
Anthology of Computers and the Humanities, Vol. 3

Happily Ever After: Comparing Sentiment Arcs in
Emotionally-Inflected Fanfiction Genres Across Fandoms

Julia Neugarten1 , Pascale Feldkamp2 , Mia Jacobsen2 , and Yuri Bizzoni2
1 Department of Arts and Culture Studies, Radboud University, Nijmegen, The Netherlands

2 Center for Humanities Computing, Aarhus University, Aarhus, Denmark

Abstract

This paper uses sentiment arcs to compare three different genres of fanfiction – Angst, Fluff
and Hurt/comfort – each characterized by particular emotionally-inflected content. We ex-
amine whether these arcs and arc development throughout stories reveal differences between
the three genres. We also compare sentiment arcs across four fandoms: Ancient Greek
Religion and Lore, Harry Potter, Lord of the Rings, and Percy Jackson. When using two
different Sentiment Analysis methods – a BERT-model and the Syuzhet package [27] – mean
sentiment differs significantly between two of the three genres. Additionally, four detectable
clusters of sentiment arcs are dominated by particular genres in each case, conforming to
expected patterns. Additionally, we find an ending effect – a tendency for stories’ endings
to be more positive than their beginning – in most stories regardless of genre. This suggests
the therapeutic potential of fanfiction, as even the gloomiest stories tend to progress towards
happiness or positivity in their sentiment. Finally, we also find that each fandom has its own
emotional “bandwidth” with stories in the Lord of the Rings fandom consistently displaying
the most positive sentiments while stories in the Percy Jackson fandom consistently display
the most negative sentiments, regardless of genre.
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1 Introduction
Fanfiction – stories written by and for fans of existing stories, inspired by these stories and often
published for free online – has been evocatively described as “emotional landscapes of reading”
[43]. This description highlights the central role of emotions in fanfiction, both intradiegetically,
as fictional characters experience them and as they often function to propel the plot forward, and
extradiegetically, as readers seek emotional experiences in their reading choices. To navigate this
immense emotional landscape of reading that fanfiction offers,1 fans use various paratextual clues,
including recommendations from fellow fans, metadata provided by platforms, and information
about the reader reception of fanfiction through comments and hits.

The central role of emotion in fanfiction, which in early scholarly work on fan culture was
termed the “affective sensibility of fandom” [18] even extends to the existence of particular gen-
res defined by stories’ emotional content and their intended emotional impact on readers. This
paper examines three of these genres: Angst, Fluff, and Hurt/comfort. The Angst-genre denotes
“writing which dwells on emotional problems, tortured minds and unconsummated relationships,
and enjoys them immensely” [39, p. 242]. Conversely, Fluff -stories “lack emotional difficulties”
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[34, p. 207], focusing instead on (romantic) happiness and cuteness. Finally, Hurt/comfort encom-
passes stories where one character is hurt mentally or physically, and another character comforts or
heals them. Hurt/comfort thus “combines elements from Angst and Fluff : the genre uses both emo-
tional pain and its amelioration or absence to create narrative and emotional tension” [34, p. 207].
Hurt/comfort therefore often progresses from Angst to Fluff.

These genre-categories can be understood as emotionally-inflected and communally negoti-
ated clues that help readers navigate the vast array of fanfiction available. Thus, they may function
similarly to recommendations and metadata provided by other reading platforms, especially if sto-
ries exhibit within-genre similarity in sentiment dynamics – also across fandoms. If this is the
case, based on these definitions, we expect the three genres to display differing patterns when it
comes to valence, the ”positiveness–negativeness/pleasure–displeasure” [32, p. 174] associated
with a word or sentence. In this paper, we use sentiment arcs, a method of mapping the emotional
trajectories of stories through their valence (positive/negative) calculated at the sentence level, to
investigate three research questions about these three emotionally-inflected fanfiction genres:

• RQ 1: Do sentiment arcs differ significantly between the genres Angst, Fluff, and
Hurt/comfort?

– Hypothesis: We expect to find more negative sentiment in Angst and more positive
sentiment in Fluff, withHurt/comfort showing a development from negative to positive
sentiment on the scale of individual stories.

• RQ 2: How do sentiment arcs develop over the course of the stories within genres?

– Hypothesis: We expect sentiments to be relatively stable in Angst and Fluff, so that
an Angst-story is sad throughout while a Fluff -story is happy throughout, accounting
for consistent differences between genres. We also expect the order of the sentiments
to influence genre categorization. Research shows that the valence of a story’s end-
ing impacts its reception [33], so we expect Fluff to end particularly positively while
Angst ends especially negatively. We also expectHurt/comfort stories to develop from
negative to positive sentiment, as their protagonists progress from being hurt to being
comforted.

• RQ 3: How do the sentiment arcs associated with the different genres compare across dif-
ferent fandoms?

– Hypothesis: Previous research has shown similarity in sentiment arcs between three
fandoms [22], but this analysis did not take within-fandom genre differences into ac-
count. The same paper identified stylistic differences between fandoms, so we have
no strong hypothesis for this question.

2 Genres and Sentiment in Fanfiction
Fanfiction is often praised for its transformative capacities; since fanfiction is produced “outside of
the literary marketplace” [11, p. 2], it can interrogate the cultural norms that structure mainstream
literary production, for example by queering heteronormative stories [15] or through “racebend-
ing”: rewriting white fictional characters as people of color [16]. Yet fanfiction is also “written
within and to the standards of a particular fannish community” [11, p. 7], so its transformative
potential is sometimes curtailed by community norms.

In this context, with fanfiction oscillating between the seemingly unlimited freedom of rewrit-
ing and the constraints of community expectations, emotionally inflected fanfiction genres are im-
portant objects of study. The genre-labels of Angst, Fluff andHurt/comfort are unique to fanfiction
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communities. In this sense, they illustrate the transformative potential of fanfiction, particularly
in terms of its capacity to foreground, explore, and celebrate emotion. On the other hand, genre-
labels also codify community norms that may impact textual production and constrain creativity.
In that regard, they illustrate that fanfiction production is perhaps equally indebted to its market-
place dynamics as published fiction. Because of this tension, genre in fanfiction communities has
been described as both ’stabiliz(ing) interpretation’ and ’open-ended’, like ongoing conversation
[29, p. 6].

