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Roman Klinger, Evgeny Kim, and Sebastian Pad6
Emotion Analysis for Literary Studies

Corpus Creation and Computational Modelling

Abstract: Most approaches to emotion analysis in fictional texts focus on detect-
ing the emotion class expressed over the course of a text, either with machine
learning-based classification or with dictionaries. These approaches do not con-
sider who experiences the emotion and what triggers it and therefore, as a neces-
sary simplicifaction, aggregate across different characters and events. This con-
stitutes a research gap, as emotions play a crucial role in the interaction between
characters and the events they are involved in. We fill this gap with the develop-
ment of two corpora and associated computational models which represent in-
dividual events together with their experiencers and stimuli. The first resource,
REMAN (Relational EMotion ANnotation), aims at a fine-grained annotation of all
these aspects on the text level. The second corpus, FANFIC, contains complete
stories, annotated on the experiencer-stimulus level, i. e., focuses on emotional
relations among characters. FANFIC is therefore a character relation corpus while
REMAN considers event descriptions in addition. Our experiments show that com-
putational stimuli detection is particularly challenging. Furthermore, predicting
roles in joint models has the potential to perform better than separate predic-
tions. These resources provide a starting point for future research on the recog-
nition of emotions and associated entities in text. They support qualitative liter-
ary studies and digital humanities research. The corpora are freely available at
http://www.ims.uni-stuttgart.de/data/emotion.

Zusammenfassung: Die meisten Ansétze zur Emotionsanalyse in fiktionalen Tex-
ten konzentrieren sich auf das Erkennen der in Text ausgedriickten Emotion, ent-
weder mit maschinellem Lernen oder mit Worterbiichern. Diese Ansétze beriick-
sichtigen in der Regel nicht, wer die Emotion erlebt und warum. Dies stellt eine
Vereinfachung dar, die dazu fiihrt, dass {iber verschiedene Charaktere und Ereig-
nisse aggregiert wird. Emotionen spielen aber eine entscheidende Rolle in der In-
teraktion zwischen den Charakteren und den Ereignissen, in die sie verwickelt
sind. Wir fiillen diese Liicke mit der Entwicklung von zwei Korpora und den zu-
gehorigen Berechnungsmodellen, die einzelne Emotionen (Emotionsereignisse)
und die dazugehdrigen Charaktere bzw. Stimuli in Beziehung setzen. Die Ressour-
ce REMAN (Relationale EMotionsANnotation) zielt auf eine feink6rnige Annotati-
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on all dieser Aspekte auf der Textebene. Unser FANFIC-Korpus enthdlt komplet-
te Geschichten, annotiert auf der Erlebnis-Stimulus-Ebene, wobei aber Stimuli je-
weils durch andere Figuren realisiert sind. Diese Ressource konzentriert sich des-
halb auf die Relationen zwischen Figuren, wahrend REMAN zusatzlich Ereignisbe-
schreibungen betrachtet. Unsere Modelle zeigen, dass insbesondere die automati-
sche Erkennung von Stimuli eine Herausforderung ist. Weiterhin hat die gemein-
same Modellierung das Potential, besser zu funktionieren als getrennte Vorhersa-
gen. Unsere Ressourcen bilden einen Ausgangspunkt fiir zukiinftige Forschung
zur Erkennung von Emotionen und assoziierten Entitdten im Text. Sie unterstiit-
zen qualitative Literaturwissenschaft und digitale geisteswissenschaftliche For-
schung. Die Korpora sind frei verfiigbar unter http://www.ims.uni-stuttgart.de/
data/emotion.

1 Introduction

The analysis of affect in text in general became popular in computational linguis-
tics as well as in application areas like social media mining or computational liter-
ary studies with the work by Wiebe (2000), who aimed at distinguishing subjective
language from objective, factual statements. Based on this groundbreaking work,
several subtasks have emerged, including sentiment analysis (classifying positive
vs. negative statements). Another related subfield from this domain is to analyze
emotions that are associated with text. This field recently attracted increasing at-
tention, with the creation of corpora and automatic models. One focus is to ana-
lyze social media, as it is easy to access and process, and commonly full of relevant
instances (Mohammad 2012a; Mohammad, Zhu, et al. 2014; Klinger, De Clercq, et
al. 2018).

Emotions are also a crucial component of compelling narratives (Oatley 2002;
Ingermanson and Economy 2009; Hogan 2015). Not only do emotions help readers
to understand texts (Barton 1996; Robinson 2005) but they also improve readers’
abilities of empathy and understanding of others’ lives (Mar et al. 2009; Kidd and
Castano 2013). This makes literature an interesting field for the study of emotions,
as evidenced by the growing interest in emotion-oriented text analysis among dig-
ital humanities scholars.

Most research in this regard is based on annotated data, in different varia-
tions, either directly for the analysis of the text, the development of automatic
systems, or the evaluation of such systems. Emotion annotation can be defined at
different textual levels. For example, the corpus which originates from the ISEAR
project (Scherer and Wallbott 1994) is annotated on the level of (short) documents,
each of which contains the description of an emotionally charged situation. Ex-
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amples of resources with sentence-level annotation include the work by Alm et al.
(2005), a corpus of children stories, and Strapparava and Mihalcea (2007), who
label news headlines. While these studies do not annotate any explicitly textual
markers (also called cues) of emotion (Johnson-Laird and Oatley 1989), Aman
and Szpakowicz (2007), who annotate blogposts, do include such textual markers.
Wiebe et al. (2005) annotate a corpus of news articles with emotions at a word and
phrase level. Mohammad, Zhu, et al. (2014) annotate emotion cues in a corpus of
4058 electoral tweets from US via crowdsourcing. Similar in annotation procedure,
Liew et al. (2016) curate a corpus of 15 553 tweets and annotate it with 28 emotion
categories, valence, arousal, and cues.

A number of studies, including the ones named in the previous paragraph,
have explored automatic emotion analysis. In the context of literary studies, rela-
tively simple setups have been used (see Kim and Klinger 2019), notably classifi-
cation, where a single emotion label is assigned to a segment of text. This corre-
sponds directly to the emotion annotation schemes sketched above. For instance,
Kim, Pado, et al. (2017) show that emotions, recognized with dictionaries or bag-
of-words models, can serve as features for genre classification in fiction. The pre-
dictive power of these models, however, remains generally limited.

We believe that the very simplicity of classification is one of the reasons for
the limited performance: Such approaches ignore the semantic role-like structure
of emotion, which are not textual categories but rather events. Obviously, the se-
mantic roles in fiction should not be disconnected from their narratological em-
beddings: when there is an emotion, there is typically somebody who feels the
emotion, a target for the motion, and a cause for it (Russell and Barrett 1999;
Scarantino 2016). Consider the sentence “Jack is afraid of John because John has a
knife”. Following structural approaches to defining emotional episodes, the sen-
tence can be rephrased as “emotion of fear is experienced by Jack (experiencer)
because John (target) has a knife (cause)”. Here, dictionary-based or bag-of-words
approaches would probably capture that this sentence describes fear, but would
fail in assigning the correct semantic roles to John and Jack. This could lead us to
conclude, incorrectly, that their emotional experiences are the same.

