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Abstract
We present first results of the project “Emotions in Drama” in which we explore the an-
notation of emotions and the application of computational emotion analysis, predomi-
nantly deep learning-based methods, in the context of historical German plays of the
time around 1800. We performed a pilot annotation study with five plays generating
over 6,500 annotations for up to 13 sub-emotions structured in a hierarchical scheme.
This emotion scheme includes common types like joy, anger or hate but also concepts
that are specifically important for German literary criticism of this period like friend-
ship, compassion or Schadenfreude. We evaluate the performance of various methods of
emotion-based text sequence classification including lexicon-based methods, traditional
machine learning, fastText as static word embedding, various transformer models based
on BERT- or ELECTRA-architectures and pretrained with contemporary language,
transformer-based methods pretrained or finetuned for historical and/or poetic lan-
guage as well as the finetuning of BERT models via our own corpora and plays. We do
achieve state-of-the-art results with hierarchical levels with two or three classes, i. e. the
classification of valence (positive/negative). The best models are the transformer-based
models gbert-large and gelectra-large by deepset pretrained on large corpora of contem-
porary German, which achieve accuracy values of up to 83%. Lexicon-based methods,
traditional machine learning as well as static word embeddings are consistently outper-
formed by transformer-based models. Models trained on historical texts show small and
inconsistent improvements. The performance becomes significantly smaller for settings
with multiple sub-emotions like 6 or 13 due to the general challenge and class imbal-
ances in which the models achieve 57% and 47% respectively. We discuss how we intend
to continue our annotations and how to improve the prediction results via various opti-
mization techniques in future work.

1. Introduction
Emotions are a central element in dramatic texts and serve the dramaturgy, character
description, and the propagation of anthropological ideas. In the 18th century and the
beginning of the 19th century, numerous important genres of German drama came into
existence and some of the most important German playwrights worked in this time-
frame. Thus, the role of emotions in plays of this period has been the subject of re-
search of German Literary Studies for decades. Literary scholars explored these genres
specifically concerning the intended emotional effect1 and few scholars also investigated
individual emotions in the context of character communication.2 However, most of
this research is focused on a limited set of canonical plays and the research methods are
primarily qualitative and hermeneutical. Due to the large amount of dramatic texts
written during this period, valid large-scale analysis is challenging. Therefore, little is

1 Pikulik 1965; Eibl 1971; Mog 1976; Sauder 1974-1980; Schings 1980; Nolting 1986; Wiegmann 1987.
2 Anz 2011; Schulz 1988; Mönch 1993, 344–350; Schonlau 2017.

1



known about large-scale research questions considering emotions, for example, how
emotions are distributed in plays of that time in general, how they change with the plot
or how they are linked to character attributes like gender and class. We present first re-
sults of the research project Emotions in Drama, 3 in which we explore computational
emotion prediction methods on German plays around 1800 to support research based
on these and similar research questions.

Computational sentiment and emotion analysis have gained a lot of interest in Digi-
tal Humanities (DH) and Computational Literary Studies (CLS) in recent years.4 We
use the term sentiment analysis to describe the task of predicting the expressed valence
(positive/negative) in a text and emotion analysis to predict more varied and complex
categories like anger, surprise, or happiness. Sentiment and emotion analysis is used in
CLS and DH to explore genres like fairy tales5, novels6, fan fictions7, lyrics8, online fo-
rums9, political texts10, movie subtitles11, and historical plays12. Methodologically, the
application of lexicon-based sentiment and emotion analysis (see chapter 3.2.1) is domi-
nant, although the method is regarded as outdated in Natural Language Processing
(NLP) and has been shown to have difficulties dealing with the historical language.13

Annotated corpora which are necessary for more modern machine learning (ML)-based
approaches are rare and have to deal with the challenge of literature as a subjective and
complex annotation object. Low annotation agreements among annotators and the dif-
ficulty of the annotation as such are a common subject concerning literary and histori-
cal texts.14 Crowd-sourcing annotations is rare due to the lack of necessary expertise
concerning the language and content of the annotated works. Furthermore, annotation
schemes are mostly inspired by psychological concepts15 that might diverge from the in-
terests of literary scholars. In Emotions in Drama, we intend to develop annotation
schemes that are focused on literary perspectives.

Computational emotion prediction is usually defined as a single- or multi-label text
sequence classification task with multiple classes derived from categorial schemes.16

Emotion prediction is still regarded as a challenging task even in contemporary text

3 The work presented here is supported by a grant of the German Research Foundation (Deutsche
Forschungsgemeinschaft, DFG. It is part of DFG priority programme Computational Literary Studies
(CLS; SPP 2207, for more information see: https://dfg-spp-cls.github.io).

4 Cf. Schmidt et al. 2018b.
5 Alm / Sproat 2005; Mohammad 2011.
6 Kakkonen / Kakkonen 2011; Mohammad et al. 2011; Samothrakis / Fasli 2015; Reagan et al. 2016; Ja-

cobs 2019.
7 Kim / Klinger 2019; Pianzola et al. 2020.
8 Schmidt et al. 2020a.
9 Schmidt et al. 2020b; Moßburger et al. 2020.
10 Sprugnoli et al. 2016.
11 Öhman / Kajava 2018; Kajava et al. 2020; Schmidt et al. 2021c.
12 Mohammad 2011; Nalisnick / Baird 2013; Schmidt / Burghardt 2018a; Schmidt / Burghardt 2018b;

Schmidt et al. 2018a; Schmidt 2019; Schmidt et al. 2019b; Schmidt et al. 2019c; Yavuz 2021.
13 Schmidt / Burghardt 2018a.
14 Alm / Sproat 2005; Sprugnoli et al. 2016; Schmidt et al. 2018a; Schmidt et al. 2019a; Schmidt et al.

2019b.
15 Cf. Wood et al. 2018a; Wood et al. 2018b.
16 Cf. Cao et al. 2020.
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types but recent developments in deep neural networks and large word embeddings
have led to significant improvements compared to lexicon-based approaches and tradi-
tional ML.17 One of the most important developments are contextual word embed-
dings and large pretrained language models like BERT 18 or ELECTRA 19 that currently
achieve the best performances in sentiment and emotion prediction evaluations in NLP
and are considered state-of-the-art.20 We argue that using semantic representations of
language that do include context like these transformer-based models do, is a more
promising approach for literary studies than previous methods since the overall inter-
pretation of a text unit or a work is increasingly important. Furthermore, transformer-
based architectures offer novel possibilities for domain adaptation by pretraining lan-
guage models on texts of the target domain or further pretraining models trained on
contemporary language.21 Indeed, these approaches have shown success for NLP tasks
on German historical and poetic text types.22

In the following paper, we report results of our project Emotions in Drama that are
mostly work-in-progress. They include the following contributions to the research area
of emotion analysis of historical German plays:

• We describe our current emotion annotation scheme and process that is more di-
rected towards literary annotation than previously established schemes.

