

0.82
0.70

0.00
0.00

0.00
0.00

0.29
0.36

0.21
0.33

0.84
0.78

0.75
0.65

0.45
0.43

416
433

0.53
0.92

0.79
0.75

0.85
0.82

0.00
0.13

0.00
0.00

0.31
0.47

0.26
0.43

0.84
0.80

0.77
0.76

0.45
0.54

264
233

Moers

0.47
s [0.83
0.47
0.81

0.78
0.75
0.76
0.75

0.83
0.78
0.83
0.80

0.00
0.26
0.00
0.00

0.00
0.00
0.00
0.00

0.30
0.34
0.20
0.31

0.00
0.30
0.24
0.44

0.83
0.76
0.80
0.73

0.75
0.72
0.74
0.73

0.40
0.50
0.41
0.48

249
244
248
255

8s

Table 3: Performance of the developed classification
models on single-labeled contributions. Subscripts of B,
T, and S represent Baseline, Truncation, and
Summarization, respectively.

information. As noted earlier the average length of
the summarized contributions using the
BERT2BERT model is 39 for the city of Bonn.
Undoubtedly this is a significant reduction in the
contribution texts’ length and hence, loss of
information. Moreover, experiments 6 and 8
despite better performance in the classification of
rare labels, because of decrements in the
classification of frequent labels, show almost
similar performance to experiments 5 and 7.

For Ehrenfeld, the results are different. In the
first experiment, the model failed to classify
contributions under the “Signage” and “Misc”
labels. The model in the third experiment which
was trained on the truncated contributions failed to
classify the contributions of half of the categories.
Nevertheless, it showed a close performance to that
of the first model. The main reason for the
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insignificant effect of classification failures on the
micro f-score is due to the low number of samples
under the failed categories. Furthermore, reducing
the length of contributions by half has significantly
decreased the train time. The best performance is
achieved for the fifth experiment where the model
is trained on the summarized texts from the
multilingual model. The rest of the trained models
show that applying weighting does not improve the
overall performance of the models. In fact,
weighting led to model confusion by affecting the
decision boundaries and only enhanced the model’s
performance in classifying “Signage” and “Traffic
Lights” labels. Finally, it should be noted that the
applied data augmentation technique in the
“lighting” class was successful. However, the
result should be considered carefully as all the
samples have the same characteristics.

Lastly, for Moers, the results show the same
pattern as for the other two cities. Truncation and
summarization significantly decreased train time
while the former performed slightly better in the
classification task. Weighting improved macro f-
scores by enhancing the model's performance in the
classification of rare categories, while micro f-
scores decreased.

Table 4 provides detailed information on the
performance of the train models on the multi-
labeled contributions. The general behavior of the
models is similar to the trained ones on the single-
labeled contributions, and the changes in the
training time of the models are in line with the
former findings. Shortening reduced the run time
by almost 47% for experiments conducted using a
CPU compared to 37% for on GPU experiments.

In addition to the discussed metrics, as in the
multi-label classification tasks, simultaneous
prediction of multiple labels is probable; the

Hamming Loss metric is typically used instead of ss:

accuracy. The hamming loss shows the percentage
of the mislabeled arguments. For Bonn,
experiments have labeled approximately 6% of the
public contributions wrongly. For Ehrenfeld and

Moers, however, the difference in the percentage of s

mislabeled contributions between the models with
and without adjusted weights is significant.
Weighting has lowered the models' performance
under frequent classes in favor of less frequent
ones. The results in Table 4 indicate that, aside
from the failure of no-weighting models, the
considered weighting technique also failed to
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Table 4: Results of the developed classification models
on the multi-labeled contributions

enhance the models' in most
experiments.

In multi-label classification tasks, the outputs of
models are usually referred to as logits which are
raw values from the final layer of a neural network.
Logits are converted into probabilities or binary
decisions according to a threshold. Determination
of the most appropriate threshold for every class
will be critical since class predictions depend
directly on it. Thus, in the following part, the Area
Under the Curve (AUC) is used to find the optimal
threshold and is computed for every training fold.
The optimum solution is the threshold that yields
the best performance over the folds. The results
after detecting and applying the best thresholds are
given in Table 4.