Compared to classification approaches, there is a rather limited amount of
both annotation and modelling work which considers emotions from a structured
point of view. There are a few studies on English (Mohammad, Zhu, et al. 2014;
Gao et al. 2015; Ghazi et al. 2015; Kim and Klinger 2018) and a considerable num-
ber on Mandarin Chinese (Gui, Yuan, et al. 2014; Li and Xu 2014; Gao et al. 2015;
Gui, Wu, et al. 2016; Cheng et al. 2017; Gui, Hu, et al. 2017; Xu, Hu, et al. 2017;
Chen et al. 2018; Ding et al. 2019; Xia and Ding 2019; Xia, Zhang, et al. 2019; Xu,
Lin, et al. 2019). Notably, the corpus by Mohammad, Zhu, et al. (2014) considers
experiencers, the stimuli, and targets. However, in the case of tweets, the experi-



240 — Klinger, Kim, and Pad6

‘cause experlencer
e Seemed Surprlse

event character surprise

Fig. 1: Example annotation in REMAN for a sentence from Hugo (1885), with one character, an
emotion word, and event and cause and experiencer annotations.

experiencerH target ¢ Jarget ‘ ‘ experiencer
All|laughed  at the mistake] and [none louder|than [the forth member of the parliament ..
other

character disgust strong joy character
Joy

Fig. 2: Example annotation in REMAN for a sentence from Stimson (1943), with two characters
who are experiencers of different emotions. Disgust and joy are annotated as a mixture of emo-
tions. Both emotions have the same target.

encer is mostly the author of the tweet. Another recent resource of news headlines
annotated via crowdsourcing is GoodNewsEveryone (Bostan et al. 2020). This cor-
pus includes annotations of the perceived emotion of the reader in addition to the
direct text realization of the emotion.

With this article, we present two corpora and modelling experiments which
contribute to this situation, particularly for literature. In the REMAN corpus pre-
sented here (Relational Emotion Annotation), we aim for a more comprehensive
analysis of emotion events in terms of the semantic roles that these events pos-
sess. Our work loosely follows the concept of directed emotions, as defined in
FrameNet (Fillmore et al. 2003), and extends the work of Ghazi et al. (2015), who
focus on detecting emotion stimuli in the FrameNet exemplary sentences anno-
tated for emotions and causes. In REMAN, we annotate and extract who feels (ex-
periencer) which emotion (cue, class), towards whom the emotion is expressed
(target), and what is the event that caused the emotion (stimulus). Our study is
the first one to apply this idea to literary texts. Figures 1 and 2 show examples of
the more complex annotation in REMAN.

A second aspect which we believe to be understudied is the role of emotions
in characterizing interpersonal relations. This direction links up emotion analysis
with social network analysis, an important strand of research in computational lit-
erary studies (Agarwal et al. 2013; Nalisnick and Baird 2013; Piper et al. 2017, i. a.).
The REMAN resource covers this direction to some extent, since some emotion
stimuli happen to be characters, but does not do so in a focussed manner. Start-
ing from the idea that structured emotion representations can serve as a basis for
inferring relations between experiencers and stimulus characters, we create a sec-
ond resource, the FANFIC corpus. In FANFIC, all emotion experiencers are anno-
tated with the emotions they perceive and, if available, with the character which
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Anticipation

1 looked atcuriously. .

character character

Anger

2. As[Rick[deliberated, finally lost patience.

character character

Fig. 3: Examples for emotional character interaction in the FANFIC corpus. Example (1) taken
from Apryl_Zephyr (2016), example (2) from EmmyR (2014). The arrow starts at the experiencer
and points at the causing character.

plays a role in causing the emotion. Figure 3 depicts two examples for emotional
character interactions at the text level.

In the remainder of this chapter, we use a discrete set of emotions, based on
fundamental emotions as proposed by Plutchik (2001), a common choice of emo-
tion inventory. This model has previously been used in computational analysis of
literature (Mohammad 2012b, i. a.). We refer the reader to social psychology litera-
ture for more details about alternative emotion theories (such as Ekman 1992) and
on the emotional relationships among persons (Gaelick et al. 1985; Burkitt 1997).

Our work has potential to support literary scholars, for example, in analyz-
ing differences and commonalities across texts. As an example, one may consider
Goethe’s The Sorrows of Young Werther (Goethe 1774), a book that gave rise to a
plethora of imitations by other writers, who attempted to depict a similar love tri-
angle between main characters found in the original book. The results of our study
provides a computational methodology on the basis of which derivative works can
be compared systematically with the original.

Our main contributions are therefore: (1) We discuss and make available two
resources of fictional texts annotated for emotions, experiencers, causes, and tar-
gets as well as for emotional character relations; (2) We analyze the corpora and
show which emotions are realized more often with stimuli than others. (3) We pro-
vide results of computational methods which automatize the annotation process
of emotion words, roles and relations, and further (4) show that the prediction
performance of all subtasks benefits from joint modelling, similar to the process
of human reading, which is also not entirely linear but considers relations in the
text to develop an understanding.
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2 Annotation Task

We describe the creation and modelling of two resources, the REMAN corpus of
emotion semantic role labeling and the FANFIC corpus of character relations.

2.1 REMAN: Semantic Role Labeling for Emotion Recognition in
Literature

The REMAN corpus is a dataset of excerpts from fictional texts annotated for the
phrases that evoke emotions, the experiencer of each emotion (a character in the
text, if mentioned), the target and its cause, if mentioned (e. g., an entity, or event).
An example of such an annotation is shown in Figures 1 and 2. Each annotation
includes textual span labels such as emotions, characters, and events, as well as
relational annotations that establish relations among text spans (viz., cause, expe-
riencer, target). We now describe the conceptual background for each annotation
layer in detail. The complete annotation guidelines are available online together
with the corpus at http://www.ims.uni-stuttgart.de/data/emotion.

2.1.1 Conceptualization

We conceptualize emotions as an individual’s experiences that fall in the cate-
gories in Plutchik’s classification of emotions, namely anger, fear, trust, disgust,
joy, sadness, surprise, and anticipation. In addition, we permit annotations with
the class other emotion to capture cases when the emotion expressed in the text
cannot be reliably categorized into one of the predefined eight classes. This emo-
tion is not meant to extend the existing set of labels, but aims to cover ambiguous
and vague emotion expressions. A list of the emotions along with example real-
izations can be found in Table 1.

Annotators are instructed to preferentially annotate individual key words
(e. g., “afraid”), except in cases when emotions are expressed by complete phrases
(e. g., “tense and frightened”, “wholly absorbed”) or by contextual realizations of
emotion expression (e. g., “the corners of her mouth went down”). Additionally,
emotion spans can be marked as intensified (i. e., amplified, “very happy”), dimin-
ished (i. e., downtoned, “a bit sad”) and negated (“not afraid”) without marking
the modifier span or including the modifier word. Spans can be associated with
one or more emotion labels (exemplified in Figure 2).
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Tab. 1: Concepts used for the phrase annotation layer in REMAN together with examples.