Furthermore, studying how fanfiction communities create, combine, and question genre cate-
gories – some of which are innovative from the perspective of more traditional literary scholarship
– may generate new insights into how genres function in texts and reading more generally. Specif-
ically, analyzing fanfiction’s emotionally-inflected genres emphasizes that all categorizations of
narrative – including but not limited to genres – and the choices prospective readers make based
on them, are potentially emotionally inflected, as well as structured by value systems related to
taste and prestige.

This research also connects to existing scholarship indicating that negative emotions (fear,
sadness, disgust, anger) are more closely associated with fanfiction in the Angst-genre than in
the Fluff -genre, when cosine similarity in a vector space model is used to operationalize genre-
emotion similarity [37]. However, contrary to expectations, no statistically significant correlations
were found between either Angst or Fluff and happiness. Because sentiment arcs can be measured
at the level of individual stories rather than corpus-wide patterns, this paper can contextualize and
perhaps explain these findings.

Despite the prevalence of emotionally-inflected genres and their integral role in fanfiction cul-
ture, they remain understudied within computational and digital humanities. Most studies using
computational methods focus on the style of successful or well-liked fanfiction [23; 30; 38; 44]
or on gendered power difference in fanfiction [35; 36; 45]. One study examined the reception of
genres through a distant reading of fanfiction comments in Harry Potter fandom [34], but without
considering the role of story content. By measuring textual features – sentiment arcs – from the
stories themselves, the current paper addresses that research gap.

Specifically for sentiment analysis, previous scholarship has examined the persistence of sen-
timent arcs in fanfiction. Jacobsen et al. [22] measured the Hurst exponent – a measure of whether
a particular arc is “trending, mean-reverting, or exhibiting a random walk behaviour” [22, p. 724]
– of sentiment arcs in a corpus of fanfiction from three fandoms, along with two other textual
measures: nominal style and readability. They found that each group of fanfiction, specifically
fanfiction about Harry Potter, Percy Jackson and the Olympians, and Lord of the Rings, had dis-
tinct textual styles that reflected the complexity of their respective source materials. However,
regarding narrative structure, the Hurst exponent was similar across fandoms. If fandoms differ
in other ways, why not in terms of sentiment arcs dynamics – such as the ones measured by the
Hurst-exponent? This might have to do with Hurst being (just) one possible measure of sentiment
structure. This also raises the question of whether the lack of difference is related to internal di-
versity in terms of sentiment structure in each fandom. We turn attention to that matter in this
paper.

3 Data
We use two datasets of fanfiction from four different fandoms. All fanfiction was collected from
popular fanfiction-platform Archive of Our Own (AO3) in accordance with their terms of service.2
All subsets contain only fanfiction written in English. Crossover stories tagged with more than
one fandom were excluded. The fandoms are Ancient Greek Religion and Lore (AGRL), Percy
2 https://archiveofourown.org/tos
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Fandom Fics Sentences Words Other Fluff Angst H/C

Ancient Greek Religion
and Lore (AGRL)

3,584 1,932,084 25,168,026 2,940 268 290 86

Percy Jackson and
the Olympians (PJ)

2,877 2,155,399 25,793,730 1,984 531 263 99

Harry Potter
(HP)

2,886 2,886,189 38,269,933 2,194 347 265 80

Lord of the Rings
(LOTR)

2,772 2,466,164 34,657,528 2,186 218 237 131

Total 12,119 9,439,836 123,889,217 9,304 1,364 1,055 396

Table 1: Dataset description: All fanfiction of over 50 sentences, divided by fandom.
From left to right: number of stories in each fandom, number of sentences, and number of words.
On the righthand side: number of stories in the category “Other” and in the three relevant genres
per fandom. Note that as we applied sentiment models on the sentence-level, the number of sen-
tences also corresponds to the final number of datapoints in our analyses (i.e., n = 9, 439, 836).

Jackson and the Olympians (PJ), Harry Potter (HP) and Lord of the Rings (LOTR). The AGRL
dataset contains around 5,000 stories published in that fandom onAO3 at the time of data collection
(2022). This dataset was previously described by Neugarten [35]. The fanfiction from PJ, HP, and
LOTR in this study constitutes a subset of 3,000 texts from each group available on AO3. This
corpus was first described in Jacobsen et al. [22]. Its texts were published between January 2002
and December 2023, and collected in the beginning of 2024.

Stylistic features, including the aforementioned Hurst exponent of sentiment arcs, have been
compared before for the datasets taken from HP, PJ, and LOTR fandoms [22]. In this paper, we
build on that analysis by examining the effect of genre-labels on sentiment arcs. Additionally, by
expanding our analysis to fanfiction about Greek mythology, a fan community without clearly cir-
cumscribed source material, we increase the generalizability of our findings to other fandoms. This
combination of datasets also potentially helps us understand the influence of a source material’s
cultural prestige in the fanfiction it inspires, since Greekmythology is traditionally more associated
with prestige than young adult or fantasy fiction. In her analysis of the relationship between social
class and Classics, Edith Hall observes that ”education in the ancient Latin and Greek languages
has always been an exclusive practice, used to define membership in an elite” [19, p. 386]. Conse-
quently, Classics – and the associated domain of Greek myth – have traditionally been associated
with academic prestige. Conversely, the ”tradition of fantasy literature (...) has generally defined
itself by its distance from the high-cultural (...) canon” [12, p. 60]. The differing levels of literary
prestige associated with these fandoms may impact the fanfictions’ sentiment arcs. Additionally,
including fanfiction not based on contemporary fantasy literature may also reveal characteristics
of fanfiction that exist independently from the genre or era of publication of the material being
rewritten.