• We annotate a sub corpus of our target corpus using our annotation schemes.
• We use our annotations as gold standard for implementing and evaluating various

types and models of the following methods for four different classification tasks
ranging from binary valence classification to 13 sub-emotion classes.
• lexicon-based sentiment analysis (baseline)
• “traditional” machine learning methods via bag-of-words and Multinomial

Naïve Bayes and support vector machines (SVM) (baseline)
• A static word embedding (fastText 23) with a subsequent neural network.
• Various transformer-based language models pretrained on contemporary lan-

guage.
• Various transformer-based language models pretrained from scratch or further

pretrained (fine-tuned) on historical and/or poetic language.
• Various transformer-based language models further pretrained (fine-tuned) of

our “main/target” corpus.

These contributions enable us to (1) develop and discuss fitting annotation schemes for
the analysis of emotions in our setting, (2) explore in a first study how state-of-the-art

17 Shmueli / Ku 2019; Acheampong et al. 2020; Cao et al. 2020.
18 Devlin et al. 2018.
19 Clark et al. 2020.
20 Shmueli / Ku 2019; Munikar et al. 2019 ; Cao et al. 2020; Dang et al. 2020; Gonzáles-Carvajal et al.

2021; Cortiz 2021.
21 Sarma et al. 2018; Beltagy et al. 2019; Rietzler et al. 2020; Gururangan et al. 2020.
22 Labusch et al. 2019; Schweter / Baiter 2019; Brunner et al. 2020a; Schweter / März 2020.
23 Bojanowski et al. 2017.
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approaches in computational emotion prediction perform against baselines, and (3) in-
vestigate how techniques of domain adaptation help to improve performance.

2. Annotation
In this chapter we detail the developed annotation scheme and process and present the
results of the annotation of a representative set of plays that we use to implement and
evaluate computational emotion prediction techniques. Please note that the scheme
and process were developed in an iterative process of pilot annotations and is still work-
in-progress anticipating further changes.

2.1 Annotation Scheme
We define emotions as characters’ states of mind that are expressed, among other chan-
nels, through written language. Therefore, we annotate the intended emotions experi-
enced by characters and/or attributed to them in the text taking context and interpreta-
tion into account. While most emotion annotation schemes in NLP are inspired from
categorial systems in psychology,24 we deviate from this in order to take into account
the interest of literary scholars for this specific period. Our scheme consists of 13 sub-
emotions as the lowest level that are classified by 6 higher-level categories that we refer to
as main emotion classes (4 categories and 2 special cases). They can further be distin-
guished concerning their binary valence (positive/negative; marked as + and – in the
following list). The set is as follows (we include the original German terms that we actu-
ally use for annotation in brackets):

• Emotions of affection (Emotionen der Zuneigung)
• Desire (Lust) (-)
• Love (Liebe) (+)
• Friendship (Freundschaft) (+)
• Adoration (Verehrung) (+)

• Emotions of joy (Emotionen der Freude)
• Joy (Freude) (+)
• Schadenfreude (+)

• Emotions of fear (Emotionen der Furcht)
• Fear (Angst) (-)
• Despair (Verzweiflung) (-)

• Emotions of suffering (Emotionen des Leids)
• Suffering (Leid) (-)
• Compassion (Mitleid) (-)

24 Wood et al. 2018a; Wood et al. 2018b.

4



• Anger (Ärger) (-)
• Hate (Abscheu) (-)

• Emotional movement (Emotionale Bewegtheit)

Emotional movement is a special type of annotation used to annotate unspecific emo-
tional arousal as well as astonishment and has therefore no valence assignment. In con-
junction with positive and negative, emotional movement forms the structural unit we
will refer to as triple valence. Emotions of affection, joy, fear, suffering as well as the
classes hate and emotional movement are referred to as main emotion class in the fol-
lowing. Annotators annotate speeches and stage directions of the plays. While the an-
notation of fixed structural units is recommended and common for NLP tasks, we ex-
perienced difficulties during the pilot annotations and decided for the annotation of
varied text sequences which represent the emotional expressions of these texts the most.
Therefore, annotators can annotate single words, parts of sentences, or multiple sen-
tences.

2.2 Main Corpus and Annotated Sub-Corpus
We refer to the term main corpus to describe the plays we are planning to investigate in
our project. For a representative sub-part of these plays, annotations are necessary for
the ML-based emotion prediction techniques. Our main corpus currently consists of
selected German canonical and non-canonical plays for the time period 1770–1815
from the platform TextGrid, 25 the corpus GerDraCor 26 and a selection of so called
“Kasperl”-plays27. We plan to extend this corpus in the future. For our first annotation
study we selected five representative plays of this corpus. We refer to this corpus in the
following chapters as sub-corpus:

• Minna von Barnhelm (1767) by Lessing (comedy)
• Kabale und Liebe (1784) by Schiller (tragedy)
• Kasperl’ der Mandolettikrämer (1789) by Eberl (comedy)
• Menschenhass und Reue (1790) by Kotezbue (comedy)
• Faust. Ein Tragödie (1807) by Goethe (tragedy)

2.3 Annotation Process
We follow annotation procedures similar to those of other projects28 with the same kind
of text types – annotations were performed by trained students and experts.29 Plays
were fully annotated from beginning to end since we perform context and content-

25 https://textgrid.de/digitale-bibliothek#search
26 Fischer et al. 2019.
27 For more information see: http://lithes.uni-graz.at/maezene/maezene_startseite.html
28 Alm / Sproat 2005; Sprugnoli et al. 2016; Schmidt et al. 2018a; Schmidt et al. 2019b; Brunner et al.

2020b.
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aware annotations that need a deeper understanding of the plot of the play. Each play
was annotated independently from each other by two student annotators, which are
employed in the project and thus compensated monetarily for their work. The training
of the annotators included multiple sessions with an expert annotator performing pilot
annotations. Furthermore, they had access to an annotation guidelines document
throughout the process. The annotations were performed with the tool CATMA 30 and
each annotator had around 1-2 weeks to perform the annotations, which took in total
around 8-12 hours to complete.

2.4 Annotation Results
So far, we have collected 6,596 annotations by two annotators per play. Table 1 illus-
trates the distribution of emotion annotations for all sub-emotions and higher classes.31

Table 1: Distribution of sub-emotions and main emotion class categories. The sub-emotions are
listed followed by the summed results of the main categories in bold. Percentages are rounded.