Concept Value Examples

Anger angry, defend themselves by force, break your little finger, loss of my temper
Anticipation want, wish, wholly absorbed, looked listlessly round, wholly absorbed
Disgust repellent, cheap excitement, turn away from, beg never to hear again
= Fear horrified, tense and frightened, shaking fingers
-% Joy cheerful, grateful, boisterous and hilarious, violins moved and touched him
E Sadness failed, despair, the cloudy thoughts, staring at the floor
Surprise perplexing, suddenly, petrified with astonishment, loss for words, with his
mouth open
Trust honor, true blue, immeasurable patience
Other careful, brave, had but a tongue, break in her voice, bit deeply into his thumb
E strong I loved her the more
3 weak with a little pity
= negated could not be content
z Character  the chairman of the board
£ event marry a man | did not love, because of his gold
* other Lily’s beauty

As a preparation for relation annotation, we annotate entities, which are of

a clear identity, for instance of a person, object, concept, state, or event (see Ta-

ble 2). We only annotate them in the context of relations. The subtypes we are

particularly interested in are:

Character An entity that acts as a character in the text. Character annotation
should not omit important information (e. g., the annotation of “the man with
two rings of the Royal Naval Reserve on his sleeve” is preferred over only an-
notating ‘the man’).

Event An event is an occasion or happening that plays a role in the text. Events
can be expressed in many ways (see Table 2 for examples from the annotated
dataset) and annotators are instructed to label the entire phrases including
complementizers or determiners.

Other This is an umbrella concept for everything else that is neither a character
nor an event, but participates in a relation.

Next, we annotate relations, links between an emotion and other text spans and
can be of type experiencer, cause, and target. They can be thought of as the roles
that entities play with regard to specific emotions. These relations can only orig-
inate from the emotion annotations. In addition, we partially annotate corefer-
ences to link personal pronouns to proper nouns.
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Tab. 2: Typical linguistic realization of entities.

Entity type Linguistic realiz. Examples
Character noun phrase his son
adjectival phrase old man
Event verb phrase Mrs. Walton had got another baby.
adverbial phrase Jesus spoke unkindly to his mother when he said
that to her.
prepositional phrase [...] giving her up.
clause [...] what she said to him [...]
noun phrase the journey
Other adjectival phrase [...] old age [...]
noun phrase [...] the heavens and the earth.
tense phrase She was the only treasure on the face of the Earth
that my heart coveted.

Roles which are part of relations are:

Experiencer The experiencer relation links an emotion span and entity of type
character who experiences the emotion. If the text contains multiple emotions
with multiple experiencers, they all are subject to relation annotation.

Target The target relation links an emotion span and entity of any type towards
which the emotion experienced by the experiencer is directed. If there are mul-
tiple targets of the emotion, then all of them should also be included in the
relation annotation. See Figure 2 for the example of a target annotation.

Cause The cause relation links an emotion span and entity of any type, which
serves as a stimulus, something that evokes the emotional response in the
experiencer. If there are multiple causes for the emotion, then all of them are
included in separate relation annotations.

Coreference The annotators are instructed to annotate as an experiencer the
character that is the closest to the emotion phrase in terms of token distance. If
the closest mention of the character is a pronoun and the text provides a refer-
ent that has a higher level of specificity than the pronoun (i. e., a proper noun
or a noun denoting a group or class of objects), the annotators are asked to
resolve the coreference. The coreference annotation can be used later to eval-
uate downstream task applications which associate emotions with a unique
character instead of a pronoun.
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2.1.2 Corpus Construction and Annotation

Selection

The corpus of 200 books is sampled from Project Gutenberg!. All books belong
to the genre of fiction and were written by authors born after the year 18002. We
sample consecutive triples of sentences from this subsample of books. A triple is
accepted for inclusion for annotation if the middle sentence includes a word that
is known to be associated with an emotion, even in isolation. This increases the
probability that actual emotion-role-relevant content is present in the instance.
To realize this, we use the so-called NRC Emotion Dictionary, which consists of
14 183 linguistic units with an associated emotion (Mohammad and Turney 2013).
We consider this middle sentence the target sentence and the annotators are in-
structed to label emotions in this second sentence only. Experiencers, causes and
targets are annotated in the whole sentence triple if they refer to an emotion in
the target sentence.

When selecting texts for annotation, there is a trade-of between short pas-
sages which are easy to parse but might not contain all relevant roles around an
emotion expression, and longer passages which are more likely to contain all rel-
evant relations but are more time-consuming to annotate. Ghazi et al. (2015), for
instance, annotate only one sentence and speculate whether adding one sentence
before and after will lead to better results. To check their hypothesis, we conduct
a small pre-study experiment by extracting 100 random sentences from Project
Gutenberg with the NRC dictionary and analyze how often the roles of experiencer,
cause, and target are found in the target sentence and in the window of up to five
sentences before and after. The analysis shows that 98 % of the snippets include
the experiencer in the target sentence, while cause and target are found in the
target sentence in 67 % of the texts. Another 29 % of the texts include cause and
target in the window of one sentence before and after the target sentence. The re-
maining texts include cause and target in the window of two (2%), three (1 %),
and four (1%) sentences around the target sentence. Evidently, three-sentence
spans provide enough information regarding ‘who feels what and why’ without
creating excessive annotation overhead (cumulatively, 96 % of cause and target
are found in such sentence triples in the pre-study). We therefore opt for the anno-

1 http://www.gutenberg.org/. Note that Project Gutenberg is currently not available in Germany
due to an ongoing legal dispute. None of the texts under discussion regarding copyright are part
of our corpus.

2 We wanted to work with the texts from the nineteenth and twentieth centuries. However, meta-
data available to us does not include the book publication date, but specifies the birth year of the
author.



246 — Klinger, Kim, and Pado

Step 2 Step 4
Input Step 1 Step 3 Output
: . Relation
Vet s | phaes | . ometen | Relston | awotaon ~[AnGORedset
o ¢ annotation aggregation &
aggregation Adjudication
Annotation Aggregation

process process

Fig. 4: A visualization of the multi-step annotation process.

tation of sentence triples with one sentence before and one after an emotion cue
(preselected with the NRC dictionary).

Annotation Procedure

The annotations are generated in a multistep process visualized in Figure 4. The

people involved in the annotation were either annotators or experts, whose roles

did not overlap. The annotations (of spans and relations) were performed by

three graduate students of computational linguistics (two native English speak-

ers, one non-native speaker) within a three-month period. Arising questions were
discussed in weekly meetings with the experts (the two first authors of the paper)
and the results documented in the annotation guidelines. Further, the experts
perform manual adjudication in cases where automatic annotation aggregation
is not possible (see below). We use WebAnno3 (Yimam et al. 2013) as annotation
environment. In the following, we discuss the four steps of generating the corpus.

Step 1: Emotion phrase annotation The annotators are asked to first decide
whether the text to be annotated expresses an emotion and which emotion it
is. If any exists, they label the phrase that led to their decision. The annota-
tors are instructed to search for emotions that are expressed either as single
words or phrases.