As the results show, macro F-scores in the
majority of the models have improved while micro
F-scores have declined. This outcome is an
indicator of the models’ better performance in the

performance
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classification of rare classes. This is an expected
result in the classification of unbalanced datasets.
Moreover, contrary to the developed models on
single-labeled texts, the base models have shown
slightly better performance over multi-labeled data.
This slightly lower performance of shortened texts
is insignificant when compared to the reduction in
train time. For Bonn, the variation in the F-scores
is less significant. However, for Ehrenfeld and
Moers, due to the presence of very rare classes, the
combination of weighting and AUC has shown a
significant improvement in both the micro and
macro F-scores. More detailed information on the
class-wise performance of the models can be found
in Appendix 1.

6 Discussion

Based on the discussions in the previous section,
we observed that the maximum length in the BERT
models is an effective parameter. However, to
provide the practitioners with a feasible argument
data analytic system, limitations such as the ability
to handle long texts, the requirement for less
powerful systems, and the need for faster data
analysis need to be addressed. Summarization is an
effective technique for shortening the contributions
and reducing the processing time while saving the
key information. Based on the run-time values in
Table 3, summarization reduces the train time using
CPU by 50% on average without significantly
affecting the performance. Reduction in time eases
the use of models on systems without special
specifications such as having a GPU. Moreover, the
results from the trained models on the data of the
city of Bonn showed that if a sufficient number of
contributions is available under each label,
truncation as a shortening technique performs close
to the summarization technique. Thus, despite the
removed parts of the texts, the model still has
enough training instances to learn the
distinguishing features of each class. On the
contrary, if the number of contributions is limited,
especially under each category, like in the case of
Ehrenfeld, summarization preserves the text's key
features and hence surpasses the performance of
truncation in classification.

Our findings confirmed that similar conclusions
are valid in the classification of multi-labeled
contributions. However, like other multi-label
classification problems, deciding on the optimal
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the performance of the models.

698

This study also compared the performance of
two text summarization models for the German
language on argument data which was left
undiscovered. The summarized texts using the
multilingual mBART model achieved around 2%
higher performance in text classification against
the BERT2BERT model which is specially fine-
tuned for summarization of the German language.
One of the potential reasons for the lower
performance of the BERT2BERT model is the
shorter length of the summarized documents.
Shorter texts mean more loss of information which
could be informative for the model. Although the
quality of the summarized argument texts is not
measured in this study, the results follow the
findings of (Alcantara et al., 2023) on Wikipedia
articles which confirmed that the mBART model
outperforms the BERT2BERT model in abstractive
German text summarization.

7 Conclusion and Future Work

The objective of this study was to explore the effect
of abstractive summarization models in analyzing
the German language argument data. Limited
studies have worked on this topic and most of the
existing ones are focused on the English language.
Hence, this study was an attempt to fill this gap.

For this purpose, a BERT model fine-tuned in
the German language (German BERT2BERT) and
a BART model were considered. The German
BERT2BERT fine-tuned on the MLSUM DE
dataset was a reasonable candidate as it was
specifically  developed for German text
summarization. The performance of the generated
summarized texts using this model in the
classification task was studied against the
summarized texts from the BART model. Pre-
trained on a large number of texts from different
languages made the BART model a good
alternative to the German BERT2BERT model.

The results proved that text summarization
methods reduce the run-time of the model while
keeping the classification quality almost the same.
Additionally, our results suggest that the generated
summarized texts using the German BERT2BERT
model are briefer than the ones generated from the
mBART model. Hence, the quality of the generated
summarization is still open to be discovered.
Moreover, in following the long-term goal of
constructing a system for public contributions
analysis, the need for developing a pre-trained
model on the argument data is important.



s Limitations

700 One of the obstacles in the analysis of German texts
701 despite being a high-resource language is the
shortage of high-quality labeled data. This
limitation can either result in lower accuracy of the
trained models or over-fitting due to the fine-tuning
of the model on a specific in-reach dataset.
Regarding the analysis of argument data, only a
few labeled datasets exist. In this study, one of the
important steps is the evaluation of the generated
summarized texts. The first German Text
Summarization Challenge was held in 2019 at the
SwissText conference in which 100,000 texts
collected from Wikipedia along with their
reference summaries were analyzed (SwissText,
2019). However, to the best of our knowledge, this
is the only available and suitable collection for the
evaluation of summarization systems, in which
each data is equipped with a referenced summary.
Hence, for the summarization of argument texts,
there is a lack of a developed dataset to evaluate the
quality of models and generated summaries. This
limitation also gets highlighted as there is a lack of
722 benchmark studies in the summarization of
German argument data. Finally, the size of
available datasets is limited. The used dataset in
this experiment consisted of 3139 contributions,
while for some of the classes, the number of
contributions is very low. A limited number of
samples in a category compared to the other classes
not only raises the challenges of unbalanced
730 datasets but also negatively affects the model
731 performance due to ineffective training.
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A Additional Literature Review