EMOTION ABSOLUTE % AVG.

TOKENS

MIN

TOKENS

MAX

TOKENS

STD.

TOKENS

Desire 50 1 23.22 4 83 16.49

Love 783 12 26.16 1 326 33.67

Friendship 127 2 22 1 120 18.66

Adoration 306 5 19.63 1 96 16.36

Emotions of af-

fection

1,266 19 24.05 1 326 28.61

Joy 850 13 22.78 1 223 24.3

Schadenfreude 201 3 25.02 1 121 21.89

Emotions of joy 1,051 16 23.21 1 223 23.86

Fear 424 6 16.87 1 173 17.45

29 We want to thank the following student assistants who worked as annotators for their contributions to
this project: Viola Hipler, Julia Jäger, Emma Ruß, and Leon Sautter.

30 Gius et al. 2020.
31 More information about the annotation results can also be found in the paper by Schmidt et al. 2021b.
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Despair 282 4 30.78 1 206 30.15

Emotions of

fear

706 11 22.42 1 206 24.32

Suffering 998 15 26.12 1 302 28.91

Compassion 318 5 21.61 1 156 21.87

Anger 880 13 22.14 1 261 24.35

Emotions of

suffering

2,196 33 23.87 1 302 26.27

Hate 614 9 25.05 1 167 26.19

Emotional

movement

763 12 24.4 1 313 32.74

We have identified a dominance of negative emotions (54%), which is in line with previ-
ous research concerning sentiment or emotion annotations of literary texts.32 In accor-
dance, the most frequent annotations are suffering (15%), joy (13%) and anger (13%).
We have multiple categories which are rarely annotated like desire (1%) or friendship
(2%). This and the class imbalance for most hierarchies poses problems for ML which
will be discussed in the upcoming chapters. The average length of an annotation is
around 25 tokens; however, annotation lengths vary widely from one-word-annotation
to longer passages (table 1).

To investigate the validity of annotation concepts and limitations for computational
approaches, agreement among annotators is an important metric. Due to the varied and
possibly partially overlapping annotations, we decided to use the following heuristic to
calculate traditional annotation metrics: We only regard the structural unit of speech
and assign per annotator the emotion that is annotated the most for a single speech. If a
speech shows no annotations, we mark it with an extra class, non-annotation. Applying
this system, we calculated Cohen’s κ (K in table 2) and percentage-wise agreement (% in
table 2) among annotators per play and overall for all emotion hierarchies (table 2).

32 Alm / Sproat 2005; Sprugnoli et al. 2016; Schmidt et al. 2018a; Schmidt et al. 2019a; Schmidt et al.
2019b.
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Table 2: Speech-based agreement statistics per play for the binary valence, the main emotion class
and sub-emotions respectively.

DRAMA VALENCE

(Κ)

VALENCE

(%)

CLASS

(Κ)

CLASS

(%)

EMOTION

(Κ)

EMOTION

(%)

Faust 0.44 67.853 0.345 59.399 0.342 58.064

Kabale und

Liebe

0.382 58.908 0.325 50.313 0.312 47.992

Menschen-

hass und

Reue

0.402 75.28 0.347 72.331 0.347 71.91

Minna von

Barnhelm

0.406 74.619 0.377 72.752 0.356 71.23

Kasperl’

der Man-

dolet-

tikrämer

0.42 70.83 0.344 65.34 0.312 62.72

Overall 0.41 69.498 0.3476 64.027 0.333 62.383

The results indicate mostly moderate to fair agreements according to Landis and
Koch.33 While low compared to sentiment and emotion annotations of other text
types,34 this result is in line with previous research,35 thus proving again the difficulties
in annotation and the subjective nature of the material. For the ML algorithms of the
computational emotion recognition we regard all annotations by the annotators as
“gold standard”. We motivate and further describe this decision in chapter 3.1.

3. Emotion Prediction
In the following chapter, we introduce the computational emotion prediction methods
we have applied and evaluated. We regard the emotion prediction as single-label classifi-

33 Landis / Koch 1977.
34 Wood et al. 2018a; Wood et al. 2018b.
35 Alm / Sproat 2005; Sprugnoli et al. 2016; Schmidt et al. 2018a; Schmidt et al. 2019a; Schmidt et al.

2019b.
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cation task on text sequences with varied lengths (as measured with the number of
words). Depending on the emotion level, this results in various numbers of classes. For
the binary valence, we predict two classes (positive vs. negative), for triple valence three
classes (positive vs. negative vs. emotional movement), for the main emotion category
six classes and the for the prediction of sub-emotions 13 classes (please refer to chapter
2 for the different classes). All approaches are implemented in Python.

3.1 Training and Evaluation Material
For the training of machine learning approaches as well as the general evaluation we use
the entire annotated material of the annotation study described above. We use all text
sequences that are annotated with emotions for the five plays by the two annotators. We
do not resolve disagreements or adjust the text sequences. Due to the free and varied an-
notation process, it is difficult to identify and resolve disagreements in our setting, since
clear word-by-word disagreements are rare while disagreements based on overlapping or
in comparison to non-annotations are more frequent. While we do plan to investigate
possibilities of dealing with this problem in future work (see chapter 5), we neglect it
for our first studies to gain fast impressions of possible approaches. We also do not add
unannotated material as sort of a neutral class to the training and evaluation corpus.
Thus, this corpus consists of 6,596 annotated sequences of varied lengths. Please refer
to table 1 for an overview of class and text size distributions. It is important to keep in
mind that the missing resolving of disagreements and the general class imbalances pose
challenges for every class prediction approach that must be kept in mind when inter-
preting the performance. Please note that if not stated otherwise in the following chap-
ters, we used the annotations as they are without any preprocessing except the stripping
of whitespace at the beginning and end of every annotation unit.

3.2 Approaches
We include the following methods in our experimental setting: Lexicon-based senti-
ment analysis (only for binary valence prediction) and traditional machine learning as
baselines, one implementation of static word embeddings and a subsequent neural net-
work, various pretrained transformer-based models, transformer-based models pre-
trained or further pretrained with historical or poetic language as well as models further
pretrained with texts of our main corpus and the annotated sub-corpus.