Step 2: Emotion phrase aggregation In the previous step, each annotator gen-
erates a set of annotations. In this step, the expert heuristically aggregates
all spans that overlap between annotators in a semi-automatic process: Con-
crete emotions are preferred over the ‘other-emotion’ category, annotations
with modifier are preferred over annotations without, and shorter spans are
preferred over longer spans. Overlapping annotations with different emotion
labels are all accepted.

Step 3: Relation annotation Annotators receive the texts that they annotated for
emotions in Step 1, including the aggregated annotation from Step 2 based on

3 https://webanno.github.io/webanno/
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all individual annotation. Thus, all annotators see the same texts and annota-
tions in this step. For each emotion, the task is now to annotate entities that
are experiencers, targets, or causes of the emotion and relate them to their
respective emotions. The annotators are instructed to tag only those entities
that have a role of an experiencer, cause, and target. The decision on the en-
tity and relation annotation is made simultaneously: For each emotion, the
annotators need to identify who experiences the emotion (which character)
and why (because of an event, object, or other character).

Step 4: Relation aggregation and adjudication This final step is a manual ex-
pert step: Aggregate the relation annotations provided by the annotators.
Heuristically, we prefer shorter spans for entities, but guide ourselves with
common sense. For instance, consider the phrase “[...] wishing rather to amuse
and flatter himself by merely inspiring her with passion”. “Wishing” is labelled
as emotion. One annotator tagged “to amuse and flatter himself by merely
inspiring her with passion” as event, another tagged only “by merely inspiring
her with passion”, which is incomplete, as the target of the emotion is the act
of amusing and flattering oneself.

Note that we do not discard the rejected annotations but publish all annotations
of all annotators.

2.2 FANFIC: Character Relations in Fanfiction

The goal of the FANFIC corpus is different from REMAN but shares the goal of mov-
ing beyond identifying emotion labels for stretches of text. In REMAN, emotions
are assigned to cues that are related to experiencers and stimuli. This is a detailed
approach of modeling the structure of emotions in literature, but it might be too
complex for computational modeling approaches to perform well. Further, we do
not link the relational structure of emotions to the field of social network analysis.

This is what we aim at with the FANFIC corpus. On the one side, we opt for a
simpler formulation of emotion structures, namely emotional relations between
characters. On the other side, we aim at an evaluation on the document level, in
the spirit of social network analysis.

2.2.1 Conceptualization

FANFIC is centered completely around interpersonal emotions: emotions are un-
derstood as relations between characters in a text. Formally, each emotion rela-
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tion is a triple (Ceyp, €, Ceause) in Which the character Cyy,, feels the emotion e
(mentioned in text explicitly or implicitly). The character C,,,. is part of an event
which triggers the emotion e. We consider the eight fundamental emotions de-
fined by Plutchik (2001) (anger, fear, joy, anticipation, trust, surprise, disgust, sad-
ness). Each character corresponds to a token sequence for the relation extraction
task. In a social network analysis setting, these characters correspond to normal-
ized entities. Note that, in contrast to REMAN, we do not annotate the exact span
that triggers the emotion (which is difficult in cases of implicit emotion descrip-
tions), nor do we annotate causes that are events or objects.

2.2.2 Data Collection and Annotation

To be able to evaluate on the social network interaction level, the annotation of
complete stories is required. We therefore annotate a sample of 19 complete En-
glish fan-fiction short stories, retrieved from the Archive of Our Own project* (due
to availability, the legal possibility to process the texts and a modern language),
and a single short story by Joyce (1914), “Counterparts”. All fan-fiction stories were
marked by the respective author as complete, are shorter than 1500 words, and in-
clude at least four different characters. They are tagged with the keywords ‘emo-
tion’ and ‘relationships’ as metadata in the repository.

The annotators were instructed to mark every character mention with a canon-
ical name and to decide if there is an emotional relationship between the character
and another character (again, using WebAnno, as in the creation of the REMAN
corpus). If so, they marked the corresponding emotion phrase with the emotion
labels (as well as indicating if the emotion is amplified, downtoned or negated).
Based on this phrase annotation, they marked two relations: from the emotion
phrase to the experiencing character and from the emotion phrase to the causing
character (if available, i. e., C,,s. can be empty). One character may be described
as experiencing multiple emotions.

We generate a ‘consensus’ annotation by keeping all emotion labels by all an-
notators. This is motivated by the finding by Schuff et al. (2017) that aggregating
with the goal of achieving a high recall leads to better performance for emotion
prediction. As we focus here on emotion relationships, we retain all emotion la-
bels from all annotators, providing for the richest possible emotion representa-
tion.

4 https://archiveofourown.org
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3 Corpus Analyses
3.1 REMAN

In the following, we first discuss the annotation and then provide results of mod-
els trained on our resources.

3.1.1 Inter-Annotator Agreement and Consistency of the Annotations

The first step of our analysis is the evaluation of the quality of the annotations. For
that, we make use of the Cohen’s Kappa coefficient (x, Artstein and Poesio 2008),
a measure to measure the agreement of independent annotators. In this measure,
the main ingredient is the the probability that two annotators agree, which is cal-
culated by counting how often they made the same annotation choices. This value
is the same as ‘accuracy’. However, in contrast to this simple fraction of correct
annotations, Cohen’s kappa normalizes by the expected agreement.

We calculate this measure at the token level. In addition, we calculate F, score
on the phrase level both with exact match (where all tokens need to be the same
between annotators) and with fuzzy match (where one token overlap is sufficient
such that the annotation counts as being the same). In this manner, we calculate
agreement both for the phrase annotation and the relation annotation.

Table 3 reports the IAA agreement scores for emotion, entity, and relation an-
notations for each pair of annotators. Among all emotions, joy has the highest
number of instances (336) and the highest agreement scores (average k=0.35), fol-
lowed by fear (k=0.30) and sadness (k=0.24). Other emotion has the lowest agree-
ment with average x=0.07 — not surprisingly, given the nature of this label as cate-
gory for difficult cases. For entity annotation, especially for character annotation,
the agreement is higher, with the highest agreement between two annotators be-
ing x=0.63. The agreement on the event and other entities is low (k=0.23 and 0.14
and F, =25 and 14, respectively). This is presumably the case because event anno-
tations are often comparably long which makes it hard to achieve exact match.
This also holds, to a lesser extent, for character annotations. If we allow partial
overlaps to count as a match, the average F, increases to 57 for character (an in-
crease of 4 percentage points (pp)), 44 for event (increase by 19 pp), and 23 for
other category (increase by 9 pp).