From each fandom, we selected only stories tagged in AO3’s user-driven tagging system with
‘Angst’ or ‘Fluff’ or ‘Hurt/Comfort’. To avoid interpretive confusion and ensure we were measur-
ing textual characteristics specific to each genre, stories with more than one of these tags, or with
tags indicating a blend or combination, such as “Angst and Fluff” or “Flangst”, were discarded.
This led to the exclusion of between 35% and 55% of stories per genre. Descriptive statistics for
the resulting datasets are listed in Table 1. Additionally, as a control group, we used the remaining
fanfiction not included in any of the three genre groups – listed in Table 1 under ‘Other’.
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4 Method
To measure differences in the ”sentimental palette” of different genres and across several fandoms,
we use Sentiment Analysis to retrieve both the mean and the standard deviation of sentiment scores
for each story’s sentiment arc calculated at the sentence level (subsection 4.1), as well as to ex-
tract the raw and detrended versions of the stories’ sentiment arcs. To observe whether there are
significant differences in sentiment’s mean and std between fandoms and genres, we use linear
mixed-effects models (subsection 4.2). To check whether some sentimental trajectories are preva-
lent, overall or in specific subgroups, we use techniques of interpolation and clustering (subsec-
tion 4.3).

4.1 Measuring Sentiment Arcs

In computational literary studies, Sentiment Analysis has become a popular method for exploring
the affective dimensions of literature [41]. It is often used to visualize the emotional arc of a nar-
rative [26; 40], and to model affective dynamics over time using time-series techniques [4]. Since
the introduction of the Syuzhet package in 2014 – the first sentiment analysis tool tailored to liter-
ary scholarship – more sophisticated approaches have emerged, including fine-tuned transformer
models like BERT for classifying sentiment at the sentence or passage level [13; 28]. Typically,
these models assign a single compound sentiment score (or valence) per sentence.

To retrieve the raw sentiment scores, we tested 4 different measures scoring sentences
for sentiment (see Table 8 in Appendix A). We chose the dictionary method performing best
on our test datasets – Syzhet [27] – and the best-performing transformer-based method –
xlm-roberta-base-sentiment-multilingual3 – here. We chose both methods, considering
that dictionary-based tools have the advantage of staying closer to a human-like distribution over-
all, while transformer-based scores tend to “overestimate” scores to form distributions underlining
extremes [13].

4.1.1 Detrending

As arcs based on valences are inherently noisy and nonlinear, studies typically apply some tech-
nique for detrending the arcs to reduce noise and extract global narrative trends – from a simple
moving average window to more complex noise reduction techniques [6; 10; 17; 27]. As wavelet
approaches typically used for noise reduction are not ideal for nonlinear series, [25] proposed an
adaptive filtering technique for nonlinear series. The usefulness of adaptive filtering applied to
sentiment arcs has been demonstrated, especially in the context of estimating the dynamics of sen-
timent arcs [5; 20], which is why we use it here (for a visual example of denoised arcs, see Figure
1).4

4.2 Statistical Analysis of Sentiment Arcs

To test for differences between fandoms and genres in their sentiment arcs, we used linear mixed
effects models. These models are useful in this context, as they produce robust results even when
dealing with imbalanced data. Additionally, they let us explicitly model the fact that one author
may be in the data multiple times, if they have written multiple stories that fit the search criteria.

We created two linear mixed effects models to investigate the difference in sentiment arcs
across fandoms and genres. The first model seeks to predict the mean of the sentiment arc for
each work of fanfiction, based on an interaction between fandom and genre. This analysis shows
3 https://huggingface.co/cardiffnlp/xlm-roberta-base-sentiment-multilingual We use the short-
hand xlm-roberta. For full model names see Table 9 in Appendix A.
4 All code for sentiment score retrieval and detrending is available at: https://github.com/
centre-for-humanities-computing/fanfic_sentiment.
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Figure 1: Example of 3 detrended Syuzhet arcs from Lord of the Rings (LOTR), Percy Jackson
(PJ), and Ancient Greek Religion and Lore (AGRL). Arcs are detrended using adaptive filtering.

whether some genres or fandoms are more positive or negative than others (RQ 1), and whether
specific genres are written with different levels of sentiment in different fandoms (RQ 3).

The second model seeks to predict the standard deviation of the sentiment arc for each work of
fanfiction, based on an interaction between fandom and genre. This analysis indicates how stable
these arcs in specific groups are, based on which genres or fandoms have the greatest variation
in sentiment over the course of the texts (RQ 2 and 3). Again, we are interested in both genre
and fandom main effects, as well as the possibility of fandom-specific effects on the sentiment in
different genres.

We added publishing date and word count to control for any confounding effect they might
have. Since fanfiction is dynamic and published on an ongoing basis, it is appropriate to assume
both time and length will have an effect on sentiment that we wish to control for. Additionally, we
added a random intercept for author to control for repeating authors. To aid model convergence,
word count was scaled. The specific model formulations can be seen below.

Mean Sentiment ∼ genre ∗ fandom+ published date+ word count+ (1|author) (1)

SD Sentiment ∼ genre ∗ fandom+ published date+ word count+ (1|author) (2)

4.3 Arc Shapes’ Analysis

To analyze the shapes of sentiment arcs, we represented each narrative by a univariate time-series
capturing the detrended sentiment score at successive narrative positions. Because the underlying
fanfiction narratives differ in length, direct comparison required resampling every trajectory to a
common temporal grid. Let s = (s_1, . . . , s_n) denote the original sentiment arc of length n.
A piece-wise linear interpolant f : [0, n−1] → R was constructed.5 The interpolant was then
evaluated at L = 50 equidistant points,

tj = (j − 1)
n− 1

L− 1
, j = 1, . . . , L,

producing the length–normalized trajectory s′ ∈ R50. We selected linear interpolation for its
robustness to outliers and its preservation of monotonic segments; empirical inspection showed
negligible benefit from higher-order kernels. We applied the procedure to both sets of sentiment
estimates (Syuzhet and xlm-roberta), yielding two matrices X ∗ Syuzhet,X ∗ XLM ∈ RN×50,
where N is the number of texts.
5 Using SciPy’s interp1d (method kind="linear")
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We then performed unsupervised clustering with the K-means algorithm as implemented in
scikit-learn v.1.4.2. The algorithm minimizes the within-cluster sum of squared Euclidean
distances:

argmin
{Ck}Kk=1

K∑
k=1

∑
xi∈Ck

∥xi − µk∥22,

where µ_k is the centroid of cluster C_k.6
We identified the appropriate number of clusters, K, through the mean silhouette coefficient

[42]. We chose silhouette analysis to determine both the optimal number and the coherence of
clusters, as it quantifies both intra-cluster cohesion and inter-cluster separation, which allows to
assess how distinct and consistent each cluster is.