3.2.1 Lexicon-based Sentiment Analysis
Lexicon-based sentiment analysis is a term used to describe rule-based methods that
work via predefined lists of words that are annotated concerning the sentiment orienta-
tion with a numeric value representing the “a priori” valence of the specific word. By
summing up the values for positive and negative words and deducting the sum of nega-
tive by the sum of positive one receives an overall value for the polarity or valence ex-
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pression of a text unit.36 In a similar way, one can perform emotion prediction with a
fitting set of emotion-annotated lexicons. While these methods are regarded as outdated
for sentiment and emotion classification, they are still popular in areas that lack anno-
tated training corpora like CLS37 also leading to the development of tools specifically
for this task and community.38 Some of the most popular sentiment and emotion lexi-
cons in English are the NRC Emotion Lexicon 39 or VADER.40 One of the most popular
and largest German sentiment lexicons is SentiWS.41 We implemented two lexicon-
based sentiment classification approaches via SentiWS: (1) using SentiWS without any
preprocessing in the way described above and (2) optimizing the usage of SentiWS via
processes like lemmatization and the extension of the lexicon with historical variants for
the seed words. Method (2) is further detailed in Schmidt and Burghardt42 who evaluat-
ed this approach as the most successful compared to other optimizations of lexicon-
based approaches in a very similar setting of historical German plays. Both methods can
only be used for the binary valence prediction as the lexicon only consists of assign-
ments for positivity and negativity. Thus, we use both methods as baseline only in this
specific case.

We refer to (1) as lb-sentiws and to (2) as lb-sentiws-optimized. There is a possibility
that the calculation process results in 0, meaning a text sequence is neither negative nor
positive (which is especially frequent for very short text sequences). In this case, we do
count the classification as false.

3.2.2 Traditional Machine Learning
Other baseline methods next to lexicon-based sentiment analysis include machine learn-
ing techniques often referred to as “traditional” ML (or “statistical” methods) in con-
trast to deep learning- or neural network-based ML. For these methods, texts are usually
represented in a bag-of-words (BOW) model in which every text unit is represented in a
multidimensional vector space with a numeric value like the term-frequency (TF) or the
term-frequency-inverse-document-frequency (TF-IDF) for every word.43 It is a standard
representation format in computational text analysis for supervised machine learning.
We apply TF-based bag-of-words modeling on our annotations and explore the learning
algorithms Multinomial Naïve Bayes (MNB) and Support Vector Machine, both estab-
lished algorithms in similar text classification settings.44 For many NLP-tasks like senti-
ment analysis or text classification, traditional machine learning approaches are outper-

36 Taboada et al. 2011.
37 Schmidt et al. 2018b.
38 Schmidt et al. 2021a.
39 Mohammad / Turney 2013.
40 Hutto / Gilbert 2014.
41 Remus et al. 2010.
42 Schmidt / Burghardt 2018a.
43 Gonzáles-Carvajal et al. 2021.
44 Firmino et al. 2014. More details about the representation format as well as the chosen algorithms can

be found in Gonzáles-Carvajal et al. 2021.
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formed by more modern approaches like transformer-based language models,45 however
they are still widely used as baseline comparisons.

We implement both approaches via the scikit-learn machine learning library.46 We re-
fer to the Multinomial Naïve Bayes approach in the following as bow-mnb and for the
SVM approach as bow-svm.47 As with all machine learning approaches, we train and
evaluate the algorithms in a stratified 5 x 5 setting which we describe more in chapter
4.1.

3.2.3 Static Language Models
The idea of static language models is to create vector representations for words based on
their surrounding words in a corpus. Geometric differences or similarities of these word
vectors represent semantic differences or similarities. The assumption for this represen-
tation idea is that words with similar meanings tend to appear in similar contexts. These
models are referred to as static as any word has the same vector representation no matter
the sentence or surrounding of a word, thus ambiguities of words are not represented
in such models.48 Some of the most popular algorithms to create such models are
Word2Vec,49 GloVe 50 and fastText.51 These algorithms are trained on large corpora to
create static word embeddings. The returned word embeddings can be used as features
in various machine learning settings, e.g. as input for neural networks, and have been
proven to outperform traditional machine learning in various settings.52 We included
one of the more recent static embedding approaches in our experiment: fastText devel-
oped by Facebook.53 Several studies show that fastText achieves higher accuracies for
text classification tasks compared to other static embeddings.54 Furthermore, fastText
has been shown to achieve higher accuracies in a sentiment analysis evaluation on Ger-
man texts compared to other static embeddings.55 fastText improves on other static
word embeddings like Word2Vec by using sub-words and characters instead of words as
representation vocabulary, thus each word is represented as a bag of character n-grams.

To implement the model, we use the FLAIR NLP Framework.56 We load German
fastText embeddings via this library. These embeddings resulted from training on the
German Wikipedia. We employ the recommended default implementation for text se-

45 Cf. Shmueli / Ku, 2019; Mishev et al. 2020; Dang et al. 2020; Cortiz 2021; Gonzáles-Carvajal et al.
2021.

46 Pedregoasa et al. 2011.
47 The MNB implementation is based on Schütze et al. 2008, the SVM approach on Chang / Lin 2011

and we use the default settings of scikit-learn.
48 Yu et al. 2019.
49 Mikolov et al. 2013.
50 Pennington et al. 2014.
51 Bojanowski et al. 2017.
52 Cf. Bamler / Mandt 2017. For an in-depth review of the history of word embeddings please see Yu et

al. 2019.
53 Bojanowski et al. 2017.
54 Mikolov et al. 2017; Goularas / Kamis 2019.
55 Schmitt et al. 2018.
56 Akbik et al. 2019.
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quence classification by the FLAIR Framework: A Gated Recurrent Unit (GRU)-type
Recurrent Neural Network (RNN)57 is used to create document embeddings for the n-
grams of every input text unit (in our case the annotation units) as last output state.
This single embedding vector is of size 300 and represents the whole input. This text
representation is put into a linear layer for the classification task.58 We use the default
hyperparameters of FLAIR, which are a learning rate of 0.1, a batch size of 32 to train
the network for 12 epochs. We train 5 models with our data in a stratified 5 x 5 setting
with 80% as train and 10% as validation and test data respectively. We refer to this mod-
el in the following as fastText.