For relation annotations, fuzzy evaluation also leads to higher agreement
scores (F, increase for experiencer, cause and target by 10 pp, 7 pp, and 12pp
respectively). These results are in line with previous studies on emotion cause an-



250 —— Klinger, Kim, and Padé

Tab. 3: Pairwise inter-annotator agreement for phrase annotation and relation annotation in
REMAN (annotators a, b, c). F; is in %. Regarding the relation scores, in strict F;, a TP holds if
the relation label agrees and the entity it points to has the same label and span. In fuzzy F,
(=F,), a TP holds if the relation and the entity it points to have the same lavel, but the span
boundary of the entity may differ.

avs.b bvs.c avs.c
Type Kk strictF, =F, «k strictF, =F, «k strictF, =F,
anger .25 25 39 .15 15 38 .18 18 33
anticipation .09 9 23 .07 7 20 .18 18 39
sadness .32 32 41 .22 23 41 .19 20 29
S joy 38 39 50 .40 40 55 .28 28 44
S surprise .26 26 43 .22 23 33 .27 27 37
uE.l trust 17 17 26 .14 14 21 .12 13 32
disgust .23 23 41 .10 10 26 .19 19 31
other .07 7 7 .06 6 11 .08 8 22
fear .35 35 48 .28 28 35 .28 28 41
> character .63 63 68 .48 49 51 .48 48 54
2 event .29 31 60 .09 10 30 .32 34 44
' other 11 12 28 .11 11 18 .20 21 23
S experiencer 65 73 48 57 46 55
& cause 20 28 34 39 26 32
& target 27 36 18 29 14 28

notation (Russo et al. 2011), and show that disagreements mainly come from the
different choices about the precise annotation spans, while the spans typically
overlap.

3.1.2 Assessing Low Agreement

As we show in Section 3.1.1, the agreement across all annotation layers is rela-
tively low, even for a semantic annotation task. There are several reasons. Indeed,
emotion categorization is highly subjective and emotions often co-occur (Schuff
etal. 2017). In addition, the cause and target of the emotion are not always clearly
recognizable in the text and are also subjective categories (two annotators may
find two different causes for the same emotion), problems that emotion role an-
notation inherits from general semantic role annotation (Ellsworth et al. 2004) —
hence the low agreement scores across all categories. The only exception are expe-
riencer annotations, which are the most reliable among all annotations and match
the substantial agreement scores of character annotation (the only type of entities
that can be involved in an experiencer relation).
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Tab. 4: REMAN corpus statistics for emotions annotation. Columns indicate the frequency of
each emotion.

Modifier Annotation Length
Type Total Adjudic. strong weak neg. 1 token > 2 token
anger 192 156 5 12 7 106 68% 50 32%
anticipation 248 201 5 3 11 161 80% 40 20%
disgust 242 190 2 7 14 144 76% 46 24%
é fear 254 183 11 16 17 145 79% 38 21%
B joy 434 336 31 20 28 289 86% 47 14%
E sadness 307 224 10 2 13 168 75% 56 25%
surprise 243 196 12 4 7 156 80% 40 20%
trust 264 232 3 3 33 191 82% 41 18%
other emotion 432 207 4 4 4 133 64% 41 36%
& character 2072 1715 1288 75% 427 25%
£ event 858 615 38 6% 577 94%
W other 771 485 114 24% 371 76%

We illustrate the difficulties the annotators face when annotating emotions
with roles with the following example:

They had never seen ... what was really hateful in his face; ... they could only express it by
saying that the arched brows and the long emphatic chin gave it always a look of being lit
from below ...".

In our study, both annotators agree on the character (“they”) and the emotion
(‘hateful’ expressing disgust). They also agree that the disgust is related to prop-
erties of the face which is described. However, one annotator marks “his face” as
target, the other marks the more specific but longer “the arched brows and the
long emphatic chin gave it always a look of being lit from below” as cause.

If we abstract away from the text spans, both annotators agree that the emo-
tion of disgust has something to do with “his face”, however they disagree on the
target annotation and the cause annotation. We take such cases to indicate that
while the annotation task is indeed difficult, the surface-oriented inter-annotator
agreement measures that we compute arguably underestimate the amount of con-
ceptual agreement among annotators. It is on this basis that we consider our an-
notation to be meaningful despite the low agreement.



252 — Klinger, Kim, and Padé

Tab. 5: REMAN corpus statistics for relation annotation. Rows indicate the total frequency of
each relation and each relation-entity combination.

Entities involved

Relation char. event other
experiencer 1704

cause 87 398 343
target 444 315 257

overall relations 2238 717 601

3.1.3 Corpus Statistics

Tables 4 and 5 show the total number of annotations for each annotation category,
broken down by different criteria. In Table 4, the Total column shows the overall
number of annotations generated by all annotators, while the Adjudic. column
shows the number of accepted annotations. The REMAN corpus consists of 1720
sentence triples, 1115 of which include an emotion. This is a comparably low num-
ber, given that we picked the triples based on words that are associated with an
emotion, according to an emotion dictionary. But this also shows, that the anno-
tators of our corpus do not agree with an emotion assignment only based on a
dictionary, challenging the use of such simple approach for emotion detection.
Still, our corpus is densely populated with emotions, with 64 % of triples having
an emotion annotation.

Joy has the highest number of annotations, while anger has the lowest number
of annotations. Joy, in addition, is modified as strong and weak more often than
other emotions, while trust is negated more often compared to other emotions. In
most cases, emotion phrases are single tokens (e. g., ‘monster’, ‘irksome’), out of
which 47 % on average are found in the NRC dictionary. Other emotion has the
largest proportion of annotations that span more than one token (36 % out of all
annotations in this category), which is in line with our expectation that lower lev-
els of specificity for emotion annotation make it more difficult to find a single to-
ken that indicates an emotion.

In Table 5, we see that, based on the definition of the annotation task, the role
of experiencers can only be filled by characters. Causes and targets can be filled by
characters, events, and other entities. Interestingly, characters are more often the
target of an emotion than the cause. Events are more likely to cause the emotion
than being the target of it.
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Tab. 6: FANFIC corpus: F, scores at different levels in % for agreement between annotators (a1,
a2, a3).

al-a2 al-a3 a2-a3

Instances labelled 24 19 24
Instances unlabelled 33 27 29
Graph labelled 66 69 66
Graph unlabelled 90 93 92
3.2 FANFIC

3.2.1 Inter-Annotator Agreement

Recall that the goal of FANFIC is to use emotion annotation for the construction
of social networks. From this perspective, it makes sense to define inter-annotator
agreement not just in terms of the textual surface, but also at the level of the net-
work computed from the annotations.

Therefore, we calculate the agreement along two dimensions, namely unla-
belled vs. labeled and instance vs. graph-level. Table 6 reports the pairwise results
for three annotators. In the Instances labelled setting, we accept an instance being
labeled as true positive if both annotators marked the same span of text to label
the characters as experiencer and cause of an emotion and classified their interac-
tion with the same emotion. In the Instances unlabelled case, the emotion label is
allowed to be different. On the graph level (Graph labelled and Graph unlabelled),
the evaluation is performed on an aggregated graph of interacting characters, i. e.,
arelation is accepted by one annotator if the other annotator marked the same in-
teraction somewhere in the text. We use the F; score to be able to measure the
agreement between two annotators on the span levels. For that, we treat the an-
notations from one annotator in the pair as correct and the annotations from the
other as predicted.