5 Results
5.1 Statistical Models

With AGRL and Other as baseline conditions, results are in Tables 2 and 3.7 For mean of the
sentiment arc, we find – across sentiment methods – that Angst has lower mean sentiment and
Fluff has higher mean sentiment than the set of non-genre works, Other. We find no effect for
Hurt/comfort, meaning it displays no significant difference with regards to mean sentiment from
Other. We find that LOTR fanfiction has higher mean sentiment than AGRL, but there is no effect
for HP. For PJ, when using xlm-roberta, we find lower mean sentiment compared to AGRL, and
both methods (Syuzhet/xlm-roberta show an interaction effect for PJ Angst fanfiction. This
means that works of PJ fanfiction in general have lower sentiment, and that Angst stories in that
fandom also have lower mean sentiment compared to Angst stories from other groups.

Mean Syuzhet β SE t-value p-value

Angst -0.062 0.01 -5.97 <0.001*
Fluff 0.11 0.011 10.03 <0.001*

Hurt/comfort -0.022 0.0185 -1.17 0.24
HP 0.00094 0.0053 .177 0.86

LOTR 0.044 0.0056 7.91 <0.001*
PJ -0.0074 0.00559 -1.32 .19

PJ:Angst -0.032 0.015 -2.06 <0.05*

Mean xlm-roberta β SE t-value p-value

Angst -0.041 0.0066 -6.28 <0.001*
Fluff 0.0688 0.0068 10.12 <0.001*

Hurt/comfort -0.012 0.012 -1.08 0.28
HP -0.0053 0.0034 -1.56 0.11

LOTR 0.0097 0.0035 2.73 <0.01*
PJ -0.0075 0.0035 -2.13 <0.05*

PJ:Angst -0.029 0.0096 -3.02 <0.01*

Table 2: Estimates for model (1) for each sentiment analysis method (Syuzhet/xlm-roberta).

6 We used fixed parameters to init="k-means++", n_init=10, max_iter=300, and random_state=42 to ensure
replicability while mitigating sensitivity to initialization.
7 For conciseness, we included only fandom and genre main effects in the table plus any significant interaction effects.
See Appendix C for full model outputs.
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SD Syuzhet β SE t-value p-value

Angst 0.025 0.0090 2.77 <0.01*
Fluff -0.016 0.0092 -1.75 0.08

Hurt/comfort -0.0019 0.015 -0.12 0.90
HP -0.041 0.0051 -8.0 <0.001*

LOTR 0.024 0.0055 4.38 <0.001*
PJ -0.074 0.0054 -13.68 <0.001*

SD xlm-roberta β SE t-value p-value

Angst 0.0054 0.0027 2.0 <0.05*
Fluff 0.0053 0.0028 1.89 0.059

Hurt/comfort 0.0019 0.0048 0.41 0.68
HP -0.019 0.0014 -12.98 <0.001*

LOTR -0.010 0.0015 -6.77 <0.001*
PJ -0.018 0.0015 -11.65 <0.001*

Table 3: Estimates for model (2) for each sentiment analysis method (Syuzhet/xlm-roberta).

The lack of other interaction effects indicates that for Fluff and Hurt/comfort, there are no
fandom effects, meaning the size of the difference in sentiment between Other and Fluff and be-
tween Other and Hurt/comfort is similar across fandoms. There is also no difference between HP
fanfiction and AGRL fanfiction when it comes to mean sentiment. This suggests that rather than
differing from fandoms with a more recent and circumscribed source material, fanfiction about
Greek myth is similar to other, prominent contemporary fandoms.

The lack of interaction effects means that these genres are similar across groups. In other
words, the intercepts (fandom effect) are different for each group but the slopes (genre effect) are
similar. We show these findings in Figure 2. These visualizations show that each fandom has
its own emotional “bandwidth”; in each fandom, Fluff has a more positive mean sentiment than
Angst – the genre effect is the same in each group. This conforms to our expectations for RQ 1.
However, the fandoms show up on these plots in the same general order (from most positive to
most negative): LOTR, AGRL, HP, PJ. It thus seems that each fandom has its own baseline for
sentiments – the fandom effects differ between groups. This difference between fandoms provides
some insight into RQ 3. We hypothesize that these differences may be due to differing fandom
demographics, with the Percy Jackson fandom skewing younger than the participants in the other
fandoms.

For standard deviation (SD) of the sentiment arcs, the results are more method-dependent.
Both methods find that only Angst has a significantly different sentiment SD compared to Other
stories. The positive effect indicates that sentiment arcs for Angst display a greater variation than
other fanfiction genres. The sentiment arcs for Angst-fanfiction are more varied than for the other
groups – a partial answer to RQ 2. For HP and PJ, both methods find a negative effect, meaning
compared to AGRL, HP and PJ fanfics have less variation in their sentiment arcs overall. For
LOTR, Syuzhet finds a positive effect, meaningmore variation, whereas Roberta finds a negative
effect. This discrepancy might arise because Syuzhet is a continuous measure, while Roberta
is categorical, meaning some confounding effects are potentially influencing the results. Because
the specific effects as seen in Table 3 are rather small, further research is needed to cement these
findings.
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Figure 2: The mean and standard deviation for the sentiment arcs, across genres, fandoms, and
sentiment methods. The boxplot indicates the 25th quantile, median, and 75th quantile for the
fandom. The black dot shows the mean for the whole genre group.