3.2.4 Transformer-Based Language Models Pretrained on Contemporary
Language
Transformer-based language models like BERT, GLP and ELECTRA have gained a lot
of popularity in the NLP community in recent years and have achieved state-of-the-art
results for various tasks like sentiment analysis, named entity recognition and question
answering.59 Like most static language models, these models are first pretrained in an
unsupervised manner on large text corpora (e.g. the entire Wikipedia) to create word
representations. In contrast to static language models these representations are contex-
tualized, meaning the surrounding words of a word change the representation. Thus,
these models are also oftentimes referred to as contextualized or dynamic. While there
are contextualized embeddings that do not rely on transformer architecture (e.g.
FLAIR 60 or ELMo 61), we will focus for our analysis of dynamic word embeddings sole-
ly on transformer-based language models since they are currently considered state-of-
the-art for classification tasks. Some of the most well-known architectures are BERT,62

distilBERT,63 RoBERTa,64 GPT-2,65 and ELECTRA.66 Pretrained models for various
languages as well as multilingual models exist. Since we solely perform emotion predic-
tion on German texts, we will however focus on models pretrained on German texts.
We distinguish between models that are pretrained or optimized for contemporary lan-
guage and for rather historical language, which we introduce in the next sub chapter.
The models construct contextualized embeddings for a fixed set of tokens: the vocabu-
lary of a model. Specific tokenizers deconstruct text sequences into tokens of the vocab-
ulary which boils down to the character level if no full token exists. By this, the prob-
lem of unknown words, which occurs with previous language models, is addressed.

57 Cho et al. 2014.
58 See Joulin et al. 2016 for more details.
59 Cf. Qiu et al. 2020.
60 Akbik et al. 2018.
61 Peters et al. 2018.
62 Devlin et al. 2018.
63 Sanh et al. 2019.
64 Liu et al. 2019.
65 Radford et al. 2019.
66 Clark et al. 2020.
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Table 3 summarizes the chosen transformer models pretrained on contemporary lan-
guage in our evaluation settings as well as the abbreviation we use below. We focused on
models that are freely available via the Hugging Face-platform,67 which does include
models trained on large German datasets like Wikipedia or book corpora and we do in-
clude all German models that are considered as state-of-the-art.68

Table 3: Overview of the evaluated transformer-based models pretrained on contemporary
language.

MODEL-

IDENTIFIER

ARCHITECTURE HUGGING

FACE-

LINK

PRETRAINED

TEXT

RELATED PA-

PER (IF AVAIL-

ABLE) AND

PROVIDER

bert-base-ger-

man-cased

BERT Link Wikipedia, legal

texts, news (~ 12

GB)

Deepset

dbmdz-bert-

base-german-

cased

BERT Link Wikipedia, books,

subtitles, crawled

web data, news

texts (~ 16 GB)

MDZ Digital Li-

brary

electra-base-

german-un-

cased

ELECTRA Link Wikipedia, Subti-

tles, News (~ 73

GB)

German-NLP-

Group

gbert-large BERT Link Crawled web data,

Wikipedia, subti-

tles, book, legal

texts (~ 161 GB)

Deepset (Chan

et al., 2020)

gelectra-large ELECTRA Link Crawled web data,

Wikipedia, subti-

tles, book, legal

texts (~ 161 GB)

Deepset (Chan

et al., 2020)

67 Wolf et al. 2020.
68 Chan et al. 2020.
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To perform text sequence classification with these models, they need to be fine-tuned
with labeled data for a downstream task, in our case text sequence classification or,
more precisely emotion class prediction. The exact process is dependent on the chosen
architecture, for example, in the case of BERT the final hidden state of the first token is
used as representation of the input sequence and a softmax-classifier is added to the top
of BERT to predict the probability of labels.69

For the fine tuning we select the same hyperparameters for every language model.
The hyperparameters are chosen according to the standard recommendations by Devlin
et al. in the case of BERT,70 Clark et al. in the case of ELECTRA models,71 and the
Hugging Face library itself,72 which we use to perform the correct tokenization and im-
plement the models. Each model is fine-tuned for 4 epochs with a batch size of 32, a
learning rate of 4e-5 and the Adam optimizer73 for stochastic gradient descent. As maxi-
mum sequence length for the input text sequences, we chose 128 tokens (instead of the
possible 512). The majority of annotation units are sufficiently represented with this
length as the corpus statistics show (table 1), longer sequences get truncated. All models
are loaded via the hugging-face library and trained using the Google Colab Framework
on a Nvidia Tesla P100 GPU.

3.2.5 Transformer-Based Language Models Pretrained and further Pretrained
on Historical or Poetic Language
The performance of downstream tasks of transformer-based models can be improved
by pretraining the model on language and text corpora that are linguistically closer to
the texts of the specific downstream task.74 The texts of the downstream task are histori-
cal German plays from around 1800, however the models of chapter 3.2.4 are derived
from contemporary language, primarily the Wikipedia. Training a model from scratch,
if enough text of the specific domain is available, has been proven to be successful for
classification tasks.75 Another way to improve the language model to the task at hand is
the method to take a standard pretrained model and further pretrain it for several
epochs, meaning the language modeling task of the transformer-based model is fine-
tuned. Gururangan et al. differentiate between fine-tuning with texts of the same do-
main and texts of the same task76 and were able to show improvements for various tasks
and domains with further pretraining. We focus in the following on domain-based pre-
training and look at models that are either trained from scratch on texts closer to our
language of 1800 German or pretrained on contemporary language and then fine-tuned
on texts closer to our language (we refer to the latter as “further pretraining” in the fol-

69 Devlin et al. 2018; For more information about the pretraining and fine-tuning of the specific trans-
former models please refer to the papers above introducing the specific models.

70 Devlin et al. 2018.
71 Clark et al. 2020.
72 Wolf et al. 2020.
73 Kingma / Ba 2014.
74 Beltagy et al. 2019; Ma et al. 2019; Rietzler et al. 2020; Gururangan et al. 2020; Wada et al. 2021.
75 Beltagy et al. 2019.
76 Gururangan et al. 2020.
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lowing chapters). Both, training models from scratch and further pretraining models
have been successfully applied for historical German for named entity recognition
(NER)77 and speech type recognition.78

Considering models trained from scratch we evaluate several transformer-based ar-
chitectures that were pretrained on a large German language corpus of newspapers, the
Europeana newspapers which are provided by the European Digital Library Europeana.
This corpus has a size of 51 GB and consists of over 8 billion tokens. The texts range
from 18th to 20th century, thus including a significant size of historical language com-
pared to contemporary models based on Wikipedia dumps. We evaluate a BERT and an
ELECTRA model trained on the Europeana-corpus, that are offered via the Hugging
Face platform.79 Another model that is trained on various literary and historical texts
that we evaluate for our task is by Brunner et al.80. It has been successfully applied in the
area of speech type recognition. As a model that employs domain adaptation by using a
general model and further pretraining it, we evaluate German BERT for literary texts. It
is based on bert-base-german-dbmdz-cased (see table 3) and has been further pretrained
with the Corpus of German Language Fiction,81 a corpus consisting of over 3,100 Ger-
man literary texts (mainly novels and short stories) from predominantly 1840–1930.
Due to architectural reasons the model, in its default state, can solely be used to predict
maximum three classes. Thus, this model is only evaluated for binary valence prediction
and triple valence prediction.