As Table 6 shows, agreement on the textual level is low with values between 19
and 33 % (depending on the annotator pair), which also motivated our previously
mentioned aggregation strategy. The values for graph-labelled agreement, which
arguably provide a more relevant picture for our use-case of network generation,
are considerably higher (66 % to 93 %). This shows that annotators agree when
it comes to detecting relationships, regardless of where exactly in the text they
appear.
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Emotion All Rel. Tab.7:FANFIC corpus: Statistics of emotion and relation
annotation. ‘All’ indicates the total number of emotion

anger 258 197 annotations. ‘Rel.” indicates the number of emotional
anticipation 307 239 relationships (including a causing character) instanti-
disgust 163 122 3ted with the given emotion.

fear 182 120

joy 413 308

sadness 97 64

surprise 143 129

trust 179 156

total 1742 1335

3.2.2 Corpus Statistics

Table 7 summarizes the aggregated results of the annotation. The column ‘All’ lists
the number of experiencer annotations (with an emotion), the column ‘Rel.’ refers
to the counts of emotion annotations with both experiencer and cause. In this
sense, ‘Rel.’ column is a subset of ‘All’ column.

Joy has the highest number of annotated instances and the highest number of
relationship instances (413 and 308 respectively). In contrast, sadness has the low-
est number of annotations with a total count of instances and relations being 97
and 64 respectively. Overall, we obtain 1335 annotated instances, which we use to
build and test our models.

4 Computational Modeling

We now come to the computational modeling part of our study, where we inves-
tigate how difficult the manually annotated emotion structures described above
are to predict automatically with current NLP methods. Given the differences be-
tween the annotation schemes of REMAN and FANFIC, the models we develop dif-
fer to an extent. In the case of REMAN, we phrase the prediction of the emotional
structure, including its arguments (experiencer, cause, emotion cue, target) as a
sequence prediction task. We further analyze if the information about one of the
roles is helpful to recognize another. In the case of FANFIC, we phrase the com-
putational modeling as classification which relation exists between all pairs of
characters from a given novel. This is a standard formulation for relation extrac-
tion.
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Tab. 8: Experimental results for the REMAN corpus: Results for predicting Emotions and Roles
(column Predict.) in Exp. 1-3 (column Exp).

Strict Fuzzy
Predict. Exp # Ann. Model Features P RF P RF
1 Rule-based dict 19 83 31
1 MLP BOW 55 21 31
Emotion 2 1925 CRF all + dictionary 56 6 11 56 6 11
3 CRF all + dict + exp 55 9 16 69 12 20
2 biLSTM-CRF embeddings 57 35 43 62 39 48
2 CRF all + person 0O 0 0 O O o
Cause 2 1550 biLSTM-CRF embeddings 0O 0 0O O o
2 CRF all + person 50 2 4 50 2 4
Exp’cer 3 1717 CRF all + person +emo. 74 15 24 78 15 26
2 biLSTM-CRF embeddings 49 21 30 49 21 30
Target 3 1017 CRF all + emo. 50 3 6 50 3 6
3 biLSTM-CRF embeddings 0O 0 0 O O o

4.1 REMAN: Role Identification as Sequence Labeling
4.1.1 Experiment 1: Coarse-grained emotion classification

We start with our experiments by first studying how well we can identify the emo-
tion in our sentence triples, without looking at the role labeling. This is therefore
a standard approach to emotion analysis. The task is to assign one emotion to a
sentence triple (target sentence plus two context sentences). We consider this task
as the first step towards the full structured prediction tasks as defined above: It
confirms that we can at least correctly predict the core of the emotion structure,
namely the emotion itself.

We compare a dictionary-based approach and a bag-of-words-based classi-
fier. For the dictionary-based classification, we take the intersection between the
words in the triple and the NRC dictionary and assign the triple with the corre-
sponding emotion labels. The F, score is calculated by comparing the set of labels
predicted by dictionaries against the set of gold labels for each triple. The gold la-
bels come from the annotation of words and phrases within each triple. For the
BOW approach, we convert each triple into a sparse matrix using all words in the
corpus as features. We then classify the triples with a multi-layer perceptron with
three hidden layers, 128 neurons each, with an initial learning rate of 0.01 that is
divided by 5 if the validation score does not increase after two consecutive epochs
by at least 0.001.
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The results of all experiments are summarized in Table 8. Experiment one
corresponds to the first two rows (labeled with a ‘1’ in the column ‘Exp’). We eval-
uate our models in the same two ways as for inter-annotator agreement: Either
by accepting a TP if it is exactly found (exact match) or if at least one token is
overlapping with the annotation (fuzzy match).

Emotion classification with dictionaries and bag of words shows mediocre
performance. The recall with the dictionary classification is comparably high
(F,=0.83), which is due to the fact that texts were sampled using these dictio-
naries. However, as we said earlier, annotators are free to label any words and
phrases as emotion-bearing, hence low precision, recall, and consequently F;
score. The MLP with BOW features does not perform better but shows increased
precision at the cost of lower recall.

The experiments therefore show a comparably low performance for the clas-
sification setting. However, given that for emotion classification in social media
(e.g., Schuff et al. 2017), the results are also typically around 0.60 F,, this is a
reasonable result, as literature can be considered a linguistically more complex
genre.

4.1.2 Experiment 2: Fine-grained emotion and role detection

We now turn to the setting of recognizing the words that correspond to the role
and which trigger the emotion. We phrase this as a sequence labeling task, i.e.,
a sequence of input tokens is assigned a corresponding sequence of output la-
bels. A classical example from NLP is part-of-speech tagging, where each word
is assigned a part of speech. We can phrase emotion structure prediction on the
REMAN data as a sequence prediction task, where the input is again the sentence,
and each word is assigned either an emotion (if it is a cue for an emotion event),
one of the labels experiencer, target, or cause, if it is part of a phrase that fills
the corresponding role, or none, if it does not participate in the emotion structure.
Note that we lose the explicit relation between emotion event and its roles; how-
ever, since few sentences contain multiple emotion events, we simply assume that
all roles and emotion events within a sentence belong to one another.

Consider the example depicted in Figure 1: The phrase “I mentioned the
house” is labelled as an event and is assigned a role of a cause for the emotion of
surprise, and the word “he” is labelled as a character and is assigned a role of an
experiencer of the same emotion. We represent these relationships by tagging “I
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mentioned the house” as cause and “he” as experiencer, capturing the text spans
that are linked by relations with an emotion.>

We use conditional random fields (CRF) (Lafferty et al. 2001) and bidirec-
tional long short-term memory networks with a CRF layer (biLSTM-CRF), which
are both known to provide generally good performance in sequence prediction
tasks (Benikova et al. 2014; Huang et al. 2015). Conditional random fields can be
considered an extension of hidden Markov models in the sense that they also are
probabilistic and that they also model transition probabilities. However, they do
that in the spirit of maximum entropy classifiers, which can deal with many corre-
lated features (see Klinger and Tomanek 2007 for more details). BILSTM-CRF are
essentially conditional random fields, but extract feature representations with a
deep neural network. Remarkably, in the biLSTM unit of this network, the Markov
property is relaxed such that long distant relations can be considered.