NLP in Public Contributions Over the past 50
years, there have been growing discussions
regarding the public's role in determining policies.
However, the majority of the existing research is
limited to some basic analyses (Simonofski, Fink,
and Burnay, 2021). “Citizen Participation and
Machine Learning for a Better Democracy” is one
of the recent studies that highlight how effective
NLP is in getting over the difficulties of analyzing
public participation platforms (Arana-Catania et
al., 2021). Automatic Text Summarization is one of
the branches of NLP and its importance has been
highlighted in recent years due to the advances in
technology.

Text Summarization The Vast generation of
information in the form of documents requires a
searching system to access usable information
efficiently, save time, and convey the main and
important information to the reader (Alcantara et
al.,, 2023). Text summarization is one of the
solutions. Early experiments applied the traditional
text summarization technique such as weighting
terms according to their frequencies (Ker & Chen,
2000), as a feature selection strategy to improve
classification performance (Anguiano et al., 2010,
Dewi and Sagala, 2018). (Zhao & Gui, 2017)
emphasized the preprocessing stage as a method of
summarization. These techniques, however, were
mostly based on the naive properties of the texts
such as sentence position and word frequency
counts (Khan et al., 2023). With the advances in
neural networks and deep learning, techniques
focused more on abstractive summarization
methods using pre-trained models (Khan et al.,

repository. https://github.com/makcedward/nlpaug. 1012 2023). The work of Hovy and Lin (1998) is one the

Wolf, Thomas & Debut, Lysandre & Sanh, Victor &
Chaumond, Julien & Delangue, Clement & Moi,

1013

1014

first ones in Automatic Text Summarization (ATS)
(Hovy & Lin, 1998). They developed the

Anthony & Cistac, Pierric & Rault, Tim & Louf;, 1015 SUMMARIST system which benefited from
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1016 language-specific techniques of parsing and
1017 semantic analysis combined with Information
1018 Retrieval (IR) and statistical methods.

1019

1020 B Dataset Distribution

1021 In deciding on the best document length, Figure 1
1022 provides a clearer depiction of the contributions
1023 length distribution. It can be observed that the
1024 distributions are skewed to the left and the length
1025 Of the most of contributions is less than 128 tokens.
Figure 2 shows the distribution of the
1027 summarized texts using the mBART model. It can
1028 be seen that the lengths are more evenly
1020 distributed.

130 Figure 3 illustrates the texts’ length distribution
1031 after summarization using the BERT2BERT
1022 model. In comparison with the mBART model, the
1033 lengths are more skewed to the left. However, a
1034 similar pattern is observed in the summarized texts’
1035 distribution.

1026

13 C  Class-wise performance of the multi-
labeled models

102e Table 5 provides detailed information on the
1030 performance of the trained models on the multi-
1040 labeled contributions. Table 6 shows the results
1041 after detecting and applying the best thresholds. As
1042 it can be observed, using AUC and finding the
10a3 optimal threshold has significantly improved the
1044 performance of models, especially in classifying
1045 contributions of less frequent classes. In Table 6
1046 For Ehrenfeld, except for the lighting category, we
1047 have an improvement in the F-scores, especially
10se When the weighting is applied.
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18 | 0.921 0.777 0.809 0.833 0.044 0.769 0.56 0.824|0.774 0.692 0.059 383.8 17482
28 | 0.919 0.739 0.798 0.833 0.329 0.663 0.596 0.820|0.753 0.712 0.063 383.2 18378
3r [0.909 0.771 0.814 0.804 0.084 0.767 0.571 0.821|0.774 0.693 0.059 218.8 9955