Table 4: Overview of the evaluated transformer-based models pretrained or further pretrained on
historical German language.

MODEL-

IDENTIFIER

ARCHITECTURE HUGGING

FACE-

LINK

PRETRAINED

TEXT

RELATED

PAPER (IF

AVAILABLE)

AND

PROVIDER

bert-base-ger-

man-euro-

peana-cased

BERT (trained from

scratch)

Link Europeana newspaper

(51 GB)

MDZ Digital

Library

(Schweter

2020)

77 Labusch et al. 2019; Schweter / Baiter 2019; Schweter / März 2020.
78 Brunner et al. 2020a.
79 See the GitHub-repository https://github.com/stefan-it/europeana-bert for more information;

Schweter 2020.
80 Brunner et al. 2020a.
81 Fischer / Strötgen 2017.
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electra-base-

german-euro-

peana-cased-

discriminator

ELECTRA (trained

from scratch)

Link Europeana newspaper

(51 GB)

MDZ Digital

Library

(Schweter

2020)

literary-ger-

man-bert

BERT (further pre-

trained)

Link based on bert-

basegerman-dbmdz-

cased further pre-

trained with the Cor-

pus of German-Lan-

guage-Fiction (mostly

prose texts) (~ 1 GB)

Severin

Simmler

bert-base-his-

torical-ger-

man-rw-cased

BERT (trained from

scratch)

Link fairy tales, historical

newspapers, magazine

articles, narrative

texts, texts of Projekt

Guutenberg

Brunner et al.

2020a

The hyperparameter settings of the models are the same as with the general trans-
former-based models in that we rely on the default recommendations of fine tuning the
models on the classification task for 4 epochs with a batch size of 32, a learning rate of
4e-5 and the Adam-optimizer for stochastic gradient descent. Table 4 illustrates the
metadata of the models and introduces the abbreviated names we will use in the follow-
ing evaluation.

3.2.6 Transformer-Based Language Models Further Pretrained with Texts of the
Main Corpus
Similar to the model german-literary-bert, we also explored possibilities of small-scale
domain adaptation via further pretraining of contemporary models with texts of our
main corpus we intend to analyze and use for annotation. We refer to this technique as
further pretraining with the main corpus texts. However, there is no specific technical
difference compared to the generation of models like german-literary-bert besides the
chosen texts for the continued unsupervised pretraining. Research suggests improve-
ments for classification tasks82 even with rather small corpora consisting of one million
or less sentences83 of the specific domain. We selected the model bert-base-german-cased

82 Rietzler et al. 2020; Gururangan et al 2020.
83 Ma et al. 2019; Rietzler et al. 2020.
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(German BERT model pretrained on Wikipedia) and continued pretraining for four
epochs. We limit ourselves to just this model to explore the general influence of this do-
main adaptation in a first experiment. We used the “simpletransformer-library” in its
default setting (the library uses the default settings of the base model and settings) to
perform the domain adaptive fine-tuning of the language model.

We used two different corpora for further pretraining: (1) our current main corpus
consisting of the GerDracor corpus (950 plays)84 and 30 “Kasperl”85 plays, (2) only the
five plays we used for annotation. We prepared the corpora into a format consisting of
each sentence of the original texts per line. The sentences were acquired via the NLTK
PunktSentence segmentation of the NLTK package. These text lines are used for the
continued pretraining as samples. The tokenization of these samples is done by the de-
fault Hugging Face-tokenizers. Training material (1) consists of 1,195,018 lines (and
thus sentences) with a size of 56 MB and (2) consists of 19,356 lines and has a size of
close to 1 MB. We refer to (1) as bert-base-german-cased-main-corpus and to (2) as bert-
base-german-cased-annotated-texts. The fine-tuning for the classification task is imple-
mented in the same way and with the same hyperparameters as for the general trans-
former-based models, so please refer to chapter 3.2.4 for more information.

4. Results

4.1 Evaluation Concept
The evaluation concept follows current ML-based algorithm evaluation approaches:86

For all ML-based methods we perform the evaluation in a 5 x 5 stratified cross evalua-
tion. We first split the sub-corpus into 5 shuffled sets of the size of 20% of the entire cor-
pus in a stratified way, meaning all classes are equally distributed in these sets. Four of
these sets are used as training data for the algorithms, one for the evaluation/test which
is switched through for five runs. Each model of these five runs is saved and tested on
the test set. The models are trained according to the settings outlined in chapter 3. For
all evaluation metrics we calculate the average values of these runs. The evaluation
process differs only (1) for the static embedding for which we separate the test set by
50% in a similar stratified fashion and use one part for the validation of the neural net-
work and one part as test set and (2) for the lexicon-based approaches (see chapter
3.2.1) which need no specific setting due to the rule-based calculation.

As evaluation metrics we report the most common metrics in ML evaluation for sin-
gle-label classification. We report accuracy (the proportion of correct predictions
among all predictions) as major evaluation metric, macro and weighted F1 score (f1-m
and f1-w), precision (p-m and p-w), and recall (r-m and r-w). The respective macro

84 Fischer et al. 2019.
85 See for more information: http://lithes.uni-graz.at/maezene/maezene_startseite.html
86 Raschka 2020.
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scores are (absolute) averages of the sum value of all classes, thus penalizing low perfor-
mance in minority classes much stronger while weighted values take the proportion of
each class into account. We do not specifically report micro values since the micro val-
ues of these metrics are the same as the accuracy in a single label classification setting. In
general, all values are better the closer they are to 1.0.87 We limit the results to the most
important ones in the following.88

4.2 Binary Valence Prediction
We refer to binary valence prediction as the prediction of an annotation as either posi-
tive or negative. Thus, we remove all annotation with emotional movement for this task
which leaves us with 5,835 annotations. Most annotations are negative (3,572); the ma-
jority baseline is 0.612. Table 5 summarizes the results. For this and the upcoming result
tables, we first report random and majority baselines, followed by the lexicon-based
methods, traditional machine learning, fastText, general transformer-based models,
transformer-based models including historical language and models trained with our
main corpus.

Table 5: Results of the binary valence prediction. Best three models according to the accuracy
value are in bold.