We evaluate the performance of fine-grained emotion and role (experiencer,
target, and cause) prediction in a sequence labelling fashion. We train separate
CRF and biLSTM-CRF models for each relation, as some annotations overlap (e. g.,
experiencers can also be targets/causes). The CRF uses part-of-speech tags (de-
tected with spaCy¢, Honnibal 2013), the head of the dependency, if it is capital-
ized, and offset conjunction with the features of previous and succeeding words
as features. For the emotion category, we use the presence in the NRC dictionary
in addition and, for experiencer, the presence in a list of English pronouns. We
train for 500 iterations with L-BFGS (Liu and Nocedal 1989) and L1 regularization.

The biLSTM-CRF model uses a concatenated output of two biLSTM models
(one trained on word embeddings with dimension 300, and one trained on char-
acter embeddings from the corpus with dimension 100) as an input to a CRF layer.
The word embeddings that we use as input are pre-trained on Wikipedia” using
fastText. We use Adam as activation function, a dropout value of 0.5, and train
the model for 100 epochs with early stopping if no improvement is observed after
ten consecutive epochs.

The results for this experiment are also shown in Table 8, with the corre-
sponding rows marked with ‘2’ in the ‘Exp’ column. As results of this experiment
show, the recall is low for all predicted categories. Presumably, a major reason,
discussed in Section 3, is that substantial numbers of emotion annotations are
words or phrases that are not found in the NRC dictionary. On average, only 46 %
of emotion annotations are single tokens that can be found in the NRC dictionary,

5 In more detail, we use the inside-outside-beginning (IOB) encoding which is standard in se-
quence prediction (Ramshaw and Marcus 1995).

6 https://spacy.io/

7 As available at https://github.com/facebookresearch/fastText (Bojanowski et al. 2017).
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but for some emotions this number is much lower (only 14 % of anticipation cues).
For the categories cause and target, their realizations tend to be rather long spans
of text (e.g., 94 % of target events are multiword expressions). Faced with the
large amount of variability in the training data, the model often abstains from
making any predictions whatsoever for these categories. This explains the zero
F, score for cause prediction with CRF and biLSTM-CRF. We see a somewhat better
performance for target prediction with CRFs, which is attributable to the fact that
most target relations are triggered by characters, 75 % of which are single tokens.

The highest precision and F; across all categories is observed for the emotion
category with biLSTM-CRF (strict F; =43 and fuzzy F,=48). The strict F, is by 12
pp higher than predicted with dictionaries and with BOW in text classification
experiment.

The experiencer category is second best, even though the recall for this cate-
gory is still very low. This can be explained by the fact that experiencers are ex-
pressed in the text mostly as personal pronouns. Since the number of personal
pronouns in our texts is relatively low (13 % of all tokens in a sentence triple on
average), and only a small fraction of them act as experiencers (<1 % of all tokens
in a sentence triple on average), the classifier cannot learn when an entity is an
experiencer or not.

4.1.3 Experiment 3: Potential for joint modeling of emotion and role prediction

In the final experiment on REMAN, we analyze if there is a potential for joint mod-
eling of relations to improve over learning each relation separately. Joint modeling
means that the different parts of the emotion structure are not predicted individ-
ually, as is the case in simple models, but at the same time. In this manner, joint
models can take into account interdependencies between different parts of the
structure. They can be thought of as attempting to arrive at a global understand-
ing, similar to human readers of a text.

To that end, we analyze the potential interactions between predictions with
gold labels of all other predictions. Specifically, when training our models, we
provide the classifier with the information which sequence of tokens is an expe-
riencer (in the case of emotion phrase prediction) and which sequence of tokens
is an emotion (in case of experiencer, cause, and target detection). Since this in-
formation is taken from the manual annotations, this does not constitute a ‘real’
joint model, but a so-called oracle: its results constitute an upper bound for the
performance when more knowledge is available.

Recall that the goal of this experiment is to estimate if joint modeling of emo-
tion and roles yields a benefit beyond individual prediction. Table 8 shows that for
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Story ——» NER+Coref.  |—pl Emotions [— Relations > Graph ™ %
Baseline Oracle NRC Dict. Heuristics Heuristics
Models Oracle joint classifiers for relation and emotion Heuristics

Fig. 5: FANFIC: Models for the emotional relationship prediction. Oracle: a set of character pairs
from the gold data.

the emotion category, F, increases by 5 pp in strict and by 9 pp in fuzzy evaluation
if we provide the classifier with the information which sequence of tokens is an
experiencer. For experiencer prediction, F; increases by 20 pp in strict and by 22
pp in fuzzy evaluation if we tell the classifier which word or sequence is labelled
as emotion.

These results indicate the complementarity of both categories. A qualitative
study on a subsample of linguistic properties of emotions and experiencers shows
that when the emotion expression and experiencer are parts of the same phrase
(verb or adjectival phrase), the emotion word serves as a head to the word that
represents an experiencer. Hence, the classifier is able to partially learn that any
phrase that is a part of the emotion phrase, whose head is a personal pronoun or
a proper name, is a potential experiencer. The same applies to experiencer: if the
head of the governing phrase is an emotion, then the head of the current phrase
is a potential experiencer. However, due to variability of emotion expressions, this
cannot always be the case.

As we have seen, the task of predicting parts of the emotion structure, such
as experiencer, cause, and target is a difficult one. In addition to previous obser-
vations that informing the classifier about an emotion simplifies the experiencer
prediction, we have also observed that in many cases characters are experienc-
ing emotions because of other characters. This observation is interesting on its
own, as focusing on emotion character relationships potentially adds an interest-
ing angle of analysis to the study of emotions in text. This motivates the focus of
the FANFIC model below.

4.2 FANFIC: Emotional Character Relationships

As stated above, the ultimate goal in FANFIC is to predict graphs whose nodes
are the characters of a text and whose edges are labeled with emotions. The cre-
ation of such graphs requires substantial processing beyond what we have seen
for REMAN, as shown in Figure 5: First, references to characters have to be recog-
nized and aggregated (Named Entity Recognition + Coreference). Since our focus
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Tab. 9: FANFIC: Example of different indicator conditions. No-Ind.: no positional indicators are
added. Role: uses tags <e> (experiencer) and <c> (cause). Entity: uses only tag <et> (entity). The
M- conditions mask the lexical material (i. e., name) of the entity.

Indicator condition Example

No-Ind. Alice is angry with Bob

Role <e>Alice</e> is angry with <c>Bob</c>
MRole <e/>is angry with <c/>

Entity <et>Alice</et> is angry with <et>Bob</et>
MEntity <et/>is angry with <et/>

is on emotion prediction, we do not automate this step here, but instead rely on
gold character annotations. Then, Emotions have to be recognized and mapped
onto character pairs (Relations). Finally, all character—emotion relations have to
be aggregated into a graph.

We cast the relation detection as a classification task in which each instance
consists of two character mentions with up to n tokens context to the left and to
the right of the character mentions and the classes are the set of emotions. We use
a two-layer GRU neural network (Chung et al. 2014) with max and averaged pool-
ing with different variations of encoding the character positions with indicators
(inspired by Zhou et al. 2016, who propose the use of positional indicators for rela-
tion detection). Our variations are exemplified in Table 9. The goal of an indicator
is to mark a character that is either an experiencer or a cause of the expressed emo-
tion in text. We use different encodings of these roles: ‘Role’ and ‘MRole’ (masked
role) indicators inform the classifier about these roles, while ‘Entity’ and ‘MEn-
tity’ (masked entity) indicators do not (they only indicate that marked characters
are entities in the relationship). Note that the prediction of directed relations is
simpler in the ‘Role’ and ‘MRole’ cases, compared to ‘Entity’ and ‘MEntity’, as the
model has access to gold information about the relation direction.