5.2 Arcs’ Shapes

Using cluster analysis, we can observe whether stories belonging to particular genres tend to repli-
cate specific shapes in their sentiment arcs (RQ 2). Through silhouette analysis [42] we determine
that the arcs, independently from the genres they belong to, create 2 to 4 meaningful clusters, with
the strongest separation between two macro-clusters.

As visualized in Figure 3, most of these narrative shapes result in an “end point” that is more
positive than their “starting point” even if this is not always the highest point of the story.

Table 4 describes the distribution of these four clusters across genres. Notably, the cluster with
the highest percentage of Angst is also the only cluster displaying an overall downwards-bound
shape (Cluster 2), while the cluster with the highest percentage of Hurt/comfort features the most
distinctly “rags to riches” narrative path (Cluster 3), meaning an upward trajectory. Finally, the
most frequent shape in Fluff includes a long central stretch of low feelings, but guarantees an
extremely happy ending (Cluster 1).

In other words, the most frequent clusters in Fluff andHurt/Comfort contain very ”low lows” -
especially in Cluster 1 - but end on a much more positive note, with respect to both their beginning
and their average valence, than the Angst-related Cluster 2.

These results seem in accordance with the cognitive finding that the inner ordering, and espe-
cially the ending, of any experience matters greatly for its remembrance and categorization. Our
findings support the idea that the valence at the end of a (reading) experience influences the way
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Figure 3: Abstracted shapes of the four main narrative clusters. Clusters 0 and 1 are the most
distinct. All but Cluster 2 end “better” – meaning more positively – than they started. Cluster 1
has most Fluff, Cluster 2 has most Angst, Cluster 3 has most Hurt/comfort.

Genre Cluster 0 Cluster 1 Cluster 2 Cluster 3 Total
Angst 274 (26.0%) 257 (24.4%) 284 (26.9%) 240 (22.7%) 1055
Fluff 291 (21.3%) 396 (29.0%) 335 (24.6%) 342 (25.1%) 1364
Hurt/comfort 113 (28.5%) 91 (23.0%) 74 (18.7%) 118 (29.8%) 396
Other 2161 (23.2%) 2388 (25.7%) 2549 (27.4%) 2206 (23.7%) 9304
Total 2839 (23.4%) 3132 (25.8%) 3242 (26.8%) 2906 (24.0%) 12119

Table 4: Distribution of story genres across four narrative arc clusters using Syuzhet. Absolute
counts and percentage (in parenthesis) of the genre for that sentiment arc cluster. Highest percent-
age per genre indicated in bold.

this experience is remembered [33], so a happy ending leads to the genre-classification of a happy
story, despite low sentiments throughout the text: a positive ending makes a positive story, no
matter how hard things got before, and vice versa.8

Genre Uprising Downfalling Neutral Total

Angst 528 (50.0%) 359 (26.3%) 212 (20.1%) 1,055
Fluff 765 (56.1%) 315 (29.9%) 240 (17.6%) 1,364
Hurt/Comfort 243 (61.4%) 91 (23.0%) 62 (15.7%) 396
Other 4,872 (52.4%) 2,516 (27.0%) 1,916 (20.6%) 9,304

Total 6,408 (52.9%) 3,281 (27.1%) 2,430 (20.1%) 12,119

Table 5: Narrative trajectory patterns by genre. Percentages refer to the genre (row).

Despite these differences, as shown in Table 5, all genres display a consistent majority of
“happy endings”.9 The upward direction in narrative sentiments is preferred across all genres,
holding the smallest proportion in Angst, where it represents half of the population. Thus, the
dramatic Angst genre appears associated with negativity mainly in a relative sense, having the
largest subset of tragic structures. The steepest and most frequent positive inclines characterize
8 While in fanfiction communities the author – not the readership – applies genre-labels, these findings suggest that
authors themselves strongly weigh the valence of their endings when applying labels.
9 We computed these happy endings as arcs where the final 5% is at least 0.15 degrees higher than its first 5%. We defined
these parameters to represent the beginning and ending of a story and a sentiment shift distinct enough to constitute a
significant variation, but different parameters return similar results. See Appendix 11 for different ranges.
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the Hurt/comfort genre, followed by Fluff. Meanwhile, on average, Fluff has the most positive
peaks. These findings again indicate the relevance of the stories’ shape and ending to their assigned
genre category (see also Table 6). The fact that the upward direction or happy ending remains the
single dominant structure throughout all of these clusters suggests that the authors have a marked
tendency to provide emotional satisfaction – through a happy ending – for readers. This aligns with
previous research suggesting that within the controllable and familiar environment of fanfiction
communities, readers read about unpleasant or negative feelings to ”resolve their own potentially
overwhelming emotional states” [8, p. 15]. Our findings thus suggest that fanfiction, both on the
production and consumption side, prefers happy endings for their capacity to ameliorate or work
through difficult emotional trajectories. We call this fanfiction’s therapeutic potential.

Genre Method Ending Avg Begin→End Overall→End Max Positivity

Angst Syuzhet 0.044 0.083 0.062 0.092
xlm-roberta 0.064 0.193 0.136 0.100

Fluff Syuzhet 0.060 0.117 0.109 0.113
xlm-roberta 0.102 0.256 0.178 0.145

Hurt/Comfort Syuzhet 0.164 0.298 0.180 0.056
xlm-roberta 0.164 0.394 0.243 0.035

Other Syuzhet 0.036 0.062 0.068 0.126
xlm-roberta 0.075 0.192 0.138 0.120

Table 6: Sentiment Arcs’ average ending, incline, and point of highest positivity

Finally, the distribution of stories from different fandoms over the four clusters (Table 7) gen-
erates some insight into the interplay between sentiments and fandoms (RQ 3) – particularly, the
potential impact of the source material on the sentiment arcs of fanfiction. The AGRL and HP fan-
doms appear to have a relative preference for the “tragic shape” (Cluster 2). It intuitively makes
sense that fanfiction in the AGRL fandom (stories rewriting Greek myth) is most prevalent in the
cluster we call “tragic” here (Cluster 2). Simultaneously, this suggests fanfiction about AGRL
may be replicating rather than transforming the sentiment arcs of its – admittedly quite diverse and
diffuse – source material, for example by rewriting the tragic narrative of Achilles death in battle
or Persephone’s kidnapping at the hands of Hades.