METHOD ACC F1-W F1-M P-W P-M R-W R-M

random baseline .500 - - - - - -

majority baseline .612 - - - - - -

lb-sentiws .445 .448 .445 .488 .464 .445 .464

lb-sentiws-optimized .588 .592 .578 .602 .579 .587 .582

bow-mnb .742 .740 .724 .739 .730 .742 .721

bow-svm .685 .635 .591 .713 .725 .685 .608

fasttext .714 .703 .681 .712 .707 .714 .676

bert-base-german-cased .804 .792 .803 .803 .796 .804 .789

87 For more information about ML metrics please refer to Jeni et al. 2013; Chicco / Jurman 2020.
88 For a detailed review of all results including further ML-metrics and class-based metrics please refer to

this repository: https://files.mi.ur.de/d/8cd40c4193454f99a5b1/
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dbmdz-bert-base-german-cased .804 .791 .802 .803 .795 .804 .788

electra-base-german-uncased .776 .762 .775 .775 .765 .776 .760

gbert-large .821 .820 .810 .820 .813 .821 .808

gelectra-large .825 .824 .814 .824 .818 .825 .812

bert-base-german-europeana-cased .798 .797 .786 .797 .788 .798 .785

electra-base-german-europeana-cased-dis-

criminator

.808 .808 .798 .809 .799 .808 .799

literary-german-bert .799 .798 .787 .798 .789 .799 .786

bert-base-historical-german-rw-cased .813 .813 .803 .813 .804 .813 .801

bert-base-german-cased-main-corpus .796 .794 .781 .795 .790 .796 .776

bert-base-german-cased-annotated-texts .809 .809 .798 .808 .801 .809 .795

The lexicon-based methods do not reach the majority baseline according to the accura-
cy, however the optimization to this text sorts as recommended by Schmidt and
Burghardt89 shows improvement. Traditional ML as well as fastText perform slightly
above the majority baseline. Transformer-based models achieve the highest accuracies
with the largest models gbert-large and gelectra-large performing best (up to 83%). We
cannot identify a significant performance boost using models based on historical lan-
guage except for bert-base-historical-german-rw-cased, which performs slightly above
smaller general transformer-based models. Training with texts of our main corpus does
not result in improvements with the approaches applied here.

4.3 Triple Valence Prediction
Triple valence prediction is a three-class classification using the entire annotated corpus
with the classes positive (2,267 annotations; 34%), negative (3,566; 54%) and emotional
movement (763; 12%). Table 6 illustrates the result for this task. Lexicon-based meth-
ods could not be applied in this setting (see chapter 3.2.1).

89 Schmidt / Burghardt 2018.
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Table 6: Results of the triple valence prediction.

METHOD ACC F1-W F1-M P-W P-M R-W R-M

random baseline .333 - - - - - -

majority baseline .541 - - - - - -

bow-mnb .659 .633 .505 .632 .560 .659 .504

bow-svm .603 .524 .378 .647 .643 .603 .407

fasttext .647 .616 .495 .645 .631 .647 .491

bert-base-german-cased .711 .707 .625 .705 .635 .711 .617

dbmdz-bert-base-german-cased .716 .714 .636 .712 .644 .716 .629

electra-base-german-uncased .690 .682 .593 .681 .618 .690 .582

gbert-large .740 .735 .654 .733 .670 .740 .645

gelectra-large .748 .746 .670 .745 .678 .748 .664

bert-base-german-europeana-cased .718 .714 .632 .712 .644 .718 .624

electra-base-german-europeana-cased-dis-

criminator

.722 .717 .636 .715 .649 .722 .629

literary-german-bert .718 .716 .638 .716 .644 .718 .634

bert-base-historical-german-rw-cased .723 .719 .637 .717 .648 .723 .630

bert-base-german-cased-main-corpus .714 .695 .590 .705 .673 .714 .577

bert-base-german-cased-annotated-texts .709 .705 .626 .703 .638 .709 .618

While all methods perform above the random and majority baseline, accuracies decrease
around 5-10% compared to the binary task, which is to be expected. The overall results,
however, stay the same with the best models being large BERT and ELECTRA imple-
mentations achieving up to 75% accuracy followed, again, by bert-base-historical-ger-
man-rw-cased with 72% accuracy. Regarding the macro-values, the problem of imbal-
anced class distribution becomes apparent, as it also will in the following chapters.
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Most models have problems in the prediction of classes with very few annotations (in
this case emotional movement). Thus, the macro-values show a significant decrease,
which is explained by the low performance on the prediction and recall of emotional
movement with a class-precision of 0.484 and a class recall of 0.374. We did not identify
a difference between the models concerning this specific problem.

4.4 Main Emotion Class Prediction
The main class prediction is a single-label classification task with six classes. Please refer
to table 1 for an illustration of the distribution. The majority baseline is determined by
the emotions of suffering with 33% among all annotations.

Table 7: Results of the emotion main class prediction.

METHOD ACC F1-W F1-M P-W P-M R-W R-M

random baseline .167 - - - - - -

majority baseline .333 - - - - - -

bow-mnb .451 .409 .342 .460 .453 .451 .333

bow-svm .392 .304 .229 .479 .475 .392 .245

fasttext .404 .343 .292 .379 .346 .404 .281

bert-base-german-cased .512 .508 .471 .509 .485 .512 .462

dbmdz-bert-base-german-cased .517 .511 .472 .511 .485 .517 .465

electra-base-german-uncased .474 .449 .391 .456 .431 .474 .391

gbert-large .545 .539 .500 .540 .517 .545 .492

gelectra-large .564 .558 .517 .560 .537 .564 .508

bert-base-german-europeana-cased .528 .518 .477 .522 .502 .528 .469

electra-base-german-europeana-cased-dis-

criminator

.525 .509 .459 .517 .498 .525 .452

bert-base-historical-german-rw-cased .524 .519 .479 .519 .490 .524 .473
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bert-base-german-cased-main-corpus .492 .458 .392 .490 .483 .492 .395

bert-base-german-cased-annotated-texts .505 .500 .464 .501 .478 .505 .457

The overall results stay the same with transformer-based models outperforming tradi-
tional ML and the static embedding approach (table 7). Due to the higher number of
classes the overall accuracies settle in areas of around 50%. While gbert-large and gelec-
tra-large stay the best models, the historical models do perform slightly better (1-2%)
than smaller contemporary counterparts like bert-base-german-cased. Training with the
main corpus does not yield improvements. Looking at the class-based performance for
the best model gelectra-large, F1-scores range from as low as 35% (for hate represented
within the corpus 9%) to up to 67% (for emotions of affection represented in the cor-
pus with 19%) signifying again the imbalance problem.

4.5 Sub-emotion Prediction
The sub-emotion prediction is a classification task with 13 classes. Thus, the random
and majority baseline are very low. See table 1 for an illustration of the emotion distrib-
utions among the annotations. We summarize the results of the sub-emotion predic-
tion in table 8.

Table 8: Results of the sub-emotion prediction.