We obtain word vectors for the deep learning models from GloVe (pre-trained
on Common Crawl, d=300, Pennington et al. 2014) and initialize out-of-vocabulary
terms with zeros (including the position indicators).

Given that we have comparably limited data on the story-level, we perform
cross-story validation, where each story is used as one separate test/validation
source. For model selection and meta-parameter optimization, we use 50 % ran-
domly sampled annotations from this respective test/validation instance as a val-
idation set and the remainder as test data.

We evaluate on three different levels of granularity: Given two character men-
tions, in the instance-level evaluation, we only accept the prediction to be correct
if exactly the same mention has the according emotion annotation. We then ag-



Emotion Analysis for Literary Studies =——— 261

Model Instance  Story Graph Tab. 10: FANFIC: Cross-validated results for differ-
ent models as F; scores. ‘Instance’: aggregated

Nolnd 26 25 35 over all instances in the dataset. ‘Story’: perfor-
Role 33 33 41 mance averaged over all stories. ‘Graph’: perfor-
MRole ~ 38(38)  39(39) 40(42) mance on graph level averaged over all stories.
Entity 23 22 39 See Table 9 for the examples of the indicator im-
MEntity 28 28 39

plementation. Results on independent test data
shown in brackets.

gregate the different true positive, false positive and false negative values across
all stories before averaging to an aggregated score (similar to micro-averaging).
On the story-level, we also accept a prediction to be a true positive the same way,
but first calculate the result precision/recall/F, for the whole story before averag-
ing (similar to macro-averaging). On the graph-level, we accept a prediction for a
character pair to be correct without considering the exact position.

Results

Table 10 shows the results on development data and independent test data for
the best models. The GRU+MRole model achieves the highest performance on the
instance and story levels, and shows a clear improvement over the GRU+NolInd.
model. GRU+Role achieves the highest performance on the graph level. As ex-
pected, we observe a better performance on a graph level for all models. The ab-
solute numbers, however, are not very high, but the increase from the instance
to the graph level shows that constructing the graph is somewhat ‘forgiving’: Not
each individual prediction at the textual level needs to be correct for a correct in-
teraction graph to emerge.

This is shown in practice on Figure 6, which illustrates a fully predicted net-
work from a fan fiction story based on the Star Wars universe (Miralana 2015).
The error analysis on the predicted network shows that the mistakes made by the
model are not immediately obvious. One example is the trust relationship between
Finn and Rey. Although the textual instance used to classify the interaction con-
tains ‘trust’ vocabulary (“they could help and be supportive”), the overall tone
suggests that Finn anticipates Rey asking for his help rather than directly impos-
ing trust on her. However, as we do not take into account the exact positions, this
mistake is still considered a true positive, as a trust relationship is present in the
gold data. Another example is the anticipation relationship between Rey and Leia
that is tagged with sadness in the gold data. Consider the following text that was
used to classify the relationship: “She adored the older woman and enjoyed her
company ..., there were certain things that she didn’t want to share with her ....”
The text implies that though Rey is pious towards Leia, some aspects of their rela-
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anticipation

Fig. 6: Example of a predicted network.

tionship do not allow her to be fully open with that woman, hence sadness. The
erroneous relationship assignment is then presumably triggered due to specific
words such as “adored”, “enjoyed” and “share”, which often indicate joy and an-
ticipation. This prediction does not count as true positive, as the gold data does
not contain anticipation among correct relationship between Rey and Leia.

In general, we find that the sequential and embedding information captured
by a GRU as well as additional positional information are all relevant for a sub-
stantial performance, at least on the fine-grained emotion prediction task. At the
same time, we note that the results presented in this section are based on a setting
where names of characters come directly from the annotation. This is an unrealis-
tic scenario, asit is not possible to get character annotations for all books we might
be interested in analyzing. We shall address this question in our future work.

5 Discussion, Conclusion, and Future Work

As both the inter-annotator agreement numbers and the results of our computa-
tional models show, the tasks of annotating emotions and corresponding roles
manually and automatically are both difficult. Contributing factors are the high
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lexical variability of emotion expressions (see Table 1) and of the linguistic form of
cause and target expressions. At the same time, the resources we present provide
useful and valuable insights in the language of emotion expression and, therefore,
should be useful to the communities in linguistics, NLP, and literary studies who
are interested in the study of textual expressions of emotion.

Developing such resources has its limitations: Due to the subjective nature
of emotions, it is extremely challenging to develop annotation guidelines which
would lead to annotations with less variation among annotators, in particular if
the annotation includes complex structural choices. That is in line with previous
research. For instance, both Schuff et al. (2017) and Russo et al. (2011) find that
aggregating labels of multiple annotators not by majority vote, but by forming the
union, leads to datasets that are, surprisingly, easier to model computationally.

In REMAN, we tackle this problem by employing a multi-step procedure that
helps to improve the agreement of the relation annotation. This does not help in
the emotion annotation itself, but helps in the role assignment. The introduction
of our multi-step annotation procedure lead to an increased inter-annotator agree-
ment for experiencer and cause annotations by 13 pp and 5 pp in strict evaluation.
This indicates that the task seems easier to annotators if they perform role assign-
ment with predefined emotion annotations.

Another difficulty arises from the nature of the texts we work with. Fictional
texts are highly metaphoric and full of allusions, which requires thoughtful read-
ing (often reading between the lines) and a global understanding. However, this is
something that our annotators cannot develop in the REMAN case: they only have
access to one sentence pre- and post-context each. Therefore, it is not always pos-
sible to annotate the cause, target, or even the experiencer. This is a trade-off: On
the one side, we did not want to annotate full books to cover a range of sources
with manageable annotation effort. On the other side, more context might have
improved results. Future work will therefore aim at better understanding how to
preselect the relevant context that is needed for reliable annotation and secondly
use such knowledge for a follow-up annotation project.

Some of the challenges that are posed with the REMAN corpus are addressed
in a different way with the FANFIC approach: Here, we formulated the task of emo-
tional character network extraction from fictional texts. We argued that joining
social network analysis of fiction with emotion analysis leverages simplifications
that each approach makes when considered independently. However, it should
be noted that these evaluations are hard to compare, as the tasks and data sets
are different.

In ongoing work, we aim at the development of a a real-world application
pipeline in which character pairs are not given by an oracle, but rather extracted
from text automatically using named entity recognition. To better understand the



264 —— Klinger, Kim, and Padé

relation between instance and graph levels, we explore the best strategy for edge
labeling either by a majority vote or accepting the edges with the highest confi-
dence scores. Further, modeling the task in an end-to-end learning setting from
text to directly predict the graph, in the spirit of multi-instance learning, is one of
the next steps. To that end, we suggest obtaining more gold data with character
relations and optimize the pipeline towards the best performance on additional
data.
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