Looking at the distribution of the sentiment arc clusters across fandoms, stories from the PJ
and LOTR fandoms most often have happy ending arcs (Cluster 1), although differences between
fandoms are small. This is especially striking since PJ and LOTRwere more or less polar opposites
in the comparison of mean sentiment above, with LOTR characterized by the most positive senti-
ment range or bandwidth and PJ by the most negative one. Nonetheless, here we find that these two
fandoms tend towards similar sentiment arc shapes, those characterized by happy endings. This
cluster intuitively makes sense for LOTR, which had the highest mean sentiment, but is surprising
for PJ, where works in general have lower sentiment and Angst stories were most characterized
by negative sentiment out of all groups. We conclude that negative sentiment in a story does not
necessarily indicate an unhappy ending. In future work, the differences between fandoms could
be analyzed further by comparing the sentiment arcs of fanfiction to those of its source material.

6 Conclusion
What does the statistical analysis and clustering of sentiment arcs reveal about the workings of
emotionally-inflected fanfiction genres? Firstly, genre differences between the arcs (RQ 1) can be
clearly detected for Angst, which has a significantly lower mean sentiment, and Fluff, which has
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Fandom N Cluster 0 Cluster 1 Cluster 2 Cluster 3

AGRL 3584 832 (23.2%) 907 (25.3%) 1049 (29.3%) 796 (22.2%)
HP 2886 719 (24.9%) 705 (24.4%) 801 (27.8%) 661 (22.9%)
PJ 2877 692 (24.1%) 771 (26.8%) 673 (23.4%) 741 (25.8%)
LOTR 2772 596 (21.5%) 749 (27.0%) 719 (25.9%) 708 (25.5%)

Table 7: Percentage of each cluster in the different fandoms (Syuzhet method). Highest percent-
age per fandom in bold. Results for the Roberta method, which are similar, are in Appendix B

a significantly higher mean sentiment. No such effect was found for Hurt/Comfort. Additionally,
Angst was relatively more associated with negative sentiments, since it was the largest subset of
stories with a downfalling or tragic sentiment arc. In terms of the development of arcs (RQ 2),
Hurt/comfort also conformed to expected patterns, since it was the largest subset in the cluster
characterized by a development from negative to positive sentiments. Finally, Fluff was charac-
terized by extremely happy endings. These findings all conform to our existing understanding of
the genres.

More surprisingly, we also found evidence of an ending effect in all genres. In other words: all
stories tend to end more positively than they begin, even those categorized as Angst, a genre known
for its portrayal of sad or negative feelings and plot events. While research shows that reading
about such negative experiences is often sought after and desired in fanfiction communities [8],
we now have empirical evidence that the fanfiction texts themselves facilitate a kind of therapeutic
process by having even the most miserable stories end more positively than they begin. Through
this recurring narrative structure, we hypothesize that the stories let readers work through difficult
emotional experiences vicariously.

The comparison of different fandoms (RQ 3) also generated some interesting insights into the
workings of emotion in different subgroups of the fanfiction community. Out of all four inspected
fandoms, Angst-stories about Percy Jackson were saddest, provided we take negative sentiment
as a proxy for sadness. This is remarkable considering the PJ books could be considered the least
tragic of the stories being rewritten in our data – compared to the other source materials, Percy
Jackson contains little explicit violence or deaths of central characters. Additionally, we found that
LOTR Angst is not at all sad when examined relative to the other fandoms. In other words: each
fandom stays on its respective levels of happiness versus sadness. Every fandom has its own scale
of emotions. While it has been argued that fanfiction exists to heighten or intensify the existing
emotions of the original text [24], others argue that a primary motivation for fanfiction writing is
the opportunity to explore what is missing from the text, especially as it pertains to characters’
emotions [2]. Our findings support this second argument, that these “unseen mental states and
emotions” [2, p. 76] come to dominate fanfiction in specific fandoms.

To conclude: fandoms can be distinctly characterized by their sentiment setpoint. Different
fandoms each present a unique emotional “baseline” that seems to permeate readers’ and writ-
ers’ expectations. Additionally, from the clustering of sentiment arcs, we generally find expected
patterns of narrative structure across genres. Computational sentiment analysis thus emerges as a
valuable tool for examining narrative affect, contributing to literary reception studies, fan studies
and computational humanities. A surprising finding was the positive ending effect across genres,
even for the otherwise negative Angst genre. Additionally, our study supports theories from quali-
tative research on fanfiction, which argue that fanfiction writing is often motivated by the emotions
that are missing from the source. Likewise, we find that fanfiction tends to fill emotional gaps,
especially since fanfiction about the lighthearted Percy Jackson novels tends to be characterized
by comparatively negative sentiment. Future research could extend these methods to other genres
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or explore how higher-level textual features influence stories’ emotional impact and engagement.

7 Limitations
One limitation of this research is that the subset ofHurt/comfort stories was relatively small, which
may have influenced results. Since we were interested in pure genre effects, we designated texts
with multiple genre-tags asOther. This probably led to an artificially small subset ofHurt/comfort.
As mentioned previously,Hurt/comfort can be understood as stories going from Angst to Fluff, and
fans might therefore decide to add these additional genres tags along withHurt/comfort. As studies
of genre are limited within fanfiction research, this controlled corpus was necessary here. The lack
of “pure” Hurt/comfort and the overlapping use of genre-tags lends itself well to future work on
these genres and their interaction with style and content.