METHOD ACC F1-W F1-M P-W P-M R-W R-M

random baseline .077 - - - - - -

majority baseline .151 - - - - - -

bow-mnb .348 .298 .191 .348 .294 .348 .213

bow-svm .284 .248 .178 .362 .410 .284 .181

fasttext .289 .241 .151 .280 .213 .289 .175

bert-base-german-cased .428 .417 .346 .418 .383 .428 .340

dbmdz-bert-base-german-cased .430 .417 .335 .415 .361 .430 .332

electra-base-german-uncased .358 .320 .215 .336 .270 .358 .231
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gbert-large .467 .461 .409 .463 .451 .467 .398

gelectra-large .460 .436 .325 .448 .382 .460 .330

bert-base-german-europeana-cased .420 .400 .310 .407 .365 .420 .307

electra-base-german-europeana-cased-dis-

criminator

.416 .373 .251 .371 .277 .416 .269

bert-base-historical-german-rw-cased .444 .436 .368 .440 .422 .444 .358

bert-base-german-cased-main-corpus .379 .326 .207 .347 .260 .379 .231

bert-base-german-cased-annotated-texts .425 .415 .342 .414 .375 .425 .335

Although the increase of classes is significant, the drop-off in accuracies is not that
strong compared with the main emotion class prediction. The overall results stay equiv-
alent to previous classification tasks with gbert-large, gelectra-large and bert-base-histori-
cal-german-rw-cased as best performing models. The difference between macro and
weighted values become stronger since some models tend to not predict classes with
very low representation in the corpus at all in the evaluation (e.g. desire, friendship,
Schadenfreude).

5. Discussion
While our project is still in an early phase for the annotation part as well as the compu-
tational side, we were able to gain some first insights based on the preliminary results of
a first annotation and evaluation study.

First, focusing on the annotation scheme and process towards the literary scholar
perspective has led to positive feedback by the annotators since the flexible annotation
structure is more in line with (1) the perceived emotional expressions in the plays and
(2) is closer to the usual annotation process of literary scholars. The low agreements, al-
though in line with previous research90, and the varied annotation segments pose addi-
tional challenges for the NLP-approach. We plan to improve upon the agreement with
further training for the annotators and sophistication of the annotation guidelines.
Furthermore, we plan to explore other fuzzy agreement metrics that fit more our varied
annotation.91 The varied annotation poses also problems in the creation of valid train-
ing material for the ML-approaches since it is difficult to dissolve segment-based dis-

90 Alm / Sproat 2005; Sprugnoli et al. 2016; Schmidt et al. 2018a; Schmidt et al. 2019a; Schmidt et al.
2019b.

91 Kirilenko / Stepchenkova 2016.
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agreements among annotations. We plan to deal with this problem by implementing a
post-annotation process in which annotators create a consensus annotation guided by a
literary scholar by discussing their disagreements. These annotation results can be used
for the ML approaches and will also likely increase accuracy since the models do not
have to deal with annotation conflicts.

While the number of annotations is still limited for thorough evaluation studies of
the computational emotion prediction, there are some general results giving us direc-
tions for the future work. Our best evaluated models achieve accuracies up to 83% for a
binary valence classification and up to 75% with an additional class. Indeed, this is up to
pair with state-of-the-art results in similar sentiment analysis settings with contempo-
rary language92 which is rather promising regarding the challenging material, the cur-
rently few and eventually disagreeing annotations and the fact that we mostly used
models in their default setting. The overall results are consistent over all classification
tasks. The best models are transformer-based models in general and specifically the large
German models gbert-large and gelectra-large.93 Traditional ML as well as the predic-
tion pipeline based on fastText performed similarly below transformer-based models
with a Multinomial Naïve Bayes with term frequency features performing best among
the methods. We can validate previous findings that ML methods in general outper-
form lexicon-based methods. It is striking, however, that the improved method by
Schmidt and Burghardt,94 which does include the extension of historical variants into
the lexicon does yield better results pointing again to the historical language being the
major problem of this material.

The usage of transformer-based models trained on historical language or further
trained on historical and poetic language led to no significant improvements in our set-
ting. Looking closer, however, we find that while these models are trained on historical
and sometimes poetic language, a large part of these corpora is made not just of lan-
guage the 18th or 19th century make but also comprise large chunks of language of the
20th century e.g. the Corpus of German Language Fiction 95 in the case of literary-ger-
man-bert. The same holds true for the various Europeana models.96 Further pretraining
with our main corpus did also show no significant changes. In the case of GerDracor,
the problem might be similar to the other historical models in that the majority of the
texts are actually from the 20th century. However, the main problem is likely the limited
amount of training texts which is far too low compared to other fine-tuning research.
Furthermore, the fine-tuning is also limited on a resource perspective since we per-
formed the fine-tuning solely for 4 epochs which is rather low compared to usual rec-
ommendations.97 Summing up, we argue that the language of these models is still too
“modern” for our material. We want to further pursue the language model fine tuning
strategy by collecting and filtering corpora towards language around 1800 to explore if

92 Cf. Yang et al. 2019; Munikar et al. 2019; Cao et al. 2020; Dang et al. 2020.
93 Chan et al. 2020.
94 Schmidt / Burghardt 2018a.
95 Fischer / Strötgen 2017.
96 Schweter 2020.
97 Beltagy et al. 2019; Ma et al. 2019; Rietzler et al. 2020; Gururangan et al. 2020; Wada et al. 2021.
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we can replicate improvements found in similar settings with German historical lan-
guage.98

One general limitation of our models is the usage of default settings. While this was
deemed fitting to perform first explorations of these models, we are confident that we
can boost accuracies with hyperparameter optimization via grid search, which might be
sufficient to perform binary and triple valence detection on a larger scale. The classifica-
tion tasks with 6 to 13 classes, however, need more sophisticated adjustments. Classifi-
cation tasks with that many classes are rare and challenging by design with one problem
being the class imbalance and several of the classes being annotated too few times. We
plan to explore recommendations to deal with this problem like training with minority
oversampling instead of stratified samples in future work.99 The continued acquisition
of more annotations of current minority classes will certainly help . Indeed, emotions
like desire and friendship are very much dependent on the selected plays and we antici-
pate more annotations in the upcoming project phases. Lastly, we also intend to investi-
gate the adjustment of our conceptual approach on several limits. Integrating a neutral
non-annotation class in our approaches or interpreting the prediction as a multi-label
classification task could represent our annotation process better than the current classi-
fication approach. Furthermore, we plan to explore the influence of the classification of
various structural text units like token-, n-gram- or speech-based classification. We will
continue our annotations and the exploration of emotion prediction methods to fur-
ther advance towards the possibility of large-scale emotion analysis on our dataset.
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