S| 4r | 0.923 0.729 0.795 0.856 0.332 0.665 0.588 0.809 | 0.750 0.712 0.064 221.0 8940
&| 55 [0.904 0.769 0.816 0.829 0.063 0.765 0.553 0.817 |0.773 0.689 0.059 219.8 9935
6s | 0.909 0.728 0.794 0.862 0.341 0.665 0.563 0.803 | 0.747 0.708 0.065 224.6 9702
7s | 0.898 0.768 0.799 0.800 0.043 0.746 0.515 0.806|0.759 0.672 0.063 2338 9120
8s | 0.898 0.717 0.784 0.839 0.270 0.642 0.540 0.805|0.735 0.687 0.067 233.0 10128
18 | 0.762 0.631 0854 0 0 0.573 0.194 0.657|0.722 0.459 0.073 93.8 2782
28 0561 0 0751 0 0 0 0279 0295]|0.571 0236 0.116 932 2930
=| 31 [0.779 0.629 0.859 0 0 0.568 0313 0.697 | 0.734 0.481 0.070 62.6 1635
S| 410364 0 0740 0 0 0 008 0239]|0.546 0.177 0.121 652 1669
El55 {0780 0.632 0855 0 0 0.542 0.247 0.685|0.727 0.467 0.072 472 1750
Ml 6s |0466 0 0735 0 0 0 008 0222]0.545 0.188 0.121 45.6 1534
7s | 0.669 0.546 0.847 0 0 0512 0293 0.666 |0.701 0.441 0.079 47.6 1517
8 (0350 0 0736 0 0 0 0.160 0.233]0.545 0.184 0.121 456 1619
1s| 0 0810 0813 0 0 0 0 0.829]0.713 0.306 0.068 852 4406
28 | 0.533 0.062 0559 0 0 0 0 0250|0388 0.175 0.123 854 3730
3r| 0 0828 0831 0 0 0 0 0.832]0.727 0311 0.066 56.8 1987
§ 4t [0.533 0.048 0.582 0 0 0 0  0.258]0.404 0.177 0.121 76.8 1837
S| 5| 0 0799 0815 0 0 0 0 0.861]0.716 0.309 0.069 53.8 2099
6s | 0.533 0.016 0.586 0 0 0 0 0240|0398 0.172 0.123 548 1730
7s | 0  0.796 0.806 0 0 0 0 0.849|0.071 0.306 0.070 67.6 2170
8s | 0.533 0.016 0.583 0 0 0 0  0.258]0.399 0.173 0.121 70.0 1870

Table 5: Performance of the developed classification models on the multi-labeled contributions.
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Cycling Traffic
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Hamming

Train run-time
(second) GPU

Train run-time
(second) CPU
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0.622

0.754
0.806

0.072
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336.0
301.4

11529
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5s 10917 0.766 0.818 0.829
6s | 0.908 0.735 0.794 0.586
7s | 0.900 0.762 0.812 0.856
8s |1 0.902 0.730 0.790 0.783

0.354
0.436
0.306
0.419

0.725
0.715
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0.689

0.550
0.568
0.537
0.567

0.780
0.804
0.777
0.762

0.075
0.076
0.080
0.078

256.2
269.4
329.4
251.6

13814
12743
13791
12164

0.363
0.449

0.286
0.36

0.391
0.094

0.442
0.148

0.106
0.279

71.0
714

3877
4100

0.387
0.398

0.38
0.338

0.316
0.219

0.442
0.153
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8s 10473 0307 0.646 0

0.277
0.59
0.345
0.44

0.287
0.306
0.445
0.299

0.358
0.199
0.363
0.147

0.453
0.116
0.552
0.290

0.107
0.257
0.104
0.283

444
46.4
49.6
52.0

1801
1765
2056
1985

18 | 0.333 0.790 0.820 0.406
2p | 0.533 0.469 0.699 0.180

0.260
0.230

0.044
0.165

0.325
0.217

0.829
0.597

0.093
0.165

84.8
87.2

5449
4820

3r [ 0.223 0.804 0.823 0.311
47 [ 0.333 0.612 0.636 0.179

0.249
0.179

0.292
0.190

0.345
0.337

0.856
0.875

0.095
0.197

542
54.6

2800
2605

Moers

5s | 0.466 0.822 0.837 0.381
6s | 0.333 0.488 0.708 0.196
7s | 0.333 0.809 0.834 0.530
8s |1 0.333 0.490 0.683 0.215

0.252
0.338
0.138
0.298

0.160
0.140
0.121
0.134

0.406
0.233
0.363
0.243

0.822
0.820
0.737
0.627

0.100
0.142
0.087
0.183

59.8
65.4
584
504

2770
2526
2526
2560

Table 6: Performance of the developed classification models on the multi-labeled contributions.
Thresholds are optimized using AUC.
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