The method of sentiment analysis also has limitations. Sentiment can be measured in various
ways – both via different technical means, such as model types, and via different conceptual routes,
such as polarity, intensity, etc. [21] – each with its own advantages and disadvantages. In this pa-
per, we used two different methods: Syuzhet and xlm-roberta for continuous valence scoring.
We show that these tools align most closely with human ratings (Appendix A).10 Still, it is worth
questioning to what extent machine-annotations can approximate the complexity of reader experi-
ences [7]. Additionally, we have made the interpretive leap of connecting sentiment-scores to the
level of happiness or sadness in stories. The fact that many of our findings confirm the difference
between the typically sad genre of Angst and the typically happy genre of Fluff supports this de-
cision. Nonetheless, sentiment analysis methods are still only one possible operationalization of a
single aspect of a complex set of reader-text interactions.
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A Sentiment Analysis
As noted, we compared 4 models for sentiment score retrieval: 2 dictionary-based models and 2
transformer-based models.11 Models were selected based on previous studies, showing both the
good performance of xlm-models and their improvement over monolingual (English) models [3;
13; 31].

These were tested against human ratings on a dataset of fiction – Fiction4 [14] – and mixed
nonfiction and fiction – EmoBank [9]. Each dataset contains sentences scored for valence by, in
the case of Fiction4 at least 2 annotators, and in the case of EmoBank, at least 10 annotators per
sentence.

Models tried were:

Transformer-based ↓ twitter-xlm [1]
xlm-roberta [1]

Dictionary-based ↓ VADER [21]
Syuzhet [27]

For the full transformer-model names, see Table 9.
Result of the model comparisons can be found in Table 8. Note that transformers consis-

tently outperform other tools, both on Danish and historical fiction, as well as other categories
in the contemporary EmoBank. xlm-roberta shows a slightly better performance overall than
twitter-xlm. Note also that Syuzhet appears better than VADER on the overall EmoBank, as
well as its “Fiction” category. That is why we chose Syuzhet and xlm-roberta for the current
study of fanfiction.

A.1 Transformer-based Sentiment

A.1.1 Continuous scale sentiment from transformer-predictions

As [3; 13] have shown, converting discrete predictions to continuous scores via model confidence
values tends to outperform dictionary-based sentiment tools with continuous output when doing SA
11 For the transformer-based scores, all code and data for testing is available here: https://anonymous.4open.
science/r/literary_sentiment_benchmarking-D6E6
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Fiction4 EmoBank

Multilingual English texts Overall Blog Newspaper Fiction

Publication dates 1798-1965 1952-1965 1990-2008 1990-2008 1990-2008 1990-2008
N. sentences 6,300 3,500 8,870 1,378 1,381 2,893
Human IRR→ 0.67 0.60 0.34 0.31 0.29 0.35

Models ↓
vader - 0.51 0.43 0.41 0.42 0.37
syuzhet - 0.50 0.46 0.37 0.42 0.43

twitter-xlm 0.55 0.60 0.64 0.65 0.61 0.57
xlm-roberta 0.60 0.61 0.65 0.65 0.65 0.56

Table 8: Spearman correlations of sentimentmodels’ scoreswith a human gold standard on theFic-
tion4 (left) and EmoBank (right) datasets. At the top, information on each set (years & number of
sentences), as well as Inter Rater Reliability (IRR)(measured in Krippendorff’sα) per set. Columns
from left to right: Overall evaluation on Multilingual (Danish and English) Fiction4Sentiment
sentences (n = 6, 300), evaluation of the exclusively English set of sentences (n = 3, 500). Evalu-
ation on overall EmoBank (n = 8, 870) and 3 subgenres. The best model performance per Dataset
setting is in bold. Note: All p-values < 0.01.

Type Shorthand, Modelname & URLs

Shorthand twitter-xlm
Name cardiffnlp/twitter-xlm-roberta-base-sentiment-multilingual
URL https://huggingface.co/cardiffnlp/twitter-xlm-roberta-base-sentiment-multilingual

Shorthand xlm-roberta
Name cardiffnlp/xlm-roberta-base-sentiment-multilingual
URL https://huggingface.co/cardiffnlp/xlm-roberta-base-sentiment-multilingual

Table 9: Full model names & details.

for literary texts. In this paper, following the same method, standard three-way transformer output
(positive, neutral, negative) was mapped to a continuous scale by using the model’s confidence as
a proxy for intensity: a sentence classified as positive with a confidence of 0.67 is converted to
+0.67, and similarly for negative predictions. Neutral outputs were assigned a value of 0, in line
with the observation that most human annotations tend to cluster near the neutral midpoint (see
[13]).

A.1.2 Truncation

To ensure compatibility with different transformer architectures, our script retrieved maximum in-
put length dynamically from the tokenizer for the model via tokenizer.model_max_length.12
For the xlm-roberta model, max input length was 514. Note that very few sentences were actu-
ally truncated, i.e., < 0.02%, where the majority (>90%) were split into only 2 chunks.

For example, given the sentence:

This book is brilliant but the pacing is terrible.

If we imagine that this would exceed the token limit, it would be split into chunks of max
length:
12 Note, if this value is unrealistically high (e.g., > 20, 000), it is capped the common standard of 514 tokens to avoid
inefficient behavior.
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• Chunk 1: This book is brilliant

• Chunk 2: but the pacing is terrible.

Each chunk is passed to the sentiment model. Suppose it returns:

• Chunk 1: label = positive & confidence score = 0.9 → +0.9

• Chunk 2: label = negative & confidence score = 0.8 →−0.8

The overall sentence score is then computed as the mean of the chunk scores:

Sentiment =
(+0.9) + (−0.8)

2
= 0.05
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B Distribution of Clusters across Genres with Roberta

Genre Cluster 0 Cluster 1 Cluster 2 Cluster 3 Total
Angst 250 (23.7%) 230 (21.8%) 300 (28.4%) 275 (26.1%) 1,055
Fluff 270 (19.8%) 390 (28.6%) 320 (23.5%) 384 (28.2%) 1,364
Hurt/comfort 140 (35.4%) 80 (20.2%) 90 (22.7%) 86 (21.7%) 396
Other 2,100 (22.6%) 2,400 (25.8%) 2,550 (27.4%) 2,254 (24.2%) 9,304
Total 2,760 (22.8%) 3,100 (25.6%) 3,260 (26.9%) 2,999 (24.8%) 12,119

Table 10: Distribution of story genres across four narrative arc clusters with Roberta method,
with substantial variation. Absolute counts and percentages (in parentheses) of each genre for that
sentiment arc cluster. Highest percentage per genre indicated in bold.
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C Model Outputs

Mean Syuzhet β SE t-value p-value

Angst -0.062 0.01 -5.97 <0.001*
Fluff 0.11 0.011 10.03 <0.001*

Hurt/comfort -0.022 0.0185 -1.17 0.24
HP 0.00094 0.0053 .177 0.86

LOTR 0.044 0.0056 7.91 <0.001*
PJ -0.0074 0.00559 -1.32 .19

Published 0.0000012 0.0000012 0.97 0.33
Word Count -0.00012 0.0016 -0.074 0.94
HP:Angst -0.012 0.015 -0.77 0.44

LOTR:Angst 0.010 0.016 0.66 0.51
PJ:Angst -0.032 0.015 -2.06 <0.05*
HP:Fluff -0.018 0.015 -1.25 0.21

LOTR:Fluff -0.0018 0.016 -0.11 0.91
PJ:Fluff -0.017 0.014 -1.26 0.21

HP:Hurt/comfort -0.017 0.027 -0.62 0.54
LOTR:Hurt/comfort -0.023 0.024 -0.967 0.33
PJ:Hurt/comfort -0.042 0.025 -1.65 0.099

Mean xlm-roberta β SE t-value p-value

Angst -0.041 0.0066 -6.28 <0.001*
Fluff 0.0688 0.0068 10.12 <0.001*

Hurt/comfort -0.012 0.012 -1.08 0.28
HP -0.0053 0.0034 -1.56 0.11

LOTR 0.0097 0.0035 2.73 <0.01*
PJ -0.0075 0.0035 -2.13 <0.05*

Published 0.000001 0.00000076 1.32 0.19
Word Count -0.00049 0.001 -0.49 0.62
HP:Angst -0.011 0.0096 -1.17 0.24

LOTR:Angst 0.0081 0.0099 0.82 0.41
PJ:Angst -0.029 0.0096 -3.02 <0.01*
HP:Fluff -0.0071 0.0092 -0.77 0.44

LOTR:Fluff -0.0065 0.010- -0.64 0.52
PJ:Fluff -0.012 0.0086 -1.39 0.17

HP:Hurt/comfort -0.000085 0.017 -0.005 0.99
LOTR:Hurt/comfort -0.0087 0.015 -0.58 0.56
PJ:Hurt/comfort -0.018 0.016 -1.12 0.26

Table 11: All estimates for model (1) for each sentiment analysis method
(Syuzhet/xlm-roberta)
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SD Syuzhet β SE t-value p-value

Angst 0.025 0.0090 2.77 <0.01*
Fluff -0.016 0.0092 -1.75 0.08

Hurt/comfort -0.0019 0.015 -0.12 0.90
HP -0.041 0.0051 -8.0 <0.001*

LOTR 0.024 0.0055 4.38 <0.001*
PJ -0.074 0.0054 -13.68 <0.001*

Published 0.0000018 0.0000011 1.55 0.12
Word Count 0.0018 0.0014 1.25 0.21
HP:Angst -0.010 0.014 -0.74 0.46

LOTR:Angst -0.010 0.014 -0.74 0.46
PJ:Angst -0.016 0.013 -1.19 0.23
HP:Fluff -0.0046 0.013 -0.36 0.72

LOTR:Fluff 0.011 0.014 0.80 0.42
PJ:Fluff -0.0035 0.012 -0.30 0.76

HP:Hurt/comfort -0.0041 0.024 -0.18 0.86
LOTR:Hurt/comfort 0.0099 0.020 0.48 0.63
PJ:Hurt/comfort 0.0062 0.022 0.29 0.78

SD xlm-roberta β SE t-value p-value

Angst 0.0054 0.0027 2.0 <0.05*
Fluff 0.0053 0.0028 1.89 0.059

Hurt/comfort 0.0019 0.0048 0.41 0.68
HP -0.019 0.0014 -12.98 <0.001*

LOTR -0.010 0.0015 -6.77 <0.001*
PJ -0.018 0.0015 -11.65 <0.001*

Published 0.00000097 0.0000032 3.03 <0.01*
Word count 0.000090 0.00042 0.21 0.83
HP:Angst -0.0040 0.0040 -0.99 0.32

LOTR:Angst 0.0020 0.0041 0.49 0.62
PJ:Angst -0.0049 0.0040 -1.24 0.21
HP:Fluff 0.0020 0.0038 0.52 0.61

LOTR:Fluff 0.0011 0.0042 0.27 0.79
PJ:Fluff -0.0040 0.0036 -1.13 0.26

HP:Hurt/comfort 0.0021 0.0070 0.30 0.77
LOTR:Hurt/comfort -0.0025 0.0062 -0.40 0.69
PJ:Hurt/comfort 0.0017 0.0066 0.26 0.80

Table 12: All estimates for model (2) for each sentiment analysis method
(Syuzhet/xlm-roberta)
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D Uprising versus Downfalling Arc Categories per Genre Across Parameters

(a) Angst (b) Fluff

(c) Other (d) Hurt/Comfort

Figure 4: Proportions of Uprising, Downfalling, and Neutral trajectories under different parameter
settings for the four genres. Each line corresponds to one ⟨window%, threshold⟩ combination,
showing how genre-level classification shares shift depending on the sampling window (first/last
α of story) and the threshold T . As can be seen, changing the parameters does not change the
percentage of classes, although in most cases accepting a too large window has the Neutral class
rise (as larger windows will include different sections of the story, more likely to have important
fluctuations: it is relatively difficult to have a constantly increasing/decreasing sentiment line).
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